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ABSTRACT 

Inflammatory Bowel Disease (IBD) is a complex intestinal inflammation disorder that nega-

tively impacts the quality life of patients. Diagnosis is confirmed through colonoscopy and in 

paediatrics this procedure is traumatic which highlights the need of less-invasive screening 

methods for clinical use. Circumstances is additionally entangled by the way that IBD patients 

have 20-fold increased risk of developing colorectal cancer (CRC). Due to advancements in 

computer technologies and development of new methods, bioinformatics has become an essen-

tial component of biology research. We hypothesized that utilizing bioinformatics methods to 

identify transcription-based biomarkers can be used for early diagnosis and screening of IBD, 

and for predicting the danger of its development to CRC in these patients. Transcription factors 

(TFs) are regulatory proteins that bind primarily to the promoter region of the target genes and 

control some of the key fundamental processes in a cell. We aim to identify key transcriptional 

regulators of IBD, and CRC associated genes by generating and understanding the transcription 

regulatory networks through our proposed methodology. To our knowledge there is currently 

no IBD genes database created so far. We first aimed at developing manually curated database 

of 289 IBD genes that are experimentally validated. Furthermore, to achieve other aims, we 

used various computational tools. To identify TFs and mapping of transcription factor binding 

sites (TFBSs) to mammalian matrices were achieved by OPOSSUM and JASPAR respectively. 

Using Cytoscape, we constructed largest transcriptional regulatory networks of top ranked TFs 

that were mapped to CRC genes. The pathway analysis was done by KEGG, and gene ontology 

was conducted using DAVID. Majority of the pathways identified were involved in the pro-

cesses, known to play potential role in IBD. The top upregulated pathways in IBD identified 

were cytokine, immune response, autophagy, WNT signalling, transmembrane signalling. Fur-

ther testing of expression of these key regulators in using publicly available published data 

were done using ONCOMINE database. We identified serological biomarkers of CRC and 

combined them with transcription-based biomarkers of IBD (CEA + TIMP1 + CA724 + 

RUNX1) to predict early diagnosis of IBD progressing to CRC. This project will form the basis 

to develop a kit in future for use in pathology laboratories and clinical settings. 
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1 CHAPTER ONE - INTRODUCTION 

Inflammatory bowel disease (IBD) is a complicated disorder of gastrointestinal (GI) tract. Ulcera-

tive colitis (UC) and Crohn's disease (CD) are two well-known phenotypes of IBD (Hampe et al., 

1999). The characteristics and various sites of the inflammatory lesions in the GI tract differ be-

tween CD and UC, although both exhibit symptoms such as stomachache, severe pain, loss of 

weight, gastrointestinal bleeding, and anemic. In advanced cases, surgery can remove damaged 

parts of intestines, but often requires colostomy. IBD affected about 1.29 million individuals resid-

ing in the United States alone in 2020 (Ungaro et al., 2022) and about 1.3 million people approxi-

mately in Europe (Zhao et al., 2021) with increasing incidence rate worldwide (Alatab et al., 2020). 

The frequency of occurrence rate of IBD are highest in developed countries and there is a scarcity 

of data on the frequency and severity rate of IBD in third world nations (Kaplan and Windsor, 

2021). In South Africa, a few reports have emerged reporting on CD (Basson et al., 2014). In a 

study conducted on IBD patients during COVID-19 pandemic stating the difficulties in consulting 

with IBD patients from very little to none face-to-face consultation, the only way to consult patients 

by gastroenterologists was telephone via video calling and found only 2.8% patients responded to 

call in South Africa (Lees et al., 2020). More than 200 susceptibilities loci of IBD have been dis-

covered in the studies carried out during the last decade (Afrasiabi et al., 2020). The study has 

confirmed the overall prevalence of IBD as an early-onset colorectal cancer (CRC) between period 

2013-2018 to be 18.9/100 000 per population (Glover et al., 2019). In a recent study it was predicted 

that UC individuals were anticipated to be at a high chance of developing CRC in the course of 

time (Olén et al., 2020). It is stated that IBD risk is influenced by genetic factors, including IBD5 

locus (human 5q31), that harbours that IRF1 gene, can be a cause for IBD-associated CRC 

(Jeyakumar et al., 2019). Despite the accumulating evidence of genetic involvement in IBD, we 

are still far from diagnosing and prognosing IBD in a minimally-invasive way. There is an urgent 

need for developing non-invasive methods for timely diagnosis of IBD and we propose to develop 

a database of transcription factors (TFs) as biomarkers for diagnosis and possibly prognosis of IBD. 

1.1 Hypotheses 

Currently, bioinformatics development is critical in South Africa in order to contribute to the 

changing environment of biological research. The proposed study will concentrate on the develop-

ment and implementation of computational approaches to be evaluated for the diagnosis/prognosis 
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of IBD. The project is important in three ways: a) it will be the first computational analysis of 

transcription regulation of genes implicated in IBD; b) it will discover biomarkers for IBD diagno-

sis and maybe screening; and c) it will identify biomarkers to predict and monitor IBD progression 

to CRC. 

In recent years, the number of studies on IBD genetics has increased (Luo et al., 2018), and several 

genes have been implicated in the pathogenesis of IBD, implying that IBD is a polygenic disease 

(Ramos and Papadakis, 2019). In this thesis, I have attempted to computationally find transcription 

factors (TFs) that regulate these genes, as well as transcriptional regulatory networks (TRNs) 

within which these genes are expected to act in IBD, which could lead to the discovery of diagnostic 

biomarkers or potentially therapeutic targets for this disease. 

1.2 Research Aims 

1. To create a curated database of IBD genes. 

2. To identify the transcription factor based biomarkers of IBD. 

3. To identify biomarkers which can serve as potential diagnostic measure to predict early 

risk of CRC in IBD patients.  

 

1.3 Research Objectives 

1. To develop a manually curated database of IBD genes. 

2. To develop and refine existing methods to identify transcription regulators of disease-

associated genes and their utilization as biomarkers. 

3. Computationally identify biomarkers for early and less invasive diagnosis and screen-

ing of IBD. 

4. Generate information to understand the molecular mechanisms underlying the aetiology 

of IBD. 

5. Delineating the TRNs common between IBD and CRC. 

6. In silico validation of predicted biomarkers using publicly available data for IBD and 

CRC patient samples. 
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2 CHAPTER TWO - Literature Review  

2.1 Inflammatory bowel disease 

Inflammatory bowel disease (IBD) is a gastrointestinal (GI) tract disease that is a chronic ailment 

(Rothfuss et al., 2006). It is an idiopathic disorder with two subtypes ulcerative colitis (UC) and 

Crohn’s disease (CD). These two subtypes vary in the location of the organs (Matsuoka et al., 2018). 

UC is a disease limited to the colon or small intestine in the mucosal layer, while CD is a perianal 

disease that can impact any part of GI tract, from mouth to rectum (Alzahrani et al., 2020). Symptoms 

in IBD patients comprised of rectal bleeding, severe cramping, weight loss, ulcers, frequent diarrhoea, 

severe abdominal pain, depression and anxiety (Marrie et al., 2021). Loss of quality of life in IBD 

patients leads to severe depression and anxiety, often when left untreated (Sweeney et al., 2018). In 

clinical aspects, UC and CD are associated with intestinal and extraintestinal manifestations (Marotto 

et al., 2020). UC is limited to the colonic mucosa, mixed with blood and stool, but extends continuously 

from the rectum (De Maio et al., 2022). On the contrary, CD is often delayed in diagnosis, as its 

symptoms rely on the location of the disease GI tract extent and with severe pain level (Hartwig et al., 

2021). 

In IBD patients the diagnosis is conducted by Colonoscopy, which is a procedure performed with a 

long flexible scope, attached is a high-definition camera, an irrigator, and a light (Fig 2.1 A & B). It 

investigates inflammation, chronic diarrhoea, in the intestines of IBD patients, while polyps in CRC 

patients (Borsotti et al., 2021). In paediatric patients, the side effects of colonoscopy are much higher 

than adults, as they have to undergo adverse effects of anaesthesia during the procedure, followed by 

infection and bleeding as the potential risk of colonoscopy (Kucharzik et al., 2020). Even though co-

lonoscopy is a difficult procedure but prior to colonoscopy preparation like bowel preparation for pae-

diatric patients is also difficult, as children have to consume 4 litre of polyethylene glycol to cleanse 

their bowel system a day before the procedure (Kesavelu Sr, 2020). In recent years the incidences of 

IBD has increased in young children at aged 4 years and IBD was considered to be the second leading 

diagnosis in infants and young children who underwent colonoscopy (Nambu et al., 2019). 
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Figure 2. 1 Anatomy of the human intestine. A) Represents the view of colonoscopy procedure inside 
the large intestine. Colonoscope wire has devices attached to its tip with light, HD camera and irrigator 
(Ahmed et al., 2019). B) Represents the different sections of the colon (Nigam et al., 2019) 

Although IBD is a disease with no established origin or cause, many studies had suggested IBD’s 

aetiology may be associated with microbial, immunologic, nutritional, environmental and genetic cor-

relations (Ahlawat et al., 2021). Extraintestinal manifestation complications and other autoimmune 

diseases are connected to systemic diseases of IBD (Garber and Regueiro, 2019). It is suggested that 

immune response disorder is responsible for extraintestinal manifestation in IBD patients, which is 

further classified into two forms-Reactive manifestations that reflected pathogenic mechanisms com-

mon among IBD skin lesions like pyoderma, arthritis (Greuter et al., 2021) and other is autoimmune 

diseases (Veloso et al., 1996). 

2.2 Aetiology of IBD 

2.2.1 Environmental factors 

It is true, the vast knowledge provided by the Genome-wide association studies (GWAS) studies dis-

secting the genetic components and linkage mapping is involved in developing and progressing to 

IBD. The high incidence of IBD worldwide, suggests that other factors like environmental factors are 

involved as well. Many environmental factors have been investigated in IBD, but the foremost domi-

nant factors are discussed here such as smoking, appendectomy, dietary factors. 

2.2.1.1 Smoking 

One of the major environmental factors contributing to IBD is smoking. Smoking causes the pernicious 

influence on the clinical assessment of the disease. Mucosal damage, changes in gut irrigation, and 

impaired mucosal immune response are among the mechanisms proposed to explain smoking's role in 

A B 
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IBD (Berkowitz et al., 2018). On the contrary smoking is also associated with UC in non-smokers or 

former smokers (Salih et al., 2018). The meta-analysis study determined the smoking status of current 

smokers, former smokers, and non-smokers by comparing smokers to non-smokers and evaluating odd 

ratios of less than 1.0, indicating a protective association between current smoking and UC, implying 

more or less 40% lower risk of UC diagnosis (Mahid et al., 2006). Former smokers, in contrast to 

present smokers, generated an additional risk of UC with odd ratios of 1.8 (Mahid et al., 2006). A 

study conducted on environmental and demographic differences of late-onset of CD and discovered 

that ex-smokers and patients with anaemia are at a higher risk of developing CD (Moon et al., 2020). 

No significant findings were generated in former and never smoker in CD patients with increased risk 

of two-fold (Mahid et al., 2006).  

It is reported that in cigarette smoking, the culprit nicotine as a metabolite is doubtlessly the funda-

mental driver for the negative consequences causing IBD inflammation (Langsted and Nordestgaard, 

2019), even though reviews analysed that either effects of nicotine and tobacco alone neglected to 

reproduce a similar extent of connection seen by smoking, proposing that different parts of tobacco 

smoke or chewing of tobacco may be significant (Zou et al., 2021). Many studies have demonstrated 

the negative influence of passive smoking in children with decreased risk of UC (Sandier et al., 1992; 

To et al., 2016) and an increased risk of developing CD in children (Braun et al., 2020). Elevated levels 

of IL-8 were discovered in the colonic mucosa of smoking patients, indicating changes in the immune 

system because of altered cytokine levels (Allais et al., 2020). However, smokers with CD had lower 

amounts of IL-8, whereas UC patients had lower levels of both IL-1 and IL-8, suggesting that these 

lower levels may protect patients (Sher et al., 1999). 

2.2.1.2 Appendectomy 

One of the other environmental factors that cause IBD is appendectomy, which is a surgical procedure 

to remove the appendix (Loureiro and Barbosa, 2019). Human appendix is considered as a vestigial 

organ (Arjomand Fard et al., 2022) in human body because its functions were considered negligible 

and was thought to be first used by our herbivore ancestors to digest cellulose (Heuthorst et al., 2021). 

The appendix is a portion of the gastrointestinal system that evolved from the caecum (Arnold et al., 

2019) and is related with the lymphoid tissue system, as well as Peyer's patches and tonsils 

(Koutroubakis et al., 2002). Appendicitis is the inflamed appendix filled with pus and they lack the 

clear display of signs and symptoms (Butler, 1981) but some of the symptoms are anorexia, urinary 

frequency, diarrhoea, vomiting and generalize malaise (Jones et al., 2021). The major sign of acute 

appendicitis is the severe pain in the right side of lower quadrant, abdominal stiffness, resettling of 
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pain from periumbilical region to the right side of lower quadrant (Meyer et al., 2021; Paulson et al., 

2003).  

It is important to understand the appendicitis and appendectomy in the light of IBD, and how it is 

related. Considering the risk in patients developing UC prior appendectomy or after is found to be 

influenced by age. In many studies it has been reported that there is a low possibility of occurring UC 

in patients who underwent appendectomy (Rolli-Derkinderen et al., 2020). In a population cohort study 

of 210,000 patients carried out by Andersson et al, it was investigated that patients underwent appen-

dectomy for appendicitis surgery and mesenteric lymphadenitis before 50 years of age had a much-

decreased rate of UC than those with nonspecific abdominal pain without appendectomy (Andersson 

et al., 2001). The drawback discovered in the same cohort study about an increased risk of CD is only 

apparent in people who have had an appendectomy at the age of more or less 20 years, nevertheless 

likelihood of CD was much lowered as the patients were operated earlier than or at the age of ten years 

(Andersson et al., 2003). On the contrary, some studies investigated the risk involving the occurrence 

of UC and CD in patients with appendectomy (Chung et al., 2021). 

2.2.1.3 Dietary factors  

The new data suggests that increased incidence of IBD is arising in the western countries and approx-

imately 0.2% European population suffers from IBD (Zhao et al., 2021). It has been found that adopt-

ing the western lifestyle of fast-food, high fatty acid diets, sugar, alcohol, dairy consumption on daily 

basis can also be the contributing factor in increased risk of IBD among the current food patten in US 

adults (Han et al., 2020) and in Asian population (Cui and Yuan, 2018). A high intake of dietary fibers 

like fruits and vegetables reported a low risk of CD and UC in a study (Milajerdi et al., 2021). Mean-

while, in UC patients, high consumption of fats, polyunsaturated fats, omega-6 fatty acids and meats 

plays the key contributing factor, alongside saturated fats together contributed for higher risk of IBD, 

particularly in UC populations (Kobayashi et al., 2021). Obesity, on the other hand, has been linked to 

the aetiology of IBD by inducing mucosal barrier dysfunction, bacterial translocation, dysbacteriosis, 

and adipocyte activation, with estimates ranging from 20 to 50% of IBD patients being obese (Singh 

et al., 2017).  

Several studies had demonstrated that vitamin D deficiency causes IBD in newly diagnosed patients 

and that it play a significant role in the innate immune responses (White, 2018) of inflammation that 

can cause risk of developing 38% in CD and possibly 31% in UC patients (Parizadeh et al., 2019). The 
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study reported that specific carbohydrate diet is a popular diet for individuals with IBD, and an unsub-

stantiated data showed it may be useful treating CD and UC. Modification of the bacterial microbiome 

is thought to be the key mechanism via which specific carbohydrate diet works, as this diet IBD pa-

tients are found to have different microbiome in comparison to the control IBD patients (Kakodkar et 

al., 2013). 

2.2.2 Epidemiology 

IBD disorder (CD and UC), has been viewed as an issue in developed metropolitan social communities 

and credited to a great extent to developed countries’ lifestyle (Forbes et al., 2017). The highest rec-

orded prevalence was reported in European countries (UC 505/100,000 in Norway; CD 322/100 000 

in Germany) and in North America (UC 286/100 000 in USA) (Ng et al., 2017) and Canada 54.6/100 

000 (Benchimol et al., 2019). The incidence of IBD is increasing and has turned into a global burden, 

however Asian countries have recently reported greater incidence rates (Wei et al., 2021). Earlier re-

ports from West Germany rural county Tubigen (FRG) (from 1970 - 1984) suggested high incidences 

and prevalence cases in CD (4 new cases per 100000/year) in the year 1970 and prevalence of (80 per 

100000) respectively followed by high incidence cases of UC (30 per 100000) both in the least popu-

lated regions of the county (Daiss et al., 1989). In North America, Oceania, and in many European 

countries, the prevalence of IBD approached 0.3% (Ng et al., 2017). On the contrary, the causes that 

contribute to the emergence of IBD are still unknown, these related disorders have long been seen as 

a problem in developed countries, with the Western way of life playing a significant role in their aeti-

ology (Kaplan and Windsor, 2021). Considering the above facts IBD is becoming more common in 

underdeveloped countries (Zuo et al., 2018), and it is increasingly being regarded as a global disease 

according to the incidence rates are mentioned in (Fig 2.2) (M'koma, 2013). Extraintestinal manifes-

tations incidences in IBD patients have ranged from 10% to 50% recently worldwide (Adam et al., 

2020).  
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Figure 2. 2 Global Incidence of CD and UC was reported in the developed nations (M'koma, 2013). 

It is observed that incidence and prevalence in developing countries are very limited. According to the 

epidemiological studies on paediatric-onset IBD (PIBD), there is a rapid rise in the incidence and 

clinical characteristics of PIBD in a South-East Asian cohort in Singapore (Ong et al., 2018). It has 

been reported that the incidence rate of UC increased from 2015-2015 by 70.7% in urban population 

of Iran (Sharara et al., 2018). The incidence rate of CD ranges between 1.46 and 1.66 per 100 000 

people and 2.33 per 100 000 people for UC in middle eastern countries like Kingdom of Saudi Arabia 

(KSA) due to westernization lifestyles and smoking (Mosli et al., 2021). Whereas, the incidence of 

IBD is also reported to be increasing in the Turkish population from 0.99/100000 and 0.45/100 000 in 

UC and CD (2004-2005) to 4.87/100 000 and 2.09/100 000 in UC and CD patients (2011-2013) (Can 

et al., 2019). 

2.2.2.1 The Epidemiology of IBD in Africa 

A study documented the incidence of CD in the Western Cape, South Africa, between 2011 and 2013 

based on racial categories signifying 18% white, 78% coloured, and 4% black population, of whom 

the coloured individuals were diagnosed with CD condition and exposure to second-hand cigarette 

smoking (Basson et al., 2014). Study was conducted on the incidence of patients with CD, in the Gas-

trointestinal Clinic from 1975-1980 among racial groups, were 72% white, 37% coloured and 1% black 

population. Concerning the aetiology of IBD not being completely understood, this published study 

contemplated the role of hygiene in the rural areas, investigating exposure to parasite helminth may 

protect against the development of both CD and UC in Western Cape (Chu et al., 2013). The rate of 
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incidence and the prevalence in IBD is gradually increasing in the Sub-Saharan African black popula-

tion, but still, due to their traditional lifestyle and not much exposure to the environmental factors, UC 

prevalence is found rare in them (Agoda-Koussema et al., 2012; Segal et al., 1980). In a preliminary 

analysis of a large IBD registry of more than 3000 South African patients showed an exponential 

increase in IBD over the past 70 years in all ethnic group (Watermeyer et al., 2020). 

It is reported in a latest study conducted in West Africa, Togo, the data obtained were from the diag-

nostic procedure of Colonoscopy, investigated lower gastrointestinal bleeding in patients with 31.1% 

haemorrhoids, 18.9% were diverticulosis, 8.3% CRC and 30.7% of cases by UC, mainly in patients of 

age 47 years and were male predominance (Bagny et al., 2021). In one study from Algeria, from Con-

stantine hospital, annual incidence cases of CD and UC were 5.87/100000 and 3.29/100000 respec-

tively were reported and stated that incidence of UC has increased during the last five years from 

2.76/100000 in 2003 to 5.12/100000 in 2007 (Hammada et al., 2011). The relative frequency of UC 

diagnosis when compared with Crohn’s in Johannesburg was proven by reports from Cairo, where 

data from a cohort of IBD patients diagnosed between 1995 and 2009 reported that the ratio of UC to 

Crohn’s was 6:1 (Hodges and Kelly, 2020). According to the Global burden of disease, the total num-

ber of deaths caused by IBD in North Africa and the Middle East remained the super-region with the 

lowest number of deaths, with 872 (781-999) in 2017, considering the number of deaths in females 

reported was 372 (317-432) and in males 500 (436-605) (Alatab et al., 2020). 

It has been determined that the rising incidences of IBD in developed nations is due to a change in the 

western lifestyle of living standard. Environmental factors like consuming processed food with less 

dietary nutrients like fibers and smoking cigarettes contributed to the health degradation by compro-

mising the immune system. Gradually, the incidence and prevalence are seen to be rising in Asian, 

African, and middle eastern countries as well. 

2.2.3 Genetic factors 

GWAS seek to identify genotype-phenotype associations by looking for disparities in the allele fre-

quency of genetic variants among individuals who are genetically similar but differ phenotypically 

(Uffelmann et al., 2021). In the past few years, large scale GWAS have made the most important 

contributions in dissecting the genetic component involved in the development and progression of IBD 

(Verstockt et al., 2018). To date, GWAS has identified >200 risk loci for disease IBD (Jostins et al., 

2012; Momozawa et al., 2018). It is considered that CD and UC is a complex polygenic disease with 

several genes and influenced with environmental factors, contributed to developing IBD (Yamamoto-
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Furusho, 2007). Since epidemiology studies of IBD indicated the strong influence of environmental 

factors, their influence is confirmed by concordance in the study of identical twins with 50% for CD 

and 10% for UC (Tysk et al., 1988). This Swedish study from 1988 demonstrated that monozygotic 

twins had a proband concordance rate of 58.3 % for CD and 6.3 % for UC (Halfvarson et al., 2003; 

Tysk et al., 1988). These first-degree relatives’ twin studies with a high proband concordance rate 

suggested that genetics played an important role in the pathophysiology of IBD (Halfvarson, 2019). 

Linkage mapping is a proven powerful tool to map genetic location containing IBD susceptibility 

genes (Brant et al., 2017). Using linkage mapping analysis, the susceptibility locus (IBD1) Nucleotide-

binding oligomerization domain-containing protein 2, NOD2 on chromosome 16 was mapped to CD 

in this study (Hugot et al., 2001; Mirkov et al., 2017). Mutation in this gene is associated with CD 

(Kaczmarek-Ryś et al., 2021). Inflammatory Bowel Disease1, IBD1 (Caspase Recruitment Domain 

15, CARD15 or NOD2) is an innate immune receptor responsible for recognizing bacterial molecules 

within the intestine, is associated with CD pathogenesis (Schaefer et al., 2018). This marked the history 

not only for establishing aetiology, pathogenicity and immune response disease but also for depicting 

the positional identification of diseased genes for complex disease (Brant and Shugart, 2004). In 1999, 

Inflammatory Bowel Disease5 (IBD5) gene on chromosomal segment 5q31 were discovered to be 

linked to CD for the first time (Ma et al., 1999). Statistical fine mapping of the IBD5 gene revealed a 

250-kb haplotype cytokine gene cluster linked to CD and its variations, the organic cation carriers 

Organic Cation Transporter1, OCTN1 Solute Carrier family 22 member 4 (SLC22A4) and Organic 

Cation Transporter2, OCTN2 Solute Carrier family 22 member 5 (SLC22A5) (Noble et al., 2005; 

Palmieri et al., 2006; Park and Jeen, 2019). There has been a conflicting report associating IBD5 sus-

ceptibility loci variants OCTN gene associated with UC (León et al., 2018). Although hereditary fac-

tors have long been assumed to be a major hazard element for the development of IBD, new research 

shows that they are not, the contribution of a single variant is small, as the biggest genetic effects have 

been shown for interleukin-23 receptor (IL23R), NOD2, and human leukocyte antigen (HLA), with 

chances ranging from 1.4 to 3 (Annese, 2020). 

2.2.3.1 High-throughput sequencing techniques 

The completion of the human genome project, led scientists made considerable progress in compre-

hending and interpreting their own genetic information (Green et al., 2015; Sakaki, 2019). In the recent 

advances of technologies representing ‘omics’ like genomics, transcriptomics and proteomics using 

microarray, next-generation sequencing (NGS) (Schramm et al., 2013), as well as enhanced bioinfor-

matics and statistical techniques, have sparked the interest in finding biomarkers for complex disorders 
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such neurological diseases and cancer (Yang et al., 2020). Simultaneously, technologies with ever-

improving transcript identification ability, particularly at the higher molecular basis, drastically boost 

efficiency. Transcriptomics, in general, makes use of high-throughput sequencing (HTS) technology 

to examine at the heterogeneity of a cell's transcriptome at the integral level over time and space. The 

development of gene expression microarray technology, for example, has aided in transcriptomic re-

search at HTS. (Schena et al., 1995) and RNA sequencing (RNA-Seq) technology (Wang et al., 2009). 

HTS like microarray and RNA-Seq are explained below. 

1. The first study on IBD using microarray technique was carried out in analysing gene expression 

from UC patients in comparison to control patients but not CD (Dieckgraefe et al., 2000). A 

nylon-based chip with only 588 genes and expressed sequence tags was used in the second 

published investigation including CD patients. It discovered 31 genes that were up regulated 

in CD compared to UC, including matrix metalloproteinase (MMP) genes, as well as genes 

implicated in apoptosis and cell adhesion (Uthoff et al., 2001). 

2. RNA-Seq technique has become an essential method for transcriptome-wide investigation of 

differential gene expression (DEGs) and mRNA splicing throughout the last decade. On the 

other hand, RNA-Seq has progressed in tandem with next-generation sequencing technology 

(Stark et al., 2019). Identification of long reads of sequence is now possible with the third-

generation sequencing platform (Wang, 2021). Normal mucosa, non-inflamed CD mucosa, and 

inflamed CD mucosa were distinguished by genome-wide transcriptome differences using 

RNA-Seq. CXCL1 levels in the gut and blood significantly increased with CD activity imply-

ing that it might be employed as a possible CD biomarker (Hong et al., 2017). In another study, 

RNA-Seq technique revealed in the treatment of naïve UC in comparison to control. They pro-

vided evidence for a gender-dependent pathogenesis in UC which may be useful in personal-

ised treatment strategies for UC patients (De Zoysa et al., 2017; Taman et al., 2017). 

2.2.4 Human gut microbiome in IBD 

Human gut microbiome comprised of vast variety of bacterial species, viruses, fungi, and phage’s 

inhabiting the GI tract. In addition to the gut acquiring the largest microbiome compartment in the 

body, there are few other organs comprising the microbiome like oral cavity, skin, lungs, vagina and 

nose (Vangoitsenhoven and Cresci, 2020). These microbes exhibit mutual symbiotic and commensal 

relationship with the host and featured as the good bacteria by maintaining homeostasis (Lamichhane 

et al., 2018). Irrespective of the gut microbiota maintaining the homeostasis, immune system regula-

tion and pathogen regulation, they may disrupt the homeostasis causing dysbiosis, which can lead to 
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inflammation (Øyri et al., 2015). The gut location that harbours large number of bacteria is colon and 

ileum and the four main microbial taxa colonizing these areas are Bacteroidetes, Actinobacteria, Fir-

micutes and Proteobacteria (Singhvi et al., 2020). 

In a study previously reported the reduction in commensal bacteria phyla firmicutes and Bacteroidetes 

in the two sub types of IBD (Nkosi et al., 2022). Human gut is a home to vast microbial ecosystem. 

However, it has been found that gut microbial flora consists of 100 trillion microorganism population 

(Chi et al., 2021). In a study carried out in paediatric CD patients, it was reported that in comparison 

to controls, microbial diversity was lower in CD paediatric patients, however, in patients who did not 

attain long-term remission, it was considerably lower (Dunn et al., 2016). As it is stated that genetic 

predisposition played a role in the development of IBD (Kaur and Goggolidou, 2020). Nevertheless, 

the rapid increment in the number of people affected suggests that nutrition, as an environmental com-

ponent, and the intestinal microbiota that it influenced are involved in the aetiology of IBD (Nishida 

et al., 2018). Non-bacterial organisms like viruses and fungi, should be considered in IBD pathogenesis 

in addition to bacterial dysbiosis. When compared to healthy controls, IBD patients have been found 

to have fungal dysbiosis, suggesting that the gut environments of CD patients favour fungus over bac-

teria (Sokol et al., 2017). 

2.3 Molecular mechanism of IBD 

2.3.1 Immunological factors 

The identification and subsequent investigation of a large array of intestinal inflammation through the 

study of mouse models has been a significant achievement in the research of IBD (Salem et al., 2022). 

It has been established from studies that antigens from bacteria and food were always present in the 

gastrointestinal system, requiring gut equilibrium to be maintained in the absence of intestinal inflam-

mation by minimizing excessive immune response to adverse antigens (Lee et al., 2018). Innate im-

mune response has been highlighted in the studies of IBD pathophysiology since the revelation of 

GWAS susceptibility gene NOD2 (Iida et al., 2018). Although intestinal epithelial cells (IECs) func-

tion as a wall to inhibit pathogen invasion and antigen influx (Mancini et al., 2021). Mucins and trefoil 

factors are considered to be the key protective components of the mucus layer that covers the surface 

of the intestinal lumen produced by IECs (Gerritsen, 2015; Hisamatsu et al., 2013). It is found that 

healthy mucosa is discovered to be good at keeping back faecal microorganisms, preventing residing 

microflora from coming into direct contact with the epithelium but due to local inflammatory altera-

tions, this mucosal cleavage function is disrupted in patients with IBD (Sarrabayrouse et al., 2020). 
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2.3.1.1 Cytokines  

Various IBD susceptibility loci comprising genes that encode cytokines and related proteins in cyto-

kine signalling have indeed been established through GWAS (Verstockt et al., 2018). Cytokines gov-

ern extraintestinal manifestation, systemic effects in IBD, in addition to driving intestinal inflammation 

and related symptoms such as diarrhoea (Marafini et al., 2019) (Fig 2.4). The modulation of gut im-

mune system relies completely on cytokines functions, and are produced by monocytes, lymphocytes 

(T cells e.g., Th1 and Th2), macrophages, granulocytes, IECs, endothelial cells and fibroblasts (Ramos 

and Papadakis, 2019). Innate immune system respond through macrophages and monocytes cells by 

releasing proinflammatory cytokines like interleukins such as IL-1, IL-6, IL-8, IL-12 and tumour-ne-

crosis factor (TNF-α) and then the cytokine environments then directs the development of T and B 

lymphocyte-mediated adaptive immunity (Papadakis and Targan, 2000). According to the compiled 

research review from mice studies, IBD inflammation occurs either due to the abundance of effector 

T-cell responses (Th1 and Th2) or by the lack of regulatory responses to the colonic mucosal antigens 

(Lai et al., 2019). 

2.3.1.2 Pathogenesis in IBD 

The epithelial layer is the first line of defense for immunological responses in the gut lumen. Trans-

membrane mucins cover the apical surface of epithelial cells, and goblet cells produce gel-forming 

mucin to make mucus. The mucinous layer protects the interior of the membrane bound compound of 

the GI tract. If there is a leaking wall in the mucosa caused by the lack of mucin, then bacteria can 

encounter epithelial cells. There are two layers in the colon, the outer layer which is called mucinous 

layer that serves as a home for gut flora and the inner layer which is bacteria resistant. Bacterial enzyme 

protease has the ability to degrade mucin which can result in penetration of germs into the epithelial 

layer making it a faulty mucinous layer (Hoskins, 2018). Several types of antigen-presenting cells 

(dendritic cells and macrophages), T-helper, regulatory T cells, natural killer cells play a crucial role 

in the pathogenesis of UC (Kałużna et al., 2022). Cytokines networks indicate an important part of 

signalling for cell communication. Pro-inflammatory cytokines play a crucial role in up-regulation and 

anti-inflammatory cytokines play in down-regulation of pathogenesis progression (Tatiya-Aphiradee 

et al., 2019) (Fig 2.3). 
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Figure 2. 3 Pathophysiology of IBD represents the immune response and inflammatory pathway of 
IBD. The pathogenesis of stricture formation in IBD is a complex process with wide variety of clinical, 
genetic and serologic risk factors. In this diagram it explains epithelial layer is the first line of defense 
of immune response in gut lumen consisting of transmembrane mucins and goblet cells. The dysregu-
lated immune response to gut microbiota by rupturing the epithelial barrier by becoming permeable 
resulted in the phenomena leading to an increase in luminal antigen uptake altering the innate and 
acquired host immune responses (Tatiya-Aphiradee et al., 2019).  

2.3.1.3 Wnt signalling pathway 

It has been discovered that wingless related integration site or Wingless/integrated pathway’s (Wnt 

pathway) mammalian homologues implies a significant role in stem cell development, embryonic de-

velopment, and cancer (Nguyen et al., 2018). For two reasons, the significance of the WNT pathway 

in the pathophysiology of IBD is potentially intriguing in UC patients, first, it have a higher risk of 

colon cancer (Hogezand et al., 2002) and second, Wnt pathway is critical for the generation and 

maintenance of GI tract stem cells and colon health (Takahashi, 2020; Van De Wetering et al., 2002). 

There are two types of Wnt signalling pathways: 1) β-catenin-dependent signalling (canonical path-

way) and β -catenin-independent signalling (non-canonical Wnt pathways including planar polarity 

and Wnt/Ca2+ pathways) (Flores-Hernández et al., 2020). IBD patients have a higher risk of colon 
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cancer, it's worth noting that mutations that cause constitutive activation of the canonical Wnt pathway 

are responsible for the majority of colon cancer cases (Zhao et al., 2022). 

 

Figure 2. 4 Molecular mechanism involved in the pathogenesis of IBD. Disruption of intestinal barrier 
due to the genetic, epigenetic and environmental factors and gut microbiomes. This leads to abnormal 
immune responses in the intestine, responsible for imbalancing the Th1/Th2/Th17/Treg cells and in-
creases the cytotoxicity (NK cells) and increased activation of dendritic cells causing inflammasome.  

2.4 Biomarkers 

The medical consultation is just the beginning of a much longer process and the sickness process be-

gins with personal acknowledgment of altered body sensations and concluded with the person being 

classified as sick by relatives or oneself (Kleinman et al., 1978; Leventhal et al., 2020). With the cur-

rent growth of technology in human genome project sequencing has aided in the advancement of med-

ical research paths and the development of diagnostic instruments and methodologies (Lunshof et al., 

2022). It is claimed that a disease begins when the best marker available to define it is identified and 

it is necessary to indicate clinical symptoms that can aid in the identification of any advancement of 

an illness discovered at its early stage can be treated (Kraus et al., 2011). Biomarkers (biological mark-

ers) are defined as the biological indicators of health. A biomarker is a measurable trait that can be 

used to assess normal biological mechanisms, biochemical processes, or therapeutic reactions to a 
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treatment intervention (Dalle-Donne et al., 2006; Zhou et al., 2018). Vital indicators such as pulse rate 

have traditionally been used by health care practitioners to monitor health status and analyse effec-

tively disease react to therapeutic interventions (Qian et al., 2018). Eventually verified and confirmed 

biomarkers are statistically detectable indications of physiological or pathologic processes (Depledge, 

2020), perform a vital role in disease diagnosis, disease progression prognosis, and therapy response 

monitoring (Sesay et al., 2018). The National Academy of Sciences in Washington, DC, USA has 

advocated for the development of a ‘New Taxonomy of Disease’ to characterize and identify diseases 

based on the underlying molecular aetiology rather than conventional clinical symptoms to advance 

understanding of pathophysiologic processes and knowledgebase data of human health (Council, 2011; 

Kraus, 2018).  

2.4.1 Classification of Biomarkers 

Biomarkers can be categorised according to a variety of factors (Xu et al., 2020). A biomarker is a 

precise indicator of an individual's tendency to develop a disorder (Califf, 2018). A biomarker should 

be applicable to asymptomatic people in order to characterize their risk of developing a disease, im-

plying a target for intervention (Torres et al., 2020). Biomarker is a catch-all term for a wide range of 

diagnostic and therapeutic phenomena. Biomarkers have been effectively classified into distinct cate-

gories, along with predictive and prognostic tests (Fig 2.5). Classification of biomarkers include: 

2.4.1.1 Biomarkers based on their diagnostic properties (Carlomagno et al., 2017): 

 Diagnostic biomarker: allows the early detection of the cancer in a non-invasive way and thus 

the secondary prevention of the cancer (Link and Kupcinskas, 2018). 

 Predictive biomarker: allows predicting the response of the patient to a targeted therapy and 

so defining subpopulations of patients that are likely going to benefit from a specific therapy 

(Camidge et al., 2019). 

 Prognostic biomarker: is a clinical or biological characteristic that provides information on 

the likely course of the disease; it gives information about the outcome of the patient (Moreno 

et al., 2021). 

 Therapeutic biomarker: is generally a protein that could be used as target for a therapy 

(Holmes et al., 2021).  
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Figure 2. 5 The chart represents different categories involved in application of biomarkers (Pierce et 
al., 2012).  

2.4.1.2 Clinical trial settings-based biomarkers (Kroll, 2008): 

  Disease biomarker: associated with clinical outcome or disease measurement. 

  Competence biomarker: biomarker that reflects a beneficial effect of a given treatment 

(Hampel et al., 2010). 

  Toxicity biomarker: biomarker that intercepts a drug's toxic effects in an in vitro or in vivo 

system (Gadhave and Kokare, 2019). 

  Target biomarker: biomarker that reports interaction of the drug with its target (Oskooei et 

al., 2019). 

  Staging biomarker: biomarker that distinguishes between different stages of chronic disorder 

(McGorry et al., 2014). 

  Surrogate end-point biomarker: biomarker that is regarded as a valid substitute for a clinical 

outcomes measure (Group, 2016). 

  Pharmacodynamics biomarker: a biomarker that assesses a patient's response to a medical 

condition or a clinical intervention (García-Gutiérrez et al., 2020). 
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2.4.1.3 Ideal biomarker characteristics (Bennett and Devarajan, 2011): 

  Biomarkers should be non-invasive, easy to measure, inexpensive, and generate results quickly 

  Biomarkers should indeed be derived from readily available sources, such as body fluid like 

urine and blood serum. 

  Biomarkers should have a high sensitivity, allowing early diagnosis and thus no interference 

in values among both affected patients and controls.  

  Biomarkers ought to have a high specificity, to be significantly up-regulated (or down-regu-

lated) explicitly in diseased samples and undeterred by confounding factors.  

  Biomarker levels should respond quickly to therapy. 

  Biomarker levels should assist in risk prediction and must predict prognostic relative value of 

tangible results; and  

  Biomarkers should be physiologically plausible as well as provide understanding of the under-

lying illness mechanism. 

Biomarkers are particularly significant for early detection since they can detect the outcome of inter-

actions between genetic susceptibility and the environment (Srinivas et al., 2001). While not all bi-

omarkers will be able to match all the desired features, they should at least meet a few them (Sobsey 

et al., 2020). On receiver-operating characteristic curves (ROC), biomarkers must demonstrate robust 

biomarker qualities (Bantis et al., 2021).  

2.4.1.4 Clinical assessment of biomarkers 

Clinical evaluation has been the benchmark by which all biomarkers are assessed, as clinical outcomes 

are the most significant factors in the formulation of disease-specific medicines. When used as a bi-

omarker to predict illness prevalence, progression, and response to treatment, it is considered the gold 

standard of diagnosis (Kelly et al., 2016).  

A further important concept is whether the biomarker's efficacy should be compared with that of clin-

ically useful biomarkers. Even though, setting such as testing standards for example sensitivity and 

specificity values that potentially have therapeutic utility, is a frequently overlooked aspect of research 

design (Pepe et al., 2016). Furthermore, for the biomarker to provide accurate and efficient diagnosis 

of specific diseases as well as respond to therapeutic interventions, it must be aided by proper tech-

niques and statistics, preventing any errors. As a result, biomarker evaluation should be supplemented 

and assisted via biostatistical techniques.  



19 

 

In 2003, the guidelines and principles for diagnostic tests were established by Standards for Reporting 

of Diagnostic Accuracy committee (STARD). The main aim of STARD was to test how accurate the 

test is by improvising and revising the previously existed methods (Bossuyt et al., 2003). It is a quality 

measure of investigating in clinical settings to provide the best available clinical care facilities to pop-

ulations. Furthermore, there has been an improvement made to STARD guidelines (Sounderajah et al., 

2020). The STARD guidelines table is shown as Table 8.1 in Appendix. 

2.4.2 Biomarkers in IBD: Clinical Utility 

Biomarkers are quantitative indications of a biological condition that are frequently utilized as disease 

indicators in clinical care. Although not one biomarker has proven to be robust enough to aid in the 

diagnosis of IBD and the distinction of UC from CD (Rogler and Biedermann, 2015). Clinical trials, 

colonoscopy examination, histology, radiologic, and antigen detection testing are all elements to con-

sider in the guidelines according to a second European evidence-based agreement on CD diagnosis 

and management (Van Assche et al., 2010). Mucosal healing is perhaps the most valid end-point used 

to determine risk of disease complications and hardly any end-points have been fully validated as 

surrogates of risk of disease complications (Dulai et al., 2019). However, it is found that serum and 

faecal biomarkers like c-reactive protein, calprotectin and lactoferrin are the only non-invasive form 

of diagnosis in IBD (Kopylov et al., 2014).  

2.5 Biomarkers of IBD 

2.5.1 Serological Biomarkers 

The scientific study of serum and other bodily fluids is known as serology (Lee et al., 2019a). Typi-

cally, the term refers to the identification of antibodies in serum for diagnostic purposes. Antibodies 

of this type are usually formed in response to an infection or foreign proteins (Katsanos et al., 2017). 

Serological markers have long been used to assess disease activity in a non-invasive manner. These 

biomarkers, on the other hand, are inexpensive, simple to perform, and non-invasive, making them an 

appealing potential tool for assessing disease activity in a daily practice setting (Miranda-García et al., 

2016). 

1. C-reactive protein 

C-reactive protein (CRP) and erythrocyte sedimentation rate (ESR) are two commonly utilized 

clinical surrogative biomarkers for disease activity in CD and UC and other inflammatory illnesses 

that indicate overall inflammation surrogative biomarkers (Chen et al., 2019). In 1930, CRP was 
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first identified under different name (Sheriff, 2022; Tillett and Francis Jr, 1930). Tillet and Francis 

named Fraction-C at the Rockefeller Institute, USA after serum obtained at regular intervals from 

sick patients with pneumonia or recovered from the illness was diluted with c-polysaccharide and 

discovered it to be precipitated and later Fraction-C was changed to CRP (Tillett and Francis Jr, 

1930). CRP is produced by the liver in response to cytokines, and both IL-1 and IL-6 boost CRP 

production through improving translation and transcription. In active CD, monocytes release more 

IL-1 and IL-6 than in UC (Aschenbrenner et al., 2021; Mazlam and Hodgson, 1994). However, 

increased level of CRP (>45 mg/L) in IBD patients indicates patients need to have colectomy with 

a high degree of certainty, indicating severe continuing and unpredictable inflammation in the GI 

tract (Vermeire et al., 2004). However, it was discovered in another study that CRP levels in UC 

were higher than usual but significantly lower than those in CD (Rubin et al., 2021), implying that 

serum CRP measurement could assist in distinguishing the two conditions, particularly in severely 

affected people (Fagan et al., 1982) 

2. Erythrocyte sedimentation rate (ESR) 

Another broadly adopted biomarker in the diagnosis of IBD is ESR, which is reported to be higher 

in active CD than in dormant UC and CD (Liu et al., 2013). The ESR is the rate at which red blood 

cells (RBC) travel via plasma per hour. ESR is a quick but rudimentary way to determine the 

general typical phase response (Iskandar and Ciorba, 2012). Pro-sedimentation factors, such as 

fibrinogen, cause RBCs to clump together and settle faster whenever there is inflammation present 

(Ranjbar et al., 2022). Demographic factors and lifestyle factors including disease symptoms hy-

pertension, dyscrasias, anaemia and maternity are among the factors that influence the ESR 

(Alende-Castro et al., 2019; Mendoza and Abreu, 2009).  

3. pANCA And ASCA biomarker 

Perinuclear antineutrophil cytoplasmic antibodies (pANCA) and Anti–Saccharomyces cerevisiae 

antibodies (ASCA) are the recent serum-based biomarkers, help to differentiate between UC and 

CD (Smids et al., 2017). According to Joosens et al, it is reported that in UC patients 63% were 

pANCA positive and ASCA negative and in CD patients 80% were found to be pANCA negative 

and ASCA positive (Joossens et al., 2002). However, it was discovered in a study that among CD 

patients with ASCA positive and pANCA negative, their diagnostic test had a sensitivity of 55% 

and a specificity of 92%, making it ineffective for clinical use (Reese et al., 2006).  
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2.5.2 Faecal Biomarkers 

The premise behind faecal biomarkers is that faeces come into direct contact with the intestinal mu-

cosa, it should include specific indicators of mucosal pathology (Mangifesta et al., 2018). As a result, 

such indicators should be able to accurately indicate the presence and severity of intestinal inflamma-

tion (Sutherland et al., 2008). Calprotectin and lactoferrin are faecal inflammatory biomarkers that are 

an undeviated outcome of intestinal inflammation and can be used to detect and diagnose UC and CD 

(Kopylov et al., 2014). 

1. Calprotectin 

Serological markers have long been used to assess disease activity in a non-invasive manner. These 

biomarkers, on the other hand, are inexpensive, simple to perform, and non-invasive, making them 

an appealing potential tool for assessing disease activity in a daily practice setting (Steinbakk et 

al., 1990). While monitoring the extent and severity of inflammation is a significant step. But it is 

not always possible to follow up on alteration of symptoms, as the only gold standard for exami-

nation of GI tract is endoscopic evaluation but it is an invasive form of diagnosis and is expensive 

(Røseth et al., 1992). Although the level of faecal calprotectin decreases with time, clinicians ad-

vised UC patients to take stool samples of their first bowel excretion every two days and to note 

the consistency and time of the faeces, however its contribution in continuous monitoring while 

enhancing its deep-rooted and extended consequences has still not been thoroughly investigated 

(Bressler et al., 2015). However in one recent study a practical guideline was established stating to 

minimize the dosage variability and monitoring of faecal calprotectin in patients with IBD 

(D’Amico et al., 2021). 

2. Lactoferrin  

Lactoferrin is an iron-binding glycoprotein with a molecular weight of 76 kDa (Adlerova et al., 

2008). It is found in polymorphonuclear neutrophils' (PMNs) secondary granules and is secreted 

by colonic mucosa membranes (Legrand et al., 2005). Lactoferrin can be found in human bodily 

fluids such as tears, bile, and milk. Because lactoferrin serves as a bactericidal agent in the innate 

immune system, it degranulates secondary granules throughout the inflammatory process (Baveye 

et al., 1999; Burton and Roitt, 2016). However, one of the principal drawback of faecal lactoferrin 

is that, as like calprotectin, it might elevate its level after using non-steroidal anti-inflammatory 

drugs (NSAID’s) most likely due to the intestinal obstruction caused, therefore it is criticised by 
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the clinicians to not use any non-steroidal medicine before the faecal test for IBD (Gisbert et al., 

2009; Patil et al., 2019). 

Beside the assessment and monitoring the therapy interventions. It has been found that other faecal 

tests like leukocyte radioactive labelling is not worth than calprotectin and lactoferrin. As it has been 

reported that faecal calprotectin biomarker level >50 mg/l can predict clinical relapse in IBD patients 

after a few months in the individuals with clinically dormant IBD with over 80% sensitivity in patients 

with clinically quiescent IBD (Angriman et al., 2007). Even though faecal biomarkers are inexpensive 

and non-invasive, still they have some limitations like the test's clinical relevance that is limited by the 

necessity for gut washout to accurately quantify faecal proteins. The obvious solution to the problem 

is to use proteins that are stable in the faeces (Angriman et al., 2007). Also, a proper monitoring guide-

line to monitor the severity of disease and follow up is required.  

2.6 Colorectal cancer  

2.6.1 Epidemiology of CRC 

CRC is the third common cancer and the fourth leading cause of cancer mortality in the world, approx-

imately one to two million new cases diagnosed each year (Mármol et al., 2017). Chronic inflammation 

in IBD patients predisposes to the development of IBD-associated CRC. As it can cause mutagenesis, 

and the relapsing-remitting nature of this inflammation, combined with epithelial regeneration, may 

exert selective pressure that accelerates carcinogenesis (Porter et al., 2021). CRC is also known as 

adenocarcinoma as it arises from epithelial cell lining of the large intestine, when certain epithelial 

cells acquire a series of genetic alterations that provide them with a selective advantage (Ewing et al., 

2014). Taking age into consideration, it is more common in older men above 50 years of age than in 

women, as the cause was found to be environmental risk than genetics (Keum and Giovannucci, 2019). 

According to GLOBOCAN 2018, the highest incidence are found in the developed nations like Euro-

pean countries, New Zealand, Hungary with 70.6 per 100000 in males and Norway with 30 per 100000 

in females, as well in some Asian countries but in African nations and South Asian the incidences were 

found to be low (Rawla et al., 2019). In a recent report from GLOBOCAN 2020, estimated 1.93 million 

new CRC cases diagnosed and 0.94 million CRC-related deaths globally. US and China were estimated 

to have the highest CRC cases in the coming next two decades (Sung et al., 2021; Xi and Xu, 2021). 

2.6.2 Pathology of CRC 

The knowledge of molecular mechanism and the role of molecular testing in the management of CRC 

can aid in the pathological reporting of disease diagnosis and treatment. The majority of CRCs develop 
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from precursor lesions such as adenoma and progress to adenocarcinoma (Harada and Morlote, 2020). 

Pathological stages of CRC can aid in the prediction of disease severity and can accurately aid in 

identifying the 5-year survival rate, as well as patients’ remission, relapse, and recurrence condition 

(Win et al., 2015). 

2.6.2.1 Histology of CRC 

The World Health Organization's (WHO) proposition of histological classification of CRC which is 

internationally accepted for consistency and uniformity in pathological reporting (Hamilton and 

Aaltonen, 2000). For the first time, many tumour forms are classified based on molecular phenotype 

along with their histological characteristics; nonetheless, histopathological categorization remains the 

gold standard for diagnosis in the majority of cases (Nagtegaal et al., 2020). 

1. Adenocarcinoma 

The most prevalent kind of tumour is adenocarcinoma > 90%. Most are poorly differentiated and 

lack distinctive histological markers, while CRC tumours frequently have cribriform patterns in-

volving central necrosis, which is relevant if a metastasis tumour is discovered without a CRC 

source. Although surrounding mucosal dysplasia may be seen, the invasive tumour frequently 

eliminates any existing polyp through which it may have developed (Treanor and Quirke, 2007). 

2. Mucinous adenocarcinoma 

Mucinous colorectal carcinoma (MCC) is a form of CRC marked by an abundance of extracellular 

mucus. In order to make this diagnosis, at least 50% volume of the tumour must be mucinous. 

Microsatellite Instability (MSI) is linked to mucinous adenocarcinomas (Debunne and Ceelen, 

2013). Poor prognosis, advanced stage upon diagnosis, aggressive activity, and a high rate of me-

tastasis are all traits they share (Kanazawa et al., 2002; Shivji et al., 2020). 

3. Signet-ring cell carcinoma 

Signet-ring carcinoma is a kind of mucin-secreting adenocarcinoma in which the component cells 

maintain an abundance of intracytoplasmic mucin (Jiang et al., 2011), pushing their nuclei to one 

side while giving the cells their distinctive histologic appearance (Almagro, 1983). It involves in 

more advanced stages but presentation at a younger age, a lower rate of curative resection, a greater 
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risk of local lymphatic dissemination and peritoneal metastasis, more aggressive biological behav-

iour, and a worse prognosis than ordinary colorectal adenocarcinoma (Liang et al., 2018). 

4. Adenosquamous carcinoma 

Squamous carcinoma and adenocarcinoma characteristics are present in these rare tumours, either 

as discrete sections within the tumour or admixed. Adenosquamous carcinoma is a cancer that 

contains both glandular and squamous components in its histology. Both components are aggres-

sive and have the ability to metastasize (Cagir et al., 1999). 

5. Medullary carcinoma 

An extremely rare type of CRC is medullary carcinoma (MC) Its clinicopathologic findings are 

still unclear. CRC with MC is a relatively unusual form. Its clinicopathologic findings are still 

being studied. Sheets of malignant cells with vesicular nuclei, prominent nucleoli, and dense eo-

sinophilic cytoplasm with substantial intra-epithelial lymphocyte infiltration characterize MC (Pyo 

et al., 2016). In comparison to certain other poorly differentiated and undifferentiated colorectal 

carcinomas, it is almost often associated with MSI and has a favourable prognosis (Zenger et al., 

2019). 

2.6.2.2 Tumour Grading and Staging in CRC 

Several grading criteria for CRC have been proposed in the literature. However, the most frequently 

accepted and regularly used standard for grading is set based on degree of differentiation (Ueno et al., 

2012). Tumour grade is determined by the tumour, node metastases (TNM) classification of tumour 

differentiation, with grade 1 indicating well-differentiated tumours, grade 2 indicating moderately dif-

ferentiated tumours, grade 3 indicating poorly differentiated tumours, and grade 4 indicating undiffer-

entiated tumours. WHO classifies tumour grade as least differentiated, with well and moderately dif-

ferentiated adenocarcinoma being considered low grade, and both poorly differentiated and undiffer-

entiated adenocarcinoma being classified high grade (Hamilton and Aaltonen, 2000). Although the 

basic approach to adenocarcinoma of the colon and rectum is same in the WHO 2019 system, there 

has been a modest adjustment to criteria for grading and more subtypes have been introduced. The 

percentage of gland formation within the tumour was the sole basis of grading in the previous 4th 

edition WHO and the current 8th edition American Joint Committee on Cancer (AJCC) that is < 50% 

for high grade and > 50% for low grade (Ahadi et al., 2021). 
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Since the publication of the Duke’s classification schemes, the degree of tumour differentiation, as 

measured primarily by architectural features, has been the representative criterion of tumour grade 

used for CRC (Salibasic et al., 2019). Cuthbert Esquire Duke (1890 - 1977) categorized them as stage 

A, B, or C tumours, with stage A tumours confined to the rectal wall, stage B tumours breaching extra-

rectal tissues, and stage C tumours having metastasized to lymph nodes (Dukes, 1932). Duke later 

followed up on the survival rate and his method proven to be effective in identifying individuals who 

would benefit from postoperative chemotherapy in Duke's C stage and also B but found lowest survival 

rate in stage D (distant metastases) (Haq et al., 2009) 

The TNM staging approach determines the extent of cancer based on anatomical information regarding 

the size and extent of the primary tumour (T), regional lymph-node status (N), and distant metastases 

(M), and groups patients with similar prognosis (Wittekind et al., 2019). The International Union for 

Cancer Control (UICC) and the American Joint Committee on Cancer (AJCC) collaborate to maintain 

the system, which results in the TNM Classification of Malignant Tumours and the AJCC Cancer 

Staging Manual being published on a regular basis and simultaneously (Obrocea et al., 2011) (Table 

2.1). 
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Table 2. 1 AJCC and TNM staging classification of CRC (Kheirelseid et al., 2013). 

AJCC stage  TNM Stage TNM stage characteristics for CRC 

  Tx: Primary tumour cannot be evaluated 

  T0: No proof of primary tumour 

Stage 0 Tis N0 M0 Tis: Tumour confined to mucosa; cancer in situ 

Stage I T1 N0 M0 T1: Tumour invades submucosa 

Stage I T2 N0 M0 T2: Tumour invades muscularis propria 

Stage II-A T3 N0 M0 T3: Tumour invades subserosa or beyond (without other or-

gans involved). 

Stage II-B T4 N0 M0 T4: Tumour invades adjacent organs or perforated the visceral 

peritoneum 

Stage III-A T1-2 N1 M0 N1: Metastasis to 1 to 3 regional lymph nodes. T1 or T2. 

Stage III-B T3-4 N1 M0 N1: Metastasis to 1 to 3 regional lymph nodes. T3 or T4. 

Stage III-C Any T, N2 M0 N2: Metastasis to 4 or more regional lymph nodes. Any T. 

Stage IV Any T, any N, 

M1 

M1: Distant metastases present. Any T, Any N. 

2.6.3 Aetiology of CRC  

CRC usually manifests itself in one of three ways: sporadic, hereditary, or familial. The patient is 

stated to have a family history of CRC if a first-degree relative is diagnosed with CRC or colon polyps 

before the age of 60, or if any member of that family is diagnosed at any age, however the data is 

conflicting (Smith and Samadder, 2018). The transport, ionic strength, oxygen access, nutrition supply, 

host secretion (such as gastrointestinal enzymes and bile juice), mucus membranes, and immune re-

sponse linkages, all affect bacterial populations in different parts of the GI tract stabilization (Kvakova 

et al., 2021; Liu et al., 2019). However some diets can impact into dysbiosis of gut health and can lead 

to certain illness like obesity (Flint et al., 2012). With short chain fatty acids like acetate is enhanced 

by food intake and is produced by acetogenic bacteria is the product of fermentation, results in obesity 

(Louis et al., 2014). 
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2.7 Molecular mechanisms of CRC 

CRC is caused by agglomeration of epigenetic and genetic modifications that lead the normal colonic 

mucosal epithelium to convert into colon adenocarcinoma (Shirmohamadi et al., 2020). CRC is a mul-

tifaceted disease with numerous molecular subgroups (Gaiani et al., 2021). Four key points of cancer 

pathogenesis have been established because of the study of the molecular genesis of colon cancer. The 

first principle is that the genetic and epigenetic modifications that drive colon cancer formation en-

courage cancer formation by providing a clonal growth advantage to the cells that acquire them. So 

basically, colorectal carcinogenesis genetic model was proffered by Fearon et al, in 1990 in which he 

explained the DNA alterations that led to the clinical progression of CRC and in the next principle is 

stated that cancer manifests itself in a sequential process at both molecular and the morphologic levels 

(Fearon and Vogelstein, 1990). Third principle is that genomic instability is a crucial biological stage 

in the development of cancer. The fourth point is when hereditary cancer syndromes typically corre-

spond to germ line variations of major genetic abnormalities whose somatic manifestations cause spo-

radic colon cancers to appear (Kinzler and Vogelstein, 1996). 

2.7.1 Pathogenesis in CRC 

Proportionately three distinct molecular carcinogenesis or any genetic instability for CRC have been 

identified in cancer genetics. The chromosomal instability (CIN), which is seen in 70% of patients 

with sporadic CRC, is the most frequent genetic phenomena (Pino and Chung, 2010). It is character-

ized by an increased rate of chromosome unrealized losses and gains, replication stress, mitotic check 

point errors resulting in karyotypic diversity among cells (Lengauer et al., 1997; Patil et al., 2022). 

The MSI is the second mechanism of genomic instability, contributing for about 15% of the cases. The 

loss of DNA mismatch repair (MMR) activity causes microsatellite instability, which is a hypermuta-

ble trait (Wu et al., 2020a). The third and last epigenetic alteration is CpG island methylation (CIMP), 

which is more associated with serrated neoplasia (Fig 2.6) (De Palma et al., 2019). More than 80% 

carcinomas arise along the serrated pathway developing from the precursor lesion known as the sessile 

serrated adenoma (Overman et al., 2018). CIMP's molecular mechanism is unknown, however it is 

seen in nearly all tumours, when MHL1 (Kouzminova et al., 2010) a MMR gene involved in fixing 

base-to-base mismatches and insertion-deletion loops, is methylated abnormally (Chang et al., 2018).  

2.7.1.1 Chromosomal instability and key genes involved in CRC 

Majority of malignancies have lost or gained chromosomes, according to karyotypic studies, and mo-

lecular investigations suggesting that karyotypic data actually underestimates the full magnitude of 
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such changes. Heterozygosity losses (LOH), or the loss of a maternal or paternal allele in a tumour, 

are common, and they are frequently accompanied by a gain of the opposing allele (Lengauer et al., 

1998). CIN is found in 60 – 70 % of Sporadic CRC. CIN causes an unequal number of chromosomes 

(aneuploidy), sub-chromosomal genomic amplifications, and a frequent LOH (Pino and Chung, 2010). 

Several genes are involved in CIN pathways. The mechanism of CRC involved important gene players 

associated with it and epigenetics. 

 

Figure 2. 6 This figure demonstrate the multiple epigenetic and genetic pathways that are involved in 
the development of CRC (Mundade et al., 2014). The hallmark of most classical (canonical) pathway 
is CIN that refers to a high load of alterations of whole chromosomes or large portion of chromosomes 
duplications or depletions (Jung et al., 2020). MSI, involves changes in the number of short repeated 
sequences termed as microsatellites, spread out across the genome caused by the deficiency in DNA 
MMR (Wu et al., 2020a). DNA methylation is one of the most ubiquitous epigenetic modifications 
regulating gene expression. epigenetics defines those of the CIMP subgroup, which are characterized 
by a high level of CpG island hypermethylation at the promoters of several tumour-suppressor genes 
(Zhang et al., 2021). 

2.7.1.2 Key genes involved in genetic mutations in CRC 

1. Adenomatous polyposis coli (APC) 

Adenomatous polyposis coli (APC) is an important tumour suppressor gene. The gene has been 

found to be mutated not just in most colon cancers, but also in several other malignancies, such as 
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liver tumours. Familial adenomatous polyposis (FAP) is caused by germ-line mutations in the APC 

gene, and it is characterized by many polyps in the intestines (Aoki and Taketo, 2007). In a study 

conducted by Powell et al, discovered that mutations in the APC gene were identified in 60% of 

adenoma and carcinomas, and that this mutation could be anticipated at an early stage of tumour 

and remained intact as the tumour advanced from normal to aggressive stages (Powell et al., 1992). 

In one genetic study, findings showed that APC gene alteration to be the key step in the develop-

ment of intestinal cancers in mice, resulting in an autosomal dominant tendency to produce spon-

taneous colonic and intestinal tumours (Fodde et al., 1994). By boosting β-catenin levels, mutations 

in the APC activate the Wnt signaling pathway. T-cell factor (TCF) TFs help β-catenin translocate 

to the nucleus and increase the transcription of different oncogenes (Mann et al., 1999). Gastroin-

testinal cancers have high amounts of β-catenin (Bakker et al., 2013). 

2. Ki-ras2 Kirsten rat sarcoma oncogene (KRAS) 

Ki-ras2 Kirsten rat sarcoma oncogene homolog (KRAS) is a protein kinase mitogen-activated pro-

tein kinase (MAPK) pathway member. Cell proliferation, differentiation, senescence, cell survival, 

cell adhesion and apoptosis are all controlled by the sarcoma virus RAS/ rapidly accelerated fibro-

sarcoma (RAF)/MAPK system (Khan et al., 2019; Lu et al., 2019). Harvey rat sarcoma virus 

(HRAS), neuroblastoma RAS viral oncogene homolog (NRAS), and KRAS are oncogenes that be-

long to the RAS family. KRAS is the most frequently mutated member of the RAS family in CRC, 

with mutations seen in 40% of sporadic CRCs. KRAS is not thought to be a germline mutation. It 

is a tiny protein that transmits epidermal growth factor receptor (EGFR) family signals 

(Armaghany et al., 2012). Several transduction pathways, including RAS/RAF, RAS/PI3-K, and 

RAS/RAL, promote distinct RAS functions when RAS is activated by certain stimuli and Guanine 

Exchange Factors (Castagnola and Giaretti, 2005). KRAS has been found to be mutated in roughly 

30% of colorectal adenomas and 30% to 50% of colorectal cancers (Liu et al., 2011). Although the 

extent to which colorectal tumours are dependent on KRAS is unknown, it is one of the most rele-

vant therapeutic targets for CRC due to the high rate of mutation in this carcinoma (Porru et al., 

2018). 

3. B- rapidly accelerated fibrosarcoma (BRAF) 

The RAS-RAF-MAP kinase pathway governs cellular responses to growth signals, and B- rapidly 

accelerated fibrosarcoma (BRAF) is a proto-oncogene member of the RAF family of serine/threo-

nine kinases (Raskov et al., 2020). BRAF activating mutations have recently been discovered in 
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roughly 10% of sporadic CRC cases and are uncommon in familial Lynch syndrome CRC 

(Armaghany et al., 2012). The MAPK pathway is important for tumour cell proliferation and sur-

vival. In advanced CRC, data suggests that BRAF oncogene mutations apart from associated with 

poor prognosis, but is ineffective when treated with anti-epidermal growth factor receptor antibod-

ies (Sanz-Garcia et al., 2017). 

4. Phosphatidylinositol-3-kinase (PIK3CA) 

In nearly 25% of colorectal tumours, PIK3CA, the catalytic subunit of phosphatidylinositol-3-ki-

nase (PI3K), has been somatically altered (Samuels et al., 2004). The p110 catalytic subunit of 

PI3K, which is one of the most important kinases in PI3K/Akt/ mammalian target of rapamycin 

(mTOR) signalling, is encoded by PIK3CA. However, the effects of PIK3CA mutations on first-

line chemotherapy treatment are unknown (Wang et al., 2018). 

5. Mothers against decapentaplegic homolog 4 (SMAD4) 

Mothers against decapentaplegic homolog 4 (SMAD4) mutations are found sporadically in 2.1–

20.0% of CRC tumours. As a common downstream regulator and tumour suppressor gene, SMAD4 

(located on band 18q21) plays a critical function  (Sarshekeh et al., 2017). SMADS are a family of 

proteins that act as intracellular signalling effectors that releases polypeptides belonging to the 

TGF superfamily (Derynck et al., 1998). Loss of SMAD4 activity was found to be an independent 

predictive factor for lower recurrence-free and overall survival in CRC patients, especially those 

with metastasized cancer, according to studies (Miyaki et al., 1999). 

6. Tumour protein gene (TP53) 

Tumour protein TP53 gene is frequently mutated in CRC and is an important gene in cell cycle 

and apoptosis regulation (Lane and Benchimol; Vogelstein et al., 1988). Before a cell commits to 

the process of DNA replication, the p53 protein initiates G1 cell-cycle arrest and allows DNA 

repair (Armaghany et al., 2012; Liebl and Hofmann, 2021). The TP53 mutation is anticipated to 

develop during the transition from adenoma to carcinoma (Zhou et al., 2017a) and has been dis-

covered in 65-75% of CRC patients (Fearon and Vogelstein, 1990). 
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2.7.1.3 Epigenetics of CRC 

Epigenetics refers to hereditary modifications in gene expression which are regulated primarily by 

DNA methylation and histone modifications and do not occur as a result of changes in the DNA se-

quence (Holliday, 1987). It's critical to understand that DNA methylation is a natural process for cells 

to regulate gene expression in the mammalian genome. The process of DNA methylation involve  DNA 

methyltransferases (DNMTs) by adding a methyl group at 5' position of cytosine forming 5-methylcy-

tosine, a normal nucleotide in DNA (Lao and Grady, 2011). Methylation can take place in both gene 

promoters and non-promoter areas, known as CpG shores, that are either 2 kbp distant from CpG 

islands and therefore are regulatory domains of gene activity (Irizarry et al., 2009).  

Albeit the fact that gene mutations play a role in cancer development, the significance of epigenetic 

changes has been contentious until recently (Chen et al., 2020). Epigenetic mutation in carcinoma was 

first discovered by Feinberg and Vogelstein. They discovered that when colon tumours were compared 

to normal colons, there was a significant worldwide reduction of 5'-methylcytosine content (Feinberg 

and Vogelstein, 1983). This global hypomethylation is frequently detected in the early stages of the 

CRC process, and it is age-dependent (Feinberg, 2004; Suzuki et al., 2006). Many forms of neoplasms 

exhibit a hypermethylated DNA methylation pattern of typically unmethylated CpG islands in gene 

promoters (Feinberg, 2004). Indeed, genome-wide investigations of cancer epigenomes have discov-

ered that 1-10% of CpG islands are abnormally methylated, implying that a large proportion of gene 

promoters are hypermethylated in the average malignancy (Costello et al., 2000; Pfeifer and Rauch, 

2009). Epigenetic instability in CRC expresses itself in a variety of ways, including hypermethylation 

of CpG island-containing gene promoters and genome-wide DNA hypomethylation (Lao and Grady, 

2011). Toyota and Issa discovered a significant frequency of methylation of genes in certain CRCs 

and proposed that these tumours had their own molecular aetiology, named CIMP malignancies 

(Toyota and Issa, 1999). CIMP tumours make up about 20% of CRCs, and they can now be identified 

by an array of CIMP marker genes with more than 55% methylation genes. (Lao and Grady, 2011).  

2.8 Biomarkers of CRC 

Advances in routine screening, laparoscopic methods, adjuvant chemotherapy, and surveillance pro-

grams have improved the 5-year survival rate during the last two decades (Ewongwo et al., 2020). 

CRC is a diverse disease at the molecular level. Differences in illness development, survival, and 

chemotherapeutic drug response result from this diversity (Newton et al., 2012). This diversity mani-

fests itself in disparities with illness development, survival rate, and chemotherapeutic drug response 
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(O'Donnell and Dolan, 2009). Although the diagnosis like sigmoidoscopy and colonoscopy are inva-

sive procedures that carry a high risk of comorbidity and necessitate time-consuming pretesting pro-

cedures, resulting in a low participation rate (Pellino et al., 2018). Currently the non-invasive CRC 

biomarkers in use are faecal biomarkers, protein biomarkers and serum biomarkers. Some of the stable 

serum biomarkers currently in use are mentioned below. 

1. Carcinoembryonic antigen (CEA) 

During Mid 1960’s, almost six decades ago, carcinoembryonic antigen (CEA) was discovered by 

Gold and Freeman in human colonic tissues (Gold and Freedman, 1965). The same group of re-

search scientists discovered the levels of CEA antigen from serum, taken from the patients with 

CRC by radioimmunoassay (Thomson et al., 1969). CEA belongs to the CEACAM family. To 

yield CEA and its preparation process in the earlier decades was lengthy and difficult especially 

during purification process as the recovery of CEA was substantially low (Krupey et al., 1972). 

Since several scientist made contributions to the chemical composition of CEA and adopted stand-

ard CEA preparation, it was found that CEA is a glycoprotein with 60% make up of carbohydrate 

weighed together 200 kDa (Westwood et al., 1974; Zhao et al., 2018). Oncofoetal protein is present 

in amniotic fluid during the embryo development of a foetus, but it is also identified in cancer 

patients. CEA is the first oncofoetal protein to be discovered (Zaidi et al., 2017). After birth, its 

production is inhibited, and healthy individuals have very low to no CEA levels (Campos-da-Paz 

et al., 2018; Sarandakou et al., 2007). The first soluble biomarker for CRC was CEA in serum, and 

it is now the only soluble biomarker recommended for CRC surveillance (Nielsen et al., 2011). 

Altogether the sensitivity ranged from 40% to 60 percent. Sensitivity increased significantly with 

cancer stage, extending from 8% for Dukes A to 89 percent for Dukes D (Hundt et al., 2007). CEA 

values less than 5 ng/mL were considered normal, whereas those equal to or greater than 5 ng/mL 

were considered elevated and detected in cancer (Lakemeyer et al., 2021). Although CEA levels 

are raised in a considerable number of people with preclinical CRC, it is not alone an effective 

screening tool as its sensitivity is very low and cannot detect illness in immunosuppressed people 

(Thomas et al., 2015). 

2. Tissue inhibitor of metalloproteinase-1 (TIMP1) 

A novel biomarker that can be used for early detection and for selection of advent therapy, prog-

nosis, diagnosis and monitoring efficacy of treatment is TIMP1 (Møller Sørensen et al., 2008). The 

glycoprotein Tissue inhibitor of metalloproteinase-1 (TIMP1) is implicated in cell survival and 
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cancer (Meng et al., 2018). It belongs to the natural MMP inhibitor family, which has four mem-

bers, includes TIMP1 (Hornebeck et al., 2005). It weighs about 28.5 kDa (Carmichael et al., 1986). 

Flat spindle shaped large cells (fibroblast) found in several human tissues like tendons, skin, carti-

lages are all expressed by TIMP1 (Welgus and Stricklin, 1983). Supplementary chemotherapy is 

recommended for patients with stage III CRC who are likely to be cured by surgery; nevertheless, 

it is not encouraged for persons with stage II CRC because overdosing could result in recurrence 

(Benson et al., 2004). TIMP1 is a potential biomarker that can be exploited for early identification, 

advent therapy selection, prognosis, and treatment efficacy monitoring. 

3. Cancer antigen-724 (CA724) 

Cancer antigen-724 or carbohydrate antigen (CA724) is a glycoprotein found on the surface of 

many cancer cells, including those with hepatocellular carcinoma, ovarian cancer, gastric cancer, 

and CRC. The diagnostic effectiveness of serum CA724 for CRC diagnosis has been investigated 

in several studies (Gao et al., 2018; Yanqing et al., 2018). Cancer related antigens’ level like CEA, 

CA724 and CA199 that are elevated have also been linked to a terminal condition (Filella et al., 

1992). CA724 and CEA were found to be potential prognostic markers, although Dukes' stage and 

rectal tumour site were also significant. The serum marker CA724 was found to be high in accordance 

with metastasis stage 1.8 kU/L (range 0.02–729 kU/L) (Louhimo et al., 2002). It is shown to be ele-

vated in a number of human adenocarcinomas with reported sensitivities as high as 50% and overall 

specificity above 95% (Mariampillai et al., 2017). 

4. Carbohydrate antigen-199 (CA199) 

Cancer antigen or Carbohydrate antigen (CA199) is a carbohydrate antigen or cancer antigen that 

aids in the invasion and spread of cancer cells. E-selectin and P-selectin leukocytes are cell-surface 

receptors found on endothelial cells adhered when associated with CA199 (Berg et al., 1992). The 

overall sensitivity and specificity ranged from 18% - 65% and >90% at the threshold of 37 U/mL 

in most of the experimental investigations (Hundt et al., 2007). 

The creation of disease-specific biomarkers is of major therapeutic interest because of the comparative 

high degree of uncertainty of currently available biomarkers in distinguishing across IBD phenotypes 

or predicting prognosis and relapse rates. Several studies into novel serum-based antibody or protein 
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biomarkers for IBD are currently being implemented. Also taking into consideration the ideal bi-

omarker characteristics like non-invasive form of diagnosis and cost-efficient. This study aims to pre-

dict early diagnosis of IBD and predicting progression to CRC through computational analysis. 

2.9 IBD associated CRC 

It is reported that patients with chronic IBD have been found to have a greater chance of getting CRC. 

There has been a substantial body of evidence relating UC with CRC since the 1920s, when the asso-

ciation was first established (Bargen, 1994). To understand the pathogenesis of CRC in relation to 

inflammation and pathways between the two diseases at molecular basis is followed by 4 steps: i) 

Genetic mutation, ii) inflammatory mediators in mucosa like proinflammatory cytokines, COX-2, and 

chemokines, iii) epithelial cells receptors alterations, iv) factors affecting the gut microbiota (Azer, 

2013). 

Patients with long-term severe colitis are also more likely to acquire CRC (Rutter, 2011). UC patients 

have a risk of 5.7 times that of the general population, according to population-based research (Ekbom 

et al., 1990). CRC is the primary cause of IBD related death, accounting for one out of every six UC 

patients (Gyde et al., 1982). The most important risk factor for CRC is the anatomical extent of colonic 

inflammation was first identified in 1990 by Ekbom and colleagues (Ekbom et al., 1990). According 

to a meta-analysis published in 2001 by Eaden et al, the cumulative CRC risk for a patient with UC is 

1.6% after 10 years, 8.3% after 20 years, and 18.4% after 30 years (Eaden et al., 2001). It is reported 

that in UC patients, the problem of UC-associated CRC rates remained still challenging (Zhou et al., 

2019). 

2.10 Databases and their importance 

With the availability of databases, which allow to store and retrieve files as well as provide with easily 

accessible data and information at our fingertips, it is necessary to be familiar with and well informed 

about relevant features and applications, as they have made information in files stored very easily 

accessible. Therefore, the database is an organized collection of structured information or data typi-

cally stored electronically in a computer system. A database is usually controlled by a database man-

agement system (DBMS) (Fig 2.7). The term ‘datum’ comes from the Latin word ‘datum’, which 

means ‘provided’. The plural of datum is data. A datum is a logical statement with a label and a value 

that has been recorded in its most basic form. Even though the phrases data and information are similar 
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in the dictionary, there is a significant difference in computer jargon since data does not become in-

formation until it has been processed and structured (Berrington, 2007). A database is self-describing. 

This summary is known as metadata, or data about data. The database is linked because it contains 

both the relationships between data items and the data items themselves (Berg et al., 2013). There are 

different types of databases existed today and they are described here: 

 

Figure 2. 7 This figure demonstrates the DBMS design and features. The features represent data re-
trieval, storage, security, integrity and data management. The factors consist of size complexity, types 
and performance requirement of data. Types of DBMS are hierarchical, network, object-oriented da-
tabases and the most popular type of database is relational database. Adapted from https://www.erp-
information.com/database-management-system.html. 
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2.10.1 Types of databases  

1. Relational database 

A relational database management system (RDBMS) is a type of database that stores and provides 

access to data components that are linked to one another. The relational model is the cornerstone 

of relational databases (Chen and Lee, 2019). It is a straightforward and apparent way of repre-

senting data in tables. In a RDBMS, each row of a table is a record with a unique identifier known 

as the key. The data's attributes are kept in the table's columns, and each record normally contains 

a value for each attribute, making it easy to link data points together contains a value for each 

attribute, making it simple to construct links between data points (Codd, 2007).  

  Object oriented database: Objects are used to represent data in an object-oriented database, 

just as they are in object-oriented programming (Kim, 1990). 

  Distributed database: It is made up of two or more files that are stored in various locations. 

The database could be spread across various machines in the same physical area or across mul-

tiple networks (Rothnie et al., 1980). 

These databases are currently in use today and there are also several other databases. Below 

are some databases specifically designed for scientific, financial, etcetera use: 

  Open-source databases: An open-source database system is one whose source code is avail-

able to the public; these databases might be SQL or NoSQL (Chen and Xie, 2008).  

  Cloud databases: A cloud database is a structured or unstructured collection of data stored on 

a private, commercial, or blended cloud computing platform. Traditional and database as a 

service are the two sorts of cloud database models (DBaaS). Administrative and maintenance 

chores are handled by a service provider with DBaaS (Arora and Gupta, 2012). 

2.10.2 Existing CRC genes and TFs database 

There are few other databases of CRC, called as Colorectal cancer biomarker database (CBD) (Zhang 

et al., 2018). It was published in 2018 and can provide to users’ multiple individual biomarker infor-

mation, location of tumours, stages, etc. But presently only CoReCG database (Agarwal et al., 2016) 

for CRC genes are available for users. Currently there are present few other databases of TFs like 

FANTOM (Lizio et al., 2016), TRANSFAC (Wingender, 2008) and Enrichr (Kuleshov et al., 2016). 

The following section covers the existing database of CRC that is CoReCG and Enrichr database for 

TFs. 
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2.10.2.1 CoReCG Database 

The existing database for CRC gene is the CoReCG database, which is a manually curated database of 

CRC-related genes acquired from the published literature and is accessible at 

https://lms.snu.edu.in/corecg/. This database was publicly accessible in 2016. It comprises of 2056 

genes and their associated data (Agarwal et al., 2016). This database was accessed for this study in the 

year 2021. CoReCG has compilation of data from 2486 peer-reviewed publications. In contrast, the 

following cancer and other databases were combined through for evidence of a relationship between 

colon cancer and genes. This included experimental method applied in the study to validate contribu-

tion of genes in CRC, availability of enzyme-drug target for 600 CRC genes, expression changes, renal 

cancer gene database (Ramana, 2012), CanGeneBase (Kumar et al., 2009), fold change, staging, sam-

ple size, gene variants, location of samples collection, post translational modification, various gene 

IDs, genes annotation, pathway, string protein-protein interaction (PPI) (Franceschini et al., 2012), 

drug target etc, all retrieved from various sources and databases and verified through PubMed ID.  

2.10.3 TFs Database 

2.10.3.1 Enrichr Database         

Enrichr https://amp.pharm.mssm.edu/Enrichr/enrich# is a web-based interdisciplinary application that 

incorporates a number of novel genomic libraries, embedded with new approach to rank enriched con-

cepts and provide cohesive and interactive graphical representation of the results and it can be inte-

grated into programming language using key features (Chen et al., 2013; Xie et al., 2021). It evaluates 

the concepts from gene libraries based on ranking by applying Fisher exact test. It comprises of 35 

gene-set libraries either derived from other databases or developed. This gene-set library is divided 

into six class – transcription, diseases, drugs, pathways and ontologies, cell types and miscellaneous. 

The transcription class consists of six gene-set libraries – ChEA, position weight matrices (PWMs) 

from TRANSFAC https://genexplain.com/transfac/ and JASPAR https://jaspar2018.genereg.net/, 

PWMs from UCSC genome browser https://genome.ucsc.edu/, TFs target retrieved from ENCODE 

https://www.encodeproject.org/, gene sets associated from histone modification and microRNAs. 

Many studies have been undertaken to investigate the regulatory interaction using Enrichr between 

TFs and microRNAs in CRC to better understand the genesis of the disease. (Hossain et al., 2021; 

Kadkhoda et al., 2021; Peng et al., 2020).  
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3 CHAPTER THREE – METHODOLOGY 

3.1 Research design 

The research plan used in this study is designated to provide a pertinent framework of methodology 

used to accomplish its aims. This project facilitates a novel study for the development of curated IBD 

database and the identification of potential biomarkers for the early diagnosis of IBD, while predicting 

progression to CRC. The flow diagram of methodology is illustrated in (Fig 3.1). 

 

Figure 3. 1 Schematic representation of the methodology used in the research plan of this study. 
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3.2 Database Creation 

We manually curated 289 disease genes linked to IBD. PubMed was used to retrieve IBD genes 

https://pubmed.ncbi.nlm.nih.gov/, that were found to be experimentally confirmed in the literature. 

The dataset columns and rows of 289 IBD genes were sorted using python scripting language (Appen-

dix B section 8.1.2). From January 2019 to December 2020, I executed systematic literature search 

using search queries such as ((“inflammatory bowel disease” OR “IBD”)) OR (“UC” OR “ulcerative 

colitis”)) OR ((“CD” OR “crohn’s disease OR crohn disease”)) AND ((human OR mice OR mouse 

OR rat)). PubMed was searched for all published cohort records on solely experimentally validated 

IBD genes. The criteria for exclusion of genes from the study were those that were not experimentally 

verified under laboratory settings. We also administered the published literature search using well 

known Dragon Knowledge Exploration System (DES) knowledgebase (Maqungo et al., 2010; Salhi et 

al., 2016) organized by our collaborator late Prof Vladimir B. Bajic from the Computational Bioscience 

Research Center, King Abdullah University of Science and Technology (KAUST), Saudi Arabia 

http://www.cbrc.kaust.edu.sa/des_evolution/. 

3.2.1 Text mining 

Text mining is the automatic extraction of information from a variety of written materials by a com-

puter to discover new, previously unknown information. Text mining differs from traditional data min-

ing in that patterns are derived from natural language text rather than structured databases of facts in 

text mining (Hearst, 2003). The amount of published biomedical research, and hence the underlying 

biomedical knowledgebase, is growing at a rapid pace. Text mining and knowledge extraction are two 

technologies that might help academics deal with this information overload (Cohen and Hersh, 2005). 

The text mining module is based on 3 tiers (layers) Data tier, logic tier and presentation tier. Text-

mining was done using DES (Salhi et al., 2017) and PolySearch 2.0 (Liu et al., 2015). 

3.2.2 Curation of IBD genes and data mining 

Data mining followed the curation of IBD genes. Several external databases were employed to popu-

late the IBD database with diverse information connected with IBD genes. It was done manually using 

some bioinformatics tools and external databases. These tools are listed in (Table 3.1) along with their 

references and URL. 
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Table 3. 1 Population of database columns, along with the references and URL. 

Database column name Source URL References 

 
HGNC_gene_symbol www.genenames.org (Stelzer et al., 2016b) 

HGNC_gene_name www.genenames.org 

Chromosome_location https://amp.pharm.mssm.edu/Enri-
chr/enr# http://hgdown-
load.cse.ucsc.edu/downloads.html 

(Chen et al., 2013) 

Snp_variants https://varelect.genecards.org/ (Stelzer et al., 2016a) 

IBD_phenotypes www.genenames.org (Tweedie et al., 2021) 
 

Previous_name geneanalytics.genecards.org 
Omim_id www.genecards.org 
Omim_diseases https://amp.pharm.mssm.edu/Enri-

chr/enrich# 
(Chen et al., 2013) 

Uniprotkb_id www.genecards.org (Tweedie et al., 2021) 
Entrez_id https://david.ncifcrf.gov/ (Dennis et al., 2003) 
HGNC_id www.genecards.org; www.gene-

names.org 
(Stelzer et al., 2016b) 
 

Ensembl_id www.genecards.org 
Refseq_DNA_sequence http://genecards.weizmann.ac.il/ge-

neloc 
Pmid https://pubmed.ncbi.nlm.nih.gov/ (Fiorini et al., 2017) 
Pmcid https://www.ncbi.nlm.nih.gov/pmc (Fiorini et al., 2017) 
Experimental_evidences www.genecards.org (Stelzer et al., 2016b) 
Literature_study_subject https://pubmed.ncbi.nlm.nih.gov/ (Fiorini et al., 2017) 

 
Up-down Regulation https://pubmed.ncbi.nlm.nih.gov/ 

Inflamed_sites www.genecards.org (Stelzer et al., 2016a) 
Tissues_samples www.genecards.org; https://pub-

med.ncbi.nlm.nih.gov/ 
(Fiorini et al., 2017) 

Cell_lines https://pubmed.ncbi.nlm.nih.gov/ (Fiorini et al., 2017) 

Biological_process https://david.ncifcrf.gov/ (Dennis et al., 2003) 

Cellular_process https://david.ncifcrf.gov/ 

Molecular_function https://david.ncifcrf.gov/ 

Kegg_pathways https://david.ncifcrf.gov/ 

CONTINUED 
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Database column name Source URL References 

 
Reactome_pathways https://amp.pharm.mssm.edu/Enri-

chr/enr# 
(Chen et al., 2013; Yoo et 
al., 2015) 

DGIdb_interactiontypes http://www.dgidb.org 
Dsigdb tanlab.ucden-

ver.edu/DsigDB/DSigDBv1.0/ 
TFs_transfac https://amp.pharm.mssm.edu/Enri-

chr/enrich# 
TFs_chea https://amp.pharm.mssm.edu/Enri-

chr/enrich# 
TFs_encode https://amp.pharm.mssm.edu/Enri-

chr/enrich# 
TFs_OPOSSUM https://amp.pharm.mssm.edu/Enri-

chr/enrich# 

 

3.3  Identification of the biomarkers of IBD genes and CRC genes, and their in-

silico validation 

To understand the molecular mechanisms of gene regulation can help researchers identify essential 

genes implicated in IBD that can be used as prognostic and suggestive biomarkers. Although we know 

that gene expression is linked to a variety of diseases and that TFs regulate many genes, this could lead 

to the discovery of new biomarkers of IBD that could be valuable in our research. As a result, rather 

than looking at individual gene expression, we looked for TF-based biomarkers. We began the bioin-

formatics analysis at first by identifying the IBD genes that were proven to be experimentally verified 

using PubMed literature and then constructed the database of IBD genes. We then downloaded these 

genes from the database and with the help of various bioinformatics tools and TFs prediction and 

mapping analysis was done. At first, we analyzed the promoter sets for the IBD genes. Then these 

promoters were screened for transcription factor binding sites (TFBS) to provide a link between genes 

and TFs that regulates them. TFBS of the promoter sequences were then mapped to mammalian matrix 

models position frequency matrices (PFMs). Further enrichment of these mapped TFBS were posi-

tioned as ranks based on their over-representation index (ORI) and this abridged the gap between the 

expression of genes and their regulatory TFs. These top ranked TFs of IBD clustered genes based on 

their promoters helped in the creation of largest TRNs of TFs of IBD biomarkers. The pathway analysis 

and gene ontology of these IBD genes helped in understanding the aetiology underlying the molecular 

mechanism of IBD. The various bioinformatics tools used in this analysis along with their URL and 
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data collection date are listed in (Table 3.2). We predicted progression of CRC from IBD by evaluating 

the known biomarkers of CRC currently used in clinical settings and then combined with the predicted 

biomarkers of IBD. Combinations of the individual tests from IBD and CRC biomarkers together with 

their diagnostic value was quite appealing. We even scrutinized the expression value of these bi-

omarkers using gene expression atlas (Papatheodorou et al., 2019). In this thesis we will be discussing 

the applications of bioinformatics for the identification and evaluation of biomarkers of IBD and the 

biomarkers of CRC progressing from IBD. 

Table 3. 2 List of bioinformatics tools used in the analysis, along with the references and URL. 

Bioinformatics tools Description Source URL References 

EPDnew database Promoter sets and lo-

cation 

https://epd.epfl.ch//index.php (Dreos et al., 

2015) 

OPOSSUM 3 TFBS http://OPOSSUM.cis-

reg.ca/OPOSSUM3/ 

(Ho Sui et al., 
2005) 

CORECG CRC database of 2056 

genes 

https://lms.snu.edu.in/corecg/ (Agarwal et 

al., 2016) 

JASPAR  Matrix ID and Posi-

tion Frequency Matri-

ces (PFMs) 

https://jaspar2018.genereg.net/ (Khan et al., 
2018) 

Position Weight Ma-

trices  

Matrix ID 

PWMs 

https://ccg.epfl.ch/pwmscan/ (Ambrosini et 
al., 2018) 

CYTOSCAPE Network construction https://cytoscape.org/ (Shannon et 
al., 2003) 

Cluster Profiler Functional and Path-

way analysis gene on-

tology 

https://bioconductor.org/pack-

ages/release/bioc/html/cluster-

Profiler.html 

(Yu et al., 
2012) 

GEPIA2 Expression of bi-

omarkers and Survival 

analysis 

http://gepia2.cancer-pku.cn/#in-

dex 

(Tang et al., 
2019) 

CONTINUED 
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CONTINUED 

 
Bioinformatics tools Description Source URL References 

ONCOMINE In silico validation of 

biomarkers of IBD 

https://www.oncomine.org/re-

source/login.html 

(Rhodes et al., 
2004) 

EBMTools ROC curve https://ebm-tools.knowledg-

etranslation.net/calculator/diag-

nostic/ 

(Shurtz and 
Foster, 2011) 

Gene Expression At-

las 

Expression of bi-

omarkers 

https://www.ebi.ac.uk/gxa/home (Papatheodoro
u et al., 2019) 

 

3.3.1 Promoter sets 

The experimentally validated 289 IBD genes were downloaded from IBDDB database and were ana-

lyzed in Eukaryotic promoter database (EPDnew) http://epd.vital-it.ch. EPD is an out-of-date database 

of eukaryotic POL II promoters, also known as transcription start sites (TSS) or regions, that have been 

experimentally characterized. EPDnew is a database of promoter lists for different organisms. that 

complements EPD’s older corpus of hand compiled promoter information (Dreos et al., 2015). After 

accessing EPDnew, selected select/download tab, here selected ‘refine selection’ of Homo sapiens 

promoters were selected from -1000 to +200 (upstream and downstream from the TSS as FASTA 

format parameters that were downloaded. Further selected OProf tool https://ccg.epfl.ch/ssa/oprof.php, 

under signal search analysis server (this tool generates motif occurrence profile around TSS positions 

and also generates the plot displaying the occurrence frequency of TATA boxes between -100 to +100 

relative to the TSS).   

3.3.2  Transcription Factor Binding Sites (TFBSs) 

The bioinformatics approach used to predict binding site in a transcription factor is OPOSSUM version 

3.0 http://opossum.cisreg.ca/opossum3/ to perform single-site analysis. This application identified 

over-representative TFs and its TFBS. The parameters selected were [-1000, +200] upstream and 

downstream regions in nucleotide. The putative TFs selection was based on one-tailed fisher exact 

probability (score ≥ 7) score (Fisher, 1922). Fisher’s exact test is a prominent statistical significance 
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test for determining the importance of overlap between two sets of data (Fisher, 1922). OPOSSUM 

integrates a pre-computed database of conserved TFBSs in human and mouse promoters with statisti-

cal approaches to find sites that are over-represented in a group of co-expressed genes. Three transcript 

profiling investigations revealed that the algorithm successfully identified mediating TFs in control 

sets of tissue-specific genes and sets of co-expressed genes (Ho Sui et al., 2005; Milanesi et al., 2021). 

The co-ordinated binding of trans-acting TFs to innumerable binding sites in the region which includes 

a gene’s TSS, as well as to enhancer’s locations that initiate gene activation from distal locations, was 

required for transcriptional regulation of gene expression. Position specific scoring matrices (PSSM) 

are commonly used to represent TF binding specificities to their homologous DNA binding motifs.  

3.3.3 Mapping of TFBSs 

By binding to gene promoter regions, TFs control gene expression. TFs binds in two ways either to 

another TF or to the DNA binding domain. The PWM, also known as the PSSM, score > 85 % for 

predicted binding sites for vertebrates in JASPAR database contains the log-odds or log-probability 

weights for calculating the binding affinity score and is one of the most widely used models (Boeva, 

2016). Here OPOSSUM 3 web-based database retrieved information to map TFBS to all mammalian 

matrices models like PWM and PFMs from JASPAR 2018 database (Khan et al., 2018). 

3.3.4 Ranking of TFs 

Eukaryotic cells respond to growth, development, and environmental cues in large part by regulating 

the expression of specific sets of genes (Izdebska et al., 2018). One way for measuring or ranking the 

significance of TFs in this activity is the ratio of the genes of interest hits, first by TF to the total 

number of targets in the sequence (Hestand et al., 2008). Fisher’s exact test is a popular statistical 

significance test for determining the importance of overlap between two sets. It’s an exact test in which 

the significance of the deviance from the null hypothesis is measured rather than predicted using Chi-

squared analogue (Fisher, 1922). OPOSSUM 3.0 examines the significance of an over-represented 

group of genes of interest in the direct targets of TF using Fisher’s exact test (Ho Sui et al., 2005; 

Milanesi et al., 2021). OPOSSUM-3 is a web-accessible software for identification of over-represented 

TFBS and families in either DNA sequences of genes or sequences generated from high-throughput 

methods as ChIP-Seq. it works on two complementary scoring methods 1) Z-scores is based on bino-

mial distribution that measures change in relative number of TFBS motifs in the foreground gene sets 
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compared to background genes. 2) Fisher scores is based on one-tailed fisher exact probability as-

sessing the number of genes with TFBS motifs in the foreground vs background gene sets. Here we 

opted for fisher exact probability test which should be greater or equal to 7 (Ho Sui et al., 2005). 

3.3.5 Network construction 

TRN’s can help us better understand the molecular underpinnings of development and cellular repro-

gramming, leading to more effective ways for generating different cell types for regenerative therapies 

(He and Tan, 2016). The network construction of IBD genes was performed using Cytoscape version 

3.8.2 (Shannon et al., 2003). The plug-in used in Cytoscape was ReNE, to determine the hub of IBD 

genes controlled by the TFs. ReNE is a plugin program that automatically enriches a standard gene-

based regulatory network with more detailed transcriptional, post-transcriptional, and translational 

data, culminating in a network that more accurately reflects biological regulatory mechanisms 

(Politano et al., 2014). ReNE plug-in was installed, and a tabulated data was uploaded as a .txt file 

format in Cytoscape and the source and target were selected as nodes and edges constructing the data 

into a regulatory network. 

3.3.6 Functional annotation 

The putative verified IBD genes were classified based on their annotated roles in IBD using the Data-

base for Annotation, Visualization and Integrated Discovery (DAVID) (Dennis et al., 2003) and Kyoto 

Encyclopaedia of Genes and Genomes (KEGG), while extracted using R package Cluster profiler. 

HUGO Gene Nomenclature Committee (HGNC) verified gene symbols were uploaded (Bruford et al., 

2021). The official gene symbol was chosen as the unique identification, and the submit list button 

was chosen for the gene list. From the output, functional annotation clustering was chosen, and distinct 

cancer-related processes were chosen from the various clusters. These biochemical processes were 

compared to the genes that had been annotated. 

3.3.7 In silico validation of transcription factors  

The expression of seven putative TFs potentially regulating IBD genes were accessed using Gene Ex-

pression Atlas database (Papatheodorou et al., 2019), queried by typing HGNC gene name of TFs in 

the gene box, Homo sapiens was selected as the organism and condition IBD was selected for the 

up/down expression. For the expression of known biomarkers of CRC, condition selected was CRC 
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disease. Here the expression level was shown as heat map on the basis of log 2-fold change expression 

level as up and down-regulation in IBD, UC and CD patients’ samples. 

3.3.8 In silico validation of biomarkers 

In silico approach was used to identify the validation of biomarkers implicated in the early onset of 

disease or progression of CRC from IBD disease through mining of biological databases like ON-

COMINE https://www.oncomine.org/resource/login.html. ONCOMINE is a web based data-mining 

cancer microarray database (Rhodes et al., 2004). Here in the concept page, selected ‘Analysis type’ 

as Cancer vs Normal analysis, and under drop down menu from’ Cancer type’ selected Colorectal 

cancer. And under various author’s published literature name-based CRC, adenomas or colon and rec-

tal cancer vs normal, evaluated the TP, FP, TN, and FN diagnostic values for the various IBD TFs and 

known cancer biomarkers’ values under the genes box provided along with the other parameters. 

3.3.9 Gene expression profiling and Survival analysis 

For assessing gene expression between normal and tumor tissues in box plots, the Cancer Genome 

Atlas Program (TCGA) Colon Adenocarcinoma (COAD) https://portal.gdc.cancer.gov/pro-

jects/TCGA-COAD and Rectal Adenocarcinoma (READ) datasets https://portal.gdc.cancer.gov/pro-

jects/TCGA-READ were compared with the TCGA normal tissue database and the Genotype-Tissue 

Expression database (GTEx). The box whisker plots were created through GEPIA 2 (Gene Expression 

Profiling Interactive Analysis) an expression DIY tool http://gepia2.cancer-pku.cn/#analysis. Initially 

the expression data log2(TPM+1) were transformed and the median of tumor and normal tissue was 

designated as log2FC. One-way ANOVA method was used for differential analysis *p-value Cutoff ≤ 

0.01. 

The Overall survival (OS) and Disease-Free Survival (DFS) plots were generated using COAD-READ 

datasets with survival plot tool by GEPIA2 web tool. Gene signature was selected for comparison of 

biomarkers. The Mantel-Cox test was used to divide the high-expression (50%) and low-expression 

(50%) in cohorts, along with the hazard ratio included and 95 % confidence interval in the analysis. 

3.3.10 Statistical evaluation of biomarkers 

In this thesis the application of statistical principles is implemented through various diagnostic tests in 

predicting the correct accuracy of the biomarkers. The first stage in comparing diagnostic tests to one 

another or to a previously specified ‘gold standard’ test is to create the study protocol, which involves 
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deciding on the study design (Baveja and Aggarwal, 2017). Receiver operating characteristic curve 

(ROC) analysis and statistical assessment of diagnosis are crucial for evaluating the success of screen-

ing treatments and statistical assessors, as well as assisting in the prediction of models and algorithms 

(Zou et al., 2011). The validity and accuracy of diagnostic tests were determined by several parameters 

when combined. Sensitivity and specificity are the two examples of such variables (Swift et al., 2020). 

The quantitative analysis of sensitivity and specificity tests are based on a threshold value above or 

below whereby the test is positive. The lesser the specificity, the greater the sensitivity, and conversely. 

To comprehend the utility of clinical assays, certain terms should be understood first.  

1. True Positive: When the test reports a positive result for a person who has a disease. This 

result is referred as true positive (TP). 

2. False Positive: When the test reports a positive result for a person who is disease free. This 

result is referred as false positive (FP). 

3. True Negative: When the test reports a negative result for a person who is disease free. This 

result is referred as true negative (TN). 

4. False Negative: When the test reports a negative result for a person who actually have a dis-

ease. This result is referred as false negative (FN). 

The various parameters of statistical assessment that are significant for all the biomarkers evaluations 

are discussed below. 
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3.3.10.1 Sensitivity: It is a clinical test’s ability to correctly identify patients with a disease. The sen-

sitivity of a screening test can be defined in a variety of ways, such as the diagnostic test’s 

ability to identify a true positive, being based on the true positive rate (TPR), representing a 

test’s ability to accurately classify all people who have a condition, or 100 percent of all 

people with an affliction of involvement by those who test positive on the test (Trevethan, 

2017). 

          Formula:   Sensitivity = 

 

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
 

3.3.10.2 Specificity: It is a clinical test’s ability to correctly identify patients without any disease. The 

sensitivity of a screening test can be defined as the diagnostic test with a specificity of 100 

percent accurately detects all patients who are without any condition but a test with a speci-

ficity of 80% accurately reports the patients without disease that is test negative or TN, leav-

ing to 20% patients without any disease wrongly diagnosed as test positive or FP (Lalkhen 

and McCluskey, 2008). 

                       Formula:   Specificity =   

 

𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒
 

3.3.10.3 Positive predictive value: When a clinical test indicates that the patient has the disease of 

interest, it is the probability that the disease is present or that the test is positive. The operating 

parameters of an assay are defined by sensitivity and specificity; however, it is the predictive 

value (positive or negative) of the analysis that is generally of diagnostic interest to clinicians 

and patients (Saah and Hoover, 1997). 

                        Formula:   Positive predictive value =  

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒
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3.3.10.4 Negative predictive value: It is defined as the probability that the disease is not present when 

the test is negative (Saah and Hoover, 1997). 

        Formula:   Negative predictive value =  

𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
 

3.3.10.5 Likelihood ratio: The likelihood ratio (LR) is the chance of a given test result among persons 

who have an illness divided by the probability of the same test result among people who do 

not have the disease (Grimes and Schulz, 2005). The LR is used to determine the efficacy of 

a diagnostic test and to aid in the choice of the best diagnostic tests and its sequence. LR has 

a significant advantage over sensitivity and specificity in that it is less likely to alter with 

disorder prevalence and may be used to aggregate the findings of multiple diagnostic tests to 

assess the likelihood of a target disorder being diagnosed. (Hayden and Brown, 1999). Tests 

having a Positive LR more than 10 (or a Negative LR less than 0.1) are normally considered 

to have the ability to change clinical decision made by experts. 

 Positive Likelihood ratio: The Positive Likelihood Ratio (LR+) is the ratio of the prob-

ability of a positive test result in the presence of disease to the probability of a positive 

test result in the absence of disease (Shreffler and Huecker, 2020). More pragmatically, 

LR+ Ranges from 1 – infinity. 

                                        Formula:   Positive Likelihood Ratio =  

𝐿𝑅+ =  
𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

1 − 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦
 

 Negative Likelihood ratio: The Negative Likelihood Ratio (LR-) is defined as the ratio 

of the chance of a negative test outcome when the disease is present versus probability 

of a negative test outcome when the disease is absent (Shreffler and Huecker, 2020). 

                Formula:   Negative Likelihood Ratio =                

𝐿𝑅− =  
1 − 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦
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3.3.10.6 Bayesian Theorem: The Bayes’ Theorem is a probability theorem that can be used to explain 

how a new piece of information affects the chance that a hypothesis is true (Ingelfinger, 

1994). 

 Pre-test probability: Pre-test probability is equal to the prevalence of disease in the 

population if a specific population of patients is being evaluated (Agoritsas et al., 2011). 

              Formula:   Pre-test Probability =  

        𝐿𝑅+ =  
𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

1 − 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦
       𝐿𝑅− =  

1 − 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦
 

                                                           Pre-test probability =  

        

 
1 − 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦
 

 Post-test probability: Posterior test Probability is the likelihood that the patient may 

develop an illness once the test findings have been obtained (Agoritsas et al., 2011). 

There are two post-test probability, positive for population that has disease and negative 

post-test probability for ones that don’t have disease. 

                      Formula:   Post-test probability  

                                                  Positive Post-test Probability =  

               = (Pre-test Probability) x (Positive Likelihood ratio)  

                            Negative Post-test Probability = 

               = (Pre-test Probability) x (Negative Likelihood ratio) 

3.3.10.7 Accuracy of diagnostic test: It measures the ability of a test to detect a condition when it is 

present or absent. It should be noted that the prevalence of disease impacts on the accuracy 

of the test (Šimundić, 2009). 

                Formula:   Accuracy of a diagnostic test =  
 

=  
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑎𝑖𝑣𝑒 +  𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
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3.3.10.8 Prevalence: The percentage of positive outcomes obtained from the administration of a clin-

ical diagnosis to a random selection of persons taken from the population of interest is the 

conventional estimate of prevalence. The prevalence of an illness refers to the percentage of 

people in a population who have the ailment in question (Diggle, 2011). 

               Formula:   Prevalence of a diagnostic test =  
 

=  
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑎𝑖𝑣𝑒 +  𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
 

 

3.3.10.9 Youden Index: The Youden index is the difference between the test’s diagnostic performance 

and the strongest overall performance often referred to as guilt, which is defined as a utility 

loss due to ambiguity about the true condition (Šimundić, 2009). 

            Formula:   Youden Index =  
 

 =  𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 + (𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 − 1) 

 

3.3.10.10 Contingency 2 X 2 matrix table: The presence or absence of a disease must be estab-

lished by an impartial gold standard before sensitivity and specificity may be calculated (col-

umns in the 2 X 2 table). After the data has been collated in a matrix table (Table 3.3), the 

sensitivity represents the patient population with positive test results among those who are 

diseased. The specificity relates to the proportion of people who test negative but are not 

diseased (Fischer et al., 2003). 

Table 3. 3 This table illustrates the input values for the diagnostic test evaluation in 2x2 contingency 
matrix table. 

 Disease 

 

Non-Disease Total 

Test Positive (+) TP True Positive FP False Positive 

 

= Total Positive Pa-
tients 

Test Negative (-) FN False Negative 

 

TN True Negative = Total Negative Pa-
tients 

Total  Total Disease Patients 
= 

Total Non-Disease Pa-
tients = 
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3.3.10.11 Receiver operating characteristics curve (ROCAUC ) 

The receiver operating characteristics curve (ROC) was created for the first time in 1950 (Markowitz 

and Swets, 1967). It was first used in the detection of signal from noise in radar during 1966 (Green 

and Swets, 1966). The partial area under the ROC, which provides a nonparametric estimator based 

on an interpretation of the partial area under the curve (AUC), is a measure of diagnostic test accuracy 

(Dodd and Pepe, 2003). It was first used in the detection of signal from noise in radar during 1966 

(Green and Swets, 1966). The concept of ROC curve has lately been applied to several therapeutic 

domains that rely largely on monitoring and diagnostic tests. ROC curve is a valuable method for 

evaluating diagnostic test performance and more broadly, the correctness of a statistical model (e.g., 

linear regression, principal component analysis) that categorizes people into two groups that is dis-

eased and healthy. The unique performance of ROC curve analysis is a visualization tool for illustrat-

ing the accuracy of a medical diagnostic test (Zou et al., 2007). ROC curve graphically represents the 

sensitivity also known as TPR and 1 – specificity as false positive rate (FPR) of a biomarker diagnostic 

test on y – axis and on x – axis, respectively (Fig 3.2). A ROC curve that rests on the diagonal line 

reflects the effectiveness of a diagnostic test that is no better than a probability, i.e., a test that provides 

positive or negative results that are unrelated to the underlying disease status. The slope of a ROC 

curve at every juncture is equivalent to the ratio of both the two functionals that are sensitivity and 1 

– specificity characterizing the distribution of variables in the diseased and control populations, re-

spectively (Hajian-Tilaki, 2013). 
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Figure 3. 2 ROC curve illustrates the sensitivity and 1 – specificity plotted on a graph across varied 
cut-offs. Adapted from https://towardsdatascience.com/roc-curve-in-machine-learning-
fea29b14d133. 

3.3.10.12 Thumb rule for diagnostic evaluation value 

Tests with a positive LR greater than 10 (or a negative LR less than 0.1) are normally thought to have 

the potential to change clinical decisions, according to experts. Although using precise interpretation 

rules may be enticing as shown in (Table 3.4), scientists must first assess the clinical circumstance to 

determine what level of increased is clinically important for better treatment planning. It is stated that 

without a strong LR, no change in prediction is conceivable. Firstly, when an LR gives no additional 

information (e.g., LR =1.0), as one might assume the pre-test probability matches the post-test proba-

bility. Secondly, it is noted as one might assume that pre-test probability might greatly influenced by 

using a very high predictive biomarker (e.g., LR = 10). Pre-test probabilities that are extremely high 

(or extremely low) result in smaller adjusted expectations than those that are less extreme (Ray et al., 

2010). 
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Table 3. 4 Rule of Thumb: Correspondence between Accuracy, LR+ and LR- and Area under the Re-
ceiver Operating Characteristics Curve (𝐴𝑈𝐶ோை஼) and the Diagnostic Value of a Biomarker. 

 
Accuracy 

 

LR+ LR- 𝐀𝐔𝐂𝐑𝐎𝐂 

Excellent diagnostic value > 0.90 >10 < 0.1 > 0.90 

Good diagnostic value 0.75 – 0.90 

 

5 – 10        

 

0.1– 0.2 

 

0.75 – 0.90 

 
Poor diagnostic value 0.50 – 0.75 

 

1 – 5 

 

0.2– 1 

 

0.50 – 0.75 

 
No diagnostic value 0.50 

 

1 

 

1 

 

0.50 

 

3.3.10.13 Combinations of multiple biomarkers 

In everyday clinical practice, however, we can integrate the results of two independent tests to improve 

the accuracy of the diagnosis. The diagnostic methods SNOUT and SPIN are related to specificity and 

sensitivity and these acronyms SNOUT and SPIN stand for “Sensitive test if Negative rules OUT the 

disease” and “Specific test when Positive rules IN the disease”, respectively (Baeyens et al., 2019). 

Here we have used the formula to combine several independent tests of biomarkers to improve the 

accuracy of their predictive diagnostic values, by improving low sensitivity and specificity test values 

by increasing them (Parikh et al., 2008). 

                Formula:   combination of multiple diagnostic test =  

                                  For Sensitivity Test = 

1 − (1 − 𝑆𝐸𝑁஻ூைெ஺ோ௄ாோ ଵ) 𝑋 (1 − 𝑆𝐸𝑁஻ூைெ஺ோ௄ாோ  ଶ) 𝑋 (1 − 𝑆𝐸𝑁஻ூைெ஺ோ௄ாோ  ଷ)   
 
                                  For Specificity Test = 

1 − (1 − 𝑆𝑃𝐸𝐶஻ூைெ஺ோ௄ாோ ଵ) 𝑋 (1 − 𝑆𝑃𝐸𝐶஻ூைெ஺ோ௄ாோ ଶ) 𝑋 (1 − 𝑆𝑃𝐸𝐶஻ூைெ஺ோ௄ாோ ଷ)  

3.3.10.14 Confidence Interval 

Biomedical research is typically conducted on samples rather than entire populations. A sample statis-

tic and sample estimates of error can be used to gain a good understanding of the population parameter 

as a range of values rather than a single value. This is the confidence interval (CI), which is calculated 

based on a desired level of confidence (Hazra, 2017). CI also can be used to evaluate if the means of 

two samples are statistically different. It is predicted that 95% confidence interval is the most prevalent 
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in biomedical research, a CI can be constructed for any confidence level. Whereas, a 99% CI will be 

wider than a 95% CI for the same sample (Choudhary and Garg, 2013). 
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4 CHAPTER FOUR – RESULTS 

The main objective of this study to Identify transcription regulators of IBD-associated genes and I used 

these TFs as biomarkers for the diagnosis and screening of early onset of IBD disease by utilising 

computational approaches. I also identified the biomarkers of CRC and combined them with IBD bi-

omarkers to predict progression of CRC from IBD. For this it was important to understand the molec-

ular mechanisms underlying the aetiology of IBD. Therefore, this led me to develop the database of 

manually curated IBD genes, as till date there is no database available for IBD genes. For the curation 

of genes and associated concepts, I used bioinformatics analysis for the data mining and for biomarkers 

predictions. 

4.1 AIM 1 

4.1.1 Creation of a curated database of IBD genes 

The literature survey revealed that not a single comprehensive database existed that could be used to 

mine IBD related genes, therefore, it was a necessity to develop an IBD database that is informative, 

has usable format and user-friendly. This led to my first aim of the project. I manually curated datasets 

of 289 IBD genes which were proven to be experimentally validated under laboratory settings and 

were confirmed in human or mice samples. PubMed (PMID) and PubMed Central (PMCID) was used 

to search published literature on IBD-linked genes that were validated experimentally. The criteria for 

the exclusion of genes were based on genes that were not analyzed under laboratory settings or those 

genes which were recognized solely using computational analysis. Here I have explained the IBD 

database along with the screenshots taken from its various features. IBD Database (IBDDB) 

https://www.cbrc.kaust.edu.sa/ibd/ (Khan et al., 2021), lands a user at the front page that contains sev-

eral tabs like home button, explore tab, visualize tab, about button on the top-left corner and user 

manual guide on the top-right corner (Fig 4.1).  
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Figure 4. 1 This figure illustrates the different paradigm available under Explore tab of the IBD data-
base (IBDDB) along with visualize and user guide. 

Different types of explorable modalities are available under dropdown menu of ‘Explore tab’ like IBD 

database, Knowledgebase, Biomedical entities, Biomedical entities co-occurrence and Hypotheses ex-

plorer, which are explained in the following sections. 

4.1.1.1 IBD database 

The IBD database menu under the explore tab displays the manually curated 289 IBD-linked genes 

that were experimentally verified and were tested experimentally in human and animals’ samples in 

wet laboratory settings using low-throughput investigations like western blot, ELISA, RT-qPCR, im-

munohistochemistry, etc. Tissue microarray genes and high-throughput RNA-Seq data were included 

if they were authenticated using any of the low-throughput approaches indicated above and demon-

strated to have significantly different expression from healthy samples. The database includes contains 

single nucleotide polymorphisms (SNPs) and variations of IBD-associated genes. HGNC verified the 

symbols used for the genes (Tweedie et al., 2021). We then augmented the data by precompiling the 

data- mining facts and information linked to IBD cited as “concepts”. There are 34 columns of concepts 

comprising various genomic IDs along with TFs from different databases, drug interactions, chromo-

somal locations, gene ontologies, pathways, fold change, drug signature database (Dsigdb) (Yoo et al., 

2015). In the (Fig 4.2) the first table demonstrate the various concepts embedded in the database. Users 

can press tabs on any of the concept and it will be displayed in the table below. The second table 

illustrated the HGNC gene symbol, gene name, IBD phenotypes, PubMed ID, experimental evidence 
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which shows low through-put techniques and study organisms like humans, mice study. It also shows 

the show/hide tab and download formats, copy, or print tab. 

 

Figure 4. 2 This figure illustrates the tables containing various column names under Explore tab ‘IBD 
Database’. 

4.1.1.2 Knowledgebase 

The existing database systems in general, as well as the literature on the subject, provide the basis for 

the knowledge base (KB) for development. In order to identify efficient and sufficient evaluation meth-

ods, existing literature on the system must be researched. IBDDB delivers merged data-mined infor-

mation from a variety of external data sources, as well as text mined information using the KAUST 

University's Dragon Exploration System (DES) system. Two major components of the DES system 

are dictionaries and PubMed records. Dictionaries are controlled vocabularies with concepts from cer-

tain fields. DES creates a KB index by indexing titles and abstracts retrieved from PubMed against 

dictionaries. This process makes it possible to highlight concepts in sentences as well as count occur-

rences and co-occurrences (Fig 4.3). The indexed documents are highlighted on the left-side mentioned 

in the PubMed literature on the right-side. DES also generated 400 IBD related genes, of which 208 

were manually curated and confirmed, while the remaining 81 genes were reviewed using PubMed 

literature. We also used the well-known text mining application PolySearch 2.0 to see if we were able 

to locate a sufficient number of relevant genes using DES (Liu et al., 2015). We, therefore, identified 
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112 genes using PolySearch 2.0, however only 15 of them were manually verified using literature 

search. Altogether, we managed to reach 289 IBD related genes that were experimentally confirmed 

using literature search from PubMed.  

 

Figure 4. 3 This figure illustrates the Knowledgebase under Explore tab. 

4.1.1.3 Biomedical Entities 

Text mining was carried out on 106 333 abstracts pertinent to IBD that were retrieved from PubMed. 

The indexing engine used 11 dictionaries to index 2 22 726 biomedical terms. As a result of the ap-

proach 11 728 terms and about 3 000 000 co-occurring terms were generated. The terminology was 

standardized using a lexicon of synonyms and homophones or homographs. The various types of in-

formation in the database can be viewed via medical entities identified as a subject-specific set of 

documents in reference to their PubMed literature. These entities are terms, assembled into classified 

dictionaries (Fig 4.4). The concepts accommodated in the KB are the terms organized in the diction-

aries, for example ‘Disease’ is a dictionary and its medical entity can be IBD, UC, CD, etc. The list of 

11 dictionaries that were used, together with the number of terms in brackets are Biological action 

(94), Biological processes (1112), Cellular component (276), ChEBI (76 566), Diseases (15 878), Di-

etary supplements (2707), Toxins (8407), Metabolites and enzymes (61 127), Drugs (13 582), Path-
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ways (3717), Human genes (42 061). Although different versions of the same concept can be discov-

ered, the concepts are normalized to offer non-repetitive content. Hence dictionaries were formatted 

to erase duplicates, missing data and finally, parsed the indexed data into standardization consistency.  

 

Figure 4. 4 This figure illustrated the Biomedical entities under Explore tab.  

4.1.1.4 Text mining application in IBD database 

On 106 333 IBD related abstracts obtained from PubMed, text mining was conducted, and the 

translated text was subsequently deployed into an SQLite database and indexed. From various 

features of this database, it also focused on text mining process to automate the indexing of the 

terms, parsing and normalization of the data. This text mining module is based on three-tier (layer) 

architecture as data tier, logic tier and presentation tier (Fig 4.5).  

The data layer is based on SQLite database and when the offline processing is completed then text 

mining database is used as a data tier. In this tier the data or text relevant to IBD related abstracts 

are extracted from the PubMed and then these text data are parsed (string of text data converted 

from one format to another). These parsed data are then deployed to SQLite database and then are 

indexed using 11 dictionaries with 2 22 726 biomedical entities. This process generated an index 

of over 11000 terms and close to 3 00 000 co-occurring terms. The data tier contains dictionary 

table that is embedded with the list of 11 dictionaries names and the glossary table that contains 
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list of biomedical terms. Indexing engine applied these biomedical terms to the corpus table which 

contains PubMed records. The indexing module created two new tables by updating the corpus 

table: ‘term table’ that contains indices of terms and ‘term-pair table’ that contain indices of co-

occurrence terms. Next tier is the application tier that does the logical thinking. 

Logic tier is implemented as several server-side PHP modules interfaced with data layer. It served 

the ajax (Asynchronous JavaScript and XML) calls initiated from the user interface in the presen-

tation tier. Ajax technique, a website development technique on the client-side that created asyn-

chronous application, it uploads the parts of website pages without reloading the whole page. Here 

it contained various modules like entities, co-occurrences entities, knowledgebase, entities net-

work and hypotheses explorer. It is hosted on the in-house server. It accesses the tables and com-

bines them to present in the presentation tier.  

Presentation tier is built on jQuery/Bootstrap framework and is mobile-friendly. It is compatible 

on both desktop and mobile as well as on any other devices. It is a website-based layer and is 

implemented on JavaScript Object Notation (JSON) format. Application programming interface 

(API) calls are used by the presentation tier to connect with the other tiers. 

 

Figure 4. 5 The figure illustrates the text mining approach in IBD database. It showcases the three-tier 
data tier, logic tier and presentation tier (Khan et al., 2021). The Data layer is based on SQLite database 
and contains dictionary and glossary table. The Logic tier is implemented as several server-side PHP 
modules interfaced with data layer. The presentation tier communicates with other tiers by outputting 
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results to the browser and client tier and it displays information relating to services as browsing mer-
chandise, purchasing, and shopping cart contents. 

4.1.1.5 Hypotheses Explorer 

One of the unique capabilities of IBDDB database is to generate novel hypotheses. It is based on the 

theory of linking proposed by Don Swanson where if term ‘A’ is related to term ‘B’ and term ‘B’ is 

linked to term ‘C’, then may be term ‘A’ can relate to term ‘C’ (Swanson, 1986). This theory has 

helped researchers in publishing literature accommodating several hypotheses in recent years (Huang 

et al., 2012). Our theory is based on previously published PubMed research linking lipid profiles to 

IBD, particularly low plasma levels cholesterol and high triglycerides. We wanted to learn more about 

the role of lipids (especially cholesterol) in IBD and see if they have an effect on IBD-related disorders 

like Pyoderma Gangrenosum or PG (Khan et al., 2021) (Fig 4.6). PG is a skin ulceration condition. 

We searched the term PG under term A using dictionary disease or medical subject headings (MESH) 

term ‘disease’ and in term B we selected IBD from dictionary and in term C we selected biological 

processes using dictionary and term as lipid metabolism. We thus created a novel hypothesis and from 

this hypothesis we emphasized that further exploration of the possibility of link between cholesterol, 

PG and IBD should be made. We have thus created a network based on this hypothesis and to our 

surprise we did not find any published literature available on this linkage. 

 

Figure 4. 6 The hypothesis generated by the hypothesis explorer showing that PG may be linked to 
lipid metabolism and IBD (Khan et al., 2021). 

4.1.1.6 Network construction under Visualization tab 

One of the other unique features of this database is that it can create interactive network construction. 

To work with a plenitude of biomedical entities and to use terms from disparate dictionaries can some-

times be a tedious job. This network construction application can be found under ‘Visualize tab’. Users 
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can establish networks connecting various entities, which is based on their frequency in the PubMed 

literature. Once the user pressed the visualize tab, it takes to the network page which is ingrained with 

various dictionaries. User can use more than one dictionary while constructing a network. There are 

instructions provided in the user manual guide (Appendix C). This network construction tool is based 

on the Cytoscape approach for graphical display and is embedded with a quintessential array of layouts 

(e.g., concentric, cola, breadthfirst, circle, cose and grid display layout). The network nodes are color-

coded with different shapes representing the biomedical entities from the dictionary like star shape 

node represents diseases, diamond shape represents biological processes, etc, according to the diction-

aries selected by the user and the numbering on edges represented the number of PubMed records. 

Users can trim or delete the edges or links that are not useful by clicking twice. Here I have used the 

same example of hypotheses generator (section 4.1.1.5) to create interactive network as shown in step 

wise. We clicked the visualize tab and opened the network page. Bearing in mind that we were curious 

regarding the role cholesterol play in IBD along with PG. We attempted to build linkages between 

cholesterol, IBD, and PG by creating a network of biological terminology as illustrated in a step-by-

step method to determine the correctness and flexibility of this technique (Fig 4.7). 

 

Figure 4. 7  This figure demonstrates the step-by-step network construction to identify the relationship 
between disease PG and its connection with the pathway lipid metabolism and IBD. 

4.1.1.7 IBD database exportable formats 

The IBDDB database can create networks and present these in six different interactive layouts (e.g., 

concentric, cola, breadthfirst, circle, cose and grid display layout) and this network presentation can 

be downloaded in .PNG (Portable Network Graphics) format. While the IBD genes datasets can easily 
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be exported in Excel, CSV (comma separated value), Print, PDF, and copy formats (Fig 4.8). Mean-

while IBDDB user manual guide can also be handy as it can be downloaded in PDF format.  

 

 

 

 

 

 

 

 

Figure 4. 8 This figure illustrates the exportable data from IBD database in various formats.  
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4.2 AIM 2 

4.2.1 Identification of Biomarkers of IBD Genes 

4.2.1.1 Positional distributions of core promoters’ elements 

For the identification of biomarkers of IBD. The 289 IBD genes from IBDDB database were down-

loaded in excel format (Table.4.1). We used computational approaches to determine the TFs that pu-

tatively control the transcription initiation. We comprehended that the minimal portion of the core 

promoters, required to properly initiate the transcription is 34 nucleotides upstream from the TSS. We 

identified the promoter regions range [-1000, +200] relative to the TSS at the 5’ ends of genes and 

were extracted from EPDnew database as shown in (Fig 4.9 A). As a result, we used the OProf pro-

gram, which elucidated a promoter as a position reference to a Gene bank/European Molecular Biology 

Laboratory (GenBank/EMBL) (Benson et al., 1993) sequence that determines the TSS location in the 

associated entry, as shown in the graph (Fig 4.9 B). Subsequently we were interested in knowing the 

TSS location in the nucleotide sequences for core promoters of IBD genes. Although promoter se-

quence approach was implemented through pointers around TSS location in the nucleotide entries and 

TSS of genes were determined based on the non-repetitive collection of eukaryotic Pol II promoters. 

Meanwhile, we were able to extract promoters of 87 genes out for 289 IBD genes using HGNC gene 

symbols of IBD genes. We therefore used OProf that scanned the set of DNA and displayed the distri-

bution of TATA box (Conserved DNA sequence help in the initiation) as seen in the graph (Fig 4.9 

B). We were able to display the positional distributions of core promoter elements, which were dis-

covered at a set distance from the TSS and had a match to the TATA box weight matrices between 

positions -30 and -20 relative to the TSS. The parameters used to generate the positional distribution 

of core promoters’ elements are shown in (Fig 4.9 B). 
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Table 4. 1 An excerpt from the datasets of IBD genes downloaded from IBDDB database in Excel 
format. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4. 9 Figure illustrates the TSS location of core promoters. A. Parameter used for the OProf 
program to scan the DNA sequences. B. This graph shows positional distributions of core promoters' 
elements, which are expected to be found at fixed distance from the TSS. The bed file contains genomic 
TSS coordinates of human promoters that match the TATA-box weight matrix distribution between 
positions -30 and -20 relative to the TSS. 

A 

B 
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4.2.1.2 Prediction of Transcription Factor Binding Sites 

TFs regulate several of the cell’s most core functions, including cell growth, division, differentiation, 

apoptosis, DNA replication, and DNA repair and since these are the distinct class of proteins that 

influence the rate of transcription by binding to the DNA (Latchman, 1997; Nebert, 2002). Under-

standing the molecular mechanisms underpinning gene regulation may be critical for finding essential 

genes or proteins that can be used as prognostic or diagnostic biomarkers. Therefore, not only we 

wanted to identify TFs for IBD genes as biomarkers but also, we wanted to know which TFs can be 

responsible for the progression from IBD to CRC. Therefore, we aimed to explore for CRC progression 

from IBD during the early stages of disease. We, therefore, downloaded the 2056 CRC genes from 

CORECG database and 289 IBD genes from IBDDB database. We applied OPOSSUM 3.0 application 

for the identification of over-representative TFs and its binding sites. The parameters selected were [-

1000, +200] upstream and downstream regions in nucleotide. The list of 289 IBD genes were submit-

ted to the OPOSSUM 3 software for TFs query. This list was compared for information content of 

their base pairs and were annotated for targeted gene hits and targeted TFBS hits and were computed 

based on Fisher exact test score as seen in (Table 4.2). We selected those TFs from the outcome which 

controlled maximum number of genes. The criteria for selection of putative TFs were based on one-

tailed of fisher exact probability, which should be greater than or equal to 7 (score ≥ 7). The fisher 

score ranks the over-representation of a TFs putative binding sites from the most strongly over-repre-

sented to the least, to aid in selecting potential TFs based on their classes and families. 

Table 4. 2 This table shows the TFs regulating IBD genes by number of gene hits and TFBS hits based 
on Fisher score as the outcome by OPOSSUM 3. 

 

 

 

 

 

Further, we explored that OPOSSUM mapped the TFs to mammalian matrices models using infor-

mation content of TFs matrices profiles from Jaspar 2018 database as shown in outcome of the TFs 

Transcription Factors Gene hits TFBS hits Fisher score 

SPIB 154 593 11.710 

ELF5 136 401 9.706 

SPI1 134 341 13.088 

FEV 130 309 14.132 

RUNX1 106 196 12.942 

NFKB1 69 108 11.856 

RELA 57 80 13.501 
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query search. The outcome of the analysis was downloaded as the tabulated form with several informa-

tive columns about the analysed TFs (Table 4.3). These columns are TFs, JASPAR ID, Class of TF, 

family of TF, Taxa, Information content (IC), Guanine-cytosine content (GC), Target gene hits, Target 

gene non-hits, Background gene hits, Background gene non hits, Target TFBS hits, Target TFBS nu-

cleotide rate, Background TFBS hits, Background TFBS nucleotide rate, Z-score and Fisher score 

which measures the over-represented TFBSs. The IC is the specificity of the TFBS’ PWMs profile, 

and it may influence the rate of occurrences when the IC is either < 9 or > 19 by highlighting in red, 

alerting the user to the extreme of cases. Likewise in case of GC content of each TFBS binding profile, 

it highlights when GC is either < 0.33 or > 0.66 alerting the user. 

Table 4. 3 This table shows the analysis of IBD genes outcome through OPOSSUM 3. 

 

4.2.1.3 TFBS mapping 

TFBSs in the promoter sequences were mapped using all the mammalian matrices models like PFMs 

and PWMs which are embedded in JASPAR 2018 database. TFs sites were scanned by sliding the 

corresponding PWMs along the sequences and scoring it at each position. Further verifications of the 

predicted TFs were implemented by mapping them to PFMs models profile using Homo sapiens matrix 

ID and DNA base pair logos as shown in the example for one of the TFs RUNX1 (Fig 4.10). Here it 

shows the RUNX1 matrix profile MA0002.1 summary on the left side with description of this TF’s 

class, family, JASPAR core vertebrate collection, taxa, species, data type, uniport ID and source. On 

the right side it depicts two tables, the sequence motif logo table with bases, here the sequences are the 

binding sites on the x-axis and bits on the y-axis. The other table is frequency matrix PFMs of A, C, 

G, T bases. These PFMs can be downloaded as sequence alignments under various formats like JAS-

PAR, TRANSFAC, MEME and Raw PFM. The frequency matrix is read as the first 5 or 6 column 
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lines. Meanwhile the PFMs was downloaded in JASPAR file format as shown in (Fig 4.11). The map-

ping to PWMs was performed by using PWMs tools that scanned the frequency matrix in JASPAR 

file format and the outcome is shown in (Fig 4.12).  

We selected TFs based on the promoter sets and mapped them with mammalian matrices models like 

PWMs, PFMs along with the sequences and scoring it at their position pointers around TSS location 

in each nucleotide entries. The threshold value at minimum relative score used to report the position 

as a putative binding site. The background set was computed using a threshold of 70%. 

.  

Figure 4. 10 This figure depicts the TFBS of RUNX1 mapped to the JASPAR matrix ID MA0002.1 
mammalian matrix model like PFM. On the left- side it shows the summary of TF RUNX1. On the 
right-side top table, it shows the sequence motif logo representing bits on y-axis and frequency of 
bases on x-axis. The table below illustrates the frequency matrix of A, C, G, T bases. These TFBS 
profiles which are stored as sequence alignment data can be downloaded under various formats. 
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Figure 4. 11 This is the matrix profile of TF RUNX1 from the core redundant vertebrate collection, 
displayed as PWMs scores in the RUNX1 TFBS model (weights) retrieved in JASPAR format. PFMs 
summarize the occurrences of each nucleotide at each position in a set of observed TF-DNA interac-
tions. PFMs are transformed into probability models, that would be used to generate PWMs that can 
scan any DNA sequence and predict TFBS. 

 

 

 

 

 

 

 

 

 

 

Figure 4. 12 This is the outcome from PWMScan. The input data was JASPAR file format of RUNX1 
TF-matrix in the genome assembly hg19 and motif length is 11 as shown on left-side. On the right-
side top table displays the scanning option of analysis parameters used are p-value threshold of 1.000e-
05, matrix score 1411 and cut-off percentage 99.74% which is searched on for both strands, along with 
non-overlapping matches. The PWM logo table is shown below, with position frequency scoring of 
base occurrences on the x-axis and IC content on the y-axis. The matrix profile can be further examined 
to extract sequence in FASTA format, which can then be downloaded as BED, SGA, or FPS files and 
viewed in the UCSC genome browser. 

 

>MA0002.1 RUNX1 

A [    10     12       4       1      2       2       0      0        0       8      13] 

C [     2        2        7      1      0       8       0      0        1       2       2] 

G [     3        1        1      0     23      0     26     26      0       0       4] 

T [    11     11      14     24      1     16      0      0      25     16       7] 
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4.2.1.4 Enrichment of TFBS patterns and edge identifications 

Enrichment of mapped TFBSs found in the targeted gene was determined based on their over-repre-

sented index in binding sites by co-expressed genes. We ranked these IBD TFs on: 1) the maximum 

number of targeted IBD genes controlled by TF and 2) by their maximum fisher score achieved by 

TFs. The selected TFs of IBD genes were shown in the (Table 4.4). The table shows TFs in the left 

column followed by family, class matrix Id, gene hits, TFBS hits, rank, fisher score and their base pair 

logos (PWMs logos). These TFs are also verified in the published literature with their PubMed ID. 

Table 4. 4 This representative table shows ranking based on Fisher exact test score of some of the TFs 
out of the complete set of 289 IBD genes. 

 

 

 

 

 

 

 

 

4.2.1.5 Transcriptional Regulatory Network of IBD genes 

The clusters of genes were elucidated on the basis of the promoters allowed the creation of network of 

IBD genes that were potentially regulated by individual TFs or their combinations. We demonstrated 

the 289 IBD genes network and TRN of TF RUNX1 regulating 106 genes by creating interactive 

network (Fig 4.13 A and B). In (Fig 4.13 A), it demonstrates the network of 289 IBD genes and (Fig 

4.13 B) shows TF RUNX1 controlling 106 IBD genes. For example, TF RUNX1 which has been found 

to have binding 106 genes out of 289 IBD genes. Therefore, the network shows that one TF may 

control the expression of 106 IBD related genes. Therefore, we can anticipate that this particular TF 

can control about 35% of 289 IBD genes, thus the identified TF to be at the hub of the gene network 

linked to IBD. 
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A                                                                B 

 

Figure 4. 13 Reconstruction of TRN model of IBD genes. A. Illustrates the largest network of 289 
IBD genes. B. Demonstrates the TF RUNX1 regulating 106 IBD genes. TRN edges represent direct 
interactions between a transcription factor and its target genes. The plug-in used in Cytoscape was 
ReNE, to determine the hub of IBD genes controlled by the TFs. ReNE plug-in was installed, and a 
tabulated data was uploaded as a .txt file format in Cytoscape and the source and target were selected 
as nodes and edges constructing the data into a regulatory network.  

4.2.1.6 Functional and Pathway enrichment analysis of Network of IBD genes 

We performed functional enrichment through GO and KEGG pathway analysis (Fig 4.14) using Clus-

ter profiler. Cluster profiler is a Bioconductor package in R script programming (Appendix B section 

8.2.1). We used a cut-off p- value < 0.05 to identify significant terms. The enriched pathways with p-

value < 0.01 were cytokine-cytokine receptor interaction, Jak-stat Signalling pathway, NOD-like re-

ceptor Signalling pathway, Th17 cell differentiation, IBD, Chagas disease and toxoplasmosis. The 

most significant terms with p- value < 0.05 in biological processes were positive regulation of cytokine 

production, T-cell activation, regulation of inflammatory response, response to molecule of bacterial 

origin, leukocyte cell- cell adhesion, lymphocyte differentiation and leucocyte proliferation. In cellular 

component the most significant terms were external side of plasma membrane, membrane raft, mem-

brane microdomain, membrane region and vesicle lumen. Molecular functions significant terms de-

tected at p- value < 0.05 were cytokine receptor, receptor ligand binding, signalling receptor activator 

activity, cytokine activity and growth factor receptor binding. From the results of the GO annotations, 

it was predicted that cytokines play an important key role in the pathogenesis of the gut microbiota in 

IBD patients. It was found that mucosal macrophage play an important role in the mucosal immune 

system as played by these genes NLRP3, TNF, TLR2 and TLR4. These activated macrophages are 

found to be expressed as the major contributors to the production of inflammatory cytokines in the gut 

and imbalances of these cytokines contributed to the pathogenesis of the IBD disease (Sanchez-Muñoz 
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et al., 2008). APAF1 gene was found upregulating apoptosis in UC, which could lead or correlate with 

inflammation tendency in the IBD patients’ pouches (Leal et al., 2010). It could be because both in-

flammatory and apoptosis pathways are related. It was also found that relative mRNA expression of 

JAK2 was significantly increased in patients with IBD in comparison with healthy controls (Song et 

al., 2013). In addition, JAK2 mRNA expression was significantly decreased in patients with IBD hav-

ing thrombosis compared with those without thrombosis. BCL-2 gene family proteins BAX and BCL-

2 are major regulators of Apoptosis/cell-death programme in UC patients. They inhibit apoptosis in-

duced by active caspases and promote cell-survival (Patankar and Becker, 2020). It was also observed 

that innate immune system that played an important part in the IBD was found in various IBD genes. 

To learn more about these IBD gene expression in patients’ samples, the resulted expression level of 

significant GO terms in relation with IBD genes (Table 8.2 and 8.3) of (Appendix A Table 8.2 and 

8.3). 
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Figure 4. 14 This figure illustrates the GO annotation and KEGG Pathway analysis using R 
package: ClusterProfiler.  A. Biological processes. B. Cellular components. C. Molecular func-
tions. D. KEGG Pathway analysis.                                                                                                                

4.2.1.7 In silico Validation of Predicted Biomarkers in IBD Patients  

The enriched TFs that were ranked based on their maximum number of genes regulated by 

them were selected as a candidate biomarker for IBD disease diagnosis (section 4.1.2.4 and 

Table 4.4). An in silico approach was used to identify these selected TFs in the development 

of the disease and its progression through mining of biological database such as ONCOMINE, 

TCGA, Gene Expression Atlas. The diagnostic values for each TFs’ biomarker were retrieved 

from ONCOMINE database like TP, FP, TN and FN and were thus evaluated. Their sensitivity 

and specificity were calculated along with their other diagnostic evaluations (section 3.3.10) 

B A 

C D 
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for the formulae implemented. More reliable biomarkers for IBD prediction could help in early 

detection and prevention of CRC. To correctly identify the patients with disease, biomarkers 

were selected based on their high sensitivity and specificity values (Table 4.5). RUNX1 was 

selected as the potential biomarker of IBD because of its high sensitivity and specificity as 77 

% and 66 % respectively in comparison to other biomarkers. As other biomarkers for example 

some very high sensitivity but least specificity like RELA, SPIB, NFKB1, ELF5. Meanwhile 

FEV biomarker had a sensitivity of 53 % and specificity of 50%, but it was very low with what 

an ideal biomarkers diagnostic value should be. It is often found in clinical settings that sensi-

tivity should be always higher than specificity. Here FEV has a sensitivity of 53% which denote 

that 53% patients have disease, while 47% do not have a disease but are wrongfully treated as 

a disease patient. Therefore, ideal characteristics suggest that sensitivity should be high like 

80% or so and specificity should be less than sensitivity for a biomarker to be efficient. While 

SPI1 has a sensitivity of 43 % and specificity 55 %, which is a very low sensitivity but high 

specificity. If taken example of RELA with 81 % sensitivity and specificity of 8 %, cannot be 

an ideal biomarker as it can predict that many patients who are disease free were wrong fully 

diagnosed with disease and can be subjected to further diagnostic investigations. Therefore, we 

have selected the biomarker which has high sensitivity and specificity that is RUNX1. RUNX1 

is selected based on two main factors. Firstly, for its ideal diagnostic values and secondly it can 

be detected in a non-invasive way in blood. The LRs of RUNX1 were calculated to be LR+ 

2.21 and LR- 0.38 which is rather good than other biomarkers as seen in (Table 4.6). RUNX1 

TF regulates 106 IBD genes which means it is binding to 106 genes out of 289 IBD genes as 

seen in (Table 4.4). It can be anticipated that this particular TF basically controls 106 IBD 

related networks of genes that is about 35 % of 289 genes (Fig 4.13 B). Consequently, with the 

good diagnostic values in comparison to other biomarkers, RUNX1 can be further tested to be 

a putative biomarker of IBD. 

A key influence of test performance is the intent-to-diagnose population, specifically the prev-

alence of the disease or condition that the test attempts to diagnose or detect in that community 

(Landsheer, 2018). Therefore, the need of proper diagnosis necessitates a review of diagnostic 

biomarker test clinical performance. In (Table 4.5), we presented the columns representing 

various clinical tests help in identifying the good putative biomarker in identifying patients 

with disease. The various columns are Biomarkers of IBD, sensitivity, specificity, PPV, NPV, 

pre-test odds, post-test odds of positive and negative test and LRs for positive and negative 
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tests along with 95% CI. Here the example taken to define the various diagnostic tests of bi-

omarkers of IBD is TF RUNX1. RUNX1 was selected as the potential biomarker of IBD be-

cause of its high sensitivity and specificity as 77 % and 66 % respectively in comparison to 

other biomarkers. The PPV value of this biomarker is high, 92% among all the other bi-

omarkers. It means the prevalence of the disease to diagnose in a patient is dependent on this 

test PPV and NPV. Hence 92% of probability of PPV is developed in this group of patients to 

have the disease. The pre-test probability or odds is the probability prior to the test to have the 

disease but post-test probability confirms the chances of having the disease after the diagnosis 

and can be helpful in decision making by the clinicians to diagnose further in the patient. Here 

the positive post-test probability is 42% of confirming the disease and negative post-test prob-

ability is 12% of not having the disease in the patient. The LR is used to determine a diagnostic 

test's efficacy and to assist in the selection of the optimal diagnostic tests and their sequences. 

LR has a significant advantage over sensitivity and specificity in that it is less likely to modify 

with disorder prevalence and may be used to aggregate the findings of many diagnostic tests to 

assess the likelihood of a target disorder being diagnosed (Hayden and Brown, 1999). The LR 

for RUNX1 is LR+ 2.21 and LR- is 0.38. Here LR- 0.38 indicates that value 0.38 decreases the 

probability of disease about 25% but it still presents a disease. As LR- should be between 0 – 

0.1 and not 1.0. It also states that a person without IBD is about 3 times (=1/0.38) more likely 

to have a negative test than someone with IBD (Mathioudakis et al., 2018). Here LR+ should 

be placed in between the range from 1 – infinity and for LR- it should be between range 0 - 

0.1. 

Table 4.6 presented with the diagnostic tests based on accuracy, LR and AUCROC. The accuracy 

or effectiveness assesses a test's capacity to identify a condition whether it is present or not. It 

should be noted that the prevalence of disease may have an impact on the test's accuracy. The 

accuracy of RUNX1 showed 0.74 which is good in comparison to other biomarkers as well as 

its AUCROC value which is dependent on sensitivity and 1- specificity cut-off values. The 

higher the sensitivity, the higher the curve forms on the upper left corner of the graph. The LR 

is also stable as compared to the other biomarkers of IBD. Hence considering all the aspects of 

the diagnostic biomarker, TF RUNX1 can be considered as a putative TF- based biomarker of 

IBD. 
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Table 4. 5 This table represents the diagnostic values of biomarkers for clinical utility based on Sensitivity, Specificity, PPV, NPV, Pre-test odds, 
Post-test odds and LR of IBD biomarkers at 95% CI. 

Biomarkers Sensitivity 
(%)  

Specificity 
(%) 

Positive 
predictive 
values 
(PPV) (%) 

Negative 
predictive 
values 
(NPV) (%) 

Pre-test 
odds 

Post-test odds (+) 
[95% CI]: 

Post-test odds (-) 
[95% CI]: 

Likelihood Ratio 

(+)          (-) 

SPIB 59 3 52 3 0.66 92 [48 – 57%] 21 [81 – 100%] 0.60      16.4 

ELF5 69 26 63 31 0.45 30 [58 – 69%] 16 [54 – 81%] 0.93        0.42 

SPI1 43 55 65 33 1.27 55 [55 – 74%] 56 [58 – 73%] 0.98        1.02      

FEV 53 50 80 22 0.88 48 [68 - 88%] 45 [65 - 87%] 1.06        0.94 

NFKB1 50 17 70 7 1 37 [62 – 78%] 75 [77 – 98%] 0.6          2.94 

RUNX1 77 66 92 32 0.33 42 [85 - 97%] 12 [55 - 79%] 2.21        0.38 

RELA 81 8 78 8 0.23 17 [85 – 97%] 35 [55 – 79%] 0.88        2.25 
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Table 4. 6 This table represents the diagnostic capabilities of biomarkers based on Accuracy, LR and AUCୖ୓େ in predicting risk of IBD at 95% 
CI. 

Biomarkers Accuracy  Positive Likelihood ratios (LR+) 
[95% CI]: 

Negative Likelihood ratios (LR-) 
[95% CI]: 

Area under curve 𝐀𝐔𝐂𝐑𝐎𝐂  
[95%CI]: 

SPIB 0.39 0.60 [0.49 - 0.74] 16.4 [2.32 - 12.08] 0.39 [0.6 – 1] 

ELF5 0.54 0.94 [0.73 - 1.19] 
1.18 [0.62 - 2.22] 

0.54 [0.71 – 0.89] 

SPI1 0.48 0.98 [0.63 - 1.52] 1.02 [0.72 - 1.44] 0.48 [0.71 – 0.89] 

FEV 0.53 1.06 [0.57 - 1.99] 0.93 [0.49 - 1.78] 0.53 [0.71 – 0.88] 

NFKB1 0.43 0.6 [0.41 - 0.877] 2.99 [0.82 - 10.97] 0.43 [0.69 – 0.91] 

RUNX1 0.74 2.21 [1.00 - 5.09] 0.38 [0.21 - 0.66] 0.74 [0.67- 0.83] 

RELA 0.66 0.88 [0.71-1.10] 2.25 [0.31-16.08] 0.66 [0.82-0.98] 
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4.2.1.8 Expression of IBD Biomarkers in Patients’ Samples 

Further validation of these TFs was conducted in patient’s samples using ‘The Gene Expression 

Atlas’ database. The input parameters of TFs were in HGNC format, Homo sapiens as species 

was selected, and disease category was ‘inflammatory bowel disease’. The outcome received 

was expressed in up or down-regulation and was differentiated based on the IBD phenotypes 

(UC, CD). The mRNA expression level of these TFs was calculated in Log 2-Fold change, in 

the samples obtained from blood or tissue using low-throughput techniques like low-through-

put techniques like, immunohistochemistry (IHC), quantitative polymerase chain reaction 

(qPCR), western blot (Table 4.7). These TFs were further analysed in CRC disease category to 

compare the expression of IBD biomarkers in CRC disease. This could help in predicting pro-

gression to CRC at its early stage of cancer. We inferred that all the biomarkers of IBD were 

up regulated in IBD disease but down regulated in CRC. The TF RUNX1 1.3-fold change was 

found to be up regulated in CD. While it was found to be down regulated by -2.6 in CRC. 

Further evaluation of these TFs was carried out using GEPIA2 online tool that sources its data 

from TCGA and GTEx. Validation of the expression of these TFs of IBD genes in (colon ade-

nocarcinoma) COAD and READ (rectum adenocarcinoma) database was performed using GE-

PIA box whisker plots. We found that three TFs showed overexpression levels as shown in 

(Fig 4.15). The parameters applied for the box plot analysis for changes in the fold of TFs (log 

2 transformation of gene expression) are TCGA normal and GTEx data, p-value cut off 0.01 

and log 2 (TPM+1) for log scale. Expression of RELA, RUNX1 and NFKB1were significantly 

higher in COAD-READ than in normal tissues in comparison to FEV TF. SPIB, SPI1 and 

ELF5 expression levels were lowest in COAD-READ than in normal tissues. For RUNX1, the 

log 2-fold change found in the interquartile region (median) value of the box was 4.0 in both 

COAD-READ than in normal tissue. In summary, all the TFs were up regulated except for 

SPI1 TF in which the tumour vs normal expression was down regulated in COAD- READ 

expression data patients’ samples. 
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Table 4. 7 Expression of IBD biomarkers in patients’ samples. 

Biomarkers 

 

Expression 
Log 2-Fold 
Change 
(IBD) 

 

IBD Species Samples IBD Expression 
of Log2-
Fold 
change 
(CRC)  

CRC 
Stages 

Samples 
CRC 

Species Detection 

SPIB 2.7 [Up] CD Homo 
sapiens 

Bone marrow/ 
WBC 

-2.2 [Down] I - II Biopsy Mice qPCR/IHC/Western 
blotting 

ELF5 1.5 [Up] CD Homo 
sapiens 

Intestinal biop-
sies/WBC 

-3.2 [Down] I - II Biopsy Homo sa-
piens 

qPCR/IHC/Western 
blotting 

SPI1 1.8 [Up] UC, 
CD 

Mice Blood and intes-
tinal biopsies 

-2.0 [Down] I - II Blood plate-
lets 

Homo sa-
piens 

qPCR/IHC/Western 
blotting 

FEV 1.2 [Up] UC Homo 
sapiens 

Tissue /Blood -1.4 [Down] I - II Biopsy Homo sa-
piens 

qPCR/IHC/Western 
blotting 

NFKB1 1.7 [Up] UC Homo 
sapiens 

WBC/Macro-
phages 

-1.1 [Down] I - II Serum/ Ser-
rated polypo-
sis 

Homo sa-
piens 

qPCR/IHC/Western 
blotting 

RUNX1 1.3 [Up] CD Homo 
sapiens 
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Figure 4. 15 Box-whisker plot shows relative transcription of biomarkers in sub-groups of 
COAD-READ patients, stratified based on gene expression level in CRC tumor vs Normal 
status (red for tumor, grey for normal). These box whisker plot span 25th to 75th percentiles, 
lines in the interquartile region show the median value, whiskers indicate the minimum and 
maximum value. Significance of difference is estimated by log2-Fold change (TPM+1). The 
red star denotes statistical significance of p - value < 0.05. Num represents the 275 colon cancer 
COAD samples vs 349 normal samples and num in READ represents 92 rectal cancer samples 
vs 318 normal samples. 
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4.2.1.9 ROC curve analysis of individual IBD Biomarkers 

ROC curve analysis was performed on individual biomarkers of IBD using Evidence-based 

medicine toolbox (EBM calculator) https://ebmtools.knowledgetranslation.net/calculator/diag-

nostic/. ROC curve was made based on the post-test probability for each of the predicted IBD 

biomarkers. Post-test probability is not directly provided but can be indirectly obtained by us-

ing the ROC curve. Pre-test and post-test probabilities confirm the presence of a condition or 

disease before and after the diagnostic test is implemented. Post-test probability measurement 

is very important it helps the clinicians to make decision whether to accept a diagnosis of cer-

tain disease or rule out or to implement more tests. This calculator calculated the sensitivity, 

specificity, LR+, LR-, PPV, NPV along with 95% CI using values provided for TP, TN, FP, 

FN. Based on its calculations it sketched the ROC curve for each individual IBD biomarkers 

as shown in the (Fig 4.16). The two axes shown in the ROC curve illustrate (1-specificity) on 

the x- axis and sensitivity on the y-axis. 

Outcome of the post-test probability ROC curve shown for various biomarkers, along with 

other parameters such as (shown in Table 4.5 and 4.6) sensitivity, specificity, and other diag-

nostic values can help to identify a most suitable biomarker AUC of 0.5 or below is considered, 

as no discrimination or poor test, on ability to diagnose patient with or without disease based 

on a test, while AUC of 0.7 to 0.8 is acceptable and 0.9 AUC is outstanding. RELA shows the 

probability of negative test to be high than positive test, resulting in patient free from disease, 

whereas FEV shows positive and negative test post-test probability to be almost equal (Fig 

4.16). While SPIB, ELF5, NFKB1 all show negative test as high and positive to be low, falling 

under the AUC of below < 0.7. Meanwhile, RUNX1 shows positive test to be higher than 

negative test, considering patients have a disease and the AUC is 0.74. 
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Figure 4. 16 ROC curve analysis of post-test probability for positive and negative test in indi-
vidual IBD biomarkers. The two axes shown in the ROC is (1-specificity), while on the y-axis 
is sensitivity. The positive test (blue) indicates the sensitivity, and the negative test (red) indi-
cates the 1- specificity. Greater the AUC and the closer the curve is to the upper-left hand 
corner, the better the test is at distinguishing between diseased and non-diseased people. The 
AUC, which can be any value between 0 and 1, is a good indicator of the test's accuracy. 
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4.2.1.10 Combination and evaluation of IBD Biomarkers 

Accuracy in the diagnostic test is very important for the prediction of disease at the early onset 

of it. However, due to the low sensitivity and low specificity in detecting the disease in asymp-

tomatic patients of IBD can be overwhelming. In this thesis identification and verification of 

seven TFs as IBD biomarkers is done. Investigating their diagnostic properties, it was found 

that most of the TFs candidate contain either highest sensitivity and lowest specificity or lowest 

sensitivity and high specificity, none of them were ideal except for one biomarker that is 

RUNX1 with 77 % sensitivity and 66 % specificity but still not with very high diagnostic value. 

Therefore, to improve the accuracy of the diagnostic test to detect IBD at its early stage, it was 

required to combine the TFs into various sets of combinations. For the application of the for-

mulae applied (section 3.3.10.13). 

The (Table 4.8) represents four combined sets that is, combination of seven markers, five mark-

ers, four markers and three markers. The outcomes of the combinations are as follows. In com-

binations set of three markers representing a, b, c and d sets respectively, the accuracy was not 

improved as in set a) (NFKB1 + RELA + RUNX1) it denotes the sensitivity is 97 % and spec-

ificity of 74%. In b) (SPIB + ELF5 + SPI1) sensitivity is of 93 % and specificity is of 68 %.  

In c) (FEV + NFKB1 + RUNX1) sensitivity is 95 % and specificity is 86 %. In d) (RELA + 

SPIB + FEV) sensitivity is 96 % and specificity is 55 %. In another set of four biomarkers 

combination (FEV + NFKB1 + RELA + RUNX1), it was found sensitivity of 99 % and speci-

ficity of 87 %, which could denote that due to low specificity even after combining 4 markers 

87 % were disease free but rest of 13 % of patients remaining can be assumed to be falsely 

diagnosed with disease. Therefore, this set is again not useful for diagnosis. In a set of five 

combinations of biomarkers representing a and b set, it was noted that in set a) (SPIB + ELF5 

+ SPI1 + FEV + RUNX1) has a sensitivity of 99 % and specificity of 95 % whereas, in set b) 

(NFKB1 + RUNX1 + RELA + SPIB + ELF5) has a sensitivity of 99 % and specificity 81 %. 

It is assumed that this set a) (SPIB + ELF5 + SPI1 + FEV + RUNX1) has a high sensitivity 

and specificity within 90 - 99 %. It could be helpful in predicting the accurate diagnosis. Mean-

while, the combination setoff seven biomarkers (SPIB + ELF5 + SPI1 + FEV + NFKB1 + 

RUNX1 + RELA) has a sensitivity 99.9 % and specificity of 87 %, which again falls in the 

category of low specificity. Hence the biomarker combination of five (SPIB + ELF5 + SPI1 + 

FEV + RUNX1) can provide better diagnosis.  
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Table 4. 8  Evaluation and combinations of biomarkers of IBD. 

Combinations Markers Sensitivity Specificity 

Single Marker SPIB 59 % 3 % 
ELF5 69 % 26 % 
SPI1 43 % 55 % 
FEV 53 % 50 % 
NFKB1 50 % 17 % 
RUNX1 77 % 66 % 
RELA 81 % 8 % 

Seven Markers SPIB+ELF5+SPI1+FEV+NFKB1+RUNX1+RELA 99.9 % 87 % 
Five markers (a) Excluded: 
NFKB1, RELA 

(b) Excluded: SPI1, FEV 

SPIB+ELF5+SPI1+FEV+RUNX1 

NFKB1+RUNX1+RELA+SPIB+ELF5 

99 % 

99 % 

95% 

81 % 

Four Markers FEV+NFKB1+RELA+RUNX1 99 % 87% 

Three Markers (a) Ex-
cluded: SPIB, ELF5, SPI1, 
FEV 

(b) Excluded: FEV, 
NFKB1, RUNX1, RELA 

(c) Excluded: RELA, SPIB, 
ELF5, SPI1 

(d) Excluded: ELF5, SPI1, 
NFKB1, RUNX1 

NFKB1+RELA+RUNX1 

 

SPIB+ELF5+SPI1 

 

FEV+NFKB1+RUNX1 

RELA+SPIB+FEV 

97 % 

 

93 % 

 

95 % 

96 % 

74 % 

 

68 % 

 

86 % 

55 % 
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4.2.1.11  Survival analysis of combined biomarkers of IBD 

GEPIA2 was used to analyse the relationship between predicted TFs and overall survival (OS) 

and disease-free survival (DFS) using Kaplan-Meier plotter curve in CRC COAD-READ da-

tabase. The parameters used to analyse expression of TFs was implemented using (multi gene 

signature), hazard ratio measured based on Cox PH Model at 95% CI. The five TFs grouped 

together as a signature (multi gene) expressed in OS showed that patients with high expression 

of these TFs were primarily associated with shorter OS based on the actual graph (p- value = 

0.087) as shown in (Fig 4.17 A). The expression between DFS was also evaluated. It was found 

that patients with high expression of these TFs were somewhat associated with shorter DFS (p- 

value = 0.32) (Fig 4.17 B). The p-values do not show significant association however, based 

on the actual survival graphs especially in the later months, it is expected that the expression 

of these TFs may play a role in the prognosis of patients with CRC but may not be used as a 

reliable predictor of survival of patients.  

   

 

Figure 4. 17 High expression of combination biomarkers was associated with (A) worse OS, 
hazard ratio (HR)=1.7, log rank P= 0.087 and (B) worse DFS, HR= 1.4, log rank P=0.32. One-
way ANOVA method was used for differential analysis *p-value Cutoff ≤ 0.01. 

In summary the aim 2 focuses on the computational identification and validation of biomarkers 

for early and less-invasive diagnosis and screening of IBD. Here the TFs were identified po-

A B 
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tentially controlling the IBD related genes. The TFBS were predicted and mapped to mamma-

lian matrices models like PWMs and PFMs, generating information to understand the regula-

tion at molecular level and to identify the underlying aetiology of IBD using GO annotation 

and pathway analysis. The TRNs of IBD genes were constructed. Further in silico validation 

of these TFs was done and the TFs with most accurate diagnostic value were selected as IBD 

biomarkers and their expression profiles were validated in IBD, CD, UC patients’ samples and 

were juxtaposed with CRC patients’ samples during early stages. Hence, the most suitable 

combinations of biomarkers were identified (SPIB + ELF5 + SPI1 + FEV + RUNX1). The 

potential biomarker of IBD identified is RUNX1 that can aid in predicting the risk of early 

diagnosis IBD patients. 
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4.3 AIM 3 

4.3.1 To identify biomarkers which can serve as potential diagnostic measure to predict 

early risk of CRC in IBD patients.  

An in silico approach was used to identify the biomarkers of IBD and CRC in the development 

of the disease and its progression from IBD to CRC using computational methods. We previ-

ously identified IBD biomarkers by downloading genes from the IBDDB database and using 

bioinformatics approach to identify TFs and their binding sites. Further analysis of these TFs 

was done by mapping them to matrices models and by reconstruction of the TRNs. We further 

performed in silico analysis on these predicted biomarkers using Gene Expression Atlas in 

patients’ samples. For validation of these biomarkers, we retrieved the diagnostic values like 

TP, TN, FP, and FN for each biomarker of IBD using ONCOMINE database and calculated 

different parameters of diagnostic tests by applying various formulae (section 3.1.10). The ex-

pression of all the TFs of IBD were analyzed using COAD-READ TCGA database in CRC 

patients’ samples. Finally, we performed survival analysis on the best set of combined bi-

omarkers of IBD (SPIB + ELF5 + SPI1 + FEV + RUNX1). After performing this investigation, 

we selected TF RUNX1 as a potential biomarker for the early diagnosis of IBD in patients’ 

samples. 

The IBD biomarker RUNX1 was selected for early diagnosis of IBD disease based on diag-

nostic value of sensitivity 77 % and specificity 66 % which was comparatively higher than 

other IBD biomarkers and based on the non-invasive form, of diagnosis and its expression 

value detected in samples like blood, Serum, platelets, and tissues in few using low-throughput 

techniques like immunochemical fecal occult blood test (iFOBT), IHC, reverse transcription 

polymerase chain reaction (RT-PCR). Furthermore, to evaluate the potential diagnosis of this 

marker in CRC patient samples to detect early progression to CRC disease, it was required to 

combine RUNX1 with putative CRC biomarkers. We identified the putative biomarkers of 

CRC by verifying from the published literature. This RUNX1 biomarker was further analyzed 

with the known conventional tumor markers that are known to be expressed in the CRC cancer 

cells and are currently in practical use by clinicians as CRC biomarkers in laboratory settings. 

The diagnostic values of these CRC biomarkers along with IBD biomarker (Table 4.9 and 

4.10).  



89 

 

It was predicted that the known biomarkers of CRC possessed less sensitivity but high speci-

ficity values than IBD biomarker RUNX1. CEA has a diagnostic sensitivity of 46 % and spec-

ificity of 80 %. TIMP1 has a sensitivity of 52 % and specificity of 60 %, while CA724 and 

CA199 has a sensitivity of 45 % and 14.39 %, and specificity of 97 % and 89 %, respectively 

(Table 4.9). Overall, their accuracy (Table 4.10) was comparatively lower than RUNX1. How-

ever, after measuring their diagnostic values, it is found that most of these biomarkers acquired 

high PPV, hence found higher probability in this group of patients to have the disease. The pre-

test probability or odds is the likelihood of having the condition before the test, but the post-

test probability confirms the chances of having the disease after the diagnosis and can aid 

clinicians in their decision to diagnose the patient further. The post-test probability was found 

to be higher in most of these biomarkers. 

Meanwhile the positive LR of these individual biomarkers were greater than 1 (LR+ > 1), 

which was sufficient to interpret the test to be positive. Altogether the good LR, CA724 dom-

inated with LR+ 16.6, which represent an excellent chance of how likely a patient has a disease, 

yet these biomarkers of CRC currently in use have low diagnostic values and can only predict 

half (50 %) of the disease in the patients. Therefore, there is a need to combine these biomarkers 

together to increase their diagnostic accuracy to predict 100 % of the disease in the patients, if 

possible. 

 

 

 

 

 

 

 

 

 



90 

 

Table 4. 9 This table represents the diagnostic values of biomarkers for clinical utility based on Sensitivity, Specificity, PPV, NPV, Pre-test odds, 
Post-test odds and LR of IBD to CRC biomarkers at 95% CI. 

Biomarker Sensitivity (%) Specificity 
(%) 

PPV 
(%) 

NPV 
(%) 

Pre-test 
odds 

Post-test odds (+) 
[95% CI]: 

Post-test odds (-) 
[95% CI]: 

Likelihood Ratio 

(+)          (-) 

RUNX1 75%; 0.75 66%; 0.66 92 32 0.33 42% [85-97%] 12% [55-79%] 2.2;     0.3 

CEA 46%; 0.461 80%; 0.80 89.7 28.4 1.15 73% [84-93%] 43.2% [68-75%] 2.33;    0.67 

TIMP1 52%; 0.52 60%; 0.60 42.2 69.5 0.92 54% [34-51%] 42.5% [24-38%] 1.3;      0.8 

CA724 45%; 0.45 97%; 0.97 98.4 31.9 1.22 95% [94-100%] 41% [66-70%] 16.6;    0.57 

CA199 14.4%; 0.14 89%; 0.89 83.7 21.7 5.948 88.6% [72-91%] 85.1% [77-80%] 1.36;   0.59 
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Table 4. 10 This table represents the diagnostic capabilities of biomarkers based on Accuracy, LRs and AUCୖ୓େ in predicting risk of IBD to CRC 
progression at 95% CI. 

Biomarkers Accuracy LR+ [95% CI]: LR- [95% CI]: 𝐀𝐔𝐂𝐑𝐎𝐂  [95%CI]: 

RUNX1 0.74 2.21 [1.00-5.09] 0.38 [0.21-0.66] 0.74 [0.67-0.83] 

CEA 0.53 2.7 [1.44-3.67] 0.7 [0.57-0.79] 0.53 [0.44-0.65] 

TIMP1 0.57 1.3 [0.92-1.90] 0.8 [0.57-1.10] 0.57 [0.50-0.71] 

CA724 0.56 16.6 [4.20-65.4] 0.57 [0.51-0.63] 0.56 [0.50-0.70] 

CA199 0.30 1.36 [0.67-2.77] 0.59 [0.87-1.05] 0.30 [0.17-0.43] 
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4.3.1.1 Expression of IBD to CRC Biomarkers in IBD and CRC patients’ samples 

Further validation of these markers was conducted in patient’s samples using ‘The Gene Ex-

pression Atlas database’ (Table 4.11). The input parameters of biomarkers were in HGNC for-

mat, Homo sapiens as species were selected, and disease category was ‘IBD’ and ‘CRC’. The 

outcome received was expressed in up or down-regulation and was differentiated based on the 

IBD phenotypes (UC, CD). The expression level of IBD and CRC biomarkers was calculated 

in Log 2-Fold change, along with the samples obtained from blood or tissue and detected by 

low throughput techniques as seen in (Table 4.11). This could help in predicting disease pro-

gression from IBD to CRC at its early stage of cancer. We identified that IBD biomarker 

RUNX1 was up regulated (Log 2-FC >1.3) in IBD but down regulated (FC < -2.6) in CRC 

patients’ samples. The CRC biomarkers were found to be up regulated in IBD patients’ samples 

except for CA199 which was found to be down regulated (FC <-1.2). Meanwhile, to predict 

early-stage diagnosis in CRC patients’ samples all the biomarkers were found to be up-regu-

lated except RUNX1 (FC< -2.6). These biomarkers were expressed at their specific level in 

blood serum and platelet samples in IBD, and CRC patients (Table 4.11). 

In the (Fig 4.18). the heat map displayed the expression values of 4 biomarkers CA199, 

RUNX1, CEA, TIMP1 in IBD, CD, UC vs control in patient samples. The yellow color showed 

up-regulation of biomarkers in patients’ samples and blue colour represents down-regulation 

of biomarkers in patients’ samples. The IBD patients’ samples used were RNA-Seq of Ileal 

biopsies from CD vs non-IBD control, Active UC vs control, CD recurrence vs control, IBD 

vs control, and newly diagnosed CD vs control. In A) expression values (Z-score transformed) 

indicated CA199 positively correlated only in CD vs control in ileum, whereas TIMP1 was 

positively correlated in newly diagnosed CD, in active UC and IBD vs control and negatively 

correlated recurrence in CD patients. CEA is positively up-regulated in CD vs control in ter-

minal ileum and found down-regulated in UC and CD recurrence state in patients. RUNX1 was 

found to be upregulated in Active UC only. In B) heat map for log2 fold changes of 4 serum 

biomarkers expression in comparison to IBD, CD, UC vs control in patient samples. CA199 

showed down-regulation in CD recurrence but up-regulation in CD ileum vs non-IBD control. 

RUNX1 shows up-regulation in Active UC. Meanwhile CEA indicated the up-regulation in 

CD, whereas TIMP1 was up-regulated in newly diagnosed CD, IBD and in Active UC and CD 

vs control. 
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Further evaluation of these Biomarkers was carried out using GEPIA 2 online tool that source 

its data from TCGA and GTEx as seen in (Fig 4.19). Validation of the expression of these five 

biomarkers of IBD-CRC was analysed in COAD and READ database using GEPIA box 

whisker plots. We found that three biomarkers (CEA, TIMP1 and RUNX1) showed overex-

pression levels. The parameters applied for the box plot analysis for changes in the fold (log 2 

transformation of gene expression) were TCGA normal and GTEx data, p-value cut off 0.01 

and log 2 (TPM+1) for log scale. These box whisker plot span 25th to 75th percentiles, lines in 

the lower and upper interquartile region respectively, showed the median value, whiskers indi-

cate the minimum and maximum value.  

Expression of TIMP1, RUNX1 and CEA were significantly higher in COAD-READ than in 

normal tissues in comparison to CA724 and CA199. In CA724 log 2-fold change found in the 

interquartile region (median) value of the box was 6.0 in both COAD-READ than in normal 

tissue and in CA199 log 2-fold change found in the interquartile region (median) value of the 

box was 4.0 in both COAD-READ than in normal tissue expression levels. CA724 and CA199 

expression levels detected were lowest in COAD-READ than in normal tissues. Meanwhile, in 

CEA log 2-fold change found in the interquartile region (median) value of the box was 11.0 in 

both COAD-READ than in normal tissue. In TIMP1 log 2-fold change found in the interquar-

tile region (median) value of the box was 9.0 in both COAD-READ than in normal tissue. In 

RUNX1 log 2-fold change found in the interquartile region (median) value of the box was 4.0 

in both COAD-READ than in normal tissue. In summary, all the biomarkers were up regulated 

except for CA724 and CA199 in which the tumour vs normal expression was down-regulated 

in COAD-READ expression data patients’ samples. 
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Table 4. 11 Expression of IBD to CRC biomarkers in patients’ samples. The expression of 5 biomarkers was compared in IBD and CRC patients’ 
samples at the given concentration unit, predicting progression from IBD to CRC in the early stages of CRC. mRNA Expression was measured 
from blood serum and platelets using Log 2-Fold change. 

Biomarkers Expression Log 
2-Fold change 

(IBD) 

Serum level in 
IBD 

Expression 
Log 2-Fold 

change 
(CRC) 

Serum level in 
CRC 

CRC 
Stages 

Samples Detected by 

RUNX1 1.3 [Up] 96-100 IU/mL -2.6 [Down] 50-100 ng/mL I – II  
Tis-
sue/blood 
platelets 

PCR/RT-PCR/IHC/Western 
Blot 

CEA 4.2 [Up] < 2.5 ng/mL 4.0 [Up] > 5 ng/mL I – II  Blood serum 
IHC/ immunochemical 
Faecal occult blood test 
(iFOBT) 

TIMP1 4.3 [Up] < 98.5 ng/mL  2.6 [Up] 
98.5-101.3 
ng/mL  

I – II  Blood serum 
IHC/ immunochemical 
FOBT (iFOBT) 

CA724 2.0 [Up] < 0.4 IU/mL 3.5 [Up]   0.8 IU/mL I – II  Blood serum 
IHC/ immunochemical 
FOBT (iFOBT) 

CA199 - 1.2 [Down] < 37 IU/mL  1.3 [Up] >37 IU/mL  I – II  Blood serum 
IHC/ immunochemical 
FOBT (iFOBT) 
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Figure 4. 18 Heat map illustrates the expression values of 4 biomarkers in the patients’ samples 
in IBD. The color (yellow) shows up-regulation of biomarker in patients’ samples and color 
(blue) shows down-regulation in patients’ samples by biomarker. The 4 biomarkers are CA199. 
RUNX1, CEA and TIMP1. The IBD patients’ samples used were RNA-Seq of Ileal biopsies 
of CD vs non-IBD control, Active UC vs control, CD recurrence vs control, IBD vs control, 
newly diagnosed CD vs control. A. This heat map is Z-score transformed based on standard 
deviations. B. This heat map shows expression values in Log2 scale.   
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Figure 4. 19 Box-whisker plot shows relative expression of biomarkers in sub-groups of 
COAD-READ patients, stratified based on gene expression level in CRC tumor vs Normal 
status (red for tumor, black for normal. These box whisker plot span 25th to 75th percentiles, 
lines in the interquartile region show the median value, whiskers indicate the minimum and 
maximum value. Significance of difference is estimated by log2-Fold change (TPM+1). The 
red star denotes statistical significance p - value < 0.05. The red star denotes statistical signifi-
cance of p - value < 0.05. Num represents the 275 colon cancer COAD samples vs 349 normal 
samples and num in READ represents 92 rectal cancer samples vs 318 normal samples. 
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4.3.1.2 ROC curve analysis of IBD Biomarkers predicting progression to CRC 

EBM calculator was used to perform ROC curve analysis. The post-test probability for each of 

the IBD-CRC biomarkers was used to create a ROC curve. The ROC curve can be used to refer 

post-test probability, which is not directly presented. As explained before the probabilities in-

dicating the presence of a condition or disease before and after the diagnostic test are known 

as pre-test and post-test probabilities. Post-test probability estimation is critical because it aids 

clinicians in deciding whether to accept a diagnosis of a certain condition or rule out or perform 

more tests. Using the values provided for TP, TN, FP, and FN, this calculator generated sensi-

tivity, specificity, LR+, LR-, PPV, NPV, and 95 % CI. The ROC curve for each individual IBD 

biomarker was sketched based on its calculations, as illustrated in (Fig 4.20). The two axes 

shown in the ROC curve illustrated (1-specificity) on the x- axis and sensitivity on the y-axis. 

Outcome of the post-test probability ROC curve is illustrated in the respective biomarkers, also 

refer (Table 4.9 and 4.10) for sensitivity, specificity, and other diagnostic values. As the AUC 

of 0.5 or below is considered as no discrimination detected or poor test, on ability to diagnose 

patient with or without disease based on a test, while AUC of 0.7 to 0.8 is acceptable and 0.9 

AUC is outstanding (Ray et al., 2010). Biomarker TIMP1 showed the probability of positive 

test to be very low with no curve or positive and negative test post-test probability to be almost 

equal, resulting in patient free from disease, AUC is 0.57. Biomarker CA199 also showed the 

dull curve or positive and negative test to be almost equal, AUC is 0.30. Biomarker CEA 

showed positive test to be higher in the curve than the negative test, AUC is 0.53. Biomarker 

CA724 showed the highest positive test than negative test among all the biomarkers with AUC 

0.56. Whereas RUNX1 also showed positive test to be higher than negative test, considering 

patients have a disease and the AUC is 0.74 refer to (Table 4.10). In summary, it is estimated 

that even if AUC is less, the curve can predict highest sensitivity level.  
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Figure 4. 20 ROC curve analysis of post-test probability for positive and negative test in indi-
vidual IBD to CRC biomarkers. The two axes shown in the ROC is (1-specificity), while on 
the y-axis is sensitivity. The positive test (blue) indicates the sensitivity, and the negative test 
(red) indicates the 1- specificity. Greater the AUC and closer the curve is to the upper-left hand 
corner, the better the test is at distinguishing between diseased and non-diseased people. The 
AUC, which can be any value between 0 and 1, is a good indicator of the test's accuracy. 
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4.3.1.3 Combinations of IBD-CRC biomarkers  

After examining the expression and diagnostic values of each of the IBD and CRC markers 

individually for each condition, we chose the most significant biomarkers. IBD and CRC are 

both multifaceted diseases. As a result, no single marker will be able to predict disease activity 

in all cases. Therefore, the prospect of integrating several biomarkers and to increase accuracy 

is being investigated. We need to be ascertained in finding alternative biomarker combinations 

to reduce misdiagnosis of the disease at the early stage of progression from IBD to CRC. There-

fore, to improve the accuracy of the diagnostic capability to detect IBD to CRC progression at 

its early stages, it was required to combine these biomarkers into various sets of combinations. 

For the application of the formulae used (section 3.3.10.13). 

The (Table 4.12) shows three combined sets that is, combination of five markers (CEA + 

TIMP1+ CA724 + RUNX1+ CA199), four markers in two sets a) (CEA + TIMP1 + CA724 + 

RUNX1) and b) (CEA + CA724 + RUNX1 + CA199) and three markers set (CEA + CA724 + 

RUNX1). The outcome of these combinations is as followed. In combination set of five mark-

ers the sensitivity increased to 97 % and specificity to 99 %, which was found to be of very 

high diagnostic value among all the sets of combinations. Whereas, in a combination set of 

four biomarkers, in a) CEA + TIMP1 + CA724 + RUNX1, the sensitivity is 96.5 % and spec-

ificity is 99.9 %, which once again proven to be of high accuracy, while in b) CEA + CA724 

+ RUNX1 + CA199, the sensitivity was evaluated to be 94 % and specificity 99 %. In the last 

set of the three combined biomarkers CEA + CA724 + RUNX1, the sensitivity is 93 % and 

specificity is 99.7 %. 

In summary, all the combinations sets were ranked at the highest diagnostic accuracy in pre-

dicting early diagnosis of IBD progressing to CRC in patients. In the clinical settings, the cost 

of the tests is also an important factor, therefore, from this data it can be concluded that the 

combination of four markers set (CEA + TIMP1 + CA724 + RUNX1) have the diagnostic 

capability similar to the five markers set. Therefore, to reduce the cost and time during testing, 

this four-markers set can be employed without compromising the diagnostic efficiency. 
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Table 4. 12 Evaluation and combinations of biomarkers from IBD-CRC. 

Combinations Markers Sensitivity Specificity 

Single Marker 

CEA 46.59% 80% 

TIMP1 52% 60% 

CA724 44.80% 97% 

RUNX1 75% 66% 

CA199 14.39% 89% 

Five Markers CEA + TIMP1 + CA724 + RUNX1 + CA199 97% 99% 

Four Markers  
(a) (Excluded: CA199)  
 
(b) (Excluded: TIMP1) 

CEA + TIMP1 + CA724 + RUNX1 96.5% 99.9% 

CEA + CA724 + RUNX1 + CA199 94% 99% 

Three Markers 
(Excluded: TIMP1, CA199) 

CEA + CA724 + RUNX1 93% 99.7% 



101 

 

4.3.1.4 Survival analysis of biomarkers predicting progression from IBD to CRC in pa-

tients’ samples    

GEPIA2 was used to analyse the relationship between different biomarkers of IBD – CRC and 

OS and DFS using Kaplan-Meier plotter curve in CRC COAD-READ database. The parame-

ters used to analyse expression of combinations of biomarkers was implemented using (multi 

gene signature), hazard ratio measured based on Cox PH Model at 95% CI. The five biomarkers 

grouped together as a signature (multi gene) expressed in OS showed that the patients with 

high expression of these biomarkers were primarily associated with poor prognosis of shorter 

OS based on the actual graph (p-value = 0.2) as shown in (Fig 4.21 A). The expression between 

DFS was also evaluated. It was found that patients with high expression level of these bi-

omarkers in their blood were somewhat associated with very short DFS (p-value = 0.028) in 

(Fig 4.21 B). The p-values do not show significant association; however, it is expected that the 

expression of these biomarkers play a crucial role in the prognosis of patients with CRC and 

may become a reliable predictor of survival in these patients.  

In the clinical settings, when choosing a biomarker for clinical use, the cost of testing is an 

important factor to consider. From this information it can be concluded that the combination 

of four markers set (CEA + TIMP1 + CA-724 + RUNX1) has equivalent capabilities to the 

five markers set. Therefore, to reduce the cost and time during testing, this four-marker set can 

be employed without compromising the diagnostic capabilities. 

Considering the above information, it was found that the 4 biomarkers (CEA + TIMP1 + CA-

724 + RUNX1) when grouped together as a multi-gene signature expressed in OS, showed that 

patients with high expression of these biomarkers were primarily associated with poor progno-

sis of shorter OS based on the actual graph (p-value = 0.076) as shown in (Fig 4.22 A). The 

expression of DFS was evaluated and was found that patients with high expression levels of 

these biomarkers in their blood were significantly associated with short DFS (p-value = 0.014) 

(Fig 4.22 B). Outcome of this set of four markers suggested that the p-values do not show 

significant association however, based on the actual survival graphs especially in the later 

months, it is expected that the expressions of these biomarkers may play a role in the prognosis 

of disease in patients with CRC better than the five-biomarker set and their combination can 

become a reliable predictor of survival in these patients. 
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Figure 4. 21 The combination of 5 biomarkers’ expression was associated with (A) worse OS, 
hazard ratio (HR) = 1.3, log rank P = 0.2 and (B) worse DFS, HR = 1.6, log rank P = 0.028. 
One-way ANOVA method was used for differential analysis *p-value Cutoff ≤ 0.01.  

 

 

 

 

 

 

 

 

 

Figure 4. 22 The combination of 4 biomarkers’ expression was associated with (A) worse OS, 
hazard ratio (HR) = 1.8, log rank P = 0.076 and (B) worse DFS, HR = 2.1, log rank P = 0.014. 
One-way ANOVA method was used for differential analysis *p-value Cutoff ≤ 0.01. 
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5 CHAPTER FIVE – DISCUSSION 

The goal of the work presented in this thesis is to deploy computational methods that will assist 

in identifying new diagnostic markers for IBD and to predict progression from IBD to CRC. 

This thesis focuses on the fulfilment of three aims.  

The study's first goal is to create a manually curated IBD related genes database that has been 

experimentally validated in the lab and is selected from published literature using the PubMed 

library, as well as to investigate the function of these genes. To the best of my knowledge no 

other database of curated IBD related genes exists. This database is embedded with some 

unique features and tools along with being a user-friendly database, for scientists to work with 

and make meaningful biological conclusions. 

The second aim focused on the computational identification and validation of biomarkers for 

early and less-invasive diagnosis and screening of IBD. Here the TFs were identified. Poten-

tially controlling the IBD related genes. The TFBSs were predicted and were mapped to mam-

malian matrices models like PWMs and generating information to understand at the molecular 

level, and to identify the underlying aetiology of IBD using GO annotation and pathways anal-

ysis. The TRNs of IBD genes were constructed. Further in silico validations of these TFs was 

done, and the TFs with most accurate diagnostic value were selected as IBD biomarkers and 

their gene expression profiling were elucidated in IBD, CD, UC patients’ samples and were 

juxtaposed with CRC patients’ samples during early stages. Hence the most suitable combina-

tions of biomarkers were identified. 

 The third aim focused on the development of potential biomarkers that can measure and predict 

early risk of CRC in IBD patients. In view of this the known biomarkers of CRC currently in 

use in clinical settings were identified and evaluated for their diagnostic potential using various 

computational parameters. These individual biomarkers did not possess the optimal diagnostic 

values. Therefore, a combination analysis was performed. These CRC biomarkers along with 

the chosen biomarker of IBD were combined to increase the diagnostic values to predict better 

prognosis of the disease. The findings of the study are discussed in depth in the following 

sections. 
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5.1.1 Creation of manually curated IBD genes database 

IBD is a complex disorder of GI tract. Recently IBD has become a global phenomenon as it 

have expanded over the world (Goh and XIAO, 2009). With the emerging data of IBD genes 

scattered in several publications for the past decades, it has become a very overwhelming issue. 

Therefore, it is of paramount importance to create a curated database of IBD (IBDDB) (Khan 

et al., 2021) genes which are experimentally validated under laboratory settings. To create a 

database, we manually curated 289 IBD genes using published literature from PubMed library. 

This database is capable of performing various tasks. It can generate novel hypothesis which 

is based on Swanson linking theory (Swanson, 1986). The hypothesis that we used was based 

on previously published literature in PubMed literature. We wanted to connect lipid profiles to 

IBD and further explore the role of lipids particularly cholesterol in IBD and to find out hypo-

thetically if these affected IBD related conditions such as PG (O’Brien et al., 2020). PG is a 

skin an ulceration disease (Maronese et al., 2022). We then explored the other capability of the 

database to create network construction using 11 dictionaries and biomedical entities. The 

novel hypothesis generated can be visualized under network construction. KB index helps in 

identification of the enriching terms and its linking with each other in creating novel hypothe-

sis. KB is based on DES system that relies on two key components: dictionary that regulate the 

vocabularies and text mining using PubMed literature records. DES system is a reliable system 

found helpful in various published literature (Essack et al., 2009; Sagar et al., 2008). 

This database was developed in SQLite, which is an in-process library that created a serverless, 

transactional SQL database engine that is self-contained and requires no configuration 

(Kreibich, 2010). SQLite's source code is available in the public domain that is an open-source 

database and can be used for both personal and business purposes. SQLite reads and writes to 

regular disk files directly. PHP, a widely used open-source scripting language executed on this 

server (Chen and Xie, 2008). The suffix ‘lite’ in SQLite means it is weightless in terms of 

setup, database management and required resources (Bhosale et al., 2015). 

It is distinctive from other databases in several aspects: i)This is the first manually curated 

database providing extended information about experimentally validated IBD related genes; ii)  

it provides pre-compiled biomedical text mining information on IBD, which otherwise require 

complicated computational analyses; iii) it integrates data on 34 concepts such as experimental 
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techniques used to validate the role of a gene in IBD, sites inflamed in IBD, other diseases 

linked to the genes, tissue samples used for validation, molecular interactions, pathways, GO, 

gene expression level in mice or humans, TFs predicted to have binding sites on the promoters 

of IBD-implicated genes using four different tools, etc.; iv) it contains data on drugs associated 

with IBD genes; v) it has the hypothesis generation capability by creating networks of genes 

and other biomedical entities using 11 curated dictionaries; and vi) it can present networks in 

six different layouts while data can be exported in various formats such as excel, csv and pdf, 

as well as printing. Despite these benefits, IBDDB has certain limitations when it comes to text 

mining information (Khan et al., 2021). Text mining information is limited to electronic records 

alone, but extracted concepts are constrained by the dictionaries' completeness, and co-oc-

curred phrases may or may not imply significant linkage. The accuracy of text mined data could 

be improved by further advancements in text mining technologies along with uniformity of 

information presentation in publications. Nonetheless, IBDDB can assist in the generation of 

new knowledge by assisting in the formation of new potential interactions between terms. 

In summary, IBDDB allows users to explore information through various queries, allowing 

them to look for the most important items or construct linkages between them. It can also come 

up with intriguing hypotheses, build interactive networks, and export the results. We hope 

IBDDB, will be a valuable resource for researchers and clinicians. 

5.1.2 Identification of Biomarkers of IBD and their validation 

Identification of potential biomarkers of IBD genes was carried out using the computational 

analysis and bioinformatics applications. We identified the potential TFs controlling the IBD 

related genes. 

We identified seven TFs of IBD (SPIB, FEV, ELF5, SPI1, NFKB1, RUNX1, RELA) as a pu-

tative biomarker after performing various bioinformatics analysis. Our emphasis from the be-

ginning was to identify and validate biomarkers which should be non-invasive, inexpensive, 

reliable, with high sensitivity, allowing early diagnosis and thus no interfere in values among 

both affected patients and controls, which follows the characteristics of an ideal biomarker 

(Harrison et al., 2020). We investigated using in silico validation of these biomarkers in pa-

tients’ samples. Furthermore, we evaluated the performance of these biomarkers by applying 
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various parameters of diagnostic tests. The outcome of this analysis was to identify the poten-

tial biomarker of IBD disease that can predict early onset of IBD in patients. We found RUNX1 

as a potential TF-based biomarker of IBD in comparison with other predicted biomarkers of 

IBD. Based on the fisher exact test ranking, it was found to have high Fisher score value of 

12.942 and it regulates 106 IBD genes. In a study it was reported that Fisher’s exact test is a 

popular statistical significance test for determining the importance of overlap between two sets. 

It’s an exact test in which the significance of the deviance from the null hypothesis is measured 

rather than predicted using Chi-squared analogue (Fisher, 1922). The outcome of the clinical 

assays suggested RUNX1 have high sensitivity of 77% and high specificity of 66% than other 

predicted biomarkers which either have low sensitivity and very high specificity or very high 

sensitivity and very low specificity. It is reported that the validity and accuracy of diagnostic 

tests are determined by several parameters when combined. Sensitivity and specificity are the 

two examples of such variables (Swift et al., 2020). We further evaluated RUNX1 in compar-

ison with other biomarkers of IBD by performing other clinical tests like LR, PPV, NPV, ac-

curacy, pre-test and post-test probability odds and AUC and found RUNX1 scored the highest 

test values among all the other biomarkers. Finally, calculating AUC values for all, it was ob-

served that RUNX1 occupy 0.74 AUC value and other biomarkers outcome was quite less in 

comparison to RUNX1. In a statistical report for clinical evaluation of diagnostic tests, it is 

suggested that AUC range between 0.9 – 1.0 is excellent diagnostic biomarker, 0.8 - 0.9 is 

good, 0.7 – 0.8 is fair, 0.6 – 0.7 is poor and 0.5 – 0.6 is fail diagnostic value. Therefore, RUNX1 

possess between fair to good diagnostic value (Wang et al., 2019; Xia et al., 2013). 

For the biomarker to be non-invasive we found that RUNX1 can be considered as a non-inva-

sive biomarker as it is found in blood platelets while other IBD biomarkers were found in 

tissues. In a study it was reported that RUNX1 variant showed association with thiopurine-

induced leukopenia (decrease in white blood cells) in patients with IBD, along with two other 

markers causing obesity (Kim et al., 2017). Due to the lack of availability of non-invasive 

biomarker, the only available diagnostic biomarker to predict the disease IBD and CRC in 

patients is colonoscopy which is considered as a gold standard diagnostic biomarker (Ricciuto 

et al., 2021). It has its several consequences, as patients have to undergo anaesthesia, especially 

in children and bowel preparation a day before the procedure was found to be quite complicated 

(Hart et al., 2018). The after effects in some paediatric patients found was abdominal pain and 
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nausea after the procedure (Szaflarska-Popławska et al., 2019). Several non-invasive bi-

omarkers of IBD are serum biomarkers like CRP, ESR, pANCA and ASCA biomarkers 

(Alghoul et al., 2022). CRP indicated patients need to have colectomy with a high degree of 

certainty, indicating severe continuing and unpredictable inflammation in the GI tract 

(O’Connell et al., 2020). While another broadly adopted biomarker in the diagnosis of IBD is 

ESR, which is reported to be higher in active CD than in dormant UC and CD (Longo et al., 

2020). pANCA and ASCA help to differentiate between UC and CD in paediatric patients 

(Horn et al., 2018). But because of low sensitivity of pANCA it is often found to be increased 

in UC and also in CD patients with UC like symptoms, therefore limiting the reliability (Wang 

et al., 2019). With the low sensitivity of both ASCA and pANCA biomarkers many studies 

reported that they are unable to differentiate between UC and CD as oppose to their character-

istics and were considered unreliable (Joossens et al., 2002; Lee et al., 2019b). In faecal bi-

omarkers like calprotectin, it is noted that even though faecal calprotectin levels decrease over 

time, clinicians advised UC patients to take stool samples of their first bowel excretion every 

two days and note the consistency and time of the faeces. Its role in continuous monitoring 

while enhancing its deep-rooted and extended consequences has yet to be thoroughly investi-

gated as mentioned in clinician’s guidelines for using calprotectin to monitor activity of disease 

(Bressler et al., 2015). While lactoferrin is found in various bodily fluids and serves as a bac-

tericidal agent in the innate immune system, it degranulates secondary granules throughout the 

inflammatory process (Baveye et al., 1999; Burton and Roitt, 2016). However, considering its 

limitation like calprotectin, faecal lactoferrin may increase in amount after using NSAIDs, most 

likely due to the intestinal obstruction induced, hence clinicians advise against using any non-

steroidal medicine before the faecal test for IBD (Gisbert et al., 2009; Patil et al., 2019). Despite 

the fact that faecal biomarkers are affordable and non-invasive, they do have certain drawbacks, 

such as the test's clinical relevance, which is limited by the need for gut washout to precisely 

measure stool proteins (Angriman et al., 2007; Pham and Mohajeri, 2018). Considering all the 

limitations and unreliability issues of the serum and faecal biomarkers of IBD, we anticipated 

on validating the TF-based biomarkers which can be predicted in blood and is reliable, afford-

able, and easy to use. We combined the biomarkers of IBD and found effective diagnostic 

efficacy by combining the set of five biomarkers (SPIB + ELF5 + SPI1 + FEV + RUNX1). 
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This biomarker set of five has sensitivity of 99% and specificity of 95%. This can be a potential 

set of biomarkers for predicting early risk in IBD patients but unfortunately not all the bi-

omarkers are found in blood as many are detected in tissue biopsy. Thus, considering the reli-

ability and non-invasiveness in biomarker, we identified RUNX1 that is found in blood plate-

lets and is also responsible for leukopenia in IBD patients (Kim et al., 2017). 

The root cause of IBD still remain ambiguous (Mentella et al., 2020). We further tried to de-

lineate the underlying mechanism of IBD. We found that the functional annotation clustering 

of these putative TF- based biomarkers of IBD genes emphasized on the enriched terms such 

as cytokine production, and pathways such as NOD-like receptor signalling pathway, cytokine-

cytokine receptor. It is reported that modulation of gut immune system relies completely on 

cytokines functions, and are produced by monocytes, lymphocytes, macrophages, IECs and 

fibroblasts (Guan, 2019). Pro-inflammatory cytokines played a crucial role in up-regulation 

and anti-inflammatory cytokines played in down-regulation of pathogenesis progression 

(Tatiya-Aphiradee et al., 2019). Speculation in addition to generating intestinal inflammation 

and accompanying symptoms such as diarrhoea, cytokines regulate extraintestinal manifesta-

tion and have systemic effects in IBD were made (Neurath, 2014). Since cytokines and proteins 

associated in cytokine signalling are encoded by many IBD genes (Graham and Xavier, 2020). 

It is reported that loss of function mutations in the genes producing IL-10 and the IL-10 recep-

tor, in particular, have been linked to quite early onset of IBD, according to current research 

(Kotlarz et al., 2012). It can be suggested that cytokines can be the new crucial target for the 

therapy of inflammatory diseases (Pasqua et al., 2018). 

In conclusion, colonoscopy is the only invasive form of diagnosis for IBD patients available 

today. In this thesis, we have investigated to find the non-invasive form of diagnosis to predict 

early risk of diagnosis in IBD patients. Taking into considerations the ideal biomarker charac-

teristics that can be reliable, cost-effective, non-invasive and time efficient.  
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5.1.3 To identify biomarkers which can serve as potential diagnostic measure to predict 

early risk of CRC in IBD patients.  

We identified known biomarkers of CRC currently in use in clinical settings for the early risk 

of progression of CRC from IBD. It was mandatory to identify the biomarkers of CRC that was 

already predicted and tested. 

Patients with long-term severe colitis were found more likely to acquire CRC (Kameyama et 

al., 2018). UC patients had a risk of 5.7 times that of the general population, according to 

population-based research (Mann et al., 2022). Therefore, we identified the known potential 

biomarkers of CRC currently used as routine clinical marker in laboratory settings. These tu-

mour biomarkers are CEA, TIMP1, CA199 (Rasmussen et al., 2020) and CA724 for CRC (Wu 

et al., 2020b). From our findings we observed that sensitivity and specificity of CEA is 46% 

and 80%, TIMP1 is 52% and 60%, CA724 is 45% and 97%, CA199 is 14.4% and 89%, respec-

tively. Apparently due to their low sensitivity and the widespread use of these CRC biomarkers 

in clinical settings, it became clear that none of them can be used alone to accurately diagnose 

CRC (TOMA et al., 2018). It was reported in a study that any available blood indicators, such 

as CEA, CA199, and CA724, are ineffective for early identification of CRC due to their low 

sensitivity and specificity but preoperative CEA assessment, on the other hand, is beneficial 

since it can provide autonomous prognostic information, assist with surgical administration, 

and serve as a baseline for later findings (Xie et al., 2022). It is recommended that CEA levels 

should be assessed in every few months at least for five years after diagnosis in patients with 

CRC stage 2 or Dukes B and 3 or Dukes C illness who may be candidates for liver resection 

(Duffy et al., 2003). It is found that CRC carcinomas can be classed as sporadic, inherited, or 

familial, depending on the origin of the mutation and that 70% of CRC is sporadic carcinoma 

(Mármol et al., 2017). Molecular genetics research has discovered certain unfavourable muta-

tions that underpin the aetiology of both sporadic and hereditary CRC so far. As a result, screen-

ing tests should be more sensitive and specific than currently available screening tests, and the 

confirmation of a putative biomarker will offer genetic information on malignancy and meta-

static progression (Das et al., 2017). Likewise, CEA that has the potential to detect CRC, 

TIMP1 can regulate apoptosis, angiogenesis and proliferation in an MMP-independent manner 

and have a role in CRC carcinogenesis, according to multiple compelling findings (Tuomisto 

et al., 2019). Many studies show that TIMP1 can be used as a prognostic biomarker for CRC 
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patients as well as a diagnostic marker for CRC detection (Meng et al., 2018; Sørensen et al., 

2008). CA199 and CA724 are found on the surface of many cancer cells, including those with 

hepatocellular carcinoma, ovarian cancer, gastric cancer, and CRC. CA199, a carbohydrate 

antigen identified by the monoclonal antibody NS19-9, is extensively used in CRC clinics as a 

traditional tumour marker (Thurin, 2021). The diagnostic effectiveness of serum CA724 for 

CRC diagnosis has been investigated in several studies (Yanqing et al., 2018). CA724 and CEA 

were found to be potential prognostic markers, although Dukes' stage and rectal tumour site 

were also significant (Sun et al., 2019). 

These tumour markers not only serve as auxiliary diagnosis for illness but also act as survival 

and prognostic tool (Luo et al., 2020). Our main goal was to identify a potential diagnostic 

tumour marker which is currently in clinical routine use. After finding the markers we aim at 

improving their diagnostic accuracy to detect early diagnosis of CRC in patients and to predict 

risk progression from IBD to CRC. To improve their accuracy, we combined these biomarkers 

in various sets of combinations like biomarker set of five markers (CEA + TIMP1 + CA724 + 

RUNX1 + CA199) with increased sensitivity of 97% and increased specificity of 99%, set of 

four markers i) (CEA + TIMP1 + CA724 + RUNX1) with increased sensitivity of 96.5% and 

increased specificity of 99.9% and ii) (CEA + CA724 + CA199 + RUNX1) with increased 

sensitivity of 94% and increased specificity of  99% and set of three markers (CEA + CA724 

+ RUNX1) with increased sensitivity of 93% and increased specificity of 99.7%. We evaluated 

their combination values and found the best set of combination of five biomarkers (CEA + 

TIMP1 + CA724 + RUNX1 + CA199) with the highest sensitivity and specificity value of 97% 

and 99%, respectively, to predict the early diagnosis in disease progression from IBD to CRC. 

But it can be inferred that the combination of four markers set (CEA + TIMP1 + CA-724 + 

RUNX1) has the diagnostic capability like the five markers set, which can be used instead, 

without compromising the diagnostic capabilities. Meanwhile, to predict early-stage of diag-

nosis in CRC patient’s samples all the biomarkers were found to be up regulated (Wu et al., 

2020b) except RUNX1 and CA199 which was found in the result to be down regulated. On the 

contrary, a study reported RUNX1 to be up-regulated in CRC tissues and its variants to be 

associated with increased risk for colon and rectal carcinogenesis (Zhou et al., 2017b). it is 

reported that RUNX1 is considered as a novel tumour suppressor gene for gastrointestinal tu-

mours and suggest that RUNX1 plays an important role in maintaining the balance between 

the intestinal stem/progenitor cell population and in GI tract epithelial development (Fijneman 
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et al., 2012). In a study we found that combination set of serum biomarkers was to be of pro-

found importance in detecting early CRC (Liu et al., 2021). Based on the pathophysiology of 

IBD-associated CRC, CEA can predict the early risk of CRC in UC patients (Zhen et al., 2018). 

We found that with the combinations of biomarkers, we improved the diagnostic accuracy. 

Therefore, the selected combination markers (CEA + TIMP1 + CA724 + RUNX1) is set to be 

able to predict the early risk of progression from IBD to CRC. 

5.1.4 Limitations of this study 

The involvement of genes in IBD is certainly not limited to 289 genes but due to unavailability 

of experimentally verified genes, the IBDDB is limited in terms of exploring the genetics of 

IBD. Another serious limitation is that not many studies have been published that have explored 

the RNA-Seq of IBD samples (and even CRC samples) especially from Africa and the devel-

oped countries where this disease is on rise, therefore limiting the number of genes in database. 

In terms of TFBSs prediction, one is dependent of the available TF models, hence, we antici-

pate that the prediction will be more informative in the future when more validated models are 

added to the databases like JASPAR. An additional limitation to be considered is the inability 

to test the utility of these biomarkers on actual patients, especially those in African setting. This 

must be tested in future studies. 

5.1.5 Strengths of this study 

 Only available manually curated database of verified IBD genes. One stop for all the valu-

able information on IBD genes and its biological study. 

 This database is embedded with some potential features like hypotheses generator, text-

mined publications available based on three tier, 11 dictionaries along with 22000 biomed-

ical entities, interactive network creator applications. 

 All the genes are HGNC approved. 

 These genes were data mined along with their evidence study from literature, phenotypes 

of disease, drug interactions, TFs, etc. 

 Easily exportable formats like excel, csv, print, copy, pdf. 

 The in silico approach using various bioinformatics tools like python, R scripting and avail-

ability of free software packages to pinpoint the predicted biomarkers. 
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 Web-based applications like GEPIA 2, ONCOMINE, OPOSSUM version 3.0, JASPAR, 

gene expression atlas, Enrichr, EMBTools calculators. 
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6 CHAPTER SIX- CONCLUSION AND FUTURE WORK 

This is the first study that demonstrated the IBD gene database creation. This database is man-

ually curated with experimentally verified genes under the laboratory settings, extracted from 

the published literature library PubMed library. It is embodied with various functionality that 

can enable users to create novel hypotheses by using hypotheses generator and create an inter-

active novel network construction with different layouts as graphical presentations. This data-

base data mined 289 IBD genes along with its various biological features about those genes. It 

is a one stop shop for the researchers, biologist, and clinicians to interact with. Till data there 

is no available IBD genes related database for the users to gather information about it. This 

study also presents the potentially good biomarkers for diagnosis of IBD like TF RUNX1 and 

for predicting progression from IBD to CRC are (CEA+TIMP1+RUNX1+CA199+CA724) at 

the early stages, based on their in silico evaluation and validation in the patients’ samples. 

These biomarkers of IBD and CRC when used in combinations can provide an excellent diag-

nosis accuracy with high sensitivity and specificity. The potential combination set to predict 

progression from IBD to CRC is (CEA + TIMP1 + CA724 + RUNX1). It is concluded that 

these biomarkers could serve as an ideal panel of biomarkers for diagnosis, prognosis, and 

predictive biomarkers for the IBD and IBD to CRC progression in a non-invasive way through 

blood work analysis. 

Future validation studies of these biomarkers must be conducted in IBD and CRC patients’ 

samples and in vivo. 

The knowledge provided by this study may be useful for the clinicians and patients, as they 

will not have to undergo the endoscopic procedure and its tedious preparation before the sur-

gery, which is an only available invasive way of diagnosis for IBD and CRC patients including 

both adults and paediatric patients. Economically, these biomarkers can be an ideal tool in 

providing inexpensive, non-invasive, and easy to measure diagnostic capabilities, especially in 

developing countries such as South Africa.  
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8 APPENDIX 

8.1 APPENDIX A  

Table 8. 1 STARD is a reporting checklist for diagnostic accuracy research (Bossuyt et al., 
2003). 
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Table 8. 2  Up-regulation of IBD genes expression with significant terms in GO annotation 
and KEGG pathways. 

BIOLOGICAL PROCESSES 
GO ID TERMS IBD GENES p-value 
GO:0002232; 
GO:0006915; 
GO:0006954; 
GO:0001819; 
GO:0007165; 
GO:0001666 
GO:0000187; 
GO:0000060; 
GO:0002385; 
GO:0001922; 
GO:0002237 
GO:0000187; 
GO:0000165; 
GO:0002523; 
GO:0002863; 
GO:0000165; 
GO:0001774; 
GO:0001768 

Positive regulation 
of cytokine produc-
tion, T-cell activa-
tion, regulation of 
inflammatory re-
sponse, Leukocyte 
proliferation, re-
sponse to molecule 
of bacterial origin, 
cellular response to 
cytokine stimulus  

FFAR2, FFAR3, IL17A, IL17F, IL21, 
NOD2, TLR5, TNF, TAGAP, 
TNFAIP3, XIAP, ADPOQ, BIRC2, 
BIRC3, EGFR, HGF, IL12B, IL15, 
IL18, IL12RA, IL2, IL21, IL23A, 
MYD88, NFKB1, NR1D2, PGLYRP1, 
PTGER4, PTPN2, SEPINE1, TLR10, 
TLR2, TLR3, TLR4, TLR7, TLR9, 
CCL2, CCL5, CX3CL1, CD28, JAK2, 
MEFV, NLRX1, NLRP1, NLRP12, 
NLRP3, NLRP6, S100A9, IL15, TA-
GAP, IL10, CXCL2, CXCL8, CD86, 
NLRP12, IL13, IL18RAP, MME, 
CCR7, CXCR4  

 

5.6e-46– 7.5e-
32 

GO:0000165; 
GO:0002377; 
GO:0006468; 
GO:0002224 

Positive regulation 
of cell-cell adhe-
sion; Lymphocyte 
differentiation 

CCL5, FAS, LCK, TNFRSF17, IL12B, 
IL2, MYD88, RAC2, CCL2, CCL21, 
CCR6, CX3CL1  

7-5e-32 - 0.0 

CELLULAR COMPONENT 
GO:0005737; 
GO:0005622; 
GO:0005576; 
GO:0005622; 
GO:0005576; 
GO:0001772; 
GO:0005769; 
GO:0005615; 
GO:0005622; 
GO:0005886; 
GO:0005634; 
GO:0005783; 
GO:0001772; 
GO:0005737; 
GO:0005615 

External side of 
plasma membrane, 
membrane raft, 
membrane micro-
domain, membrane 
region, vesicle lu-
men, cytoplasmic 
vesicle lumen, 
Phagocytic vesicle, 
caveola 

CCR5, CCR7, CD14, CD19, CD2, 
CD28, CD4, CD40, CD80, CD86, FAS, 
FASLG, THY1, ITGAX, ITGB1, 
ICAM1, IFNG, IL12RB2, IL13, IL17A, 
IL2RA, IL31RA, IL4, IL6ST, IL6, 
TLR4, TNF, ABCA1, CCR5, CCR7, 
FCGR3A, CD4, CFLAR, JAK2, LCK, 
BIRC2, BIRC3, CASP3, EGFR, 
ITLN1, TL1, TLR2, TLR6, TNF, 
ZAP70, ABCA1, ATG5, DMBT1, 
IRGM, RAC2, HMOX1, HDAC6, 
LRRK2, MAPK3, PTCH1, LRP6, SRC 

1e-05 – 3e - 05 

MOLECULAR FUNCTION 
GO ID TERMS IBD GENES p-value 
GO:0005125; 
GO:0004167; 
GO:0005088; 

Cytokine receptor 
binding, receptor 

IL15, IL17A, IL17F, IL21, MIF, IL18, 
IL2, IL21, IL22, IL23A, IL26, IL27, 
IL4, IL6, IL7, IL9, LTA, LTB, MIF, 

5.0e – 07 
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GO:0005102; 
GO:0001968; 

ligand binding, cy-
tokine activity, sig-
nalling receptor ac-
tivator activity, 
growth factor recep-
tor binding,  

OSM, TNFSF11, TNFSF15, TNF, 
VEGFA, FASLG, ADIPOQ, CSF1, 
CSF2, HMGB1, IFNA1, IFNG, IL10, 
IL12B, IL13, IL15, IL17A, IL17F, 
IL18, EGF, HGF, IGF1  

GO:0004896; 
GO:0005125; 

cytokine receptor 
activity, growth fac-
tor activity, immune 
receptor activity, 
cytokine binding,  

IL10, IL12B, IL2, IL4, IL6, IL7, IL9, 
LEP, OSM, REG1A, VEGFA, CSF1, 
CSF2, EGF, HGF, IGF1 

1.0e - 06 

KEGG PATHWAYS 
KEGG ID TERMS IBD GENES p-value 
hsa04060; 
hsa04010; 
hsa04014; 
hsa03050; 
hsa04010; 
hsa04062; 
hsa03050;  

Cytokine-cytokine 
receptor interaction, 
JAK-STAT signal-
ling pathway, 
NOD-like receptor 
signalling pathway, 
Th17 cell differenti-
ation, IBD 

CCL2, CCL21, CCL5, CCR5, CCR6, 
CCR7, CXCL2, CXCL8, CXCR4, 
CX3CL1, CD40, FAS, FASLG, 
TNFRSF17, TNFRSF6B, TNFRSF25, 
CSF1, CSF2, IFNA1, IFNG, IL1R2, 
IL10RB, IL10, IL12RB2, IL12B, IL13, 
IL15RA, IL15, IL17A, IL18RAP, IL18, 
IL2RA, IL2, IL21, IL22, IL23R, IL23A, 
IL26, IL4, IL6, IL6ST, IL7, IL9, LEP, 
LTA, LTB, OSM, TNFSF11, 
TNFSF15, IL6R, PIK3CA, STAT1, 
TYK2, MYC, AKT1, JAK2, IL10RB, 
IL18,  

1e – 12 - 2e - 
12 

hsa04010; 
hsa04064; 
hsa00220; 
hsa00562; 
hsa04066; 
hsa04145; 
hsa04064; 
hsa04145; 
hsa04620;  

Chagas disease, 
toxoplasmosis, PD-
L1 expression and 
PD-1 checkpoint 
pathway in cancer, 
Toll- like receptor 
signalling pathway 

MAPK3, MYD88, NOS2, NFKB1, 
PIK3CA, SERPINE1, TLR2, TLR4, 
TLR6, TLR9, TNF, AKT1, CCL2, 
CCL5, CXCL8, CFLAR, JUN, FAS, 
FASLG, IKBKG, IFNG, IL10, IL12B, 
IL2, IL6 

3e - 12 
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Table 8. 3 Down-regulation of IBD genes expression with significant terms in GO annotation 
and KEGG pathways.   

BIOLOGICAL PROCESSES 
GO ID TERMS IBD GENES p-value 
GO:0000165; 
GO:0001816; 
GO:0006468; 
GO:0001525; 
GO:0002230; 
GO:0001503; 
GO:0006915; 
GO:0006954; 
GO:0001541; 
GO:0000060; 
GO:0000122; 
GO:0001960; 
GO:0002237; 
GO:0001916; 
GO:0007166 

 

Regulation of T-cell 
activation, response 
to lipopolysaccha-
ride 

CCL2, CCL5, CD4, 
LCK, THY1, 
PTPN22, TNFSF11, 
CCR5, CASP3, 
CCR7, CXCL2, 
CXCL8, CD14, 
CD40, CD80, CD86, 
FAS, FASLG, JAK2, 
JUN, NLRP3, SRC, 
TIRAP, TNFAIP3, 
TNFRSF25, XBP1, 
TNFRSF6B, CSF2, 
ERBIN, ICAM1, 
IFNG, IRF8, IRAK3 

2.25e–31 – 3.0e-31 

CELLULAR COMPONENT 
GO ID TERMS IBD GENES p-value 
GO:0005576; 
GO:0004930 

Secretory granule lu-
men, plasma mem-
brane signalling re-
ceptor complex 

DEFA5, F9, DEFA6, 
DEFB4A, DUOX2, 
CA2 

3e-05 – 5e-05 

MOLECULAR FUNCTION 
GO ID TERMS IBD GENES p-value 
GO:0004672; 
GO:0002020; 
GO:0008009 

Ubiquitin-like pro-
tein ligase binding 

LEP, GLI1, KLF6, 
S100A9 

1.5e-06 

KEGG PATHWAYS 
KEGG ID TERMS IBD GENES p-value 
hsa04010; hsa04012; 
hsa04010; hsa00010; 
hsa00860; hsa04014; 
hsa03050; hsa04060 

 HIF-1 signaling 
pathway 

AKT1, BCL2, 
CUL2, CDKN1A, 
EGFR, EGF, 
GAPDH, HMOX1, 
IGF1, IFNG, IL6R, 
IL6 
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8.2 APPENDIX B 

8.2.1 Scripting Language R 

farhat <- function(path_file){ 

   

  if (!requireNamespace("BiocManager", quietly = TRUE)) 

    install.packages("BiocManager") 

   

  BiocManager::install(c("clusterProfiler", "enrichplot", "org.Hs.eg.db")) 

   

  library(clusterProfiler) 

  library(enrichplot) 

  library(org.Hs.eg.db) 

 

  eg_SYM <- read.csv(file=path_file, sep=';') 

   

  kk <- enrichKEGG(gene         = eg_SYM$EntrezID, 

                   organism     = 'hsa', 

                   pvalueCutoff = 0.05, 

                   qvalueCutoff  = 1) 

   

  egoBP <- enrichGO(gene = eg_SYM$EntrezID, 

                  OrgDb         = org.Hs.eg.db, 

                  ont           = 'BP', 

                  pAdjustMethod = "BH", 

                  pvalueCutoff  = 0.05, 
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                  qvalueCutoff  = 1) 

   

  egoCC <- enrichGO(gene = eg_SYM$EntrezID, 

                  OrgDb         = org.Hs.eg.db, 

                  ont           = 'CC', 

                  pAdjustMethod = "BH", 

                  pvalueCutoff  = 0.05, 

                  qvalueCutoff  = 1) 

   

   

  egoMF <- enrichGO(gene = eg_SYM$EntrezID, 

                  OrgDb         = org.Hs.eg.db, 

                  ont           = 'MF', 

                  pAdjustMethod = "BH", 

                  pvalueCutoff  = 0.05, 

                  qvalueCutoff  = 1) 

   

   

  print(dotpot(kk) 

  print(dotpot(egoBP)) 

  print(dotpot(egoCC)) 

  print(dotpot(egoMF)) 

   

} 
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farhat('~/Desktop/GO.csv') 

8.2.2 Scripting Language Python 

{ 
 "cells": [ 
  { 
   "cell_type": "code", 
   "execution_count": 8, 
   "metadata": {}, 
   "outputs": [ 
    { 
     "name": "stdout", 
     "output_type": "stream", 
     "text": [ 
      "    HGNC_Gene_Symbol         Inflammatory Bowel Disease         Pre-
viousname  \\\n", 
      "0             NKX2-3                              IBD1                 
NKX2C   \n", 
      "1              PSMD8                               IBD1                  
NaN   \n", 
      "2              NLRP3                               IBD1  
C1orf7;CIAS1;DFNA34   \n", 
      "3              NOD2                                IBD1          
CARD15;IBD1   \n", 
      "4               NOD1                               IBD1                
CARD4   \n", 
      "5            ATG16L1                               IBD1        
APG16L;ATG16L   \n", 
      "6                TNF                               IBD1                 
TNFA   \n", 
      "7              RIPK2                               IBD1                  
NaN   \n", 
      "8               TLR2                           IBD1(CD)                  
NaN   \n", 
      "9               TLR4                           IBD1(CD)                  
NaN   \n", 
      "10             IL23R                               IBD1                  
NaN   \n", 
      "11              IRGM                               IBD1            
IRGM1   \n", 
      "12              TLR3                               IBD1                  
NaN   \n", 
      "13             GAPDH                               IBD1                 
GAPD   \n", 
      "14             PTPN2                               IBD1                 
PTPT   \n", 
      "15              MUC2                               IBD1                  
NaN   \n", 
      "16              PIGR      inflammatory bowel disease 13                  
NaN   \n", 
      "17             BAHD1      inflammatory bowel disease 14                  
NaN   \n", 
      "18             FFAR2      inflammatory bowel disease 17                
GPR43   \n", 



158 

 

      "19             FFAR3      inflammatory bowel disease 17                
GPR41   \n", 
      "20              NCF2  inflammatory bowel disease 15(UC)                  
NaN   \n", 
      "21              RAC2                                IBD                  
NaN   \n", 
      "28            RALBP1                               IBD1                  
NaN   \n", 
      "29            TCF7L2                               IBD1                 
TCF4   \n", 
      "..               ...                                ...                  
...   \n", 
      "251            PRDM1                    Crohn's Disease                
PRDM1   \n", 
      "252            IL1R2                 Ulcerative colitis                
IL1RB   \n", 
      "253           CDKAL1                          CD and UC                  
NaN   \n", 
      "254             IRF8                                NaN               
ICSBP1   \n", 
      "255           DNMT3B                                NaN                  
NaN   \n", 
      "256              MLN                                 UC                  
NaN   \n", 
      "257             LCN2                                 UC                  
NaN   \n", 
      "258            REG3A                                 CD                  
PAP   \n", 
      "259            CXCL2                                 UC                 
GRO2   \n", 
      "260            REG1A                                 UC                  
REG   \n", 
      "261             RGS3                                 UC                  
NaN   \n", 
      "262            MMP12                                 CD                  
NaN   \n", 
      "263            CLDN8                             CD; UC                  
NaN   \n", 
      "264          SLC26A2                              CD;UC                  
DTD   \n", 
      "265             PCK1                                 UC                  
NaN   \n", 
      "266           GUCA2A                                 UC            
GUCA2   \n", 
      "267             AQP8                                 UC                  
NaN   \n", 
      "268           SLC4A4                                 UC               
SLC4A5   \n", 
      "269            ABCA8                                 UC                  
NaN   \n", 
      "270            SATB2                                 UC                  
NaN   \n", 
      "271         CBR3-AS1                                IBD                  
NaN   \n", 
      "272         ADAMDEC1                                 UC                  
NaN   \n", 
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      "273             ANK3                                 UC                  
NaN   \n", 
      "274            NR1D2                                 UC                  
NaN   \n", 
      "277  RUNX1;SPIB;SPI1;FEV;AP1;ELF5;IRF1;RUNX1;SPIB;S...           
PRKACB\n", 
      "278  RUNX1;SPIB;SPI1;FEV;AP1;ELF5;REL;RUNX1;SPIB;SP...            
PTPRR\n", 
      "279                                                NaN          
SLC16A1\n", 
      "280                                                NaN         
SELENBP1\n", 
      "\n", 
      "[281 rows x 2 columns]\n" 
     ] 
    } 
   ], 
   "source": [ 
    "import pandas as pd\n", 
    "\n", 
    "data = pd.read_excel(r\"C:\\Users\\FARHAT KHAN\\Desktop\\IBD_DA-
TASETS2.xlsx\")\n", 
    "df = pd.DataFrame(data, columns=[\"OPOSSUM_TFs\",\"HGNC_Gene_Sym-
bol\"])\n", 
    "print (df)" 
   ] 
  }, 
  { 
   "cell_type": "code", 
   "execution_count": null, 
   "metadata": {}, 
   "outputs": [], 
   "source": [] 
  } 
 ], 
 "metadata": { 
  "kernelspec": { 
   "display_name": "Python 3", 
   "language": "python", 
   "name": "python3" 
  }, 
  "language_info": { 
   "codemirror_mode": { 
    "name": "ipython", 
    "version": 3 
   }, 
   "file_extension": ".py", 
   "mimetype": "text/x-python", 
   "name": "python", 
   "nbconvert_exporter": "python", 
   "pygments_lexer": "ipython3", 
   "version": "3.7.3" 
  } 
 }, 
 "nbformat": 4, 
 "nbformat_minor": 2 
} 
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8.3 APPENDIX C 

8.3.1 IBDDB: User manual guide of IBD database  

 

 

A GUIDE TO USING THE INFLAMMA-
TORY BOWEL DISEASE DATABASE 

(IBDDB) 
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A. Introduction  

The Inflammatory Bowel Disease Database (IBDDB) is the first manually curated database of 
experimentally verified IBD genes https://www.cbrc.kaust.edu.sa/ibd/guide.pdf. This database 
provides pre-compiled biomedical text mining of PubMed (manually cleaned and curated) and 
PubChem abstracts. The various information embedded in the database is viewed in IBDDB 
via medical entities identified as a subject-specific set of documents. These entities are terms, 
assembled into classified dictionaries.  

IBDDB exhibits 11 specialized dictionaries: 

 Biological Action 

 Biological Processes 

 Cellular Component 

 ChEBI 

 Dietary Supplement 

 Diseases 

 Drugs 

 Human Genes 

 Metabolites-and-Enzymes 

 Pathways 

 Toxins 

The user can also explore different biomedical entities (about 20,000) and their co-occurrence 
with other entities (about one million) from 11 dictionaries, which are color-coded, in the in-
dexed PubMed records. 

IBDDB database uses various specialized dictionaries that are curated manually. It is important 
for users to contemplate that these entities are terms, assembled into classified dictionaries. For 
example, the 'biological process' is a dictionary, and its medical entity is 'amino acid biosyn-
thesis’, ‘amino acid transport’, etcetera. Meanwhile during the use of ‘Disease’ dictionary, one 
should know that this dictionary use has also emphasized on broad spectrum. This dictionary 
not only contains disease names, but also contain symptoms and various other related terms.  
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B. Accessing IBDDB  

IBDDB allows user to explore, dissect and retrieve information using “Explore” tab with ease 
through an interactive user-friendly interface. By clicking on this tab, it will take to drop down 
menu displaying several lists of reports discussed below. 

The Explore tabs containing list of reports: 

 IBD database 
 Knowledgebase 
 Biomedical entities 
 Biomedical entities co-occurrence 
 Hypotheses explorer 

C. Exploration of list of reports generated 

1 IBD database 

IBD database is a unique resource as it is a combination of curated and text-mined information 
which is easily explorable and user-friendly. This is the first manually curated database provid-
ing extended information about experimentally validated IBD related genes. It integrates data 
on 34 subject-specific concepts (listed as columns) as shown in Fig 1.  

 

Figure 1 Explore the IBD database. 
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The information of IBD database page under the Explore tab integrates the data on 34 concepts 
such as experimental techniques used to validate the role of a gene in IBD, sites inflamed in 
IBD, other disease linked to the genes, tissue samples used for validation, molecular interac-
tions, gene expression level in mice or humans, and transcription factors of IBD implicated 
genes using four different tools, and contains data on drugs associated with IBD genes. The 
result is downloadable under various formats highlighted with red box. 

2 Knowledgebase 

The in-house text mining Dragon Exploration System (DES), which has been used previously 
for the creation of several published knowledgebases was used to obtain a list of potential IBD-
related genes. The PubMed was searched for relevant literature using queries ‘Inflammatory 
AND bowel AND IBD’, ‘Crohn's AND CD’, and ‘Ulcerative AND colitis AND UC’. The titles 
and abstracts were downloaded and indexed using several dictionaries as shown in Fig 2. We 
have text-mined the abstract using DES and PolySearch 2.0 tool for more than 700,000 articles 
and partly done manually along with their PubMed identifiers. 

 

Figure 2 This figure illustrates an example of indexed document for the highlighted term (on 
the left-side) mentioned in the PubMed literature (on the right-side). 
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3 Biomedical entities 

It is important for users to contemplate that these entities are terms, assembled into classified 
dictionaries. IBDDB database uses various specialized dictionaries that are curated manually. 
For example, the 'biological process' is a dictionary, and its medical entity is 'amino acid bio-
synthesis’, ‘amino acid transport’, etcetera. One medical entity can appear in the various dic-
tionary; therefore, it can be normalized by using different names from the dictionary's list (e.g. 
cellular component, drug agent, and etcetera). The user can also explore different biomedical 
entities (about 20,000) from 11 dictionaries in the indexed PubMed records as shown in Fig 3. 

 

Figure 3 This figure illustrates the biomedical entities under category along with frequency of 
that occurring in PubMed literatures. 
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4 Biomedical entities co-occurrence 

IBDDB helps user to Explore co-occurrence of biomedical entities linked to IBD. It allows to 
find co-mention of two entities in the published literature by selecting any two dictionaries (out 
of 11 listed). The relevant PubMed articles can also be retrieved for further exploration as 
shown in Fig 4. 

 

Figure 4 Explore Co-occurrence of biomedical entities linked to IBD. Here terms from Term 
A and B are co-occurring using biomedical entities from category A and B as denoted by the 
frequency column. PubMed abstract can be retrieved for these co-occurring terms. 

5 Hypotheses explorer 

We have text-mined the abstract using OpenFusion tool for more than 700,000 articles and 
partly done manually along with their PubMed identifiers. The text mining data can create a 
hypotheses generator, which illustrates the interaction between different identities from various 
dictionaries and their co-occurrence frequencies. Hypotheses explorer (under Explore tab al-
lows to identify new association among selected terms selected from different dictionaries (A-
B and B-C are known and A-C are suggested links between biomedical entities as shown in 
Fig 6. Users can accept or reject the abstracts based on their active association relationship 
manually. 



167 

 

 

Figure 5 The hypothesis generated by the hypothesis explorer showing that Pyoderma Gangre-
nosum (PG) may be linked to lipid metabolism. 

In the above example (fig 6), we generated a hypothesis. By selecting Pyoderma gangrenosum 
as ‘Term A’ and Inflammatory bowel disease’ as ‘Term B’, we search for ‘Term C’ by selecting 
biological processes dictionary, 162 terms appeared, and lipid metabolism was a part of these 
terms. This may mean that lipid metabolism may play a part in pyoderma gangrenosum 
(Persson et al.). 

D. Network creation and visualization 

Often working with huge numbers of biomedical entities from various dictionaries can be a 
complex task. On the contrary, IBDDB provides “Visualize” tab for users to create interactive 
networks among different entities based on their occurrence in the literature. The user can build 
the network of their choice by selecting one or more dictionaries at each step and trimming off 
the links they dislike. The nodes represent the entities from the dictionary and are color-coded 
while numbering on the edges or links represents the number of PubMed records showing co-
occurrence of the entities as highlighted terms. An example of network creation using hypoth-
eses explorer is shown in the Fig 7.  

 

Figure 6 This figure demonstrates the step-by-step network construction to identify the relationship 
between disease PG and its connection with the pathway lipid metabolism. The red star represents the 
searched term “cholesterol”. The orange stars represent the “Diseases” dictionary. The purple colored 
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diamond represents the expanded “Biological Processes" dictionary. The colored edges represent the 
color of their respective dictionary here. The number allocated on each edge showcase the number of 
publications that link to the associated nodes. The graph can be downloaded by selecting the green 
box with circled downward arrow to the right of draw graph tab. 

E. Downloading Data 

This database can make presentations of networks in 6 different layouts and fully exportable 
data in various formats like. JSON and .PNG as well as printing and direct copying of data to 
user applications.  

The exploration reports like IBD database, biomedical entities, Biomedical entities co-occur-
rences and hypotheses explorer can be downloaded as Copy, Excel, CSV file, PDF, and Print 
formats. 

 

 

 

 

 

 

 

 


