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ABSTRACT

v

Identifying the protein-protein interactions (PPI) is a key for understanding the 

underlying molecular mechanisms shared between different diseases. The PPI network 

and the interaction mechanism between human lymphoid and myeloid leukaemia are 

currently absent. Since both diseases shared many similar symptoms, an investigation 

into the interaction would be beneficial in identifying shared proteins and understanding 

their PPI, thus potentially revealing novel common drug treatments.  Therefore, the 

main purpose of this study is to identify the PPI between human lymphoid and 

myeloid leukaemia. Bioinformatics and computational analysis, data mining, network 

development and protein interaction analysis were used to create a new lymphoid- 

amyloid PPI network.  Further analysis using the Ingenuity Pathway Analysis (IPA) 

software was used to identify novel drug targets in the new PPI. The results revealed a 

new PPI that includes 76 proteins, of which 52 have yet to be studied and 24 proteins 

representing new physical interactions between lymphoid and myeloid leukaemia. 

Functional analysis of the new PPI network revealed that most of the proteins were 

involved in signal transduction, haemostasis, neutrophil degranulation, DNA repair, 

genetic transcription pathway and the immune system.  Topological analysis of the 

new network identified the hubs and bottlenecks; P40763, IRF4, IL-6, P0t4637/ TP53, 

SMAD3, GSTM1, MTHFR, FASLG, BIRC3, PROM1, ITGB1, CYP2B6, CYP1A1and 

KMT2D as putative drug targets for future laboratory studies. The disease association 

analysis indicated that interaction defects in lymphoid–myeloid leukaemia is 

significantly associated with cancer, Type 2 diabetes and pulmonary disease. An 

assessment of the putative drug targets using the IPA software revealed that the 

drugs ocriplasmin (Jetrea©) for the treatment of symptomatic vitreomacular adhesion; 

bosutinib, dasatinib, ponatinib, and Src/multikinase inhibitors for the treatment of 

cancers; and siltuximab and tocilizumab for the treatment of multicentric Castleman 

disease (siltuximab), arthritis (tocilizumab), and chimeric antigen receptor (CAR) T- 

cell-induced cytokine-release syndrome (tocilizumab) were possible candidates for 

future efficacy testing for the treatment of leukaemia cases. In conclusion, the study 

has generated new insights regarding lymphoid–myeloid leukaemia interactions that 

are valuable for future proteomic studies. 



ABSTRAK

vi

Pengenalpastian interaksi protin-protin (IPP) adalah kunci untuk memahami 
mekanisme molekul yang dikongsi diantara penyakit-penyakit yang berbeza. 
Rangkaian IPP dan mekanisme interaksi antara penyakit leukemia limfoid dan 
myeloid masih belum dikenalpasti sehingga kini. Memandangkan kedua-dua penyakit 
ini berkongsi banyak simptom yang serupa, kajian interaksi ini akan memberi manfaat 
dalam mengenalpasti protin yang dikongsi dan seterusnya berpotensi untuk 
mengenalpasti rawatan baru. Justeru, tujuan utama kajian ini adalah untuk mengenal 
pasti IPP antara penyakit limfoid manusia dan leukemia mieloid. Analisis 
bioinformatik, perlombongan data, pembangunan rangkaian, dan analisis interaksi 
protein digunakan untuk mencipta rangkaian IPP limfoid-amiloid yang baharu. Analisis 
lanjut menggunakan perisian Ingenuity Pathway Analysis (IPA) telah dilakukan untuk 
mengenal pasti rawatan baru. Hasil kajian menunjukkan satu IPP baharu yang 
merangkumi 76 protin, yang mana 52 protin masih belum dikaji dan 24 protin 
mewakili interaksi fizikal baharu antara leukemia limfoid dan mieloid. Analisis fungsi 
rangkaian IPP baharu ini telah menunjukkan bahawa kebanyakan protin yang 
dikenaplasti terlibat di dalam transduksi isyarat, hemostasis, penyahgranulan neutrofil, 
pembaikan DNA, laluan transkripsi genetik dan sistem keimunan. Analisis topologi 
rangkaian baharu ini mengenal pasti hab dan cerutan baharu; P40763, IRF4, IL- 
6, P0t4637/ TP53, SMAD3, GSTM1, MTHFR, FASLG, BIRC3, PROM1, ITGB1, 
CYP2B6, CYP1A1 dan KMT2D dimana ia boleh bertindak sebagai sasaran rawatan 
untuk kajian makmal di masa hadapan. Analisis hubungkait penyakit menunjukkan 
bahawa kelemahan didalam interaksi leukemia limfoid-myeloid mempunyai kaitan 
signifikan dengan penyakit kanser, diabetes jenis 2 dan penyakit pulmonari. Penilaian 
rawatan bersasar menggunakan perisian IPA menunjukkan bahawa rawatan perubatan 
menggunakan Ocriplasmin (Jetrea©) untuk rawatan lekatan vitreomakular bergejala; 
bosutinib, dasatinib, ponatinib, dan perencat Src/kinase pelbagai untuk rawatan 
kanser; dan siltuximab dan tocilizumab untuk rawatan penyakit Castleman multisentrik 
(siltuximab), artritis (tocilizumab), dan reseptor antigen kimera (CAR) sindrom 
pelepasan sitokin yang disebabkan oleh sel T (tocilizumab) adalah cadangan rawatan 
yang boleh diuji keberkesanannya sebagai rawatan kes-kes leukemia. Kesimpulannya, 
kajian ini telah menghasilkan pengetahuan baharu berkenaan interaksi leukemia 
limfoid-myeloid yang berpotensi untuk kajian proteomik dimasa hadapan. 
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CHAPTER 1

INTRODUCTION

In the last two decades, the study of interrelated cellular processes and biological

pathways has resulted in the discovery of novel disease-related genes or proteins; this

effort has relied on the use of protein–protein interaction (PPI) networks [1, 2]. Even

though PPI networks have been responsible for the discovery and understanding of

many important molecular interactions that mediate interactions in diseases such as

colorectal and breast cancer, those interactions in cancer of the blood, also known as

leukaemia, are still not well understood. This is due to the complexity of and various

restrictions in studying leukaemia processes using human gene interactions in vitro. In

addition, the availability of information and data on such heterogeneous databases is

still poor, and combined with the task of creating a precise and universal compilation

of these databases, the effort is considered an immensely difficult task. As a result,

creating a comprehensive proteome map for human cell types remains a long-term

goal [3].

1.1 Background of the Study

Leukaemia is a cancer that infects the tissues, marrow, lymph nodes, and

spleen, which are involved in the formation of new blood cells, and it is described

as an uncontrolled proliferation of immature and abnormal blood cells. Two major

classifications of leukaemia have been created according to the origin of the blood

cells. On the one hand, cells that arise from myeloid descent – undeveloped blood

cells that differentiate into monocytes or granulocytes – is referred to as myelogenous

leukaemia. On the other hand, if leukaemia includes lymphocytes, it is classified as

lymphocytic leukaemia. Under these two major classifications, the National Cancer

Institute (NCI) has categorized four major groups of leukaemia.
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First, acute myeloid leukaemia (AML) is considered the most common form of

leukaemia. Second, chronic myelogenous leukaemia (CML) more commonly occurs

in adults. Third, acute lymphocytic leukaemia (ALL) exists almost entirely in children,

and fourth, chronic lymphocytic leukaemia (CLL) is the most common chronic adult

leukaemia where the affected individual may be symptomless for years without needing

medical treatment, thus generally affecting those older than 55 years old and rarely

occurring in children [4]. One of the challenges is that conventional blood tests and

bone marrow examinations are not sufficient to quickly diagnose, because it is not-

specific and vague [5]. There is hence a need to investigate the biomarkers and

molecular alterations in leukemogenesis [6]. Cancer is a complex disease, and the

disease aetiology is not from the malfunction of single molecules but due to their

collective behaviour in the network [7] Therefore, mapping the PPI of a disease in

a network, which will identify key interactions and their respective biomarkers, has

recently attracted much attention. This solution that potentially identifies protein

interaction sub-networks would allow for early diagnosis, prognosis, and prediction

efficiency of cancers treatments [8].

A PPI is a biological network that has been used to predict protein functions,

identify essential genes or proteins, detect protein complexes, and discover network

motifs [9,10]. PPIs can interact in many ways, for example direct physical associations

among proteins in complex and passing interactions that occur among members

of particular protein pathways. The proteins involved in PPIs are engaged and

interact spatially or temporally with other proteins in the process, and it works as

a non-interacting member of the same pathway [11]. In addition, developments

in computational and biochemical methods have contributed to the discovery and

development of PPIs [12–14].

Different biochemical, cell biological, and genetics methods have been

identified to map interatomic proteins for more than two decades [9]. For

example, single-gene knockouts, RNA interference, proteomics approaches, and mass

spectrometry (MS) have been used to distinguish PPIs between proteins [15,16]. These

traditional methods are less reliable and face various limitations, especially when

compared to studies of dynamic PPIs, the complexity of the analysis membrane PPIs in
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vivo as well as denaturing proteins, and the dynamics in the formation of protein

complexes. Moreover, conventional methods are predominantly laboratory-based,

requiring significantly more time, a larger workforce, and more funding. Therefore, to

improve upon these limitations, research on efficient and low-cost computing methods

can contribute to our understanding of PPIs beyond the current levels. Computational

biology and big data have provided a path to comprehensively and synchronous analyse

data to increase understanding of biological systems [17–20].

A computational methods can speedily and accurately recognize the genes and

proteins that are fundamental in biological networks. The precision and effectiveness

of computational methods have improved the building of networks that possess specific

characteristics tailored to the nature of biological networks [21]. Many studies have

shown that diseases and biological networks are closely related because diseases are

often caused by errors occurring in biological networks, specifically in differentiating

critical nodes. Therefore, studying biological networks and critical nodes may help

to determine the key targets in treating diseases [20]. Recent discoveries in the

interrelationships between disease-related genes and proteins as well as the subsequent

studying of PPIs in humans has brought new insights into disease network biology [22].

1.2 Problem Statement

Diseases are the result of detrimental changes in molecular mechanisms, and

the pathology of cancer is a typical example that is caused by the disruption of

cellular performance. However, the complexity of such diseases and their mechanism

of abnormalities involves myriad epigenetic and genetic changes that cause differing

functions and expressions of proteins [23].

As conventional blood tests and bone marrow examinations are not sufficient to

diagnose the symptoms of leukaemia early, biomarkers and their molecular interaction

alterations in leukemogenesis present a potential candidate for novel leukaemia

diagnosis [24]. While in vivo analysis is currently time-consuming and technically

difficult without substantial costs, there is a need to understand the complex disease
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mechanisms that explain the causality of the disease [25]. Previous studies on closely

related diseases and their biological networks have successfully revealed errors in

interaction nodes in their common biological networks [26] Therefore, studying the

disease-associated genes and biological networks is important. To date, there are no

clear nominee interaction proteins that have been attributed to the molecular interaction

in leukaemia, as a comprehensive PPI network between myelogenous and lymphocytic

leukaemia is yet to be mapped.

1.3 Research Objectives

The objectives of this study with regard to the two main types of leukaemia,

namely, myelogenous and lymphocytic leukaemia, are as follows:

1. To prospect, identify, and map PPI networks for interaction between the two

human leukaemia types.

2. To detect new PPIs connected with the interaction between human leukaemia

types.

3. To predict the functional network for interaction between two types of

leukaemia: myelogenous and lymphocytic leukaemia.

4. To identify putative drug targets in two types of leukaemia interaction networks.

5. To explore diseases associated with the interaction disorder of the leukaemia

types.

1.4 Scope of Study

This study exclusively involves bioinformatics and computational analysis,

which include data mining, network development, and protein interaction analysis.

All the data were derived from dbLGL leukaemia gene literature database

(http://soft.bioinfo-minzhao.org/lgl/). Classified to two groups (myelogenous and

lymphocytic leukemia). Analytics software such as Cytoscape was used for
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visualization and complex network analysis, and Cytoscape plug-ins were utilized

to analyse the created network; these plug-ins include Allegro-Mcode, Bingo, CluGO,

and CluGO Pedia. Furthermore, the diseases correlated with each leukaemia type’s

interaction disorder were found using DAVID software and the Genetic Association

Database (GAD). The Ingenuity Pathway Analysis (IPA) software was employed to

identify known drug targets in the two leukaemia types’ interaction networks.

1.5 Significance of Study

The common molecular mechanisms underlying comorbidities remain vague,

although they co-occur. Understanding the underlying disease mechanisms considering

the interactions between molecular components is key to the identification of comorbid

diseases. The coincidence of two or more diseases in the same individual consequently

leads to the question regarding their underlying common etiological pathways [27].

The presence of a simultaneous occurrence of CLL and AML in the same patient

is rare, and most of these cases occur as a secondary event in patients receiving

chemotherapeutic agents for CLL [28–30]. Comorbid diseases occur in an individual

for two reasons. First, the common diseases’ genes are the common biological factors

that cause comorbid diseases. Second, because they are co-regulated by high-level

biological processes, these genes belong to the same cellular pathways. In addition

to the numeral of direct PPIs between the causative proteins of two diseases believed

to explain the hidden comorbidity patterns [31]. Therefore, it is important to build a

broad PPI network to understand molecular disease mechanisms and the evolution of

targeted treatments.

The research will result in an updated PPI map that depicts potential protein

interactions, important biological activities, and disease-associated genes inmajor kinds

of leukaemia interaction protein networks. It will also help future studies in biomarker

identification and novel medication designs for leukemia diagnosis and therapy.
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M., Sędek, u., Kowalczyk, J., Szczepański, T. and Młynarski, W. Gene

expression of ASNS, LGMN andCTSB is elevated in a subgroup of childhood

BCP-ALL with PAX5 deletion. Oncology letters, 2019. 18(6): 6926–6932.

ISSN 1792-1074.

232. Adamaki, M., Lambrou, G. I., Athanasiadou, A., Tzanoudaki, M.,

Vlahopoulos, S. and Moschovi, M. Implication of IRF4 aberrant gene

expression in the acute leukemias of childhood. PLoS One, 2013. 8(8):

e72326. ISSN 1932-6203.

233. Wang, F., Demir, S., Gehringer, F., Osswald, C. D., Seyfried, F., Enzenmüller,

S., Eckhoff, S. M., Maier, T., Holzmann, K. and Debatin, K.-M. Tight

regulation of FOXO1 is essential for maintenance of B-cell precursor acute

lymphoblastic leukemia. blood, 2018. 131(26): 2929–2942. ISSN0006-4971.

234. Seki, M., Kimura, S., Isobe, T., Yoshida, K., Ueno, H., Nakajima-Takagi, Y.,

Wang, C., Lin, L., Kon, A. and Suzuki, H. Recurrent SPI1 (PU. 1) fusions

in high-risk pediatric T cell acute lymphoblastic leukemia. Nature genetics,

2017. 49(8): 1274. ISSN 1546-1718.

235. Chen, J., Huang, C., Zhu, Y., Dong, L., Cao, W., Sun, L., Sun, H., Wan, D.,

Liu, Y. and Zhang, Z. Identification of similarities and differences between

myeloid and lymphoid acute leukemias using a gene-gene interaction network.

Pathology-Research andPractice, 2015. 211(10): 789–796. ISSN0344-0338.

236. Kristensen, L., Kristensen, T., Abildgaard, N., Thomassen, M., Frederiksen,

M., Mourits-Andersen, T. and Møller, M. B. High expression of PI3K core

complex genes is associated with poor prognosis in chronic lymphocytic

leukemia. Leukemia Research, 2015. 39(6): 555–560. ISSN 0145-2126.

237. Hermawan, A. and Putri, H. Bioinformatics Studies Provide Insight into

Possible Target and Mechanisms of Action of Nobiletin against Cancer Stem

Cells. Asian Pacific Journal of Cancer Prevention, 2020. 21(3): 611–620.

ISSN 1513-7368.

238. Sanchez-Cespedes, M. PRKAB1 (protein kinase, AMP-activated, beta 1

non-catalytic subunit). Atlas of Genetics and Cytogenetics in Oncology and

Haematology, 2008. ISSN 1768-3262.

122



239. Spinella, J.-F., Cassart, P., Garnier, N., Rousseau, P., Drullion, C., Richer, C.,

Ouimet, M., Saillour, V., Healy, J. and Autexier, C. A novel somatic mutation

in ACD induces telomere lengthening and apoptosis resistance in leukemia

cells. BMC cancer, 2015. 15(1): 1–8. ISSN 1471-2407.

240. Kraft, B., Lombard, J., Kirsch, M., Wuchter, P., Bugert, P., Hielscher, T.,

Blank, N. and Krämer, A. SMC3 protein levels impact on karyotype and

outcome in acute myeloid leukemia. Leukemia, 2019. 33(3): 795–799. ISSN

1476-5551.

241. Abla, O., Cicconi, L., Montesinos, P., Rego, E. M., Schwarer, A. P., Estey,

E. H., Testi, A. M., Esteve, J., Annibali, O. and Scardocci, A. Clinical

Characteristics and Treatment Outcome of Acute Myeloid Leukemia with

APL-like Morphology and Uncommon RARA Fusion Variants. Blood, 2017.

130(Supplement 1): 3860–3860. ISSN 0006-4971.

242. Yu,W. andDu, H. Roles of PolycombgeneEED in pathogenesis and prognosis

of acute myeloid leukemia and diffuse large B cell lymphoma. bioRxiv, 2018:

444745.

243. Ohyashiki, J. H., Kobayashi, C., Hamamura, R., Okabe, S., Tauchi, T. and

Ohyashiki, K. The oral iron chelator deferasirox represses signaling through

the mTOR in myeloid leukemia cells by enhancing expression of REDD1.

Cancer science, 2009. 100(5): 970–977. ISSN 1347-9032.

244. Liang, X., Xin, X., Qi, D., Fu, C. and Ding, M. Silencing the PIK3CA gene

enhances the sensitivity of childhood leukemia cells to chemotherapy drugs

by suppressing the phosphorylation of Akt. Yonsei medical journal, 2019.

60(2): 182–190. ISSN 0513-5796.

245. Yamato, A., Soda, M., Ueno, T., Kojima, S., Sonehara, K., Kawazu, M., Sai,

E., Yamashita, Y., Nagase, T. andMano, H. Oncogenic activity of BIRC 2 and

BIRC 3 mutants independent of nuclear factor-B-activating potential. Cancer

science, 2015. 106(9): 1137–1142. ISSN 1347-9032.

246. Pluta, A., Robak, T., Cebula, B., Majchrzak, A., Pluta, P., Brzozowski,
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