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ABSTRAK

Persamaan pembezaan biasa (ODEs) dan persamaan pembezaan stokastik (SDEs)
digunakan secara meluas untuk memodelkan proses biologi bagi pertumbuhan kanser.
Dalam fenomena semulajadi, pertumbuhan kanser yang tidak dirawat boleh dipengaruhi
oleh kesan rawak yang boleh dirujuk sebagai faktor tidak terkawal dalam badan manusia.
Di samping itu, kelakuan dinamik bagi kadar pertumbuhan sel kanser bergantung bukan
sahaja kepada strukturnya pada masa kini, tetapi juga pada strukturnya pada masa
sebelumnya. Oleh itu, ODEs dan SDEs tidak berupaya untuk memodelkan yang tidak
terkawal dan maklum balas masa lengahan untuk proses pertumbuhan kanser yang tidak
dirawat. Fenomena seperti ini boleh dimodelkan melalui persamaan pembezaan stokastik
dengan masa lengahan (SDDEs). Pada masa kini, kanser dirawat secara tradisional dengan
pembedahan, kemoterapi dan radiasi. Walau bagaimanapun, rawatan terkini untuk kanser
adalah terapi sasaran. Dalam penyelidikan ini, ubat yang digunakan adalah
Glycosaminoglycans (GAGs). Kandungan GAGs menunjukkan kehadiran Chondroitin
Sulfate (CS). Kesan CS dalam proses berkaitan dengan sistem biologi adalah penting untuk
menggalakkan apoptosis. Bagi kajian ini, CS diambil daripada ekstrak pari bintik biru dari
Jabatan Pengendalian Hidupan Liar, Selangor. Sehubungan dengan itu, bagi pertumbuhan
kanser yang telah dikenalpasti, CS boleh digunakan sebagai terapi sasaran bagi kanser.
Data-data bagi kanser pangkal rahim dan kanser payudara yang tidak dirawat bagi kajian ini
telah diambil dari Hospital Sultanah Nur Zahirah (HSNZ), Kuala Terengganu. Kajian
makmal berkenaan CS bagi sel kanser yang telah dikenalpasti telah dilakukan dengan
menggunakan sel HeLa (pangkal rahim) dan sel MCF-7 (payudara). Data-data ujikaji bagi
kanser pangkal rahim dan kanser payudara yang dirawat telah digunakan bagi mengesahkan
model stokastik tersebut. CS dikenalpasti dapat mengurangkan sel hidup HeLLa dan MCF-7.
Selain itu, ekspresi gen mRNA dan perubahan dalam sel Hel.a dan MCF-7 dikaji dengan
teknik RT-qPCR. Gen apoptosis iaitu caspase3 terekspresi dalam sel Hel.a sahaja. Bagi
memahami kuantitatif dinamik bagi antikanser, CS bagi pertumbuhan sel kanser adalah
diperlukan dalam usaha mereka bentuk rawatan yang berkesan. Model matematik boleh
digunakan sebagai alat mempromosi pengetahuan yang mendalam tentang kesan CS dalam
pertumbuhan sel kanser. Pertumbuhan sel kanser boleh dipengaruhi oleh kehadiran yang
tidak terkawal, yang boleh dirujuk sebagai gangguan. Terkini, tiada model deterministik
dan stokastik yang telah diformulasikan bagi mewakili pertumbuhan kanser kesan dari CS.
Justeru, kajian ini dijalankan bagi membangunkan model berketentuan dan stokastik bagi
pertumbuhan sel kanser oleh CS sebagai satu kaedah rawatan antikanser. Satu sistem
stokastik yang baru untuk kanser terapi CS dibangunkan menggunakan SDEs. Parameter
kinetik dianggarkan melalui pendiskretan fungsi kebolehjadian. Kaedah berangka 4
peringkat stokastik Runge-Kutta (SRK4) digunakan untuk mensimulasikan penyelesaian
model. Algoritma bagi mensimulasikan penyelesaian berangka juga dibangunkan.
Penyelesaian berangka model stokastik telah menghuraikan dengan secukupnya kesan CS
ke atas sel HeLLa dan MCF-7 berbanding deterministik model yang setanding dengannya.
Pembangunan baru bagi model stokastik ini dijangka amat sesuai bagi jenis sel kanser lain.
Dapatan dari kajian ini dapat membantu ahli-ahli perubatan bagi merancang strategi yang
baik dalam usaha merawat kanser.

iii



ABSTRACT

Jrdinary differential equations (ODEs) and stochastic differential equations (SDEs) have
been widely used to describe the biological process of cancer growth. In natural
phenomena, the untreated cancer growth is influenced by random effects as the result of
uncontrolled factors in the human body. In addition, the dynamical behaviour of cancer cell
growth rate depends on not only its structure at the present time, but also on its structure at a
previous time. Thus, ODEs and SDEs are not capable to model the uncontrolled fluctuation
and delay feedback for the untreated cancer growth process. It is necessary to model the
untreated cancer growth process via stochastic delay differential equations (SDDEs).
Nowadays, cancers are traditionally treated with surgery, chemotherapy, and radiotherapy.
However, the most advanced treatment for cancer is targeted therapies. In this research, the
drug that is used is Glycosaminoglycans (GAGs). The content of GAGs indicates the
presence of Chondroitin Sulphate (CS). The effects of CS on the processes related to
biological systems is crucial to promote apoptosis. For this research, CS is extracted from
Blue-spotted stingrays, taken from Wild Life Handler Resource, Selangor. For the treated
cancer growth, CS can be employed for targeted cancer therapy. The untreated cervical and
breast cancer data for this research is taken from Hospital Sultanah Nur Zahirah (HSNZ),
Kuala Terengganu. Laboratory experiments of CS for treated cancer cell is done in
International Islamic University Malaysia (IIUM) on HeL.a (cervical cancer) and MCF-7
(breast cancer) cell lines. The experimental treated data is used to validate the stochastic
model. CS has significantly reduced cell viability of Hela and MCF-7 cell lines.
Futhermore, the mRNA gene expression of Hel.a and MCF-7 cells are studied using the
RT-qPCR technique. The apoptotic gene, activation caspase3 is only presented in HeL.a cell
line. Understanding the quantitative dynamics of the protective anticancer, CS to cancer cell
proliferation is required in designing an effective treatment. Mathematical model can be
used as a tool in promoting knowledge about the effects of CS in cancer growth. The cell
growth of cancer is influenced by uncontrolled factors, which is referred to as noise. To
date, no deterministic or stochastic models have been formulated to represent the growth of
cancer affected by CS. Thus, this research is carried out to formulate the deterministic and
stochastic models for cancerous growth affected by CS as anticancer therapeutics. A new
stochastic system for the treated cancer growth affected by anticancer therapeutics of CS is
formulated via SDEs. The kinetic parameters is estimated via non-parametric stimulated
maximum likelihood function. Numerical method of 4-stage stochastic Runge-Kutta
(SRK4) is employed to simulate the solution. The algorithms of simulating the numerical
solution are then developed. Numerical solution of stochastic model is adequately described
the effects of CS on HeLLa and MCF-7 cell lines compare than its deterministic counterpart.
The newly developed of stochastic model is expected to be appropriate for other types of
cancer cells as well. The findings of this research may help physicians and biologists
planning better strategies for treatment of cancer.

v



TABLE OF CONTENT

DECLARATION

TITLE PAGE

ACKNOWLEDGEMENTS

ABSTRAK

ABSTRACT

TABLE OF CONTENT

LIST OF TABLES

LIST OF FIGURES

LIST OF SYMBOLS

LIST OF ABBREVIATIONS

CHAPTER 1 INTRODUCTION

1.1

1.2

1.3

1.4

1.5

1.6

Research Background
Problem Statement
Research Objectives
Research Scopes
Research Significance

Thesis Organization

CHAPTER 2 LITERATURE REVIEW

2.1

22

Introduction
Cancerous Growth

2.2.1 Untreated Cancerous Growth

il

jii

iv

xii

Xiv

). 4%

10



23

2.4

25

2.6

2.2.2 Cancer Growth under Treatment

Mathematical Model of Cancerous Growth

2.3.1 Mathematical Model for the Untreated Cancer Growth

2.3.2 Mathematical Model for the Treated Cancer Growth

Parameter Estimation of Stochastic Model
2.4.1 Parameter Estimation of SDEs
2.4.2 Parameter Estimation of SDDEs
Numerical Methods of Stochastic Model
2.5.1 Numerical Methods of SDEs

2.5.2 Numerical Methods of SDDEs

Summary

CHAPTER 3 RESEARCH METHODOLOGY

3.1

3.2

3.3

34

3.5

3.6

3.7

3.8

Introduction

Brownian Motion and Stochastic Integrals
3.2.1 Stochastic Integrals

3.2.2 Multiple Stochastic Integrals
Kinetic Reaction Rates and ODEs
Numerical Methods of ODEs

Numerical Methods of SDEs

Numerical Methods of SDDEs

Research Flow

Summary

vi

13

19

19

21

23

23

24

25

25

27

27

29

29

29

31

32

33

36

37

41

44

46



CHAPTER 4 MODELLING THE UNCONTROLLED FLUCTUATIONS
AND TIME DELAY FOR THE UNTREATED CANCEROUS GROWTH

PROCESS 48
4.1 Introduction 48
4.2  Deterministic Model 49
4.2.1 Cancer Growth Mechanism to Gompertzian Deterministic Model 49
43 Stochastic Differential Equations (SDEs) 51
4.3.1 Perturbation through the Intrinsic Growth Rate Parameter, a 52
4.3.2 Perturbation through the Growth Rate Deceleration Parameter, b 52
44  Stochastic Delay Differential Equations 54
4,5  Numerical Solution of Stochastic Model 54
4.5.1 4-Stage Stochastic Runge-Kutta for SDEs 55
4.5.2 4-Stage Stochastic Runge-Kutaa for SDDEs 65
4.6  Data Description 88
4.6.1 Patient 1 (Cervical Cancer) 88
4.6.2 Patient 2 (Cervical Cancer) 38
4.6.3 Patient 3 (Breast Cancer) 89
4.6.4 Patient 4 (Breast Cancer) 89
4.7 Parameter Estimation 90
4.7.1 Parameter Estimation of SDEs 90
4.7.2 Parameter Estimation of SDDEs 92
4.8  Prediction Quality of the Mathematical Models 97
4.8.1 Simulation Results of Cervical Cancer Growth 98
4.8.2 Simulation Results of Breast Cancer Growth 104
49 Summary 109

vii



CHAPTER 5 EXPERIMENTAL METHODOLOGY

5.1

5.2

53

5.4

5.5

5.6

5.7

5.7

CHAPTER 6 MATHEMATICAL MODELLING OF APOPTOTIC
ACTIVITIES INDUCED BY GLYCOSAMINOGLYCANS AS

Introduction

Extraction and Deproteinisation

Cell Line and Culture Medium

5.3.1 Basic Procedure in Cell Culture

5.3.2 Sterilisation of Equipment

5.3.3 Subculturing cells

Cell Anti-Proliferation Assay

54.1 MTT Assay

5.42 Caspase Activity Assay

Molecular Characterization of Cellular Studies
5.5.1 Total RNA Extraction and cDNA Analysis
5.5.2 Phase Separation

5.5.3 RNA Precipitation

5.54 RNA Wash

5.5.5 RNA Resuspension

Quantitative Real-Time PCR Analysis

5.6.1 Reverse-Transcription PCR

5.6.2 Quantitative RT-PCR of the Genes
Statistical Analysis

Summary

ANTICANCER THERAPEUTICS

6.1

6.2

Introduction

Mechanism of Anticancer Activity

viii

111

111

111

112

112

112

113

113

113

115

116

116

116

116

117

117

117

117

119

120

130

131

131

132



6.3  Model Derivation
6.3.1 Biochemical Kinetic for Apoptosis Signaling Pathways
6.3.2 Ordinary Differential Equations (ODEs)
6.3.3 Stochastic Differential Equations (SDEs)

6.4  Data Description

6.5  Parameter Estimation of SDEs

6.6  Prediction Quality of the Stochastic Model
6.6.1 Simulated Results fo HeLa Cell Lines Affected by CS
6.6.2 Simulated Results fo MCF-7 Cell Lines Affected by CS
6.6.3 Simulated Results of Cell Viability in HeLa and MCF-7 Cell

Lines

6.7  Summary

CHAPTER 7 CONCLUSION

7.1 Conclusion of the Research

7.2  Recommendations for the Future Research

REFERENCES

APPENDIX A: PROBABILITY THEORY

APPENDIX B: CODING OF SRK4 FOR SDDEs

APPENDIX C: LIST OF PUBLICATION

136

136

138

149

157

158

161

161

172

182

184

185

185

187

190

203

206

215



REFERENCES

Abu-Qare, A. W. and Abou-Donia, M. B. (2001). Biomarkers of apoptosis: release of
Cytochrome c, activation of Caspase-3, induction of 8-hydroxy-2'-deoxyguanosine,
increased 3-nitrotyrosine, and alteration of p53 gene. Journal of Toxicology and
Environmental Health, 4(3): 313-332.

Admon, M. R. and Maan, N. (2017). Modelling tumor growth with immune response
and drug using ordinary differential equations. Jurnal Teknologi, 79(5): 49-56.

Aerts, L., Enzlin, P., Verhaeghe, J., Poppe, W., Vergote, 1. and Amant, F. (2014). Long-
term sexual functioning in women after surgical treatment of cervical cancer stages
ia to ib: a prospective controlled study. International Journal of Gynecological
Cancer, 24(8): 1527-1534.

Afratis, N., Gialeli, C., Nikitovic, D., Tsegenidis, T., Karousou, E., Theocharis, A. D.
and Karamanos, N.K. (2012). Glycosaminoglycans: key players in cancer cell
biology and treatment. The FEBS Journal, 279(7): 1177-1197.

American Cancer Society. (2017). Cancer facts & figures 2017. American Cancer
Society. Atlanta.

Asimakopoulou, A. P., Theocharis, A. D., Tzanakakis, G. N. and Karamanos, N. K.
(2008). The biological role of Chondroitin Sulfate in cancer and Chondroitin-based
anticancer agents. In Vivo, 22(3): 385-389.

Ayoubi, T. (2015). Stochastic modelling of time delay for solvent production by
Clostridium Acetobutylicum. Master’s thesis. Universiti Malaysia Pahang,
Malaysia.

Azizah, A. M., Nor Saleha, 1., Noor Hashimah, A., Asmah, Z. and Mastulu, W. (2016).
Malaysian National Cancer Registry report 2007-2011. Ministry of Health
Malaysia.

Azmi, N.S. (2015). Glycosaminoglycans (GAGs) versus cancer. Journal of
Environmental Bioremediation and Toxicology, 2(2): 58—-61.

Baar, M., Coquille, L., Mayer, H., Holzel, M., Rogava, M., Tiiting, T. and Bovier, A.
(2016). A stochastic model for immunotherapy of cancer. Scientific Reports, 6: 1-
26.

Bagci, E., Vodovotz, Y., Billiar, T., Ermentrout, G. and Bahar, 1. (2006). Bistability in
apoptosis: roles of Bax, Bcl-2, and mitochondrial permeability transition pores.
Biophysical Journal, 90(5): 1546—1559.

Baig, S., Seevasant, 1., Mohamad, J., Mukheem, A., Huri, H. and Kamarul, T. (2017).

Potential of apoptotic pathway-targeted cancer therapeutic research: Where do we
stand? Cell Death & Disease, 7(1): 2058-2069.

190



Baker, C. T. and Buckwar, E. (2000). Numerical analysis of explicit one-step methods
for stochastic delay differential equations. LMS Journal of Computation and
Mathematics, 3: 315-333.

Bartholomew, C., Eastlake, L., Dunn, P. and Yiannakis, D. (2017). EGFR targeted
therapy in lung cancer: an evolving story. Respiratory Medicine Case Reports, 20:
137-140.

Baskar, R., Lee, K. A., Yeo, R. and Yeoh, K. W. (2012). Cancer and radiation therapy:
current advances and future directions. International Journal of Medical Sciences,
9(3): 193-199.

Baudino, A. and Troy (2015). Targeted cancer therapy: the next generation of cancer
treatment. Current Drug Discovery Technologies, 12(1): 3-20.

Benjamin, D. J. (2014). The efficacy of surgical treatment of cancer—20 years later.
Medical Hypotheses, 82(4): 412-420.

Benzekry, S., Lamont, C., Beheshti, A., Tracz, A., Ebos, J. M., Hlatky, L. and
Hahnfeldt, P. (2014). Classical mathematical models for description and prediction
of experimental tumor growth. PLoS Computional Biology, 10(8): 1-19.

Berenblum, 1. and Shubik, P. (1947). A new, quantitative, approach to the study of the
stages of chemical carcinogenesis in the mouse’s skin. British Journal of Cancer,
1(4): 383-391.

Borsig, L., Wang, L., Cavalcante, M. C., Cardilo-Reis, L., Ferreira, P. L., Mourdo, P.
A., Esko, J. D. and Pavio, M. S. (2007). Selectin blocking activity of a Fucosylated
Chondroitin Sulfate Glycosaminoglycan from sea cucumber effect on tumor
metastasis and neutrophil recruitment. Journal of Biological Chemistry, 282(20):
14984-14991.

Bozic, 1., Allen, B. and Nowak, M. A. (2012). Dynamics of targeted cancer therapy.
Trends in Molecular Medicine, 18(6): 311-316.

Burrage, K. and Burrage, P. (1996). High strong order explicit Runge-Kutta methods for
stochastic ordinary differential equations. Applied Numerical Mathematics, 22(1):
81-101.

Burrage, P. M. (1999). Runge-Kutta methods for stochastic differential equations. Ph.D
thesis, The University of Queensland Brisbane.

Byrne, H. (1997). The effect of time delays on the dynamics of avascular tumor growth.
Mathematical Biosciences, 144(2): 83-117.

Chakrabarti, A., Verbridge, S., Stroock, A. D., Fischbach, C. and Varner, J. D. (2012).

Multiscale models of breast cancer progression. Annals of Biomedical Engineering,
40(11): 2488-500.

191



Chaplain, M. A. and Lolas, G. (2006). Mathematical modelling of cancer invasion of
tissue: dynamic heterogeneity. Networks Heterogen Media, 1(3): 399-439.

Chapman, M.P. and Tomlin, C. J. (2016). Ordinary differential equations in cancer
biology. BioRxiv, available: https://doi.org/10.1101/071134.

Chen, W., Liu, Y., Liang, X., Huang, Y. and Li, Q. (2017). Chondroitin Sulfate-
functionalized polyamidoamine as a tumor-targeted carrier for miR-34a
delivery. Acta Biomaterialia, 57: 238-250.

Choi, H. S., Han, S., Yokota, H. and Cho, K. H. (2007). Coupled positive feedbacks
provoke slow induction plus fast switching in apoptosis. FEBS Letters, 581(14):
2684-2690.

Collins, V. P. (1956). Observation on growth rates of human tumors. Am J Roentgenol,
76: 988-1000.

Conde-Estévez, D. (2017). Targeted cancer therapy: interactions with other medicines.
Clinical and Translational Oncology, 19(1): 21-30.

Crafton, S. M. and Salani, R. (2016). Beyond chemotherapy: an overview and review of
targeted therapy in cervical cancer. Clinical Therapeutics, 38(3): 449—458.

Ditlevsen, S. and De Gaetano, A. (2005). Mixed effects in stochastic differential
equation models. REVSTAT-Statistical Journal, 3(2): 137-153.

Ditlevsen, S. and Lansky, P. (2005). Estimation of the input parameters in the Ornstein—
Uhlenbeck neuronal model. Physical Review E, 71(1): 011907-011917.

Ditlevsen, S. and Samson, A. (2013). Introduction to stochastic models in biology. In
Stochastic Biomathematical Models, pages 3-35. Springer.

Dixit, D. S., Kumar, D., Kumar, S. and Johri, R. (2012). A mathematical model of
chemotherapy for tumor treatment. Advances in Applied Mathematical
Biosciences, 3: 1-10.

Donnet, S. and Samson, A. (2008). Parametric inference for mixed models defined by
stochastic differential equations. ESAIM: Probability and Statistics, 12: 196-218.

Eftimie, R., Bramson, J. L. and Earn, D. J. (2011). Interactions between the immune
system and cancer: a brief review of non-spatial mathematical models. Bulletin of
Mathematical Biology, 73(1): 2-32.

Eladdadi, A. and Isaacson, D. (2011). A mathematical model for the effects of HER2
overexpression on cell cycle progression in breast cancer. Bulletin of Mathematical

Biology, 73(12): 2865-2887.

Elmore, S. (2007). Apoptosis: a review of programmed cell death. Toxicologic
Pathology, 35(4): 495-516.

192



Evain, S. and Benzekry, S. (2016). Mathematical modeling of tumor and metastatic
growth when treated with Sunitinib. Ph.D thesis. Inria Bordeaux Sud-Ouest.

Favaloro, B., Allocati, N., Graziano, V., Di Ilio, C. and De Laurenzi, V. (2012). Role of
apoptosis in disease. Aging, 4(5): 330-349.

Ferlay, J., Soerjomataram, I., Dikshit, R., Eser, S., Mathers, C., Rebelo, M., Parkin, D.
M., Forman, D. and Bray, F. (2015). Cancer incidence and mortality worldwide:
sources, methods and major patterns in GLOBOCAN 2012. International Journal of
Cancer, 136(5): 359-386.

Ferrante, L., Bompadre, S. and Leone, L. (2003). A stochastic compartmental model
with long lasting infusion. Biometrical Journal, 45(2): 182—-194.

Ferrante, L., Bompadre, S., Leone, L. and Montanari, M. (2005). A stochastic
formulation of the Gompertzian growth model for in vitro bactericidal kinetics:
parameter estimation and extinction probability. Biometrical Journal, 47(3): 309—

318.

Ferrante, L., Bompadre, S., Possati, L. and Leone, L. (2000). Parameter estimation in a
Gompertzian stochastic model for tumor growth. Biometrics, 56(4): 1076—-1081.

Fiasconaro, A., Ochab-Marcinek, A., Spagnolo, B., and Gudowska-Nowak, E. (2008).
Monitoring noise-resonant effects in cancer growth influenced by external

fluctuations and periodic treatment. The European Physical Journal B, 65(3): 435—
442.

Finley, S. D. and Popel, A. S. (2013). Effect of tumor microenvironment on tumor
VEGF during anti-VEGF treatment: systems biology predictions. Journal of the
National Cancer Institute, 105(11): 802-811.

Gandhi, N. S. and Mancera, R. L. (2008). The structure of Glycosaminoglycans and
their interactions with proteins. Chemical Biology & Drug Design, 72(6): 455-482.

Garcia, R., Franklin, R. A. and McCubrey, J. A. (2006). Cell death of MCF-7 human
breast cancer cells induced by EGFR activation in the absence of other growth
factors. Cell Cycle, 5(16): 1840-1846.

Gerlee, P. (2013). The model muddle: in search of tumor growth laws. Cancer
Research, 73(8): 2407-2411.

Gilewski, T. A., Dang, C., Surbone, A., Norton, L. (2000). Cytokinetics. BC Decker
Publishers.

Gompertz, B. (1825). On the nature of the function expressive of the law of human
mortality, and on a new model of determining the value of life contingencies.
Philosophical Transactions of the Royal Society of London, 115: 513-583.

Goode, S. W. and Annin, S. A. (2013). Differential equations and linear algebra.
Pearson Higher Ed.



Guillouzic, S., Heureux, L. I. and Longtin, A. (1999). Small delay approximation of
stochastic delay differential equations. Physical Review E, 59(4): 3970-3982.

Gupta, M., Dahiya, J., Marwaha, R. K. and Dureja, H. (2015). Therapies in cancer
treatment: an overview. International Journal of Pharmacy and Pharmaceutical
Sciences, 7(4): 1--9.

Guschin, A. A. and Kiichler, U. (1999). Asymptotic inference for a linear stochastic
differential equation with time delay. Bernoulli, 5(6): 1059-1098.

Hamdy, F. C., Donovan, J. L., Lane, J. A., Mason, M., Metcalfe, C., Holding, P., Davis,
M., Peters, T. J., Turner, E. L. and Martin, R. M. (2016). 10-year outcomes after
monitoring, surgery, or radiotherapy for localized prostate cancer. New England
Journal of Medicine, 375(15): 1415-1424.

Hassan, M., Watari, H., AbuAlmaaty, A., Ohba, Y. and Sakuragi, N. (2014). Apoptosis
and molecular targeting therapy in cancer. BioMed Research International, 2014:
150845-150868.

Hendrata, M. and Sudiono, J. (2016). A computational model for investigating tumor
apoptosis induced by mesenchymal stem cell-derived secretome. Computational
and Mathematical Methods in Medicine, 2016: 1-17.

Hernandez, L. A. R. and Ortiz, J. M. (2013). Modeling the tumor growth with the theory
of discrete fractional calculus. Acta Universitaria, 23: 19-22.

Hofmann, N. and Miiller-Gronbach, T. (2006). A modified Milstein scheme for
approximation of stochastic delay differential equations with constant time lag.
Journal of Computational and Applied Mathematics, 197(1): 89-121.

Hong, J. Y., Kim, G. H., Kim, J. W, Kwon, S. S., Sato, E. F., Cho, K. H. and Shim, E.
B. (2012). Computational modeling of apoptotic signaling pathways induced by
Cisplatin. BMC Systems Biology, 6(1), 122-138.

Hu, Y., Mohammed, S. E. A. and Yan, F. (2004). Discrete-time approximations of
stochastic delay equations: the Milstein scheme. The Annals of Probability, 32(1):
265-314.

Hurn, A. S., Lindsay, K. A. and Martin, V. L. (2003). On the efficacy of simulated
maximum likelihood for estimating the parameters of stochastic differential
equations. Journal of Time Series Analysis, 24(1): 45-63.

Johnson, K. A. and Goody, R. S. (2011). The original Michaelis constant: translation of
the ‘
1913 Michaelis—Menten paper. Biochemistry, 50(39): 8264-8269.

Ichwan, S., Al-Ani, I. M., Bilal, H. G., Suriyah, W. H., Taher, M. and Ikeda, M. A.

(2014). Apoptotic activities of Thymoquinone, an active ingredient of Black Seed
(Nigella sativa) in cervical cancer cell lines. Chin J Physiol, 57(5): 249~255.

194



Kalyanaraman, B. (2017). Teaching the basics of cancer metabolism: developing
antitumor strategies by exploiting the differences between normal and cancer cell
metabolism. Redox Biology, 12: 833-842.

Kandue, D., Mittelman, A., Serpico, R., Sinigaglia, E., Sinha, A. A., Natale, C.,
Santacroce, R., DiCorcia, M. G., Lucchese, A. and Dini, L. (2002). Cell death:
apoptosis versus necrosis. International Journal of Oncology, 21(1): 165-170.

Kenakin, T. (2016). The mass action equation in pharmacology. British Journal of
Clinical Pharmacology, 81(1): 41-51.

King, R. J. B. and Robins, M. W. (2006). Cancer biology. Pearson Education.

Kloeden, P. E. and Platen, E. (1992). Higher-order implicit strong numerical schemes
for stochastic differential equations. Journal of Statistical Physics, 66(1): 283-314.

Kloeden, P. and Shardlow, T. (2010). The Milstein scheme for stochastic delay
differential equations without using anticipative calculus. Stochastic Analysis and
Applications, 30(2): 23-42.

Knoll, W., Azmi, N.S. and Fernig, D.G. (2013). Heparan Sulfate surfaces to probe the
functions of the master regulator of the extracellular space. In Handbook of
Biofunctional Surfaces, pages 591-615. Pan Stanford Publishing.

Kiichler, U. and Kutoyants, Y. A. (2000). Delay estimation for some stationary
diffusion-type processes. Scandinavian Journal of Statistics, 27(3): 405-414.

Kiichler, U. and Mensch, B. (1992). Langevins stochastic differential equation extended
by a time-delayed term. Stochastics, International Journal of Probability and
Stochastic Processes, 40(1): 23-42.

Kiichler, U. and Platen, E. (2000). Strong discrete time approximation of stochastic
differential equations with time delay. Mathematics and Computers in Simulation,
54(1): 189-205.

Kiichler, U. and Serensen, M. (2013). Statistical inference for discrete-time sampies
from affine stochastic delay differential equations. Bernoulli, 19(2): 409-425.

Kunkler, I. H., Williams, L. J., Jack, W. J., Cameron, D. A. and Dixon, J. M. (2015).
Breast-conserving surgery with or without irradiation in women aged 65 years or
older with early breast cancer (PRIME 1I): a randomised controlled trial. The lancet
Oncology, 16(3): 266-273.

Laird, A. K. (1964). Dynamics of tumour growth. British Journal of Cancer, 18(3): 490—
502.

Legewie, S., Blithgen, N. and Herzel, H. (2006). Mathematical modeling identifies

inhibitors of apoptosis as mediators of positive feedback and bistability. PLoS
Computational Biology, 2(9): 120-130.

195



Li, W., Tian, H., Li, L., Li, S., Yue, W., Chen, Z., Qi, L., Hu, W., Zhu, Y., Hao, B. and
Gao, C. (2012). Diallyl Trisulfide induces apoptosis and inhibits proliferation of
A549 cells in vitro and in vivo. Acta Biochim Biophys Sin, 44(7): 577-583.

Lindahl, U. and Li, J. P. (2009). Interactions between heparan sulfate and proteins
design and functional implications. International Review of Cell and Molecular
Biology, 276: 105—159.

Linhardt, R. J., Loganathan, D., Al-Hakim, A., Wang, H. M., Walenga, J. M,,
Hoppensteadt, D. and Fareed, J. (1990). Oligosaccharide mapping of low-
molecular-weight Heparins: structure and activity differences. Journal of Medicinal
Chemistry, 33(6): 1639—1645.

Lipster, R. S. and Shiryaev, A. N. (2001). Statistics of Random Processes: Applications,
Conditionally Gaussian Sequences. Springer.

Liu, Z. and Yang, C. (2016). A mathematical model of cancer treatment by radiotherapy
followed by chemotherapy. Mathematics and Computers in Simulation, 124: 1-15.

Lowe, S. W. and Lin, A. W, (2000). Apoptosis in cancer. Carcinogenesis, 21(3): 485—
495.

Mamat, M., Kartono, A., and Kartono, A. (2013). Mathematical model of cancer
treatments using immunotherapy, chemotherapy and biochemotherapy. Applied
Mathematics Science, 7(5): 247-261.

Manley, O. (2014). A mathematical model of cancer networks with radiation therapy.
Journal of Young Investigators, 27(6): 17-26.

Mao, X. (2007). Stochastic Differential Equations and Applications. Elsevier.
Marifio, I. P., Zaikin, A., and Miguez, J. (2017). A comparison of Monte Carlo-based
Bayesian parameter estimation methods for stochastic models of genetic

networks. PLoS One, 12(8): 1-25.

Martin, L. G. R. and Silva, M. D. P. (2011). Chemotherapy-induced peripheral
neuropathy: a literature review. Einstein, 9(4): 538-544.

Marusi¢, M. (1996). Mathematical models of tumor growth. Mathematical
Communications, 1(2): 175-188.

Mathur, G., Nain, S. and Sharma, P. K. (2015). Cancer: an overview. Academic Journal
of Cancer Research, 8(1): 01-09.

McCreery, M. Q. and Balmain, A. (2017). Chemical carcinogenesis models of cancer:
back to the future. Annual Reviews of Cancer Biology, 1: 295-312.

196



McDonald, E. S., Clark, A. S., Tchou, J., Zhang, P. and Freedman, G. M. (2016).
Clinical diagnosis and management of breast cancer. Journal of Nuclear Medicine,
57(1): 9-16.

McGranahan, N. and Swanton, C. (2017). Clonal heterogeneity and tumor evolution:
past, present and the future. Cell, 168(4):613—628.

Mcllwain, D. R., Berger, T. and Mak, T. W. (2013). Caspase functions in cell death and
disease. Cold Spring Harbor Perspectives in Biology, 5(4): 1-28.

McOrist, S., Khampee, K. and Guo, A. (2011). Modemn pig farming in the people’s
Republic of China: growth and veterinary challenges. Revue Scientifique
Technique, 30(3): 961-968.

Mikosch, T. (1998). Elementary Stochastic Calculus, with Finance in View. World
Scientific Publishing Company.

Milstein, G. N. (1995). Numerical Integration of Stochastic Differential Equations.
Springer Science & Business Media.

Mohamed, A., Krajewski, K., Cakar, B. and Ma, C. X. (2013). Targeted therapy for
breast cancer. The American Journal of Pathology, 183(4): 1096-1112.

Mosmann, T. (1983). Rapid colorimetric assay for cellular growth and survival:
application to proliferation and cytotoxicity assays. Journal of Immunological
Methods, 65(1): 55-63.

Murphy, H., Jaafari, H. and Dobrovolny, H. M. (2016). Differences in predictions of
ODE models of tumor growth: a cautionary example. BMC Cancer, 16(163): 1-10.

Murray, J. D. (2002). Mathematical Biology 1: An Introduction, Interdisciplinary
Applied Mathematics, Mathematical Biology. Springer.

Namazi, H., Kulish, V. V. and Wong, A. (2015). Mathematical modelling and
prediction of the effect of chemotherapy on cancer cells. Scientific Reports, S:
13583-13600.

Norhayati, R. (2012). Stochastic Runge-Kutta method for stochastic delay differential
equations. Ph.D thesis, Universiti Teknologi Malaysia, Malaysia.

Norhayati, R., Bahar, A., Yeak, S., and Mao, X. (2013). A systematic derivation of
stochastic Taylor methods for stochastic delay differential equations. Bulletin of the
Malaysian Mathematical Sciences Society, 29(1): 241-251.

Norhayati, R., Bahar, A., Yeak, S. H., Rahman, H. A., and Salleh, M. M. (2010).
Performance of Eular-Maruyama, 2-stage SRK and 4-stage SRK in approximating
the strong solution of stochastic model. Sains Malaysiana, 39(5): 851-857.

Oksendal, B. (2013). Stochastic Differential Equations: An Introduction with
Applications. Springer.

197



Oliveira, C., Ferreira, A. S., Novoa-Carballal, R., Nunes, C., Pashkuleva, I., Neves, N.
M., Coimbra, M. A,, Reis, R. L., Martins, A. and Silva, T. H. (2017). The key role
of sulfation and branching on Fucoidan antitumor activity. Macromolecular
Bioscience, 17(5): 1-13.

Padma, V. V. (2015). An overview of targeted cancer therapy. BioMedicine, 5(4): 1-6.

Parsa, N. (2012). Environmental factors inducing human cancers. Iranian Journal of
Public Health, 41(11): 1-9.

Paterson, C., Nowak, M. A., and Waclaw, B. (2016). An exactly solvable, spatial model
of mutation accumulation in cancer. Scientific Reports, 6: 1-19.

Patt, H. M., and Blackford, M. E. (1954). Quantitative studies of the growth response of
the Krebs ascites tumor. Cancer Research, 14(5): 391-396.

Pavido, M. S., and Mourdo, P. A. (2012). Challenges for Heparin production: artificial
synthesis or alternative natural sources?. Glycobiology Insights, 3: 1-6.

Peterson, M., Warf, B. C., and Schiff, S. J. (2018). Normative human brain volume
growth. Journal of Neurosurgery: Pediatrics, 5: 1-8.

Picchini, U. (2006). Stochastic differential model with application to psysiology. Ph.D
thesis, University of Rome La Sapienza.

Picchini, U. (2007). SDE Toolbox: Simulation and estimation of stochastic differential
equations with Matlab, available: http://sdetoolbox._sourceforge.net.

Picchini, U., Ditlevsen, S., De Gaetano, A., and Lansky, P. (2008). Parameters of the
diffusion leaky integrate-and-fire neuronal model for a slowly fluctuating signal.
Neural Computation, 20(11): 2696-2714.

Picchini, U., Gaetano, A., and Ditlevsen, S. (2010). Stochastic differential mixed-effects
models. Scandinavian Journal of Statistics, 37(1): 67-90.

Porter, A. G., and Janicke, R. U. (1999). Emerging roles of Caspase-3 in apoptosis. Cell
death and Differentiation, 6(2): 99-104.

Qian, W., Nishikawa, M., Haque, A. M., Hirose, M., Mashimo, M., Sato, E., and Inoue,
M. (2005). Mitochondrial density determines the cellular sensitivity to Cisplatin-
induced cell death. American Journal of Physiology-Cell Physiology, 289(6):
1466—-1475.

Rahman, H., Bahar, A., Rosli, N., and Salleh, M. M. (2012). Parameter estimation of
stochastic differential equation. Sains Malaysiana, 41(12): 1635-1642.

Rahman, H. A., Bahar, A., Aziz, M. K. B. M., Rosli, N., Salleh, M., and Weber, G.W.

(2009). Parameter estimation of stochastic Logistic model: Levenberg Marquardt
method. Matematika, 25: 91-106.

198



Reifl, M. (2002a). Minimax rates for nonparametric drift estimation in affine stochastic
delay differential equations. Statistical Inference for Stochastic Processes, 5(2):
131-152.

Reifl, M. (2002b). Nonparametric estimation for stochastic delay differential equations.
Ph.D thesis. Institut fiir Mathematik, Humboldt-Universitit zu Berlin.

Ribeiro, D. (2008). Modeling and optimization techniques for cancer dynamics and
diagnosis. Ph.D thesis. Polytechnic University.

Rodgers, K. M., Udesky, J. O., Rudel, R. A. and Brody, J. G. (2018). Environmental
chemicals and breast cancer: an updated review of epidemiological literature
informed by biological mechanisms. Environmental Research, 160: 152—182.

Rasland, G. V. and Engelsen, A. S. T. (2015). Novel points of attack for targeted cancer
therapy. Basic & Clinical Pharmacology & Toxicology, 116(1): 9-18.

Riimelin, W. (1982). Numerical treatment of stochastic differential equations. SIAM
Journal on Numerical Analysis, 19(3): 604-613.

Rupsys, P. (2008). Time delay stochastic growth laws in single-species population
modeling. Advanced Topics on Mathematical Biology and Ecology. In 4th WSEAS
International Conference on Mathematical Biology and Ecology, volume 1790,
pages 200829-200834.

Sarapata, E. A. and de Pillis, L. (2014). A comparison and catalog of intrinsic tumor
growth models. Bulletin of Mathematical Biology, 76(8): 2010-2024.

Schleich, K. and Lavrik, I. N. (2013). Mathematical modeling of apoptosis. Cell
Communication and Signaling, 11(1): 44-51.

Sham, M. M. and Azmi, N. S. (2016). Blue-spotted stingray: a promising source of
beneficial Glycosaminoglycans (GAGs). International Journal of Applied
Chemistry, 12(4): 795-802.

Siddiqui, 1. A., Sanna, V., Ahmad, N., Sechi, M., and Mukhtar, H. (2015). Resveratrol
nanoformulation for cancer prevention and therapy. Annals of the New York

Academy of Sciences, 1348(1): 20-31.

Siegel, R. L., Miller, K. D., and Jemal, A. (2018). Cancer statistics 2018. A Cancer
Journal for Clinicians, 68(1): 7-30.

Simbawa, E. (2017). Mechanistic Model for Cancer Growth and Response to
Chemotherapy. Computational and Mathematical Methods in Medicine, 2017: 1-7.

Skolnik, R. (20135). Global Health 101. Jones & Bartlett Publishers.

199



Song, Y. O., Kim, M., Woo, M., Back, J. M., Kang, K. H., Kim, S. H,, Roh, S. S., Park,
C. H., Jeong, K. S. and Noh, J. S. (2017). Chondroitin Sulfate-rich extract of skate
cartilage attenuates lipopolysaccharide-induced liver damage in mice. Marine
Drugs, 15(6): 178~ 215.

Souza-Fernandes, A. B., Pelosi, P. and Rocco, P. R. (2006). Bench-to-bedside review:
the role of Glycosaminoglycans in respiratory disease. Critical Care, 10(6): 237—
247.

Steeg, P. S. (2016). Targeting metastasis. Nature Reviews Cancer, 16(4): 201-218.

Stefanini, M. O., Wu, F. T., MacGabhann, F. and Popel, A. S. (2008). A compartment
model of VEGF distribution in blood, healthy and diseased tissues. BMC Systems
Biology, 2(1): 77-102.

Sudhakar, A. (2009). History of cancer, ancient and modern treatment methods. Journal
of Cancer Science & Therapy, 1(2): 14.

Taher, M., Al-Zikri, P. N. H., Susanti, D., Ichwan, S. J. A., and Rezali, M. F. (2016).
Effects of Triterpenoids from Luvunga Scandens on cytotoxic, cell cycle arrest and
gene expressions in MCF-7 cells. Natural Product Sciences, 22(4): 293-298.

Taher, M., Susanti, D., Rezali, M. F., Zohri, F.S.A_, Ichwan, S.J.A., Alkhamaiseh, S. 1.,
and Ahmad, F. (2012). Apoptosis, antimicrobial and antioxidant activities of
phytochemicals from Garcinia Malaccensis HK. F. Asian Pacific Journal of
Tropical Medicine, 5(2): 136-141.

Talkington, A., and Durrett, R. (2015). Estimating tumor growth rates in vivo. Bulletin
of Mathematical Biology, 77(10): 1934-1954.

Tjorve, K. M., and Tjarve, E. (2017). The use of Gompertz models in growth analyses,
and new Gompertz-model approach: an addition to the Unified-Richards
family. PLoS One, 12(6): 1-17.

Todd, A., Groundwater, P. W., and Gill, J. H. (2018). Anticancer Therapeutics: From
Drug Discovery to Clinical Applications. John Wiley & Sons.

Toss, A., Venturelli, M., Peterle, C., Piacentini, F., Cascinu, S. and Cortesi, L. (2017).
Molecular biomarkers for prediction of targeted therapy response in metastatic

breast cancer: Trick or treat?. International Journal of Molecular Sciences, 18(85):
1-24.

Tsoularis, A. and Wallace, J. (2002). Analysis of logistic growth models. Mathematical
Biosciences, 179(1): 21-55.

Urruticoechea, A., Alemany, R., Balart, J., Villanueva, A., Vinals, F. and Capella, G.

(2010). Recent advances in cancer therapy: an overview. Current Pharmaceutical
Design, 16(1): 3—10.

200



Valcarcel, J., Novoa-Carballal, R., Pérez-Martin, R.1., Reis, R.L., and Vazquez, J.A.
(2017).  Glycosaminoglycans  from  marine sources as  therapeutic
agents. Biotechnology Advances, 35(6): 711-725.

van Leeuwen, 1. M. M. (2003). Mathematical models in cancer risk assessment. Ph.D
thesis. VU University Amsterdam.

Varki, A., Cummings, R. D., Esko, I. D., Freeze, H. H., Stanley, P., Bertozzi, C. R.,
Hart, G. W., Etzler, M. E., Esko, J. D., and Kimata, K. (2009). Proteoglycans and
Sulphated Glycosaminoglycans. Cold Spring Harbor Laboratory Press.

Vecchione, L., Jacobs, B., Normanno, N., Ciardiello, F. and Tejpar, S. (2011). EGFR-
targeted therapy. Experimental Cell Research, 317(19): 2765-2771.

Visconti, R., Morra, F., Guggino, G. and Celetti, A. (2017). The between now and then
of lung cancer chemotherapy and immunotherapy. International Journal of
Molecular Sciences, 18(7): 1374 — 1382.

von Bertalanffy, L. (1949). Problems of organic growth. Nature, 163(4135): 156-158.

Walter, H. S. and Ahmed, S. (2018). Targeted therapies in cancer. Surgery (Oxford).
36(3): 122-127.

Wang, S., He, M., Li, L., Liang, Z., Zou, Z., and Tao, A. (2016). Cell-in-cell death is
notrestricted by Caspase-3 deficiency in MCF-7 cells. Journal of Breast Cancer,
19(3): 231-241.

Warda, M., Gouda, E.M., Toida, T., Chi, L., and Linhardt, R.J. (2003). Isolation
andcharacterization of raw Heparin from dromedary intestine: evaluation of a new

source ofpharmaceutical Heparin. Comparative Biochemistry and Physiology Part
C. Toxicology & Pharmacology, 136(4): 357-365.

Watanabe, Y., Dahlman, E. L., Leder, K. Z., and Hui, S. K. (2016). A mathematical
model of tumor growth and its response to single irradiation. Theoretical Biology
and Medical Modelling, 13(6): 1-20.

Weinberg, R. A. (1991). Tumor suppressor genes. Science, 254(5035): 1138—1146.

Wenbo, Z. (2014). Mathematical Modelling of Drug Delivery to Solid Tumour. Ph.D
thesis. Imperial College London.

WHO (2014). GLOBOCAN: Estimated Cancer Incidence, Mortality, and Prevalence
Worldwide in 2012. International Agency for Research of Cancer Publications.

Wong, A. H. H., Li, H,, Jia, Y., Mak, P. I, da Silva Martins, R. P, Liu, Y., Vong, C.
M., Wong, H. C., Wong, P. K., and Wang, H. (2017). Drug screening of cancer cell
lines and human primary tumors using droplet microfluidics. Scientific Reports,
7(1): 109-120.

201



Wong, R. S. (2011). Apoptosis in cancer: from pathogenesis to treatment. Journal of
Experimental & Clinical Cancer Research, 30(1):87.

Wyld, L., Audisio, R. A., and Poston, G. J. (2015). The evolution of cancer surgery and
future perspectives. Nature Reviews Clinical Oncology, 12(2): 115-124.

Xiao, A. and Tang, X. (2016). High strong order stochastic Runge-Kutta methods for
Stratonovich stochastic differential equations with scalar noise. Numerical
Algorithms, 72(2), 259-296.

Yang, S., Zhou, Q., and Yang, X. (2007). Caspase-3 status is a determinant of the
differential responses to genistein between MDA-MB-231 and MCF-7 breast
cancer cells. Molecular Cell Research, 1773(6): 903-911.

Yip, G. W, Smollich, M., and Gbétte, M. (2006). Therapeutic value of
Glycosaminoglycans in cancer. Molecular Cancer Therapeutics, 5(9), 2139-2148.

Zainudin, S. K. and Ghazali, F. (2014). Marine sourced Glycosaminoglycans (GAGs).
Journal of Advanced Laboratory Research in Biology, 5(3): 48-53.

Zhang, J., Liu, J., Zhu, C., He, J., Chen, J., Liang, Y., Yang, F., Wu, X., and Ma, X.
(2017). Prognostic role of vascular endothelial growth factor in cervical cancer: a
meta-analysis. Oncotarget, 8(15): 24797-24803.

Zhang, T., Brazhnik, P. and Tyson, J. J. (2009). Computational analysis of dynamical
responses to the intrinsic pathway of programmed cell death. Biophysical Journal,
97(2): 415-434.

Zhao, Y., Zhang, D., Wang, S., Tao, L., Wang, A., Chen, W. and Lu, Y. (2013).
Holothurian Glycosaminoglycan inhibits metastasis and thrombosis via targeting of
nuclear factor-kB/tissue factor/Factor Xa pathway in melanoma BI16F10
cells. PLoS One, 8(2): 1-12.

Zheng-Lin, J. (2010). Influences of noise correlation and time delay on stochastic
resonance induced by multiplicative signal in a cancer growth system. Chinese
Physics B, 19(2): 1-6.

202





