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1. Neural crest, transient in the embryo.

2. Differentiate into different cell types.

3. Sympathetic nervous system.
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them into neuroblastoma cancer cells.

Sokol, Elizabeth, and Ami V. Desai. "The evolution of risk 

classification for neuroblastoma." Children 6.2 (2019): 27.

1. Low risk, spontaneous regression.

2. High risk, 50 % relapse.

3. MYCN amplification is a bad sign.
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Neuroblastoma

Smith, Valeria, and Jennifer Foster. "High-risk 

neuroblastoma treatment review." Children 5.9 (2018): 114.

Current standard: 

multi-modal therapy.

Gatenby, Robert A., and Joel S. Brown. "Integrating evolutionary dynamics into 

cancer therapy." Nature reviews Clinical oncology 17.11 (2020): 675-686.

One-size-fits-all strategy ignores 

evolutionary dynamics.
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Multiscale problem

Cannot describe biological phenomena spanning 

nine orders of magnitude in a single-scale model.

• Experimental resolutions.

• Model complexity.

• Computational costs.

de Melo Quintela, Bárbara, et al. "A 

theoretical analysis of the scale 

separation in a model to predict solid 

tumour growth." Journal of Theoretical 

Biology 547 (2022): 111173.

Hanahan, Douglas. "Hallmarks of cancer: new 

dimensions." Cancer discovery 12.1 (2022): 31-46.



Primage (2019–2022)

Hanahan, Douglas. "Hallmarks of cancer: new 

dimensions." Cancer discovery 12.1 (2022): 31-46.

Borau, Carlos, et al. "A multiscale orchestrated 

computational framework to reveal emergent 

phenomena in neuroblastoma." Computer 

Methods and Programs in Biomedicine 241 

(2023): 107742.



Primage (2019–2022)

Martí-Bonmatí, Luis, et al. "PRIMAGE project: predictive in silico multiscale analytics 

to support childhood cancer personalised evaluation empowered by imaging 

biomarkers." European radiology experimental 4.1 (2020): 1-11.

Decision support system for the clinical management 

of malignant solid tumours.

1. Image acquisition, processing, and segmentation.

2. Integrate radiomic features with other biomarkers, 

such as mutations and histology.

3. Multiscale models: organ/tumour, tissue, and 

intracellular.

4. Machine learning techniques extract insights from 

simulation results.
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Population-based approach

Scale: Whole tumour.

Resolution: Population containing identical cells.

Modelling framework: Differential equations.

A tumour is represented by multiple populations 

with a total size below a carrying capacity.

Cellular events are stochastic. Many cells, many 

events. Average over them.

1000000.7 cells.
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Induction chemotherapy
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COJEC protocol:

C: cisplatin.

O: vincristine.
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E: etoposide.
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• Alternating combinations.

• Maximum tolerated doses.

One protocol for every patient.



Induction chemotherapy

Smith, Valeria, and Jennifer Foster. "High-risk 

neuroblastoma treatment review." Children 5.9 (2018): 114.

Current standard: 

multi-modal therapy.

COJEC protocol:

C: cisplatin.

O: vincristine.

J: carboplatin.

E: etoposide.

C: cyclophosphamide.

Optimise a two-drug protocol.

• Number of cycles.

• Doses in each cycle.



Induction chemotherapy

Three levels of resistance 

against one drug.

Two drugs.

Therefore, nine 

populations.
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Model structure

One ordinary differential equation for each 

population (clone).

Rate of change 

of a population 

size.

Growth 

rate.

Net immigration 

or mutation rate.
Death 

rate.

Therapy influences this term.

Italia, Matteo, et al. "Mathematical Model of Clonal Evolution 

Proposes a Personalised Multi-Modal Therapy for High-Risk 

Neuroblastoma." Cancers 15.7 (2023): 1986.



Model structure

One ordinary differential equation for each 

population (clone).

Rate of change 

of a population 

size.

Growth 

rate.

Net immigration 

or mutation rate.
Death 

rate.

One first-order pharmacokinetic equation for each 

drug. Vincristine and cyclophosphamide.

Setting a chemotherapy schedule means 

replacing this variable with a time series.

Italia, Matteo, et al. "Mathematical Model of Clonal Evolution 

Proposes a Personalised Multi-Modal Therapy for High-Risk 

Neuroblastoma." Cancers 15.7 (2023): 1986.



Model calibration

Jemaà, Mohamed, et al. "Gene expression signature of acquired 

chemoresistance in neuroblastoma cells." International Journal of 

Molecular Sciences 21.18 (2020): 6811.

Jemaà, Mohamed, et al. "Gene expression signature of acquired 

chemoresistance in neuroblastoma cells." International Journal of 

Molecular Sciences 21.18 (2020): 6811.

Zaizen, Y., A. Nakagawara, and K. Ikeda. "Patterns of destruction 

of mouse neuroblastoma cells by extracellular hydrogen peroxide 

formed by 6-hydroxydopamine and ascorbate." Journal of cancer 

research and clinical oncology 111 (1986): 93-97.

Yogev, Orli, et al. "In Vivo Modeling of Chemoresistant

Neuroblastoma Provides New Insights into Chemorefractory

Disease and MetastasisModeling Chemoresistance and Metastasis 

in Neuroblastoma." Cancer research 79.20 (2019): 5382-5393.

Yogev, Orli, et al. "In Vivo Modeling of Chemoresistant

Neuroblastoma Provides New Insights into Chemorefractory

Disease and MetastasisModeling Chemoresistance and Metastasis 

in Neuroblastoma." Cancer research 79.20 (2019): 5382-5393.

Levenberg-Marquardt algorithm.

Local optimisation method.
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Optimisation

One schedule, 24 doses.

One chromosome, 24 genes.

Vincristine.

Genetic algorithm.

Global optimisation.

Haldurai, Lingaraj, T. Madhubala, and R. Rajalakshmi. 

"A study on genetic algorithm and its applications." Int. 

J. Comput. Sci. Eng 4.10 (2016): 139-143.

Cyclophosphamide.

Simulate the tumour’s response to 

every chemotherapy.



Optimisation
Genetic algorithm.

Global optimisation.

Haldurai, Lingaraj, T. Madhubala, and R. Rajalakshmi. 

"A study on genetic algorithm and its applications." Int. 

J. Comput. Sci. Eng 4.10 (2016): 139-143.

Let the best chemotherapy schedules 

(chromosomes) combine.

Chromosome 1 1 2 3 4

Chromosome 2 5 6 7 8

Chromosome 3 1 2 7 8



Optimisation
Genetic algorithm.

Global optimisation.

Haldurai, Lingaraj, T. Madhubala, and R. Rajalakshmi. 

"A study on genetic algorithm and its applications." Int. 

J. Comput. Sci. Eng 4.10 (2016): 139-143.

Random mutation diversifies the 

collection of schedules.

Chromosome 1 1 2 3 4

Chromosome 2 5 6 7 8

Chromosome 3 1 2 7 8

Chromosome 1 1 2 3 4

Chromosome 2 5 6 7 8

Chromosome 3 9 2 7 8

Random mutation.



Optimisation
Genetic algorithm.

Global optimisation.

Haldurai, Lingaraj, T. Madhubala, and R. Rajalakshmi. 

"A study on genetic algorithm and its applications." Int. 

J. Comput. Sci. Eng 4.10 (2016): 139-143.

Sample from this collection to produce 

the next generation.

Bad chromosomes.

Good chromosomes.

New chromosomes.



Optimisation
Genetic algorithm.

Global optimisation.

Haldurai, Lingaraj, T. Madhubala, and R. Rajalakshmi. 

"A study on genetic algorithm and its applications." Int. 

J. Comput. Sci. Eng 4.10 (2016): 139-143.

36 tumours with different compositions.

Different distributions of cells between 

the nine populations.

Italia, Matteo, et al. "Mathematical Model of Clonal Evolution 

Proposes a Personalised Multi-Modal Therapy for High-Risk 

Neuroblastoma." Cancers 15.7 (2023): 1986.



Optimised schedules

Italia, Matteo, et al. "Mathematical Model of Clonal Evolution 

Proposes a Personalised Multi-Modal Therapy for High-Risk 

Neuroblastoma." Cancers 15.7 (2023): 1986.



Optimised schedules

When one drug is more effective than the other, 

evolutionary therapy only works for tumours with 

certain clonal compositions.

Italia, Matteo, et al. "Mathematical Model of Clonal Evolution 

Proposes a Personalised Multi-Modal Therapy for High-Risk 

Neuroblastoma." Cancers 15.7 (2023): 1986.



Connections to Hull University Business School

Rarità, Luigi, Ivanka Stamova, and Stefania Tomasiello. "Numerical schemes and 

genetic algorithms for the optimal control of a continuous model of supply chains." 

Applied Mathematics and Computation 388 (2021): 125464.

Kiss, Anton A., Costin S. Bildea, and Johan Grievink. "Dynamic modeling and 

process optimization of an industrial sulfuric acid plant." Chemical Engineering 

Journal 158.2 (2010): 241-249.
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Individual-based approach

Scale: Patch of a tumour (tissue level).

Resolution: Single cell.

Modelling framework: Agent-based models.

They are computationally 

expensive to implement.

A tumour region is represented by discrete cellular agents with 

spatial coordinates and other attributes, such as mutations.

They behave stochastically.



Model structure

Continuous automaton to 

voxelate the microenvironment.

1. Spatial distributions of cells 

and extracellular matrix.

2. Concentration dynamics of 

drugs and nutrients (uniform).



Model structure

Continuous automaton to 

voxelate the microenvironment.

1. Spatial distributions of cells 

and extracellular matrix.

2. Concentration dynamics of 

drugs and nutrients (uniform).

Discrete agents.

1. Neuroblastoma and Schwann cells.

2. Cell cycling and death.



Model structure

Continuous automaton to 

voxelate the microenvironment.

1. Spatial distributions of cells 

and extracellular matrix.

2. Concentration dynamics of 

drugs and nutrients (uniform).

Discrete agents.

1. Neuroblastoma and Schwann cells.

2. Cell cycling and death.

Agent attributes.

1. Mutations.

2. DNA status.

3. Gene expression levels.



Model structure

Continuous automaton to 

voxelate the microenvironment.

1. Spatial distributions of cells 

and extracellular matrix.

2. Concentration dynamics of 

drugs and nutrients (uniform).

Discrete agents.

1. Neuroblastoma and Schwann cells.

2. Cell cycling and death.

Agent attributes.

1. Mutations.

2. DNA status.

3. Gene expression levels.

20 gene products. Telomerase, ALT, MYCN, 

MAPK/RAS pathway, JAB1, CHK1, CDS1, 

CDC25C, ID2, IAP2, HIF, BNIP3, VEGF, p53, p73, 

p21, p27, Bcl-2/Bcl-xL, BAK/BAX, and CAS.



Model structure

Continuous automaton to 

voxelate the microenvironment.

1. Spatial distributions of cells 

and extracellular matrix.

2. Concentration dynamics of 

drugs and nutrients (uniform).

Discrete agents.

1. Neuroblastoma and Schwann cells.

2. Cell cycling and death.

Agent attributes.

1. Mutations.

2. DNA status.

3. Gene expression levels.

20 gene products. Telomerase, ALT, MYCN, 

MAPK/RAS pathway, JAB1, CHK1, CDS1, CDC25C, 

ID2, IAP2, HIF, BNIP3, VEGF, p53, p73, p21, p27, 

Bcl-2/Bcl-xL, BAK/BAX, and CAS.



Model structure

Continuous automaton to 

voxelate the microenvironment.

1. Spatial distributions of cells 

and extracellular matrix.

2. Concentration dynamics of 

drugs and nutrients (uniform).

Discrete agents.

1. Neuroblastoma and Schwann cells.

2. Cell cycling and death.

Agent attributes.

1. Mutations.

2. DNA status.

3. Gene expression levels.

Centre-based mechanical model.

1. Resolve agent-agent overlap 

and contact inhibition.

2. Linear force law.

3. Equation of motion.



Stochastic simulation algorithm

1. Each agent senses the microenvironment and its neighbouring agents, modifies 

its behaviour, and updates its attributes.

2. Resolve agent-agent overlap using the mechanical model.

3. Modify the microenvironment by considering the agents collectively.

4. Back to step 1.

A series of Bernoulli trials. For example, is 

the MAPK/RAS pathway active?



Model calibration

Latin hypercube sampling.

1. 3000 combinations of 20 fitting 

parameters (not entirely corresponding 

to the 20 gene products).

2. Minimised differences between 

simulation results and in vitro data.

3. Refinement for in vivo use.

Growth kinetics in vitro.

Tumilowicz, Joseph J., et al. "Definition of a continuous 

human cell line derived from neuroblastoma." Cancer 

research 30.8 (1970): 2110-2118.

Extent of necrosis during hypoxia in vitro.

Warren, Daniel R., and Mike Partridge. "The role of necrosis, acute hypoxia 

and chronic hypoxia in 18F-FMISO PET image contrast: a computational 

modelling study." Physics in Medicine & Biology 61.24 (2016): 8596.

Ambros, Ingeborg M., et al. "Neuroblastoma cells provoke 

Schwann cell proliferation in vitro." Medical and Pediatric

Oncology: The Official Journal of SIOP—International 

Society of Pediatric Oncology (Societé Internationale 

d'Oncologie Pédiatrique) 36.1 (2001): 163-168.

Interactions between neuroblastoma 

and Schwann cells in vitro.

Clinical outcomes associated 

with different mutations.

Ackermann, Sandra, et al. "A mechanistic 

classification of clinical phenotypes in neuroblastoma." 

Science 362.6419 (2018): 1165-1170.



Model calibration

Costly simulations.

1. Millions of agents.

2. Four months in a patient’s life.

3. Stochastic simulations.

Simulations on GPUs.

1. FLAMEGPU and FLAMEGPU2 were 

used to generate optimised CUDA code.

2. 3000 time steps took up to 10 minutes.

3. Calibration took 40 days in total. Hardware: 2 TITAN V 

GPUs, 1 TITAN XP GPU, 

and 1 TITAN RTX GPU.



Connections to Hull University Business School

Kangur, Ayla, et al. "An agent-based model for diffusion of electric vehicles." 

Journal of Environmental Psychology 52 (2017): 166-182.
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Set parameters and initial conditions 

to model a highly malignant tumour.
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Virtual drug trials

Each drug combination has its own 

inhibitory effects on 20 gene 

products.
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Outcomes of virtual drug trials

Tabular dataset:

➢ One label.

➢ Final cell count.

➢ 305 effective, 4404 mediocre, and 291 ineffective combinations.



Outcomes of virtual drug trials

305 effective and 291 ineffective drug 

combinations. What makes a 

combination effective?



Principal component analysis

Direct observables are 20 inhibitory 

effects. Are there latent variables?
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Principal component analysis

Principal component analysis to identify a latent 

feature in the 20-dimensional feature space.

Scree plot shows that the first principal 

component can explain a substantial amount of 

variance in the feature space.

Loading plots show that the latent feature (first 

principal component) models an inhibitory effect 

on CHK1, p53, and p73 as a set.



Connections to Hull University Business School

Oil price varies more than iron price 

in the dataset.
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Clustering

Comparison of predicted clusters with the labels

(effective or ineffective).

Plotted along the first two principal 

components: PC1 and PC2.

Effective drug 

combinations.

Ineffective drug 

combinations.

Data projected onto and clustered along the 

first principal component (PC1).
Silhouette Coefficient > 0.82.

Inhibiting CHK1, p53, and p73 together is 

a winning (or shrinking) strategy.



Connections to Hull University Business School

Yadegaridehkordi, Elaheh, et al. "Customers segmentation in eco-friendly hotels using multi-

criteria and machine learning techniques." Technology in Society 65 (2021): 101528.
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Surrogate modelling

Tabular dataset:

➢ 5000 rows/examples.

➢ 5000 drug combinations.
Multilayer perceptron. Multiple linear regression.



Surrogate modelling

It took around 10 days to evaluate 5000 drug combinations 

on the most advanced GPUs.

A deep learning model could hypothetically evaluate several 

million combinations in a few hours.

Get more out of a dataset by extrapolation!



Connections to Hull University Business School

Ho, Winky KO, Bo-Sin Tang, and Siu Wai Wong. "Predicting property prices with 

machine learning algorithms." Journal of Property Research 38.1 (2021): 48-70.
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Inside an individual

Scale: One cancer cell.

Resolution: Population containing identical molecules.

Modelling framework: Differential equations.

A cell is represented by the intracellular 

concentrations of selected molecular species.

Like population-based approach 

at the tumour scale.



MYCN enigma

Oncogene.

Multiple roles in malignancy and 

maintenance of stem-like state.

Disease outcome should get worse 

monotonically as MYCN expression 

level goes up.

Huang, Miller, and William A. Weiss. "Neuroblastoma 

and MYCN." Cold Spring Harbor perspectives in 

medicine 3.10 (2013): a014415.



MYCN enigma

`This nonlinear distribution of 

disease outcome relative to MYCN 

expression in neuroblastoma

explains why MYCN expression is 

not predictive of neuroblastoma 

disease outcome by dichotomous 

division of the neuroblastoma 

cohort.’

Expectation: MYCN up, outcome 

gets worse.

Reality: MYCN up, outcome gets 

better before getting worse.

High TrkA: 

favourable

Low TrkA: 

unfavourable

High TrkA: 

favourable

Low TrkA: 

unfavourable

Tang, Xao X., et al. "The MYCN enigma: significance 

of MYCN expression in neuroblastoma." Cancer 

research 66.5 (2006): 2826-2833.



Hypothesis

MYCN is an oncogene.

MYCN also upregulates p53, a 

tumour suppressor gene.

Huang, Miller, and William A. Weiss. "Neuroblastoma 

and MYCN." Cold Spring Harbor perspectives in 

medicine 3.10 (2013): a014415.



Hypothesis

MYCN is an oncogene.

MYCN also upregulates p53, a 

tumour suppressor gene.

Disease outcome should get worse 

monotonically as p53/MYCN level 

goes down.

Huang, Miller, and William A. Weiss. "Neuroblastoma 

and MYCN." Cold Spring Harbor perspectives in 

medicine 3.10 (2013): a014415.



Molecular context

Zafar, Atif, et al. "Targeting the p53-MDM2 pathway for neuroblastoma 

therapy: Rays of hope." Cancer letters 496 (2021): 16-29.

Kung, Che-Pei, and Jason D. Weber. "It’s getting complicated—a fresh look at p53-MDM2-

ARF triangle in tumorigenesis and cancer therapy." Frontiers in cell and developmental 

biology 10 (2022): 818744.

MYCN, p53, ARF, and MDM2 form 

a gene regulatory network.



Central dogma of molecular biology

DNA (genes) mRNA (transcripts) Protein (functions)

Transcription

Rate of change of 

protein level.

Translation

Rate of change of 

mRNA level.

Four pairs of equations.

Degradation Degradation



Model structure



Model structure



Simulations

MYCN transcription rate

MYCN translation rate

p53 translation rate

p53 transcription rate

ARF transcription rate

MDM2 transcription rate

ARF transcription rate

MDM2 transcription rate

MYCN amplification on

MYCN amplification off

Six stressors

Two possibilities. 3^8=6561 possibilities. 2^6=64 possibilities.

High, medium, and low.

On or off.



Simulations

Exploration of parametric space. 

Almost one million points there.



Simulations

Each parametric combination, ran a 

simulation, classified the outcome 

based on p53/MYCN (protein levels)

and MYCN amplification status.

Hypothesis: Disease outcome should 

get worse monotonically as p53/MYCN 

(protein levels) goes down.



Valentijn, Linda J., et al. "Functional 

MYCN signature predicts outcome of 

neuroblastoma irrespective of MYCN 

amplification." Proceedings of the 

National Academy of Sciences 109.47 

(2012): 19190-19195.

Simulation results

High TrkA: 

favourable

Low TrkA: 

unfavourable

Tang, Xao X., et al. "The MYCN enigma: significance of MYCN 

expression in neuroblastoma." Cancer research 66.5 (2006): 2826-2833.

High TrkA: 

favourable

Low TrkA: 

unfavourable

Interpreted through the lens of the hypothesis, simulation 

results agree with clinical data (MYCN enigma).

Hypothesis can explain 

the MYCN enigma!



Simulation results

Four baskets of parametric combinations.

Used Apriori algorithm to find patterns (association rules) 

in each basket.

High p53/MYCN 

(good)

Low p53/MYCN 

(bad)

MYCN amplified 134,495 cases 285,409 cases

MYCN not amplified 317,699 cases 102,205 cases



Simulation results

Four baskets of parametric combinations.

Used Apriori algorithm to find patterns (association rules) 

in each basket.

High p53/MYCN 

(good)

Low p53/MYCN 

(bad)

MYCN amplified 134,495 cases 285,409 cases

MYCN not amplified 317,699 cases 102,205 cases



Simulation results

In a bad case (poor clinical outcome), one and only one 

of p53’s transcription and translation rates is high.

Conjecture: p53 transcription and translation depend on a 

common limiting species controlled by p53 (positively) 

and MYCN (negatively).

High p53/MYCN 

(good)

Low p53/MYCN 

(bad)

MYCN amplified 134,495 cases 285,409 cases

MYCN not amplified 317,699 cases 102,205 cases



Connections to Hull University Business School

Chaipornkaew, Piyanuch, and Thepparit Banditwattanawong. "A recommendation 

model based on user behaviors on commercial websites using TF-IDF, KMeans, 

and Apriori algorithms." International Conference on Computing and Information 

Technology. Cham: Springer International Publishing, 2021.



1. Neuroblastoma.

2. Multiscale problem.

3. Tumour scale.

4. Tissue scale.

5. Cellular scale.

Lecture outline



Summary

● Cancer research requires a systemic approach.

● Different scales require different modelling frameworks.

● Mathematical modelling, scientific computing, and 

machine learning synergise.

● DAIM and Hull University Business School can learn from 

each other.

● Let’s apply for grants together.
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