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Executive Summary
The evoNano project involves the development of an evolvable cancer simulator (eCS), used for testing and optimising
nanoparticle (NP) design with application to drug delivery systems (DDS). This deliverable describes recent steps taken
to achieve this, including:
1.
2.
3.
4.
5.

Development of tumour model to include vasculature.
Integration of tumour model with NP and tissue model.
Parallelisation of NP and tissue model to allow for greater throughput of NP design exploration.
Implementation of evolutionary algorithms (EA) on NP and tissue model for optimising NP design parameters.
Development of novelty search algorithms to improve optimisation.

LEGAL NOTICE
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1 DESCRIPTION OF TASK
1.1 INTRODUCTION
EVO-NANO is a multidisciplinary project that will create an entirely novel NP design platform for new cancer
treatments, capable of autonomously evolving both innovative and adaptive solutions. The proposed platform has the
potential to be at the forefront of cancer nanomedicine by enabling much faster development and assessment of new
cancer treatments, than is done today. The project will generate concrete tools for the predictive design of
nanomedicines that could be applied in other clinical fields.
The EVO-NANO project proposes to design, test, and apply an evolvable cancer simulator (eCS) for generation
of novel anti-cancer strategies using nanoparticle-based treatments. Previous reports (WP1) have outlined the
development of the eCS, outlining how agent-based modelling is used for simulation of the growth of a tumour while
stochastic simulations are implemented across complex 3D geometries, which are given as output from the tumour
growth model. The combination of both of these simulations (tumour-scale and the scale of NP and Cells) describes a
multi-scale modelling approach which allows anti-cancer strategies to be evaluated on their ability to restrict the
growth of a tumour.
Using the eCS, we are running in silico experiments to evolve anti-cancer strategies for several fundamental
scenarios. Here, we outline these scenarios and further demonstrate the extension of the eCS to include vasculature
network and cancer stem cells (CSC). We give details of their considerations in both the model of tumour growth and
model of NP-cell interactions.
The report will comprise of a description of experimental simulation settings (Task 2.1), the results of in silico
experiments (Task 2.2) and analysis and scoring of evolved strategies (Task 2.3).
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1.2 OUTLINE OF TASKS
The report will comprise description of experimental settings (Task 2.1), the results from in silico experiments (Task
2.2) and analysis and scoring of evolved strategies (Task 2.3). The report will also provide specifications and criteria for
evaluating and scoring of evolved strategies.
Task 2.1 Development & update of experimental settings (UNSPF, M06 – M33). Experiments will simulate the travel of
NPs through the bloodstream, extravasation, accumulation around tumour tissue, transfer through it and endocytosis.
Scenarios will be for both active and passive targeting and will entail detailed model of spatio-temporal dynamics of
the NP collective using discrete computational fluid dynamics methods (e.g. lattice-gas automata, Lattice Boltzmann
methods or Brownian dynamics), hierarchical compartmentalized models (e.g. membrane computing) for
extravasation and cell penetration and long-term dynamics of the whole system. In the first year, strategies will be
created and evaluated against data obtained from literature. Next, we will use the results obtained from in vitro and
in vivo testing to refine simulation parameters, to create new or refine existing mathematical representations, and to
update description of scenarios. For each scenario-related parameter (Section 1.3.1) we will create a protocol with
defined evaluation criteria based on [18].
Task 2.2 Running massive in silico experiments (AAU, M10 – M33). AAU (lead partner) will run tests, while UWE
BRISTOL will coordinate preparation of tests and data management of results.
Task 2.3 Analysis of evolved anti-cancer strategies (UNIVBRIS, M10 – M33). Little knowledge exists on exact rules to
optimize collective dynamics of NP and key global bio-chemical properties driving its efficacy. These open questions
will be addressed by analysis of interaction of the NP with their local environment, and their resulting collective
dynamics in different tumours. To measure performance of evolved strategies we will use the KPI (Sect. 1.3.8)
obtained by in vitro/in vivo experiments and weighted point system with following parameters: deviation of projected
in silico from real in vitro/in vivo effects; efficacy evaluated by in vitro/in vivo testing; difficulty of synthesis. Obtained
performance results will be used to construct improved designs, implement (T.1.2) and subject them to new rounds of
system analysis. This iterative approach enables continuous optimization and inclusion of new findings within the
EVO-NANO platform. Specifications of best-scored strategies will be delivered to PCS for synthesis (T.3.2). First
specifications will be delivered at M11 so we can start with experimental validations early on. Roles for Tasks 2.1 and
2.3: UNSPF (lead partner for T.2.1), UNIVBRIS (lead partner for T.2.3) and UWE BRISTOL will jointly design, refine and
analyse evolutionary experiments with the input of PCS (chemical criteria), VHIR and IMDEA NANO (biomedical
criteria).

All software is documented and uploaded to a public repository at address https://gitlab.abo.fi/evo-nano. Data is
uploaded to https://zenodo.org/communities/evonano/ .
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2 Description of work and main achievements
2.1 Description of Experimental Settings

2.1.1 Introduction
The use of nanoparticles as drug-delivery vectors or diagnostic tools requires that the engineered particles navigate
from point of entry into the body to their prescribed biological target.
For intravenously injected nanoparticles, several direct factors influence accumulation at the tumour including the NP
design (size, charge, functionalization, etc), the dosage of NPs, and amount of time dosage is applied. Alongside this,
the structure of the vasculature around the tumour will alter the accumulation of NPs. For example, NPs may benefit
from the leaky nature of angiogenic blood vessels in certain types of tumours [1].
Upon arriving at the tumour, NPs can be designed to carry drugs that are lethal to specific sub-populations of cancer
cells, i.e. cancer stem cells (CSCs) and non-CSCs. Cancer stem cells are cells which share commonalities with other
stem cells such as the ability to undergo asymmetric differentiation, self-renewal, and resistance to anti-cancer
therapies. Specific cancer stem cells have been identified in a number of cancers, including brain, breast, head and
neck, pancreas, lung, prostate, colon, and sarcoma [2].
Mathematical models have demonstrated the possibility that CSCs may be a new route for understanding general
principles of tumour growth as well as a design target for future NP-based therapies. For example, an in silico
investigation into the possibility of specifically targeting CSC shows that, if a hierarchical model is assumed, then
improved efficacy can be gained by focusing on selectively killing or diminishing the division of CSCs [3].
The EVO-NANO project is optimising NP-design, considering both the accumulation of NPs at the tumour site (due to
various vascular transport properties) as well as NPs designed for sub-population specific lethality.
To this end we have designed a common in silico pipeline, shown in Figure 1.1, that allows for the automatic discovery
of NP designs suitable for a variety of tumour scenarios. Below, we outline the experimental settings for the eCS for
both vascular and CSC strategies.
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Figure 1.1: Schematic showing the evoNano pipeline. Clinical challenges are used to motivate realistic scenarios
modelled using multi-scale in silico models. These models are implemented using parallel computing and optimised
via machine learning methods such as evolutionary algorithms (EAs). The output from the in silico models provides
design principles for the synthesis of NPs, such as size or number of binding receptors, which are validated by a
combination of in vitro and in vivo experiments. Output from the in vitro/vivo validation is used to both improve in
silico models and ultimately lead to translational medicine.

2.1.2 Methodology
Tumour Model
As described in Deliverable 1.2 (Sections 2.3 and 2.4) we have modified source code of PhysiCell [4] in order to include
Cancer Stem Cells (CSC) and vasculature agents. To include CSC, in addition to adding a new class of agents we also
modified behavior of cancer cells (CC) so they can transform into CSC during cell division (all programming details are
given in Deliverables 1.1 and 1.2).
For introducing vasculature agents we defined new classes Point and Capillary (for details see Section 2.4 in
Deliverable 1.2). To perform simulation experiments we also defined .xml setting file with the following parameters:
<load_capillary type="int" units="dimensionless">0</load_capillary>: To initiate development of new vasculature
network.
<capillary_file_name type="string" units="none">capillary_low.txt</capillary_file_name>: To name the file where
vasculature network will be stored.
<vascularity_cell_amount type="int" units="dimensionless">1000</vascularity_cell_amount>: To define total
number of vasculature agents.
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<vascularity_number_of_capillary type="int" units="dimensionless">20</vascularity_number_of_capillary>: To define
number of vasculature branches.
<vascularity_start_position_x type="int"nits="dimensionless">0</vascularity_start_position_x>: To define starting
point of vasculature network across x axis.
<vascularity_start_position_y type="int" units="dimensionless">0</vascularity_start_position_y>: To define starting
point of vasculature network across y axis.
<vascularity_start_position_z type="int" units="dimensionless">0</vascularity_start_position_z>: To define starting
point of vasculature network across z axis.

NP and Tissue Model
As described in Deliverable 1.2 (Section 2.5.1), the model of NP interaction at the tissue scale can be performed in
either well-mixed compartments or with spatial considerations using STEPS framework [5]. We have developed the
integration of the tissue model with the tumour model (Section 2.5.3) to also include vascular cells. Integration with
the tumour model is performed as follows (note, the centered cell is randomly chosen from the list of all cells
matching centered cell type):
1.
2.
3.

4.
5.

Choice of time point, centered cell type, and stopping condition is pre-chosen.
Output from tumour model at the specific time point is loaded.
Spherical domain is extended from centered cell until
a. cell type: Second cell matching stopping cell type is found
b. radius: Domain radius is matched.
Each cell coordinate, cell type, and cell radius is saved and used to create a mesh file (.msh).
This mesh file is then converted into spatial mesh filetype (.xml) for use with NP and Tissue simulator
(STEPS [5]).

In order to match simulation output with realistic NP scenarios, we use data from both PCS and VHIR to motivate
parameter ranges for extravasation and NP-Cell interactions. We consider NPs containing the drug Zileuton which
have been demonstrated to have an increased efficacy against CSCs.
eCS vascular strategies: The molecular mass (M) of Zileuton, given by PCS, is 702.96 g/mol and the concentration (E)
of Zileuton is taken to be 0.075 μM, to match VHIR data. The injected dose (ID) is *1.5, 5, 15+mg/kg and the percentage
of injected dose that reaches the tumour site (PID) is 9% for up to 48 hours and 7% for more than 48 hours, as
measured by VHIR for mouse models.
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Parameter

Description

Value

Units

N

Cell dimension

10

μm

W

Animal weight

0.02

kg

ID

Injected dose

[1.5, 5, 15]

PID

Percentage of injected dose at tumour

[ 9% (T<48), 7% (T>48)]

-

E

Zileuton Molecules/NP

10000

-

PCC

IC90 of Zileuton NPs for CSC

1000

μM

PCSC

IC90 of Zileuton NPs for CC

500

μM

M

Molar mass of Zileuton

0.70296

kg/M

VT

Tumour volume

100

mm

L

Penetration depth

[100, 200, 400]

μm

T

Time at PID

24,48,72

hr

TC

Circulation time

24

hr

(100 to 1000)

nM

NP0

mg/kg

Number of NPs that arrive at vascular exit points

NPCC

60
Number of NPs required to kill CC
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-

3

NPCSC

30

-

Number of NPs required to kill CSC

Table 1.1: Relevant parameter values for NP and Tissue model

For the simulations of NP-cell interactions within well-mixed compartments, we consider tumour volumes (V T) of
3

100mm and optimum penetration depth (L) of *100, 200, 400+μm. These parameter ranges are informed by
experiment data from VHIR mouse models. Alternatively for spatial simulations of NP-cell interactions, we calculate
the tumour volume from output of the tumour model (see section 2.1.2) with the same optimum penetration depth
as above. The number of NPs that arrive at vascular exit points (VCs) is calculated using,

and where NA is the Avogadro constant.
eCS CSC strategies: We note that there has been no observed difference in binding to CSCs or CC. Instead, we focus
on the number of NPs required to kill specific cell types. Using VHIR data, we find that the IC50 for CSC and CC varies
depending on the initial concentration of Zileuton. Assuming approximately 10,000 molecules of Zileuton per MP, we
calculate the number of NPs needed to kill specific cell types using,
.

Parallelisation

To parallelize the NP and Tissue model, we have created a partitioning list to distribute the tetrahedrons and triangles
specific to each mesh to an MPI process. The partitioning includes the information related to all reactions in each
hosted tetrahedron as well as a list of updated dependencies, which is a list of reactions and diffusions that require an
update when a single reaction is chosen and applied. We also stored a set of hosted diffusion, i.e. if a molecule stated
is affected by a reaction outside its own tetrahedron, that information is also added to the species list of
dependencies. At this step, we followed a simple linear partitioning of the mesh. We then used a dedicated STEPS
parallel solver rather than the SSA serial solver. Such a solver runs most of the STEPS simulations independently
without network communication. The only place that the communication takes place is to transfer the information
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between neighboring processes. Such a design can take advantage of the full computational power of the available
system.
The parallelized STEPS model can be run on a machine with several cores. However, the current release of STEPS is not
designed for being implemented on a cluster. Therefore, at this stage of the project we ran all our simulations on a I99900K based machine (8 physical cores clocked at 3.6GHz).

Automatic optimisation
In an earlier deliverable (D.1.2, section 2.1), we opted for using the number of remaining cancer cells in a PhysiCell
scenario for the objective function of an evolutionary algorithm. Moreover, the design points were defined as 6dimensional vectors, containing 6 possible design parameters that are used as inputs for the simulator of cancer
treatment. Having in mind future implementations of the eCS, the evolving/optimization algorithms have been
designed to manipulate dynamic vectors of individuals, thus allowing them to be applied to problems with varying
amounts of parameters to be optimized.
Simple genetic algorithms (GAs) were utilized to optimize a 6-dimensional design vector of parameters for the
abstracted model of DDS in a tumour. These results are used as a benchmark to test the efficiency of some state-ofthe-art evolving algorithms. As described in an earlier deliverable (D.1.2), one approach that was studied is surrogate
models, which are popular for this kind of problem. We also used a hybrid fitness function with novelty search as an
alternative.
Building on the experience gained and the results obtained this far, the following alternatives have been tested on the
abstracted model of DDS in a tumour. Firstly, the investigation of Differential Evolution (DE) was considered,
motivated by the high efficiency of all variations of this technique in real-valued problems. DE has gained popularity
over other well-established EAs as, though it follows similar algorithmic steps, it is able to surpass them in terms of
efficiency [7]. There have been several proposals on how to enhance its performance [8, 9] and these alternative
algorithmic approaches, building on the initial methodology, have been tested in both real problems, as well as
numerical benchmark problems [10, 11].
As described in a previous deliverable (D.1.2), a viable alternative was considered to be novelty search. The motivation
behind the concept of novelty search is the disadvantage of overlooking areas in the search space that can contain
stepping stones leading to higher performance, when the only guidance is provided by the objective function.
Consequently, novelty search [12] suggests that the individuals need to be evaluated based on their behavioural
dissimilarity with the previously evaluated individuals and not only their fitness. In this way, the evolution manages to
escape the deception residing in greedy search methods. The original proposal of novelty search implies a total
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ignorance of the objective function, whereas putting evolutionary pressure on discovering a new individual, in terms
of behaviour [13].

2.2 Results of In Silico Experiments

2.2.1 Introduction
The first implementation of the in silico pipeline has been implemented and we discuss results from various steps
below. The in silico pipeline allows us to simulate the growth of a tumour, including vascular network, CSCs, CC, and
hypoxic core. We utilise ABM for the tumour growth model, (using PhysiCell framework [4]) in order to account for
heterogeneity within the tumour such as different cell populations (CSC, CC) as well as the vasculature network. The
tumour model is used to generate scenarios for NP-diffusion within a subsection of tissue containing 10-100 cells,
used by the NP and tissue model.
The NP and tissue model is a stochastic model of NP-cell interactions (using STEPS framework [5]) to account for the
-8

-5

difference in scale between NPs (order of 10 m) and cells (order of 10 m). This has been integrated with tumour
model so that various scenarios can be chosen including those containing a mix of VCs, CSCs, CC or all three. For
further information about methodology, see section 2.1.2.
The in silico framework is currently being parallelised and optimised so that massive multi-core simulations can be run
and optimised. Details of results from in silico experiments is discussed below.

2.2.2 Results
Tumour Model
We have run several scenarios to simulate tumour growth in the tumour model (modified PhysiCell). Each simulation
has started with a single CC and the tumour was grown until it reaches the size of approximately 500.000 cancer cell.
The size of the 3D simulation space was 2000x2000x2000 microns. To test the influence of vasculature on tumour
dynamics we ran the following vasculature scenarios:
●
●
●

5.000 vasculature agents with 100 branches (computation time needed: 81 hours, 15 minutes);
25.000 vasculature agents with 500 branches (computation time needed: 67 hours, 8 minutes);
50.000 vasculature agents with 1000 branches (computation time needed: 53 hours, 58 minutes).

Vasculature networks were created at the beginning of each simulation run and tumour cells grew around the
network of vasculature agents.
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5

2

Starting oxygen level is set at 38 mmHg (= 5% O2) while oxygen diffusion coefficient is 10 µm /min . For each scenario,
oxygen secretion rate was kept constant for all vasculature agents (=10). Other parameters are:
● O2 hypoxic threshold (the oxygen value (in mmHg) below which hypoxic signaling starts): 15 mmHg, or about
2% oxygen.
● O2 hypoxic response (the oxygen value (in mmHg) below which hypoxic responses are observed: 8 mmHg.
● O2 hypoxic saturation (the oxygen value (in mmHg) below which hypoxic responses are at a maximum): 4
mmHg.
● O2 proliferation saturation (the oxygen value (in mmHg) above which the proliferation rate is maximized, so
no further oxygenation benefits the cell): 160 mmHg, or 21%.
● O2 proliferation threshold (the oxygen value (in mmHg) below which the proliferation ceases): 5 mmHg.
● O2 necrosis threshold (the oxygen value at which necrosis starts): 5 mmHg.
The influence of the vasculature on tumour growth is most obviously manifested through the number of dead cancer
cells and formation of necrotic core (Fig 2.1). The final output can then be used to create meshed files for investigation
of NP-cell interactions, as described in Section 2.1.2.

Figure 2.1 Cross-sections (z=0) of tumours grown with vasculatures of different sizes. Number of vasculature agents is
a) 1%; b) 5% and c) 10% of the total number of cells. Green are tumour cells, orange are necrotic cells, red are
vasculature agents.
Ratio of vasculature agents to
total number of agents [%]

Ratio of CSC to total
number of cells [%]

Ratio of dead CC to total
number of cells [%]

Ratio of dead CSC to total
number of cells [%]

1

0.96

13.72

0.16
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5

0.97

9.25

0.11

10

0.97

8.2

0.09

Table 2.1: Results from running tumour model including vascular network and CSCs

NP and Tissue Model
Using output from the tumour growth model, we were able to generate scenarios for NP transport from vasculature
points into a tumour with populations of both CC and CSC. We have generated a total of 50 scenarios which cover a
range of spatial configurations of cells, distributions of cell types, and number of cells. We have selected 3 example
scenarios for future demonstration of the eCS, see Table 2.2.

Total Number of VC

Total Number of CC

Total Number of CSC

Scenario 1

2

20

0

Scenario 2

0

12

2

Scenario 3

2

49

1

Table 2.2: Scenarios for investigation with NP and Tissue model

In Figure 2.2, we demonstrate the effect of NPs extravasating from two vessel points. The free NPs are shown in pink
in Fig2.3.a. and NPs binding to the cells are shown in green. In Figure 2.3, CSCs are shown in purple. As there are no
vessel points, NPs are released from single point within the domain. Finally in Figure 2.4, CSCs are shown in blue and
CCs are shown in green. NPs are released from vessel points (VC), shown as diffusing (yellow) and binding to the cells
(blue). No NPs are able to access the CSC at the centre of the domain.
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Note that for all simulations, NPs are only released at the first time point due to computational requirements.
Similarly, due to the large number of tetrahedrons and reactions, it is not yet been possible to run serially
implemented simulations. The parallelisation of the NP and tissue model is discussed below.

(a)
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(b)
Figure 2.2: Scenario 1, including 2 VCs (not shown), 20 CCs (yellow), and no CSC. NPs are shown in pink and blue.
Showing (a) initial timestep and (b) after 24 hours.

(a)
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(b)
Figure 2.3: Scenario 2, including no VCs, 12 CCs (yellow) and 2s CSC (purple). NPs are shown diffusing (white) and
binding to cancer cells (pink). Showing (a) location near to CSC and (b), far from CSC.

(a)
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(b)
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(c)
Figure 2.4: Scenario 3 including 2 VCs (not shown), 49 CCs (green), 1 CSC (blue). NPs are shown diffusing from the VC
(yellow) and binding to CC (blue). No NPs are able to reach the CSC at the centre of the simulation. Showing (a) initial
distribution of NPs, (b) distribution of NPs at 12 hours and (c) distribution of NPs after 48 hours.

Parallelisation
We obtained mixed results on the parallelized version of the STEPS model. For very small examples the runtime
increases which is to be expected. In these examples, the actual simulation time is marginal to the time spent in the
parallel solver to manage the partitioning and the communication between the partitions. However, the simulation of
the larger examples, in some scenarios, show a considerable improvement with a speedup ratio of 3.2. This is not valid
for the examples with the maximum number of cells, i.e. 50. As demonstrated in Figure 2.5, the simulation slows
down in these cases. A comparison between simulation runtime on four cores vs 6 cores, however, indicates an
improvement when the number of cores increases. This can be due to two factors: (1) the simple linear partitioning
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for these complex examples does not suffice and we need to use more sophisticated partitioning, and (2) parallel
solver is very involved and for complicated cases more computational power is needed.

2

Figure 2.5: Simulation runtime for Diffusion= 1e-09 cm /s, kD= 1 nM: Six core vs single core.

Automatic optimisation

See Section 2.3 and Appendix 7.1.

2.2.3 Main Achievements
1.

Tumour growth model is extended to include vasculature.

2.

Tissue model
a. Tissue model is combined with realistic parameters found using experiment data from PCS and VHIR.
b. Tissue model is integrated with output from tumour growth model.

3.

Evolution is run on simple (well mixed) tissue model.

4.

Development of differential evolution (DE) and novelty search algorithms for automatic optimisation.

5.

Initial parallelisation of tissue model is completed.

Page | 21

2.3 Analysing and Scoring of Evolved Strategies

2.3.1 Introduction
In order to improve NP design, we have run two sets of simulations (50 populations with 10 steps) for two realistic NP
and tissue scenarios. Details of both scenarios are given below. Evolutionary algorithms (EAs) utilise work described in
Deliverable D1.2.
Furthermore, we are continuing to research and develop improved algorithms and routines for optimisation, exploring
methods such as differential evolution (DE) and novelty search methods. The development of these algorithms is first
tested on an abstracted scenario utilising the PhysiCell model of tumour growth, as described in D1.2. Future work will
apply these methods to the NP and tissue model for motivating NP synthesis by PCS and subsequent validation.

2.3.2 Methodology
Automatic Optimisation on in silico pipeline
The automatic optimisation algorithms developed and described in D1.2 have been applied to the in silico pipeline
described in Section 2.1 and 2.2. Specifically, we apply the EAs to the NP and tissue model in order to search for
optimal NP designs. Currently, running scenarios that include spatial considerations requires parallel computation
(single run of scenario 1 (22 cells) takes 1664 seconds and single run of scenario 3 (52 cells) takes 1492 seconds,
running on 2.7GHz Intel Core CPU). Instead, we focus on optimisation of the well mixed which does not require
solution over a spatial mesh.
We consider two separate scenarios to demonstrate implementation of EA on the in silico pipeline:
1.

2.

Optimisation of NP with a chamber of 20 cells assumed to be of one type (CCs) with same parameters
explored in previous deliverable (D1.2, section 2.5.1) and validated against previously published work [16].
Here, we demonstrate that the evolved solution matches the expected optimum parameter choice.
Optimisation of NPs within a chamber of 20 cells, half CSC and half CC, with different thresholds for required
NPs that would kill cell type as given by Table 2.1.

We implement both optimisation routines with a population of 10, over 5 steps, resulting in 50 simulations.
Parameter ranges are chosen to be realistic NP designs for partners PCS and VHIR, namely:
●
●

diffusion coefficient (D) = 5e-14 to 1e-13 (representing NPs that vary in range between 5 to 50 nm).
dissociation constant (K) = 1e2 to 1e4 (matching the range considered in [17]).
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●
●

total treatment time (T) = 24 to 72 (matching realistic clinical treatment times)
number of NPs arriving at the vascular point (NP0) = 100 to 1000 nM (matching realistic values of
extravasation as measured using VHIR data).

We discuss the results of applying the optimisation routines to in silico pipeline in Section 2.3.3.

Development of Evolution Algorithms Applied
A basic DE algorithm, namely “DE/rand/1” was used to optimize the same abstracted model of DDS as considered in
the earlier deliverable (D.1.2). This abstracted model is used to motivate and test current algorithm performance for
later implementation on the in silico model described here. We note that the DDS does not take into account relative
scale between cells and NPs and assumes similar sizes. As such, it is used as an overall benchmark for performance
rather than realistic generation of NP design. Details of recent algorithm development is described below.
The suggested approach proved to be more efficient than a standard GA, which was not able to escape local minima
after a predefined number of generations. The key attribute of DE that enables it to outperform standard evolutionary
algorithms (EAs) is the fact that it keeps the diversity of the population high, throughout all the evolved generations.
Implementing novelty search is achieved by changing in any evolutionary algorithm the calculation of the fitness of
the individuals from an objective function into a novelty measure. The aforementioned novelty measure is not defined
as straightforward as the objective function and must not be mistaken as the distance in the search space between
individuals. A common novelty measure is the sparseness that is defined as the average distance of a design point
from its k-nearest neighbours:

∑
where ρ is the sparseness measure, k is the number of nearest neighbours considered, μi is the i-th nearest neighbour
design point, x is the design point and dist is the function returning the distance of the two points in the behaviour
space. Consequently, the individuals that are located far away from clusters of others are assigned with higher
sparseness values and, thus, are considered more novel. (For more information please refer to deliverable D.1.2 or
[16].)

2.3.3 Results
Automatic Optimisation on in silico pipeline
Running automatic optimisation using EAs on the tissue and NP model allowed for successful optimisation of NP
design. Final average values of NP design for both scenarios were:
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●
●
●
●

Diffusion Coefficient: 3.2e-14 (Scenario 1), 6.13e-14 (Scenario 2)
Dissociation Factor: 1490 (Scenario 1), 2205 (Scenario 2)
Total NP extravasated from VC: 910nM (Scenario 1), 895nM
Time: 71 Hrs (Scenario 1), 54 Hrs (Scenario 2)

Results from all 5 generations, averaged across population is shown in Fig. 2.7.

Figure 2.6: Results from scenario 1 (blue, diffusion of NPs into single type of CCs) and scenario 2 (orange, diffusion of
NPs into mixed population of CCs and CSCs).

Results from Evolution Algorithms Using Novelty Search
The optimization of the design of targeted DDS on a cancer tumor, simulated by PhysiCell, was studied by utilizing
“DE/rand/1” approach. The DE approach was compared with a standard generic GA with the same computation
budget, namely 1000 evaluations. The results derived from the comparison runs of both approaches equipped with
the same initial population unveiled that DE is a more robust algorithm to reach a better solution within the same
amount of generations. On top of that, DE enables the further exploration of the search space as it maintains a high
diversity of the individuals in the final population.
The results from the optimization with a hybrid fitness function, incorporating a novelty measure, do not provide an
increasing efficiency. Despite the fact that different weights for the novelty measure were tested, in order to decrease
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its contribution to the hybrid fitness function, no clear trend was observed in the outputs of the algorithm. Thus, a
possible future work aspect involving novelty measure could be the utilization of this method in a fundamentally
different aspect than evaluating the individuals (i.e. it can be used as a method to inject diversity in the population
when the evolution becomes stagnated).
All details are included in Append 7.1 and these EAs will be applied to in silico model in future work.

3 Deviations from the workplan
No deviation from workplan.

4 Performance of the partners
UNSPF performed work on development of tumour model to include vasculature. UNIVBRIS performed work on NP
and tissue model, as well as integration with tumour model and optimisation. UWE BRISTOL developed all automatic
optimisation routines. AAU conducted parallelisation of NP and Tissue model.

5 Conclusions
We have demonstrated the implementation of a multi-scale optimisation pipeline, capable of simulation of tumour
growth with detailed inclusion of tumour specific features (such as CSCs and irregular vascular network) up to 500,000
cancer cells. Output from sections of this tumour are then integrated within a NP and tissue model for specific
simulation of the consequences of NP based drug delivery systems. We demonstrate the early prototype of NP and
tissue simulations on three realistic scenarios (including a mix of VCs, CSCs, and CCs) as well as implementation of an
optimisation routine on a theoretical well-mixed version (which does not consider some of the spatial effects).
The ability to explore the entire design space and consider complex NP interactions will require parallelisation of
simulations and we describe recent developments in achieving this. We also describe advances in design and
implementation of novel automatic optimisation routines, allowing for a more effective exploration of the NP design
space.
In total, this describes the successful implementation of an evolvable cancer simulator (eCS) which can now be utilised
for novel NP design, to be validated by in vitro and in vivo experiments.

Future Work
Tumour Model
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1. Investigation into influence of NP DDS on Tumour model. Current work considers only the growth of the
tumour from initial subset of cells up to some final time point. Future work will integrate the influence of
NP treatment into growth of the tumour for predictions on the successfulness of potential treatments.
NP and Tissue Model
3. Implementation of DE, and Novelty Search on NP design in Tissue model. We have shown an
implementation of EA on the tissue model. Future work will fully explore and benchmark the success of
various other EAs.
4. Investigation of other theoretical models accounting for collective behaviour. We have assumed a model
of reactions as described previously in [17]. Future work will consider altering the theoretical model of
reactions to see if novel collective interactions can be designed for under certain conditions.
5. Addition of fluid dynamics with diffusion to Tissue model. In order to further understand the influence of
the vascular network on NP flow, fluid dynamics will be included in the tissue model to increase NP
design specificity.

Automatic optimisation
6. Implementation of DE, and Novelty Search on NP design in Tissue model. We have demonstrated new
and novel EAs such as DE and Novelty Search on an abstracted model using the PhysiCell framework. In
order to generate realistic NP designs, we will next implement these on the Tissue model.
7. Investigation into EA on Tumour model. Once NP design is characterised within a relevant parameter
space, we will consider how treatment affects tumour growth and optimal treatment strategies.
Parallelisation
8. Running parallelized STEPS model on the cluster. The next release of STEPS, to be published by midOctober, is promised to be optimised for the cluster run. In case, such a change is not implemented by
then, we will take the initiative to optimize it for the usage in the cluster.
9. Partitioning the larger, more complex meshes using METIS. METIS is a set of serial programs for
partitioning graphs and partitioning finite element meshes. METIS partitions are consistently better than
those produced by other widely used algorithms.
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10. Running different independent simulations in parallel. At the moment, a set of independent
simulations are run sequentially. On a cluster of machines, we can take advantage of all available
resources by running each simulation in parallel within one single node. And have a number of
simulations mapped on a large number of nodes. This will overall greatly improve the total testing
runtime.
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7 Appendix
7.1 Results from EA on PhysiCell Abstracted Model
A general optimization problem is defined as:

Minimize f(x), subject to constraints
where x is the design point (or individual) that can be represented as a vector of values corresponding to different
design parameters. The elements in this n-dimensional vector are changed in order to minimize the objective function
f (or maximize it depending on the definition of the problem).
Optimization algorithms are utilized to incrementally enhance (evolve) the design of a system studied, mathematically
formulated in what is known as the objective function. Generally, these algorithms run until no further improvement
is observed or when the budget in computational cost or time has been reached. The final output (the optimized
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design) is analysed by experts in the field to confirm its suitability on the real application. The optimization algorithms
can result in suboptimal or unfeasible designs if there are defects in the definition of the system, the definition of the
problem or the proposed algorithms.
One category of optimization algorithms depend on the knowledge or the ability to calculate the derivative of the
objective function. However, this is not the case for the majority of algorithms used for optimization of real world
problems. For these kind of problems, population-based methods are preferred, which are equipped with a group of
search point or individuals. Utilizing a great amount of individuals that are scattered around the search space will
enable an algorithm to alleviate the danger of fast convergence to a local optimum. These individuals can share
information with each other about their positioning and, as a result, their collective effectiveness is greater than the
individual one (based on the concept of Swarm Intelligence). The majority of the population-based methods are
equipped with a stochastic methodology and it is fairly trivial to parallelize them.
The search space that accommodates all the appropriate design parameters, should be strictly defined, in order to
include the parameters that are feasible for manufacturing the system. Moreover, the search space should be
sampled in an unbiased way. The population-based methods start with defining an initial population, which has to be
evenly spread over the search space. As a result, there is a higher probability of locating individuals close to the
regions of local optima and avoid overlooking areas that may contain good solutions.
The ability to easily extract attributes of the population, such as the distance of its members and their directions,
through the aforementioned methodology, is what makes DE so powerful. This characteristic is defined as selfreferential mutation [12]. Given the aforementioned advantages of DE compared with other EAs, it was chosen to
investigate the optimization of a targeted drug delivery system (DDS) on a cancer tumour, when simulated with
PhysiCell [13].
The problem to be optimized here was defined as the design of worker agents in PhysiCell simulator that will result in
lower number of remaining cancer cells. Each possible solution is mapped in a 6-dimensional space where the
parameters studied and their boundaries are: the attached worker migration bias [0,1], the unattached worker
migration bias [0,1], worker relative adhesion [0,10], worker relative repulsion [0,10], worker motility persistence time
(min) [0,10] and the cargo release O 2 threshold (mmHg) [0,20]. Each possible solution is evaluated after extracting the
average value of the remaining cancer cells of 5 runs, due to the stochastic nature of the simulator. Each run executes
7 days of evolving an initial 200 micron radius tumor and 3 days of applying the treatment. For comparison reasons, a
generic GA was applied to optimize the aforementioned problem. The parameters of the GA were chosen as
population size P=20, tournament size T=2 for selection and replacement operations, uniform crossover with
probability X=80% and per allele mutation rate of μ=20% with random step size of s=*−5,5+%.
The “DE/rand/1” strategy was implemented and tested for the optimization of a targeted DDS on a cancer tumour, by
simulating this procedure with PhysiCell. The parameters of the DE algorithm were chosen as population size P=20,
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scaling factor F=0.5 and crossover rate CR=0.9. Note that these parameters are not fine-tuned to enhance the
performance of the algorithm, but are most commonly used throughout the literature. The rest of the parameters
used to define the simulation of the tumour environment by PhysiCell were retained unchanged.
Three comparison tests were run, each using the same initial population for the GA and DE optimization. The results
of the average fitness (remaining cancer cells after 10 days of simulation) of all individuals of the population
throughout the generations are depicted in Figs. A1.1 - 1.3(a). Furthermore, the fitness of the best individual for both
GA and DE throughout the generations was illustrated in Figs. A1.1 - A1.3(b). In Fig. A1.1(a) it is apparent that both
approaches force the population to converge towards a lower fitness. However, in Fig. A1.1(b) the fact that DE
outperforms the GA in finding better solutions from the first few generations is shown. Moreover, the GA seems to be
stuck from the sixth generation in a local minimum.
In Fig. A1.2(a) the GA approach seems to converge the average fitness of the population of solutions towards a lower
fitness faster than the DE. Also, in Fig. A1.2(b) the DE approach is outperformed by GA for the first six generations. On
the contrary, the GA is again stuck in a local optimum, while the DE is continuously evolving towards better solutions
and manages to find a better one at the sixth generation.
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Figure A1.1: Average and best fitness of the populations evolved with GA and DE in the first comparison run
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Figure A1.2: Average and best fitness of the populations evolved with GA and DE in the second comparison run.
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Figure A1.3: Average and best fitness of the populations evolved with GA and DE in the third comparison run.
Finally, the results from the third comparison run are presented in Fig. A1.3. As in the previous runs, it can be claimed
that DE outperforms the GA. Specifically, in Fig. 1.3(b) the DE approach reaches a fittest individual than GA at the very
first generations. Furthermore, whereas the DE seems to be stuck in a local minimum from the third generation and
the GA reaches a solution quite similar to this one, on the last generation the DE manages to escape its minimum and
provide an ever better solution.
To further elucidate why DE is more efficient, the scatter plots of the parameters investigated during the evolution of
DE in the first comparison run are outlined in Fig. 1.4. It is visible that the individuals produced with the DE approach
cover the search space better than the ones produced during the evolution by GA (illustrated in Fig. 1.5). This is
attributed to the fact that DE is designed to tackle models defined in real-values search spaces, whereas GA is not. As
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a result, the GA is heavily limited by the randomly produced initial population, a disadvantage that is alleviated by the
DE methodology. From the scatter plots of the parameters tested within DE that are more evenly distributed
throughout the search space, the only obvious trend is with the parameter cargo release O2 threshold, where a clear
funnel is emerging.
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Figure A1.4: Scatter plot of all individuals tested during the DE approach for the first run. The red X mark denotes the
best individual found.
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Figure A1.5: Scatter plot of all individuals tested during the GA approach for the first run. The red X mark denotes the
best individual found.

The parameters of the best solution at the end of the evolution process on the first run for both methods are depicted
in Table A1.1. Moreover, the results of the Gaussian process (GP) surrogate model that were described in the previous
deliverable (D.1.2) are presented. Comparing the values of these parameters, it is apparent that a global minimum on
the fitness function is provided for a value of cargo release O2 threshold parameter close to 11. The same conclusion
was extracted previously [13, 16], and seems to be the reason for the lower efficiency of the solution provided by
simple GA (where the parameter is close to 8). Moreover, the resulting worker relative adhesion parameters seem to
be in agreement for all three evolution methods, whereas the attached worker migration bias parameter is almost the
same for DE and GP. However, their impact on the behaviour of the worker agents of PhysiCell can not be distinctly
realised.
The same problem was used, however, to accelerate the computations and alleviate the effect of the stochastic
nature of the simulator on the results, a single tumour was used for testing every possible individual in the search
space. (For more details please refer to deliverable D.1.2, Section 2.2.3)
Here (as in deliverable D.1.2) the fitness function was altered to incorporate the novelty measure. It is suggested that
novelty search can be implemented in hybrid fitness functions, using both novelty measure and the objective [a9].
Using that as a motivation, we designated a hybrid fitness function as in the following:

where rcc is the remaining number of cancer cells after the 3 days of the cancer treatment and sparseness the average
distance of the new individual's behaviour from the 5 nearest neighbors in the behaviour space (as defined in the
previous equation). Moreover, rccthr and sthr are parameters used to normalize the values of the remaining number of
cancer cells and sparseness value. To further study the efficiency of this method, in addition to the results presented
in a previous deliverable (D.1.2) with parameters rccthr=1400 and sthr=200, different weights in the hybrid equation
were used and the results are presented in the following figures.
attached
worker
migration
bias

unattached
worker
migration bias

worker
relative
adhesion

worker
relative
repulsion
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worker
motility
persistence
time (min)

cargo
release O2
threshold
(mmHg)

GA

0.652

0.698

6.399

8.24

4.997

8.391

DE

0.25

0.894

6.462

4.882

7.227

10.464

GP (D.1.2)

0.29

0.55

6.24

1.13

9.26

10.94

Table A1.1. Parameters of the final solution provided by different evolution methods.

Figure A1.6: Results from evolution of population with hybrid fitness function and parameters rccthr=1400 and
sthr=300.
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Figure A1.7: Results from evolution of population with hybrid fitness function and parameters rccthr=1400 and
sthr=450.
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