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Abstract

Dynamic real-world biological systems are quite difficult to study because it requires us to un-

derstand the interactions within, without being able to isolate them. This hidden complexity

means, when designing representative models, problems often arise in appropriate representation,

abstraction and applicable comparison with real-world phenomena.

The way distinct systems evolve over time by interaction between population members and

their environment can generate emergent patterns of behaviour, here we observed it indirectly

via visualisation of movement. This work centres on improving our understanding of real-world

complex dynamic spatial biological systems, looking at two example populations: Cancer cells

and G-protein-coupled receptors (GPCRs), for support of biological exploration and hypothesis

development.

A framework was developed to take sets of population tracks and digitise them in a unifying

representation for observation that could also be used to design representative models. Repre-

sentative visual patterns were found and replicated: strand-like movement patterns from Cancer

cells and movement hot-zones in GPCR and G protein sets. We isolated and visualised move-

ment choices in relation to position and time. Artificial neural nets (ANN) were also applied to

image classification; generating similarity measures between model and biological systems. Pop-

ulations could also be split with ANNs on individual track morphology to assess specific pattern

subsets. We successfully developed and applied our framework by applying generalised analysis

and modeling tools to gain insight into our chosen biological systems.
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1 Introduction

1.1 Background

Observing, interpreting and understanding real-world disease is a long and complex, yet nec-

essary, challenge to ultimately change disease outcomes. Here we use a modelling approach to

enable observation, facilitate interpretation and improve our understanding.

The way distinct biological systems evolve over time by interaction between population mem-

bers and their environment can generate emergent patterns of behaviour. We aim to improve

our understanding of real-world complex dynamic biological systems with a framework level

modelling approach, looking at two example populations: cancer cells and G protein-coupled

receptors (GPCRs).

Cancer, our first system is one of the leading causes of death worldwide, its effects are wide

reaching, as such it is an area where increased knowledge can be very impactful. With the num-

ber of new cases per year projected to rise from 14 million in 2012 to over 22 million by 2030,

the impact of both mortality and extended treatment are significant [1]. Improving methods for

better treatment, early diagnosis, prevention and monitoring via investigation, are an important

focus for research. Developing our understanding of cancer as a system of interactive cells in

motion, could provide invaluable insights to move closer to these goals.

As a broad and heterogeneous disease, there are many approaches to investigating cancer, even

in understanding cell motility. Existing studies cover a wide variety of topics often relating to

metastasis, from invasion by individuals [2] or groups [3], modifying their environment [4] or

being driven by it [5] to behave in an invasive manner. However, it is difficult to find work

addressing general localised motion within a permissive environment; at this scale movement of
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1 Introduction

populations is usually studied as a mechanism of movement around a larger tumour structure.In

this work, we focus on an individualistic approach to understanding cell population movement

and interaction, with their environment and other population members. A better understanding

of what drives the behaviour of unaffected cancer cells could provide useful insight for the pre-

diction of environmental change or treatment response.

The second system is of a very different scale and nature: G protein-coupled receptors (GPCR),

a large and diverse group of cell surface receptors. To communicate extracellular behavioural

changes, receptors interact with proteins in the plasma membrane and react when, for exam-

ple, co-localizing to send signals into a cell. GPCRs enable cells to sense and then react to a

wide range of environmental changes, also facilitating communication [6, 7, 8]. Therefore, we

can study GPCR behaviour over time to further understand how a cell identifies, controls and

apprehends its environment.

More detailed observation of GPCR and G protein movement and interactions have been made

possible by imaging improvement in recent years. However, while extensive work has been done

to understand and characterise the system, many questions still remain [9]. Our development

of representative models and visualisation will help to further characterize interactions such as

cytoskeletal confinement [10, 9].

In this work we develop a framework and use it to digitize real-world data and then define

representative models for both systems. The framework enables an analysis with a focus upon

movement and pattern based meta data extraction, observation and interpretation, for knowl-

edge development.
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1.2 Biological systems

1.2.1 Biological systems and modelling

Our work can be described as the process of translating a real-world biological system into

observations which lead to the definition of representative models, thus enabling analysis. Fur-

thermore, it allows us to test in silico the effect of a variety of perturbations to the system such

as different environmental effects or varying population distribution. We aim to define a novel

scientific approach to problem solving and experimental understanding via the study of systems,

implementation of change, and observation of subsequent effects. Ordinarily, we can extract

some information directly from real-world or in vitro observation. Here we attempt to more

indirectly observe systems, movement visualisation and pattern identification improves possible

analysis, identifying new patterns of behaviour. Biological systems can be complex with large

sets of interdependent interactions leading to emergent behaviours and effects, making accurate

observation difficult. Further, many effects arise as a combination of causes, obscuring the im-

portance of individual features or appearing random [11, 12, 13]. In defining a system, we need

to assemble our available knowledge into a form that can further improve information extraction

and interpretation [14, 15, 16]. Over time, we can combine observations into hypotheses for the

causal understanding of these systems, a conceptual model.

Conceptual modelling is the process of defining a system, a tool for analysis and a step to-

wards understanding it [17, 18, 19]. There are at least as many ways to analyse and interpret

biological data as there are data types or systems [20, 11]. A conceptual model can help us assess

and test assumptions about a biological system. Specificity and definition force logical causality

to be assessed, interpreting interaction by incrementally testing our assumptions. We attempt

to describe a system as the interaction of many parameters with varying importance. When

referring to a motile population, each entity interacts with each other and their environment to

drive movement choices often by definition. Other processes such as behavioural change, death

or replication can also occur. Here, we are analysing the way populations of individual entities

move and interact over time. We will need to define interacting parameters for population mem-

bers, motility, time and environmental effects.

Testing our conceptual model allows us to observe the referential logical integrity of interaction,

such tests help us explain real-world causes and effects and better understand a system [21, 22].
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Further, to observe the subsequent effects, we can introduce factors such as environmental ex-

tremes that may be difficult to create in real-world or in vitro experiments. This exploration is

often a valuable step towards further model improvement and knowledge development. An ac-

curate and predictive model can help direct attempts to engineer systems, ultimately exercising

some level of control for positive real-world change [23, 24, 25, 26].

For example, a predictive model of cancer cell movement might indicate that such cells can’t

move as freely if physically blocked within their environment. We can hypothesise that increasing

environmental density would stop motility and subsequent deleterious effects, and then simulate

the scenario with the model to quantify the effects. If the effect of the tested intervention is suc-

cessful, experiments can then be performed, eventually it may lead to a new treatment. However,

often and in this case, real-world systems are not as simple as we may like. Our conceptual model

lacks a representation of the way such treatment would affect normal healthy bodily function;

ultimately such real-world experiments may not only fail but also be unethical and have a high

human or animal cost. A model can be a powerful way of utilising what we know, but always

with the understanding that there remains much that we don’t know.

So, to entirely represent all possible scenarios and reactions within a system, our model needs

to be constructed with fully representative knowledge. If we seek to understand a system with

models, this may look like a cyclical or infinite regress problem: we need representative knowledge

to correctly model, and a model to develop our knowledge. We therefore need to differentiate

between explanation and prediction, drivers of model definition and operation. We can use mod-

els to test, illustrate and explain our hypothesis or predict real-world outcomes for situation

modification. There is some overlap between each purpose but the accuracy of representation

and therefore required knowledge needs to be tuned to each use case. Every model is limited,

computationally or physically [27, 28]. Limitation often refers to the scope of included param-

eters; models are only effective in their specialised scope, ‘all models are wrong, but some are

useful’ -George Box [29]. For conceptual modelling, scope, accuracy and complexity are often

limited by the human ability to maintain an understanding of multiple interacting parameters.

We need a tool to formalize, define, assess, validate and test the interactions of complex sys-

tems [30, 31, 32, 33].
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1.2.2 The cancer cell system

We have described cancer as an important area for research, improving methods of treatment,

early diagnosis, prevention and monitoring. Therefore, improving understanding via modelling

is particularly valuable. Further, occurring in a wide range of places in the body as well as

tissue types, cancer is a complex and difficult subject for effective modelling because of its

multi-scale heterogeneity. Cancer can differ greatly from patient to patient and at all scales,

there are a great many differentiated and diverse forms. As such, when observing cell level

cancerous micro-environments, we need to remain aware of subsequent population heterogene-

ity [34, 35, 36, 37, 38]. This breadth of possible behaviours necessitates a generalizable approach

that can be applied in a flexible way. In the most general terms cancerous tumours emerge from

malfunctions in the process of cell replacement and the resultant life cycle of an affected cell [39].

As replication continues these cells are influenced by, and change, their local micro-environment,

an important two-way interaction. If the cancer establishes and spreads, changes over time can

become detrimental on a larger body-wide scale leading to a variety of negative symptoms, even-

tually becoming fatal. We sought to integrate and detail an alternative in silico approach to the

digitisation, interpretation and exploitation of data gathered from cancerous cell observation.

Cell movement can be indicative of a wide range of underlying causes and interactions, popu-

lation or environmentally driven. Because of this two-way interaction it is important to consider

the micro-environment as a complex heterogeneous group of cancerous and non-cancerous cells,

but also as a spatially complex set of geographical co-localizations and localities. The relation-

ship can also be co-operative with interaction between non-malignant cells supporting tumour

growth [40]. Micro-environmental interactions of cancerous and non-cancerous cells often drive

growth rates and morphology [41, 42]. For example, cancerous tumours often form necrotic

cores due to nutrient competition and eventual hypoxia, eventually tumours can address this via

development of angiogenesis [43, 44]. Response to nutrient starvation can be observed to cause

movement, chemotaxis driven by nutrient gradients within the micro-environment, the process

also functions as a form of immune evasion similar to that of suppression [45, 46].

To analyse cancer cell population interaction and movement within our model framework we

need real-world or in vitro observed data for tracking. We were given access to non-small lung

cancer cell videos of which 5 were of sufficient length and population density to produce inter-
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esting positional data sets post tracking [47]. The first four were 12 second 84-time increment

data sets and the fifth longer 54 second video processed into 181-time increments with attendant

tracks. Previously, work had been performed to track and analyse the cell movement but without

modelling as a next step [48]. We therefore benefit from initial applicable pattern information

to inform and direct investigation, cell movement had been observed to follow paths. Cells were

re-tracked to ensure uniform application and input as a real data source, digitised videos became

maps of movement, turn preferences and population growth over time for identification of rep-

resentative patterns.

1.2.3 The G protein Coupled Receptor system

We can improve our understanding of fundamental cell processes, pharmacological targets, and

drug performance by developing and testing models of GPCR interaction and behaviour. Thus

far, obtaining and analysing tracks with new observation techniques has revealed deep GPCR

domain complexity [6]. Therefore, application of further multidisciplinary approaches to analysis

and observation should drive progress in the field. Important new insights might be gained by

introducing new combined approaches to data visualisation, modelling and analysis. Regard-

ing pharmacological improvement, GPCRs often influence and translate the biological effects of

hormones and neurotransmitters, in doing so they represent reasonable targets. While a large

portion of currently marketed drugs target GPCR (30-35%) [49, 50] only a fraction of targetable

GPCRs are exploited [6]. We could further define targets, interaction, co-localisation and be-

haviour of GPCRs still not entirely understood by observing changes in local behaviour and

diffusion [51, 7].

GPCRs enable cells to sense and then react to a wide range of environmental changes, also

facilitating communication [6, 7, 8]. Receptors in the cell membrane can co-localize and then

interact with G proteins; membrane associated protein molecules involved in signal transducing.

A signal is transmitted to the interior of a cell, the exact scenario for interaction being am-

biguous and the subject of other research [51, 52, 53]. Therefore, to better explain the process

’the 2A-adrenergic receptor (2A-AR), a prototypical family-A GPCR that couples strongly with

the inhibitory G protein (Gi)’ was chosen [52, 54]; by observing a typical GPCR, the general

behaviour of other GPCRS can also be understood. Movement was recorded and extrapolated
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via tracking to generate paired sets of receptors and proteins that we can digitise and model.

The available populations were previously classified into behavioural states based upon dif-

fusion properties in the cell membrane for both receptors and G proteins: four groups ranging

from virtually immobile to fast diffusing. State change to more immobile patterns was particu-

larly prevalent, it was suggested that the slower states were caused by compartmental trapping;

semi permissive boundaries retaining entities much like a net. Protein and GPCR co-localization

lasted around a second. Under ordinary conditions, proteins and lipids within the cell membrane

have been observed to undergo hop-diffusion, jumping between membrane compartments within

which they are trapped [6, 55, 56, 57]. A ’fence and picket’ model of the plasma membrane sug-

gests that it is sub divided by actin-based skeleton ’fences’ and trans membrane protein ’pickets’.

The model was used to explain compartmentalization of nanodomains and barriers affecting free

diffusion [56, 58]. Such a model might enhance co-localisation and in turn biochemical reactions

such as protein receptor binding by confinement of GPCRs within these spaces [59, 6].

1.3 Computational modelling

Conceptual models can be improved iteratively by placing them within a computer interpretable

ruleset, such as programmatic logic [60, 21, 22, 61]. We formalise and enable automatic logical

testing by taking a step from conceptual model to computer model, empowering our process of

system analysis. Further, tools applicable to several systems/models can be created by using a

generalizable approach and common metrics such as population movement. We propose to fur-

ther understand biological data with computer vision, natural computation and pattern-based

comparison of population movement for novel new insight [62, 63, 64].

Computer modelling in general aims to implement relationships and interactions that represent

an environment at different points in time in silico [44, 30, 65, 16]. Once a basic implementation

of a model is completed, it can be manipulated, extended and operated to explore hypotheses

and observe the emergence of complex phenomena that might be otherwise inaccessible. As with

our conceptual models, the central hypothesis is that if a model is built using known mechanisms,

by adding a theoretical effector and being judged valid, via comparison to existing real-world
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or in vitro data, it supports the existence of that theory, or a similar one [66]. The availability

of computational power continues to improve year on year; therefore, model complexity can im-

prove with it. The implementation of additional effects such as entity to entity interaction and

environmental phenomena, along with more powerful automated data extraction tools, becomes

increasingly relevant. A formalised computational environment enables our models to become

more complex and informative with representative validation, through step-wise improvements.

We assume that the biological systems we want to study consist of interacting populations;

these interactions translate to behavioural change and can be observed in movement patterns.

When attempting to understand a system or environment we therefore try to develop a theory of

causal interaction and create a representative model that can be operated and examined further.

We can then expand our understanding with simulations run to support parts of the causal con-

ceptual hypothesis and drive a cycle of improved understanding. However, system complexity

can lead to difficulties in parameter management at greater scales [67, 68]. Unmanageable con-

ceptualisation, as a model becomes more complex it becomes easier to misinterpret or overlook

mistakes.

The transfer to computational model formalisation within an in-silico approach can help com-

partmentalise a problem into a series of more manageable sub problems in the form of narrow

focus models. Converting a conceptual model to a more formalised version forces conversion

through a mathematical or programmatic interpretation layer. Therefore, fundamental issues

and conversion difficulties leading to oddities in development and output can highlight logical

incompatibility. Any single model is likely to have issues, being able to rapidly alter scope via

input parameters would be advantageous for initial and ongoing investigation. Developing a

framework of model generating tools may take more time initially but allows us the flexibility

to rapidly explore the systems we seek to understand. Further, by focusing upon population

movement we can be flexible about the target system as well.
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1.3.1 Modelling background

The applicability of an approach is often simply defined as whether they can represent a sys-

tem. However, ease of application and conceptualisation are important concepts, if we cannot

understand the model definition, observing and extracting representative information becomes

very difficult. Any model is made more complex with the addition of more parameters and in-

teractions. Our approach to understanding cancer cell and GPCR and G protein movement has

an emphasis on spatial relationships over time. Models with multi-dimensional movement in free

space can become parametrically complex very quickly. A more programmatic definition should

therefore be appropriate to breaking down each target pattern into manageable representative

model definitions.

We must carefully define parameters and their relationships throughout design and applica-

tion from the ground up. Model definition is usually driven by variable issues such as problem

space, representation specificity, available data, individual expertise and exercise objective or

output [12, 13, 69]. In defining an environment, relationships and interactions between entities

and environment need to be strong and specific enough to represent their real-world counter-

parts and generate comparable patterns. Often seemingly less impactful, variables can still have

important indirect effects. Model definition dictates applicability, usefulness, validity and even

overall viability. Models, vision and comparison approaches all rely upon proper problem and

variable definition to generate good results in reasonable time. Definition also needs to be gen-

eralised, conceptually and computationally to be understandable and widely applicable.

Differing approaches

Computer modelling is a term that can apply to many of a large and varied field of approaches,

each with their own strengths and weaknesses, methods of definition and levels of abstraction.

Mathematical models employ a wide range of approaches and sub methods. Fundamentally,

many computational models are still based on mathematics, often a programmatic level of ab-

straction with a mixed rule set. For example, ordinary differential equations (ODE) can be used

to define the relationship between a variable and its derivative [70, 14]. Nutrient availability and

tumour size over time might be tied to represent the relationship between nutrition and prolifer-

ation rate. Such an oversimplification then requires additional rules and associated parameters,
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such as maximum number of cell can divisions in a time span or a spatial component dictating

if there is space to expand into. A model may therefore consist of many different competing

equations, non mutually exclusive and therefore inter-dependant. Developing a definition and

understanding in purely mathematical terms can quickly become conceptually difficult. Purely

mathematical models can be encapsulated within the definition of computer models, but a more

abstract logic driven, or mixed approach can also be used.

Procedural instruction based sequential languages have classically been closer to machine code

and benefit from compute speed. Object oriented languages tend to benefit from a baseline

compartmentalised approach, everything being an object that acts upon another object. While

selection is often driven by user familiarity, problem scale and the abundance of relevant available

and applicable libraries is also important. We aim to be able to develop models at multiple levels

of complexity in a flexible manner, an object-oriented language offers a fundamentally bottom

up approach to hyperparameter compartmentalization.

Model definition

Due to so many, and often conflicting, requirements, it is useful to again remember that ”all

models are wrong, but some are useful” [29]. Some common objectives can compete without

being mutually exclusive, quantitative versus qualitative analysis for example.

Given that it can be difficult to properly define model parameters for representation of real-

world phenomena, the identification of target behaviours can require extensive initial investiga-

tion alone. Therefore, we need to take an ongoing iterative development approach, with suc-

cessive rule/parameter addition as part of identifying appropriate model construction. We can

start with a simplest case model and add parameters, identifying hyperparameters as we test and

iterate our own conceptual hypothesis; results can also be confirmed and hypotheses supported

by iteration with new models. Appropriate definition is then driven by available information.

Again, we need to place emphasis upon the construction of tools for model interpretation and

metric patterns as well.
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Pattern emergence

Behavioural emergence often observed in machine learning or modelling refers to the confluence of

interactions and circumstance resulting in indirectly defined population reaction or effect [71, 72].

We should be aware of a counter-intuitive relationship between serendipitous behavioural emer-

gence and selection of appropriate parameters: we have already stated that a significant num-

ber of parameters and dependant interactions is often necessary and causes model complexity.

However, counter-intuitively, model breadth can have the opposite effect and reduce cases of

behavioural emergence. Higher complexity without appropriate definition reduces the power of

each interaction, what may have occurred quickly with a few well-placed interactions becomes

difficult to create. There are many possible reasons such as missed time sequences, appropriate

definition should therefore seek to allow for nuanced variance and more generalised implementa-

tion where needed.

By remaining flexible and selecting a paradigm that allows access to a wide range of represen-

tative parameters we can iteratively address risk through appropriate conceptual selection.

1.3.2 Appropriate conceptual selection

When considering appropriate modelling approaches, we also need to define the conceptual use

case. We primarily aim to generate models that can explain real-world or in vitro observed pat-

terns but with the flexibility to advance and generate useful predictions about real-world systems

if the opportunity allows. We also hope to explore alternative novel hypotheses when possible. A

flexible framework for definition and analysis allows us to aim for inclusion of multiple conceptual

uses with priority defined by our use case.

An explanative model may commonly be employed to show and clarify a specific interaction

or emergent trend. Rather than representing an entire environment it may be prudent to identify

only the expected actors and implement their representations. If this does not create output like

that observed in the compared system, part of the causal process has been missed. Similarly,

too many effectors can be applied, an explanative model might be narrowed incrementally to

identify the minimum requirements for pattern emergence.
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Explorative models might assemble representations of all known cancer cell interactions

within a micro-environment. Observation of an explorative simulation might correlate with

real-world data such as growth rates, tumour shape or mutation profiles. High correlation be-

tween real and simulated results supports the hypothesised mechanism. If we observe divergence

between real-world and an explorative model it needs to be qualified and quantified and can then

hint at missing causal relationships or actors, and therefore avenues for more in depth research.

All models have a predictive element, a simulation being the predicted result of an input rule

set. Predictive models however expect a system to be sufficiently understood to provide value

in the applicability of their results to real-world circumstances. An accurate predictive model

might be able to predict patient specific tumour progression or likely metastasis sites. Model

accuracy improves application in almost all cases but can be less important based upon the ob-

jective. However, a specific predictive models’ value is often directly dependant on its accuracy,

requiring a high degree of predictive validity. For example, surgery can be a very invasive and

dangerous intervention but is often essential to diagnosis or treatment. We may use a model to

attempt to replace a diagnosis element or inform the surgical necessity. If the model fails the

human cost is extreme, therefore, a model in this case would require accuracy and validity levels

that almost never give false positives.

1.3.3 Common issues

The identification of patterns in real-world, in vitro or model derived data is intended to repre-

sent and explain underlying system interactions. These patterns are often created by or directly

represent the bias of population members within a system. Artificial bias can be introduced

as a way of highlighting certain interactions or accidentally, accidental artificial bias leading to

misunderstood data and inaccurate assumptions. Therefore, unrecognised artificial bias poses

a significant problem at all levels of pattern comparison and validation of model representa-

tions [64, 11]. In a simplistic case, the aim of a model to represent a causal system can be

compromised by biased selection of dependency. By declaring a dependency irrelevant, an arti-

ficial bias for the remaining relationships is introduced. We need to remain aware that observed
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bias can be driven by both conscious and unconscious design decisions as well as real movement

patterns. It can become very difficult to differentiate realistic model definition and preferred

definition; favouring a model that artificially shows us what we wish to see rather than being

representative and resulting in our observed outcome.

Artificial bias can obscure comparative results and experimental validity when conveying data

patterns between different groups of people or parts of a pipeline. We need to identify salient

patterns that are also real, particularly where automation may have continued unsupervised and

introduced such issues. The real-world data acquisition step can itself introduce bias in a near

infinite number of ways, population sizes, pre-selection or even sample availability. Larger data

sets help reduce the effects of variance but collection methods themselves can introduce bias,

affecting an entire data set. Even physical phenomena like light penetration depth can create

bias issues for sensitive equipment.

Often, by the trajectory interpretation stage, artificial bias has already been introduced. There-

fore, we need to collect information where available and support it with hypotheses or similarly

reported patterns elsewhere in the literature. However, a broad and effective analysis suite can

help pattern integrity even after data acquisition. With multiple overlapping patterns it becomes

less likely that a bias is unregistered even if caused by input data. We can maintain awareness,

employ a wide range of metrics to spot artificially biased patterns and feed issues back to the

data origin group where possible.

Over and under-fitting

One of the major risks of model definition is over-fitting [73]. When developing a model to reflect

a set of real-world data, representation can become so close as to preclude the possibility of vari-

ance. An over-fitted model would be so close to the input data that it is not applicable to other

similar data sources or able to accurately make predictions. Under-fitting is the opposite cir-

cumstance, a model is under-fit if it doesn’t represent a comparable data set adequately. When

applied to reproducibility a model might be under-fit if only a single high variance operation

produces comparable results. A model is likely over-fit if every repeated output creates exactly

the same patterns despite high variance.
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Over and under-fitting can be caused by input derived bias or a lack thereof. Too strong a

bias might skew model definition and over-fit it to our input set, without a bias we may find

no comparable pattern for representation. In the context of artificial bias we may even wish

to add a way of highlighting patterns for fitting or be aware of the possibility of accidentally

over representing one. Appropriate parameter and metric selection in combination with variance

parameters are also important at the definition stage to help handle this. Stochasticity helps

define variance tolerance levels when combined with repeatable operation. No single iteration

of a model should produce results identical to real runs but rather reproduce our target pattern

despite high parameter variance. These are inherent issues in modelling and should be designed

around, again, where possible we should also design to identify when it occurs. Another reason

for a wide range of metric comparative points.

Over-fitting can often be a problem of limited metric or real data availability and under-fitting

unaccounted for variables. By creating a model framework that allows for streamlined addition

of more data and comparative metrics, both issues can be addressed. Validation can then be

used via automatic comparison across many data sources with stochastic model origin providing

enough variance to highlight trends for extrapolation.

Validation

The definition of good results in reasonable time is open to interpretation. In attempting to

generate informative results we apply a requirement for validation. If not validated, compar-

isons, models and analysis are purely putative, possibly still providing value as conceptual tests,

hypothesis generation or explorative investigation but to a lesser degree. In other words, we need

to be able to show a reasonable similarity of patterns at several levels to those produced in the

real-world. The level of validation importance also varies between explorative, explanative and

predictive models. Since we want to be able to generate results of all three types, we need to

employ a powerful and variable validation approach.

Validation of a model can be highly complex [11, 64, 74, 75, 76]. Validation complexity comes
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from the comparison and evaluation of importance for various inexact metrics, the breadth of po-

tential factors and the difficulty of definition. The possibility of eventual impact upon real-world

data gathering or patient treatment dictates a greater need for accuracy. Equally the quality of

any insight gained in the exercise depends upon its integrity, also important in use as support

for further investigation. Proving that the model is accurate and therefore valuable as an ex-

planative, explorative or predictive tool can be eased by design decisions. Creating comparisons

between model results and real-world observations should be a focus.

Pattern Oriented Modelling (POM) combines all available data analysis angles by definition:

it takes a multi-level pattern-oriented view. We combine quantitative and qualitative measure-

ments, population size and movement metrics along with visual representations of positions over

time. POM as discussed by Grimm et al [11] describes a pattern-based approach to validation

and model construction. The central assumption being that a validation framework can be built

around a model by extracting and comparing a wide variety of data patterns from different parts

of a model. An example given in the paper refers to forest growth, taking patterns from different

levels it suggests comparison of tree top cloud level model representations, root level growth

and the results of ground level tree fall with real-world data. It is suggested that developing a

model with this in mind and validating with similar comparison should lead to more complete

and robust representation [64].

Ideally, a higher number of possible comparison points at multiple levels between model output

and real-world data improves comparison and validity. However, analysis of all possible metrics

can become resource intensive and not always informative. In the case of a singular model this

becomes a prohibitive concern for personal and computational resources. We can use a wide

range of metrics to allow for previously unforeseen correlation and analysis. While ordinarily

very costly, development overhead reduces significantly if placed within a multi model framework.

Validation is important and impactful even at the point of definition. Defining a problem that

can’t be validated can lead to changing results to fit the evaluation style and introducing artificial

bias. We can address the issue by awareness of bias introduction and maintained flexibility to

address concerns by using multiple levels of pattern comparison.
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Model validation can also serve as a backstop measure for identifying and controlling artificial

bias. If real-world and model output don’t align we may initially assume the model needs ad-

justment, however if the problem persists then bias may have been introduced accidentally by

design decisions. It is important to note that validation metrics are also a source of artificial

bias introduction. Bias due to limited possible validation patterns or the judgement selection of

’appropriate’ validation.

Definition

Any decision in the creation and implementation of a model can lead to introduction of artificial

bias. However, no model is perfect, in attempting to create a useful representation, incidental ar-

tificial bias should be expected but minimised when possible and reasonable. Essentially, we can

re-shape the discussion around the idea of patterns. We want patterns that are representative

and mean something that can be useful in understanding the real-world. The more patterns we

have the more we can compare and understand, we can increase pattern availability via analysis

tools or model scope.

A lack of direct singular purpose in a more holistic explorative model can mitigate some effect

of the bias introduced by preferred outcomes: we introduce parameters and observe results with-

out a purpose beyond that observation, but it is not a panacea [77, 78]. In some cases, artificial

bias should even be purposefully introduced: safety critical predictive models may introduce an

artificial bias to ensure that if a model is unsure of outcome it will always predict negatively to

protect the system from failure. If we accept that some bias will always be present, examining

each part of the process for inherent bias can become a scalable issue. By developing tools to

address it quickly and effectively we can use shared libraries to offset some of the resource cost

by repeated and automatic application.
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1.3.4 Modelling approaches

The field of available computational modelling techniques is extremely diverse; each unique prob-

lem has a unique optimal search solution or approach. However, practically, approaches tend to

fall into categories and groups with problem specific changes. We can narrow our selection by

focusing mainly on approaches to spatial representation and individual entity definition, pop-

ulation wide movement problems. The plurality and breadth of possible approaches can make

comparison of results difficult. To compare results with other similar studies we often need to

apply similar output approaches or at least be aware of the effects of our design choices. Each

approach also tends to employ different levels of representative specificity, for example we could

treat a cell as an individual or a sub system with thousands of internal relationships. We want to

be able to encapsulate all the important interactions in our chosen system but the more complex

and broad a definition we choose the greater the cost in computational overhead, development

time and implicit conceptual compatibility.

Since approach diversity juxtaposes with the definition of loosely defined central archetypes,

few models stick rigorously to any single definition. There is also the option of hybridisation,

integrating design choices from multiple approaches to best effect, mediating computational

overhead, conceptualisation and accurate representation. It is however important to note that

different model approaches can represent the same phenomena with differing approximations.

Cellular Automata (CA) tend to use a grid based lattice where each grid space is an entity and

interaction is derived from overarching rules and adjacency interaction. Agent Based Models

(ABM) tend to have free movement and entities behave according to internal individual logic.

So, for example, a CA usually has lower computational overhead but difficulty with individual-

istic representation making it more appropriate for larger numbers but less complex interacting

cells. An ABM can be implemented to more closely investigate the smaller scale spatial relation-

ship between individuals.

Cellular Automata (CA)

Masoudi-Nejad et al [14] define CA as characterised by a group of ‘cells’(referred to herein as

lattice sites) with a finite number of states updating simultaneously in accordance with their

local environment (Figure 1.1). Each is a product of its and the surrounding cells states at the
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Figure 1.1: [CA Image taken from previous personal work on tumour morphology]A famous fun-
damental example of a CA is Conway’s game of life, it takes an extremely simple
rule set and uses it to create a deterministic but constantly changing simulation state
from an initial pattern input [79].

previous time step in accordance with the general expression:

si(t + 1) = Φ(sj(t); j ∈ Ni) (1.1)

where si is the state of a cell at time t, Ni its neighbourhood and j the cells in that neighbour-

hood.

CA modelling generally utilises grids of lattice sites, each with a specific state and behaviours

dictated therein. For each cycle, lattice sites interact with other local sites in accordance with

their behaviours and develop in a synchronous step by step manner [80, 81, 82]. The advantages

of such an approach are both speed of development and an overall computationally low over-

head [14]. A CA can also utilise more representative grid morphology with techniques such as

Voroni tessellation [80, 83].

Agent Based Modelling (ABM)

Zhang et al [30] defines AB modelling as a ‘computational technique that simulates the (inter)

actions of autonomous individuals (‘agents’) within a complex system’(Figure 1.2). Within this

simulation each agent contains a set of rules dictating its actions and allowing it to make de-

cisions. While the ABM approach has been successfully and frequently employed at a cancer

cell level [84, 85, 31, 86], specific individualistic cancer cell movement ABM’s are still difficult to

find. To our current knowledge, there are no GPCR and G protein movement ABMs.
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Figure 1.2: Three images (left to right: high, medium and low density) showing the results of
an ABM designed to look into the effects of non uniform force application at vary
densities of blocking cells. The addition of force allows cancerous cells to push the
grey neutral cells out of the way or into blocking formations.[Adapted from previous
personal work on tumour morphology]

An ABM represents agents as entities within a free moving simulation with behaviours being

dictated by simple internal rules and their observable local environment [30, 65, 16]. The ABM

approach therefore provides both a greater granularity in spatial interactions and entity repre-

sentation. Entities can occupy infinite unique points in space within their defined boundary and

their definition is more individual.

Robotic modelling

A robotic model while not common would enable several unique opportunities and capabilities.

Rubenstein et al [87] have developed a swarm of miniature robots called ’Kilobots’(Figure 1.3).

Their goals were that such robots should be low cost and easy to program. Work done thus far by

the group has taken advantage of the 1024 kilobot swarm to investigate self-assembly and move-

ment of large swarms [88]. By modelling approximations of cancerous cellular behaviour upon

such robots’ similar swarm behaviour might be analysed. Additionally, the robotic environment

might allow easy inclusion of secondary factors that are harder to approximate in silico. For

example, infra-red light can be used to communicate with the bots, this might be used to create

light gradients approximating chemotoaxis conditions. High variance in locomotive and sensing

abilities would also represent the heterogeneity of a cancerous micro-environment. Similarly,

there is the possibility of uncontrolled secondary interactions, noise from physical environmental
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Figure 1.3: Swarm Kilobots from the work of Rubenstein et al [87] image A: Kilobot scale, B:
basic capabilities and C: a 1024 bot swarm large enough for a real-world robotic
model

conditions brings the approach one step closer to reality. Even immobilising circumstances like

robot break down might represent sudden cell malfunction and swarm reaction. The nature of

physical robotic representation would further aid in conceptualisation and allow dynamic envi-

ronmental change, reaction and control.

1.4 Interpretation and implementation

1.4.1 Computer interpretation

In order to apply a computational approach to biologically derived data, we need to translate

observed data into a computationally interpretable representation, i.e. a digitised format. Since

we are analysing population movement and interaction, our initial input is composed of videos

taken from an in vitro environment. Tracking of individual entities enables the identification and

extrapolation of data from video input to population positions over time; into computationally

understandable information [89, 62].

Many conceptual problem areas involve the interaction of large numbers of distinct individ-

uals [90, 91, 92]. Biological micro-environments are often a product of both interaction and
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environmental pressure. Over time, systems can be observed to create patterns of motion such

as group alignment [71], following [92, 93] or preferential least resistance following [42, 90, 71].

Movement patterns on both an individual and population scale can therefore be analysed as a

product of emergent circumstance. Movement patterns are often the result of adjacency commu-

nication as in flocks or schools, thus, structure can represent an overarching objective or reaction

to environmental conditions. Interestingly, population alignment can also be achieved without

thought or biological instinct, so one should be careful when describing population drivers, in

some cases it only provides information of environmental pressures [91].

1.4.2 Implementation

To enable computer interpretation we have recorded and digitised in vitro cancer cell and GPCR

and G protein movement, we have also identified computational modelling as an approach for

its representation. Comparison between digitised in vitro sets and model results is important for

validation and iterative hypothesis improvement. When comparing digitised in vitro and model

derived data: we need to identify important patterns and generate them in a uniform way that

doesn’t introduce potentially misleading information. We also aim to improve our understanding

of these systems. We maximise salient pattern identification opportunities by developing tools

that produce a wide range of metrics and data points. With more gathered information we expect

to observe more patterns, quantifiable and visual, differentiating between those that are more

and less important. However, such a broad approach comes at a cost, gathering and analysis

time increases with metric breadth. We can make such an approach practicable by automating

large parts of the process within a repeatable framework and with novel methodologies.

We apply several approaches from a field known as natural computation; algorithms are de-

rived from, or applied to, natural contexts, we draw from nature to understand it. In this case

we primarily wish to use approaches such as agent-based models[11, 94, 30]. Multi objective

optimisation such as genetic algorithms and neural nets may also be applied for pattern com-

parison at later stages [12, 95]. Modelling represents our core approach to analysis, comparison

between modelled patterns and real observations.
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There are a wide range of different applicable computer modelling techniques [96, 83, 14],

they vary in applicability and effect based upon the chosen system. There can be difficulties in

appropriate selection and application [97, 98]. In selecting any specific approach, restrictions,

assumptions and generalisations are created. We not only assume that a model can accurately

capture the interaction we wish to observe but that it is an effective way to do so.

1.4.3 Digitising and representing real data

Computers are very good at processing and communicating via numbers, but the real-world is

different. Tracking can be characterized as the transformation of visual information to a nu-

merical digitised context. Once tracked, we can then leverage the compute power to generate

quantitative statistics that might be difficult to develop by human observation [62, 74, 75, 98].

Much of the process can also be run automatically, allowing us to address questions that may

have previously been impossible or prohibitively time expensive. We also increase metric ac-

curacy substantially, assuming the input is correct. Therefore, input should be checked and

assessed for artificial input bias regularly.

As we have discussed, assumption of accurate input and representation can be problematic.

Inversely, while computers are inherently very good at handling numbers, people are unfortu-

nately not. We need to account for both computer and human understanding when we present

data to each. Computer vision can therefore also be construed as a way for computers to com-

municate data only they can currently s̈eeẗo people, in our case researchers. The inverse question

then becomes whether and how people can communicate useful information back. When devel-

oping a model, we use feedback from individual researchers to communicate and specify required

patterns where computer vision is currently lacking. A very similar process to the abstraction

of concepts to programmatic paradigms into mathematical rules when converting conceptual to

computational models.
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1.4.4 Applied Computer Vision

Here, computer vision refers to computational recognition and understanding of biological infor-

mation, such as the movement of populations of cancer cells, or GPCR and G proteins over time.

Our videos of population members moving over time are tracked to transfer useful information

from our real-world videos to a computational context. In turn we can understand the trans-

formed and processed data, derive possible comparable meta patterns and then identify useful

patterns with the intent to validate our observations and representative models.

For example, we might seek to track individual cancer cells moving across their topographical

micro-environment. Identifying each cell as they move around in a video becomes very difficult

so we take a frame by frame approach. Now, presented with consecutive images of the popula-

tion we can manually identify each member, a time consuming, but more reliable, process. To

speed the process, we may train a computer to identify and locate cells in each frame, we now

have a unique identifying number and coordinates for each frame of our data video. Given loca-

tions of cells at each time point, tracking becomes the process of linking each member’s position

across frames to create a representation of their probable movement behaviour automatically.

We generate a data set that represents how the cells travel over time, allowing us to develop

further insights such as speed, movement, and interaction trends. Our tracked data set becomes

a computationally understandable representation of the patterns observed in the real-world or

in vitro biological system.

1.4.5 Pattern analysis

In applied computer vision we can state that patterns exist as a form of meta data representation.

These patterns can be derived from information that people cannot easily recognise through other

methods. To present them, we often use tools such as graphs to show trends in numerical data.

Overlaying multiple trends via population member tracks can also generate more understandable

grids of movement patterns, representing spatial complexity over time. Meta representations are

a further communication layer allowing us to interact and understand computational interpreta-

tion of biological systems.
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1.4.6 Choice of approach

When selecting modelling paradigms, we have focused on appropriate and flexible environmental

definitions. While most approaches can be modified to implement interactions in some form, it

can be difficult to add further environmental interactions later. The application of any represen-

tation in a poorly constructed framework can cause the implementation of other interactions to

become more difficult. Many paradigms can be applied in some way to problem areas regarding

motion. Hybridisation of approaches enhances the ability to handle heterogeneity and can be de-

veloped over time [83, 99, 100, 101, 102, 31, 86]. Here we can effectively apply an ABM approach

by addressing the practicalities of development and maintaining the principle of imperfection but

usability in model definition.

While all computer models are essentially logical or mathematical, we need to separate them

on a conceptual level for comparison. Applied mathematical models such as those based upon

ordinary differential equations often have difficulty with human conceptualisation, local geomet-

ric representation and specificity; the more specific a model gets, the more complex the required

network of interdependent equations becomes. Applied mathematical rules can however be scaled

up or down for differing levels of generalisability very easily. Less computational overhead is also

required for tasks designed to help people understand the process or results. Results can be

harder to interpret but more appropriate for quantitative and large-scale validation.

A CA approach encapsulates relationships within a rigid grid but allows us to view each lattice

site as an individual. With CAs we can conceptualise or compare with a real-world observations

but are limited in interaction definition and spatial complexity. Grids are not required to be

square and approaches such as Voroni tessellation can create more cell-cell like environmental

structures [81, 82, 80]. However, CA is still essentially limited and imposes spatial interaction

definition.

An ABM approach allows more defined spatial complexity and interaction; compartmentali-

sation of entities makes infinite sub population definition more conceptually approachable [44,

103, 30, 16, 84, 85]. Also, visualisation of ABM models can often be more directly comparable

with reality without discretised positional definitions effecting extracted patterns. By bringing
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the way we view, understand, and interpret an approach closer to real-world observation, we can

spend computational resources to empower our communication with computational interpreta-

tion.

Within this context a physical robotic model represents a further step towards real-world rep-

resentation. We spend more computational overhead but gain closer comparative and model

definition tools. In this case the additional development and computational cost was greater

than the perceived benefit beyond an ABM approach.

So, mathematical models can be faster to run and develop but harder to understand conceptu-

ally and thus compare accurately with real-world results. CA is more computationally intensive

and requires greater development but is more visually and conceptually comparable. ABM then

brings visualisation and representation even closer to real-world observation. A primarily ABM

approach eases the communication of information into a computational state but also transfer

back into a form that we can interpret. Our implementation also hybridises with CA for entity

tracking and collision detection with internal entity decisions dictated by logical or more purely

mathematical rules. While we have chosen an ABM archetype few effective computational im-

plementations are so clearly defined.

1.5 Framework level design

1.5.1 A framework approach

A framework level approach with generalised holistic definition can enable representative defi-

nition and imputation. If properly defined complex relationships can be represented in a way

that prioritises important interactions with minimal computational cost. The process of finding

such strong effects is the process of identification and definition for hyperparameters. We can

also augment and automate aspects of system observation and comparison between both; an

overarching design that unifies visualisation and pattern extraction.
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Many of the common difficulties found in computational modelling pertain to model defini-

tion [13, 12]. The choice of scope might be seen as a choice to exclude less important interactions

either due to practical computational constraints or development complexity. Unfortunately,

such choices can become an issue as some patterns are impossible to replicate without the added

complexity [104, 71, 42, 105]. Ultimately, we may have a good understanding of a phenomena but

as systems become more complex, the introduction or removal of interactions can have effects

beyond our expected scope. By implementing a holistic generalised approach to the problem

area with a strong modular tool set, we can allow for both narrow and broad models within a

single overarching framework.

Both explanation and prediction of real-world phenomena and interactions requires the valida-

tion of models, supporting evidence that the patterns and interactions therein are representative

enough to be relevant [106, 97, 98]. We can test its validity by broadening comparable patterns

to identify previously obscured interactions [11, 64]. Quantifiable comparative measures are pro-

duced by our framework across all models generated and real observed data input. Unification

within a single digital structure removes most comparison barriers and enables more reliable

validation (Figure 1.4).

In digitising real data the addition of a bias that isn’t representative can be a significant is-

sue [107, 108, 109, 110]. If bias is introduced at the observation or tracking stage, consequent

models or meta data generation will not be truly representative beyond the input technique, an

unlikely subject of investigation. Artificial bias can become a significant problem at all levels of

pattern comparison. Particularly affecting the validity of a final model, biased inference can lead

to inherently compromised and unrepresentative results.

A robust framework level approach to model generation allows us to analyse a system with

models of differing scope. By centralising tool generation we can apply a wide range of pattern

analysis and extraction approaches to augment interpretation. Fundamentally, the more pat-

terns we can extract and compare, the easier it becomes to identify bias issues and important

interactions.
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A sometimes-overlooked aspect of applying computational analysis is development time. Time

spent developing the tools and libraries necessary for visualisation, interpretation and mod-

elling of data is not spent upon interpretation of results. Similarly, if initial analysis can be

accomplished quickly, we reduce time between rounds of investigation, experimental redesign

and application. Therefore, throughout we attempt to identify areas where computational and

developmental cost can be reduced with the assumption of a correlated increase in time for anal-

ysis, interpretation and experimental application. The developed framework in turn seeks to

reduce model development time while also allowing effective comparative study and overall bias

reduction with iteratively driven cyclical improvement.

Within our scope of practical concerns we can refer to both software development and model

definition, each affects the required resource allocation of a chosen approach. A framework level

design in software terms means encapsulation of many available tools in one overarching package

(Figure 1.4). The more complex a framework is, the more options are available for investigation

and definition. However, larger design scope leads to greater development time and can cause

combinatorial issues. For example, if parts of the framework are poorly separated, a new pa-

rameter in one part may need to be accounted for in another and increase computational cost

overall, even when not using those specific modules. Over time, in an expansive framework such

addition can cause significant performance reduction. The slower a framework can run the fewer

model iterations become practicable; a software level issue with an experimental consequence.

A similar incrementally increasing process can occur with error or bias introduction; it is very

important to maintain proper module separation for large projects.

Model complexity can either be limited by framework scope or dictate further expansion, if we

don’t have a tool to define entities replicating, we either need to add one or remove replication

from the model. Even with effective modular software design models with large numbers of

implemented hyperparameters will have a high computational overhead per iteration and pop-

ulation member. For that reason, one philosophy for model definition is to restrict it to the

minimum possible interactions for target phenomena to occur. Minimum interactions leading to

minimal software complexity, reducing accidental bug or bias introduction. We want to take a

more holistic approach; our models are likely to consist of many hyperparameters. Therefore,

a corresponding overarching framework is required. Proper planning, project conceptualisation

and coding practices are all practical issues that can be addressed by restrained appropriate
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problem definition.

1.5.2 Model and system interpretation

In our case both GPCR and cancer cell data can be digitised and modelled for interpretation as

groups of population members moving around an environment. We have identified that a multi

scale modelling approach would be advantageous where simple minimum representation models

informs more complex examples for pattern replication and explanation. Given that we aim to

address multiple distinct systems with a holistic generalised approach, an overarching framework

for our tool set seemed reasonable. There are also secondary considerations and capabilities

that an overarching design makes relevant and possible: handling multiple data sources, wide

scale reproducibility of model results and artificial intelligence (AI) for automation along with

introduction of more abstract validation approaches to name a few.

1.5.3 Centralised digitisation

Our framework includes tools to digitise tracking information from a variety of sources into a

singular comparable format. A digitised model run can then be treated and handled by the same

tools as a model to generate comparable metrics without the effects of differing representation

creating artificial bias. Similarly, tools can record model or real data subsets that can also be

passed to the digitisation end. Such input and output generalisation gives us a great deal of

flexibility in the way we break down and observe data, real or model generated.

1.5.4 Reproducibility and robustness

When creating a large-scale modelling and comparison framework, robustness and reproducibility

become an important factor [73]. Stochastic elements can create significant output differences in

each model run [111]. Reproducibility refers to the ability of our framework to generate models

with recognisably similar output but allowing for some level of representative stochastic elements.

Stochastic reproducibility allows identification of an introduced variable as leading to emergent

behaviour and patterns rather than as an outlying combination circumstance. In other words, it
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allows us to assess and reduce over-fitting. We want to produce patterns like those observed in

input data but not exactly and across each run with added stochasticity.

1.5.5 Representing real-world noise

Stochastic elements are also needed to represent unknowable prior environmental circumstances

or unimplemented lower level relationships and interactions. Prior to observation real-world sys-

tems often exist as the sum of far-reaching previous interactions; these interactions are often

unknown and need approximation. Stochasticity as a way of generating a base environment to

overlay effectors upon can therefore help represent the variance of real-world conditions. When

combined with reproducibility across many runs we can create a stochastic and varied basis for

introduction and observation of hyperparameter effects. We can also apply different stochastic

noise distributions beyond random such as Gaussian distribution to investigate different effects

upon parameters such as population starting position.

At most scales of life-based motion, environmental heterogeneity is a powerful and oft repeat-

ing factor [112, 113, 80, 42, 71]. Part of that is also population heterogeneity: sub population

groups and smaller individualistic variance can be identified [113, 80, 40]. Individual refinement

of model populations can quickly become inefficient with large groups of entities. Therefore,

stochastic state assignment for everything from positional preference to movement rate and di-

rectional choice is common in such representation. Again, reproducibility allows us to safely

leverage stochastic variance, identify bias and drive automated development without over or

under-fitting.

Handling stochasticity

Models with widely applied stochastic elements run the risk of conscious and unconscious bias,

selecting only the runs that look like the input data for reporting. Unfortunately, this is difficult

to remove but when required our robust tool set creates log files for all generated model runs

and results at requested time points. In a similar vein all model result files carry the randomness

seed to regenerate and observe the entire run. Nothing on a computer can be truly random, a
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randomiser generates a seemingly random sequence of outputs from a starting position based

upon obscure and unique starting conditions. A run seed represents the starting position of a

randomiser, with the seed we can identically reproduce all stochastic choices in a model run. We

attempt to assuage common risks but in a way that doesn’t add complexity to the model design

and iteration process where possible.

Results need to be reproducible and differentiated from noise. Reproducibility can allow for

rapid testing of possible over-fit and under-fit hypotheses. Automatic large-scale generation with

meta data identification across many model input parameters to identify and represent target

patterns also becomes a reasonable possibility. The scalable and reproducible application of

comparative optimisation algorithms allows limited automation of model definition, a powerful

tool for exploratory analysis.

1.5.6 Automation

Automation in the context of an overarching framework can have several meanings. In the case of

model definition, we can refer to the automation of applicable representative models, selection of

input parameters, automation of validation and iteration. Alternatively, it can mean automation

of comparison. Full automation of interpretive processes such as defining the similarity of two

sets of results can be very computationally difficult in complex environments. Often there are

complex mutually exclusive multi-objective optimisation problems and difficult quantification of

visual pattern recognition. Automation can also refer to many less impactful tools automating

things such as recording model states, reproducibility and representation output. All can be

time prohibitive in the case of small-scale model design and development but become necessary

and reasonable across larger framework level development.

The automation of comparison between model and real data assumes that we can convert

behaviour into a measure the computer can interpret. Information such as population size or

distance travelled is available after tracking. We can assess and use these numerical measures

in automatic trend fitting at different time points, quantitatively comparing simulated to real

environments. We can then use that similarity to report back to a user or inform model design
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decisions automatically. It should be noted that any unsupervised approach is vulnerable to over

and under fitting and care should be taken, to minimise fitting issues, automation can be kept

to initial investigation or made semi-supervised. However, it can be difficult to quantify visual

similarity of patterns, if we can achieve that then our fitting automation can become much more

effective. During the PhD thesis, we attempted both crowd-sourced and neural net similarity

measures, the latter was best applied and is later reported.

Neural nets

Neural nets are an example of existing artificial intelligence approach that can be utilised to ob-

tain repeatable and quantitative similarity comparisons from meta images. Either by classifying

different sub behaviours, or directly comparing overall image similarity, neural networks are a

powerful tool for extracting comparative points [114, 115]. Artificial neural nets are designed

after our understanding of biological neural nets and can be trained to similarly interpret visual

information. We give a net model generated image patterns and train it to recognise them,

classifying similarity, a trained net is then given the real-world generated images and asked for a

similarity measure. While a completely unobserved process might be daunting, some application

of these automation approaches can help us generate initially representative models. Additional

metrics also add to the layers of patterns for our overarching POM approach.

1.6 Aims

With this work, we aim to further understand complex biological systems with entity movement

over time through the development of a novel framework. We focused on identifying patterns in

cancer cell and GPCR and G protein movement. By doing so we aim to gain knowledge about the

underlying interactions that define their behavioural trends over time. We expect populations

to be partially defined by their environmental conditions, and in turn impact it. Representative

modelling and digitisation of real-world in vitro data videos within an overarching framework

will enable analysis. A pattern-oriented modelling approach will be combined with agent-based

representation to enable effective model definition at multiple levels, simple targeted and ex-

plorative holistic representations. Further, we will eventually include novel methods of model

generated and in vitro data comparison to generate greater observation depth. Our framework

31



1 Introduction

should demonstrate that it is possible to primarily inform further understanding of biological

systems, but also the process of method application within a computational modelling context.

Therefore, we can summarize our aims as follow:

1. Identify, design and develop our modelling framework for biological systems, first focusing

on cancer at a cell level with individual free movement (Chapter 2)

2. Being able to examine the spatial relationships between GPCR and G protein to understand

how their environment affects patterns of movement and behaviour (Chapter 3)

3. Improve our framework to enable the characterisation of directional trends within micro-

environmental patterns, their construction and morphology over time and apply to both

systems(Chapter 4)

4. Finally, use artificial neural networks to develop novel workflow; classifying identifiable

visual patterns for model/system comparison and filtering populations into sub sets on

track morphology (Chapter 5)
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Figure 1.4: The framework level design intends to enable input of tracked real data to a digitised
model representation informing hypothetical causal conceptual models for explanative
computational model definition. Both explanative and real-world data representative
models are processed through visualisation and metric gathering tools for comparison.
Finally comparison of both model results leads to further hypothesis development and
information generation.
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2 Cancer cell movement - Design and first

application

2.1 Introduction

Cancer is a cell level disease, however, recent work has tended to focus on a molecular level or

body wide scales. We aim here to design and develop a modelling framework for cancer at a cell

level with individual free movement.

We wish to understand cancerous cell behaviour via observation without direct intervention,

generating new knowledge of the driving processes. To understand the interactions that com-

prise such a complex biological system, we decided to focus upon movement over time, developing

representative computer models for comparison within an overarching framework. We aim to

generate insight by understanding and identifying possible causal interactions for population be-

haviour. Our hypothesis is that given in vitro biological data in the form of videos, we can extract

entity positions over time and analyse movement to identify salient patterns for comparison. We

identified a framework level approach to Agent Based Model (ABM) development with holistic

visualisation and comparison tools that would be effective.

2.1.1 Summary

Herein, after development and application of the framework, we identified strand like patterns

indicating cohesive cancer cell movement over time. Initial analysis also identified a trend of

directed movement across populations. Representative models were developed to assess the

relationship between directed movement and the strand patterns, then the possible existence of

least resistance lattice following or path forging behaviours. We found a hybrid directed forging
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movement with overlaid attractive lattice created compelling resultant movement patterns over

time.

2.1.2 The cancer system

When observing cell level cancerous micro-environments, we need to remain aware of behavioural

cancer cell heterogeneity [34, 35, 36, 37, 38]. Such breadth of possible behaviours necessitates a

generalizable approach.

Cancerous tumours emerge from malfunctions in the process of cell replacement and the re-

sultant life cycle of an affected cell [39]. As replication continues these cells are influenced by,

and change, their local micro-environment such as through localised structural degradation or

nutrient competition. Over time, changes can become detrimental on a larger scale leading to

a variety of negative symptoms and eventually becoming fatal. Heterogeneity of cancerous cells

from clonal evolution occurs across different tissue environments and cancer types [116, 117, 118].

Metastasis and cell motility play a major role in progression towards lethality or improved long-

term treatment [44, 71]. Therefore, understanding the drivers and mechanisms that develop a

cancerous micro-environment is important for successful treatment [42, 80].

Other cell level cancer ABMs still tend to focus on internal tumour arrangement, heterogeneity

and cell to cell adhesion mechanics [119]. The relative lack of recent cancer cell movement mod-

els means that we need to take an abstract approach to pattern identification and attribution.

Expected movement patterns

Identifying and developing a causal understanding the different mechanisms and theories behind

metastasis has been an important concern [120]. For example, Geiger et al [121] suggests a for-

malised multi-step ‘ metastatic cascade’. One common factor of importance among them is often

cell motility. Seen as the process of chemotaxis, cells reacting to external chemical gradients [45],

such movement can even occur on larger scales as groups [122]. Palmer et al [123] explored

existing theories and chemical relationships to suggest that understanding and subsequent mod-

ification of cancer cell motility patterns might have important therapeutic impact. Application

35



2 Cancer cell movement - Design and first application

of a motion focused framework for modelling and investigation should therefore be relevant.

Directed or random cancer cell movement with localised structural degradation can progress

to the invasion of surrounding and remote tissue, eventual metastasis [124, 92, 80]. Metastatic

sites can differ in behaviour considerably, meaning, despite being able to trace the origin or

relationships between types we still need to be able to study them separately [125, 126, 127].

This means that once a metastatic stage is reached, the heterogeneous differences dictated by

physical location and behaviour require a similarly diverse range of model representations and

eventual treatments.

Movement and cell to cell interaction within the micro-environment can lead to larger scale

behaviours and patterns such as group alignment or distribution trends discussed by Deisboeck

et al [92]. Chang et al [122] refers to interaction with stroma; a supporting framework or matrix

around cells. They suggest that since stromal stabilisation is stronger in expanding tumours

cells create larger more invasive stromalised clusters. They also found that such interactions

made collective migration more effective within noisy environments. Collective motion and in-

teraction are often observed in a similar manner in bacterial colonies [90] or other groups within

nature [92] but not exclusively. Simple spatial interactions can give rise to large scale changes.

A spatial component is therefore important in modelling cell to cell interaction. They are also

fundamentally comparable behaviours that can be approached from within a generalised model

development framework.

Heterogeneity and behaviour

Heterogeneity can be observed in both cancer cells and their surroundings. For example, in deal-

ing with brain, prostate, breast or lung the environments and applied investigative approaches

all differ greatly [128, 129, 130, 48]. Many studies incorporate and investigate the effects of

heterogeneous cell variables and environments such as growth rate, movement speed and cellular

integrity [92, 131, 80, 117, 30].

Emerging from a single cell, clonal evolution [132] means genetic traits spread amongst a cell
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population through clonal genetic retention. However, over time and with the pressures of a

hostile environment even this can lead to wide variety of different cell types, even within a sin-

gle isolated micro-environment. Differentiation leads to a varied heterogeneous landscape with

a wide variety of cell-cell interactions and behaviours. The interaction between cancerous and

immune cells can drive this evolution, even producing an effective arms race whereby tumour

cells secrete immune suppressive factors to effectively camouflage themselves [46]. It has been

suggested [71] that cancerous populations grow and behave in a similar way to organisms found

in the wider natural world, a comparison which goes from displaying swarm like behaviours [105]

to co-operative behaviour [40, 133].

2.2 Methodology:

2.2.1 The Framework

The framework design centres around two main output types; digitized and representative. Dig-

itized output type comprises of in vitro data input via positional overlay with entities and

iteration, creating a direct real-world digitised version within the framework. Then, we define

representative models as a formalisation of a hypothesised systematic interaction (Figure 2.1).

Both strands converge at the visual representation and analysis stages for comparison allowing

us to observe entity interaction; representation and analysis can be sequential or independent.

Beginning with real-world biological data as video, we track members in a population and digitize

them within the framework. Subsequent observation then allows us to then develop a hypothesis

and digitised representation. Sharing the same visualization and analytic tools eases the com-

parison and enables uniform application of metrics.

To utilize a Pattern Oriented Modelling (POM) comparative approach as well as iteratively

improve both comparison and validation, a bias reduction loop is added to the design (Figure

2.1 Yellow). Crowd sourcing and neural net learning algorithms can be used as well for compar-

ison and improve automation of the bias reduction loop. Comparing the model and digitized in

vitro meta-data allows correlations to be drawn between similarity measures and effective model

iteration (see implementation of artificial neural networks for model comparison in chapter 5).

With less complex representative models, initial definition might apply semi-supervised tools for
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Figure 2.1: in vitro data is digitized (Orange), models generated (Blue), and both compared
(Green) to inform further incremental model and hypothesis development, a bias
reduction loop (Yellow) at the comparison stage can be used to identify appropriate
metric significance.
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automatic fitting but still require oversight of a user. Trend fitting or other comparison metrics

would create a closed loop for trimming and automation. However, a fully unsupervised approach

would risk over-fitting, hence it should only represent an initial step.

In vitro data input

Population movement within a video is usually processed via step by step entity identification

where positions are assigned and then then linked into a set of tracks. A track then consists of

known positions and the time index for an entity’s movement. Tracks can be complete or partial

with gaps in time where tracking lost the target entity. Once identified, tracks then become

input for the in vitro data digitization.

After inputting track data, positional x,y co-ordinates are extrapolated to starting position,

direction and speed at each known time point to smooth over missing positions. Digitised tracks

within the framework are visualised and recorded the same way as model entities. The frame-

work does not generate any behaviours or interactions for digitised tracks and only records; any

population change or behaviours are entirely from the real-world example. For digitised in vitro

runs, decisions are made based on the input trajectory data as time increments are iterated.

Therefore, comparison of tracks and model population results within the framework allows al-

most identical data collection and visualisation, differences due to visual artefacts are minimized.

With the chosen approach, we can correct for some pre-framework tracking issues such as miss-

ing data. Other attributes such as population size can be difficult to approximate with fractured

tracks each creating a new population member. Model with digitized in vitro runs is not the

only possible comparison we can make. Multiple track files from in vitro experiments can also

be compared with uniform analysis libraries in the framework for pattern comparison.

Model design requirements

Many populations, such as cancerous cells will move around with random directional bias, unless

otherwise driven by their environment. Entities can also vary in individual size or shape and
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replication rate along with overall population size. We require the ability to replicate many of

these population traits when we represent a similar situation within a model.

A primarily Agent Based Model (ABM) approach was selected (1.4.6). However, the frame-

work is also able to generate cellular automaton models for improved performance via reduced

spatial complexity in the case of much larger population problems. In an ABM approach each

cancerous cell can be represented within a model as a distinct moving entity. Individual move-

ment leading to interactions that can produce similar comparable patterns to the real-world

biological system. Effects can be broken down to population and environmentally based vari-

ables, an entities preferred behaviour and effects of topographically local phenomena upon them.

By first attempting to approximate neutral behaviour, we create a control population that

interacts with environmental effects to generate the consequent emergent behaviours. Results

can then be observed to inform further model design. Once established a framework can be

used to address different modelling paradigms and data sources. Initial qualitative investigation

utilising in a rapid iterative model development can drive explorative development.

Generating comparable in vitro and model patterns

Given movement data our framework creates a digitised representation, from which we observe

and generate causative hypotheses. We use a hypothesis to define a representative model, com-

parison with the real-world digitisation then allows us to validate and iterate our hypothesis.

When observing movement of a given cancer cell population, we identify where and when indi-

vidual cells move, input that information to the framework and create meta data patterns that

are compared with representative models. Explorative models constitute comparable behaviour

and can act as an analysis step by identifying hyperparameters; we hypothesize strongly effecting

interactions and develop our understanding. Explanative models also test our causal assump-

tions, designing a system with our assumed rules, and observing the predicted outcome to assess

applicability.

Sharing the same visualization and analytic libraries eases the comparison between simulated
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and real-world data: a pattern observed in one should be generated by movement in the same

manner as the other. Quantitative metrics such as turn rate, position and movement distance

can also be gathered in a uniform manner and form the basis for meta movement representa-

tions. We can approximate population size by observation of active entity numbers at several

time points across a run. More complex metrics such as collision and population replication rate

are known for model runs but necessarily presumptive for in vitro digitised sets. As such we

have access to many metrics and information representations with differing levels of reliability

for integration in POM validation.

Model generation and comparison

It can be difficult to move from a concept to computational model design when selecting appro-

priate representative hyperparameters; the underlying behaviour and interactions that comprise

our model, movement types, population growth dynamics or environmental effects. Individual

behaviour and movement over time lead to interactions and relationships within a population. A

interactions rarely occur in isolation, each affecting others to create a network of other emergent

behaviours. Therefore, patterns can emerge from single or groups of parameter combinations,

sometimes the effects of small parameter changes need to be assumed and applied with others to

represent emergent co-dependant patterns. We developed a live-run tool to incrementally intro-

duce and visualise interactions within a model before progressing to more large-scale application

and automatic data generation.

Our live-run tool allows us to visualise a population, adjusting individual and environmental

parameters to observe their effects (Figure 2.2Yellow). Once an acceptable starting population

and environment rule set is decided it can be used as a solidified model definition. We then

implement this definition in a loop which will enable the computation of numerous runs without

live visualization and its attendant computational overhead. It uses defined parameter ranges

to generate multiple stochastic models from a similar state and attempt to avoid over-fitting

while retaining hyperparameter effects. Summary visualizations of movement trends and other

collected population metrics then enables greater POM validation scope.

Once hyperparameters have been provisionally identified a large-scale stochastic loop is de-
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Figure 2.2: Diagram of the iterative process through the modelling libraries for digitized and
hypothetical data. For digitized data (left, Orange), movement profiles are transposed
over representative entities for digitisation and then metric generation for comparison.
A hypothetical model (right, Yellow) is created in a live interactive run and then mass
produced to account for an allow stochastic variance. Both can then be compared
with the same analytic libraries and the model incremented.
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signed to use the same algorithms as live model manipulation but over many runs to account

for stochastic bias (Figure 2.3). To be able to repeat previous runs, we generate a ‘seed’ value

that can be used to identically generate all stochastic elements if needed. With a seed a run

producing data of interest can be moved from a large-scale set to the live visualisation suite for

more direct observation. The framework can also be used for comparison of in vitro data sets,

multiple input and digitization allowing side by side comparison.

Figure 2.3: The interaction between user and large-scale run starts with parameter definition (1),
metric generation and observation (2), metric offload and storage (3) and optional
generation of video data (4).

Comparative metric generation

To compare and analyse both in vitro data and explanative model results we need to be able

to derive a metric representation. We can use the framework to extract positions over time and

create cumulative meta data for general fields such as travel distance or more specific population

movement (Table 2.1). We then automatically display this data. Our meta data visualization

generally falls into the categories of two-dimensional movement heatmaps, directional diagrams
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Active cells

In each time phase, between two recording points, the

number of active tracks or entities. It is more reliable

than total entities over a run but not infallible, fragmented

tracks will artificially inflate population metrics.

Total distance travelled

This refers to the total distance every entity in a

population travels over a model or real data run. Less

affected by tracking issues such as fragmentation but

representative of population size and activity.

Total turns

Every time an entity changes direction the total turn

count increments. The value should be tied to population

size, variance in this relationship indicates artificial bias

or significant entity interaction.

Directional preference

The framework also records entity directional choice at

each time point. Relative to their previous heading, where

do entities turn and how often across a population.

Table 2.1: Metrics often reported across this work to identify possible representative patterns or
for sanity checks to ensure expected relationships and interactions occur.
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and auto generating graphs (Figure 2.4). Directional diagrams are segmented into eight or six-

teen equal portions, in the case of a turn diagram the width is set for each segment but side

length is relative to their occurrence rate. A segment that is longer than its neighbours is there-

fore representative of a trend in that direction. Directional diagrams can show turn preferences

relative to previous direction, cardinal points or amount of distance travelled after a selection.

Cumulative movement heatmaps (2.2.2) are constructed by recording values with a spatial

component, an environment is segmented into a grid overlay and every time an entity moves

that segment is incremented. As such, a grid overlay can be extracted, the highest value found

and a colour gradient constructed from the highest value to zero. Each grid segment is then

assigned a colour based on the range: the more movement that occurs in an area, the brighter

that area will be in relation to the rest of the grid. The top end value can also be manually

defined to ensure a colour tone refers to the same value across runs and comparison. Heatmaps

were implemented to represent movement density or population density over time, much like

photographic exposure; the longer entities are present, the greater the localised effect it has on

heatmap colour.

At the end of any run, wether in vitro or representative model, our automatically captured,

represented, and generated meta data can be encapsulated and delivered as a framework level

comparison tool set. In practical terms we create side by side number tables and visual metric

displays from tracked real-world data and comparable models. Images can be zoomed in and

out, traversed and modified for top end and gamma transforms. We output images and tables

automatically or as a file structure to be read in for future comparative tool use without a new

running cycle. Output of model data also includes the states of all variables at data gather time

points and starting seeds for full reproduction of any model.

Automation

In any investigation we need to prioritise between development time and investigation of the

resultant models. Automation requires a higher software development cost but becomes more

efficient over time and allows investigative improvement. The more problems we apply our tool

sets to the more valuable algorithms that save us time become.
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Figure 2.4: Users can select runs and individual snap shots in two side by side data views. These
windows can also show turn circles and detailed metadata tables before being of-
floaded.
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Many development pipelines require significant user input. To define a model, we have to de-

fine input parameters, ranges, stochastic effects, and apply interaction rules to recreate patterns

from our chosen biological system. In simple cases such as trying to make a population grow

at a similar rate to the observed cancer population or travel the same average distance, it can

become a time expensive case of trial and error. Simple initial fitting is required but can also be

acquired automatically.

Automated trend fitting allows us to first feed the framework in vitro data and cell positions

over time, define modifiable variables and then run automatic comparison and improvement cy-

cles. Our framework can then generate a group of models, with comparable results and similar

trends to the real-world observed population.

Automated comparison approaches have been enabled by designing the framework for large

numbers of runs and for reproducibility. For example, AI interpretation methods like neural

net classifications systems (see Chapter 5) become more effective and accurate with varied and

greater numbers of available pattern examples. Framework reproducibility enables scalable train-

ing data generation with the possibility of mixed training.

In creating a complex heterogeneous simulation environment capable of generalized model de-

velopment, the number of possible variables quickly leads to combinatorial explosion [134, 135,

104]. A complex combinatorial landscape also causes difficulties when applying crowd-sourcing

approaches: for comparison, we require a much greater number of comparisons to be made; too

wide a field with too small a group makes statistical inference more difficult [106, 136]. An op-

portunity therefore exists to address both issues with a stochastic candidate thinning solution. In

this case, an evolutionary optimization algorithm could be used [44, 13]. A very general definition

of similarity and bias towards inclusion of outliers would thin the field of possible comparison

but preserve diversity for similarity classification. A more rigorous and constrained definition of

similarity is then applied after multiple iterations of the bias reduction loop (Figure 2.1). Thus,

the process can be further automated and supported with minimal additional development time

in the future.
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Framework implementation

Development Within the running cycle of the framework, a modular approach was used to

improve process clarity and reduce additive overhead. Whenever a new environmental or pop-

ulation parameter is added to allow approximation within models it’s encapsulated within a

executable module. Modules are then loaded into model cycles; this level of separation means

there are no checks for unused variables and the encapsulation reduces unintended cross effects.

Emergent behaviour therefore is caused by the interaction of effectors and dependant variables

being forced to work through entities themselves.

The framework was developed with the Java [137] software development toolkit. As an object-

oriented language there is strong conceptual correlation with an ABM approach. Its performance

is comparable and often faster than other high-level languages such as Ruby, C++ or Python.

Hardware The framework was primarily developed and tested on local desktops with GIT

cloud support and version control. More extensive computational resources were also available

for intensive application cases and larger scale tests. CaStLeS [138] is a compute resource de-

signed to support computationally intensive Life Science research. Two virtual machines (VM)

with distinct use cases were deployed for the project. The first, a workspace, taking advantage of

substantial computational power the models produced can be of a larger scope with greater mo-

ment to moment accuracy. The second VM was designed to host a crowd-sourcing web framework

(https://ccf.bham.ac.uk) allowing greater security, staged roll-out and constant server up-time.

Working in this manner also creates ongoing backup of work and gathered data.

2.2.2 Cancer implementation

Of the available in vitro non-small lung cancer cell videos 5 were of sufficient length and popu-

lation density to produce interesting positional data sets post tracking 1. The first four were 12

second 84-time increment data sets with a fifth longer 54 second video processed into 181-time
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increments with attendant tracks. We developed an effective interpretation and analysis pipeline

via application-based development of the framework. Cells were tracked as a in vitro data source

and analysed to identify salient movement patterns. Once target patterns and movement metrics

were identified a background general behavioural model was defined. New population wide or

environmental effects were iteratively developed and added to explore the emergent behavioural

changes and cross compare with the in vitro data source to generate an explanatory hypothesis.

Materials: available data set

Figure 2.5: Left: a frame of a set of ‘2D time-lapse microscopy image sequences of PC9 non-small
lung cancer cells, incubated at 37 degrees Celsius in 5% Co2/Air in a humidified
chamber. ’ right: a resultant frequency map for the low-density cell group developed
by Credi et al [48]

In previous work by the group, sequences of microscopy images taken from non-small lung

cancer cells after staining based upon mutational profile were processed by the image processing

software Fiji [48, 62]. Extensive metrics such as transit frequency maps, repulsive force and

distribution of cell turning angles both population wide and in relation to the heterogeneous

mutational profiles were identified (Figure 2.5).

It was suggested that cell dynamics are heavily regulated by stigmergy, the indirect co-

ordination of cells via incremental modification of the environment itself. This communication

via modification of the environment was also suggested to be affected and disrupted by noise at

higher numbers of cells; as the population size increases, contradictory or uninformative data also

increases with a greater overall noise inducing effect. At lower densities, movement heatmaps
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show clear network like movement and interconnections (Figure 2.5).

With such a wide range of possible development avenues it was reasonable to begin from a

position that takes advantage of existing resources. Work focused upon modelling the given

positional data from 2D microscopy image sequences of non-small lung cancer cells, collected in

the form of videos. Several different densities of cancerous cells move and interact over various

time frames. Analysis already developed by this group focused upon community clustering and

motility within the micro-environment. Fiji was used to again track cells from the same data

videos and confirm previous positional integrity. Repeating the tracking step also established a

reproducible modelling and validation pipeline for future data sources.

Visualisation of results

Comparison across both models and in vitro observed data is made possible by digitising tra-

jectories within a framework of common analysis libraries. Lower artificial variance improves

comparison with common available generated meta data representations. We can take a POM

approach to compare meta data patterns (Figure 2.6) with augmentation via statistics such as

population size and travel distance (Figure 2.9). After digitising, cancer cell changes in turn

direction and position can be recorded to identify population wide behavioural trends; generate

patterns. Initial comparison is often with visual inspection, then a wide array of metrics is also

generated to aid trend fitting or other more quantitative approaches.

After tracking entities across a run, a movement grid containing localised transit information

over time can be used to generate a heatmap to visualize population wide movement patterns

(Figure 2.6). By default, the highest movement score on a grid is found and a uniform colour

gradient defined from 0 to this top score, black at 0 to the top-end value, white; the brighter an

area of a heatmap, the greater the relative movement over time in that area relative to the top-

end value. Gamma transformation can be added, or the top-end value manually set to a uniform

number to compress the range and minimise outliers. By setting the top value for heatmaps we

can also improve cross comparison, every shade of the gradient in one image then represents the

same value as the same shade in another, in this chapter all heatmaps are normalized to the

same top value.
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Figure 2.6: Movement over time heatmaps (2.2.2), representation of several 1-4 (A-D) short
length (12 second) tracked videos of non-small lung cancer cells after framework
representation.
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Directional visualisation

Figure 2.7: Every time a population member turns the angle relative to their current heading is
recorded. By summing these relative turn choices across a population and time we
can create directional preference diagrams relative to 0 at true north. Cancer sets
A-D and the longer set E along with a meta diagram across all sets after 84 time
increments (F) can be automatically generated.

Preferential turn directionality of group movement is not immediately clear by only quantify-

ing population metrics and observing movement heatmaps. Turn diagrams represent population

wide directional preference being generated by recording angular relativity (Table 2.4) at change

points (Figure 2.7). When making a turn, cells are measured for the new angle relative to previ-

ous direction or simulated north. Turning circle is broken down to eight evenly sized segments,

the relevant box being incremented when a new turn is registered. To show directionality relative

to cardinal observable angles within a video, absolute diagrams are used, each segment being

representative of turns in the shown direction: the larger a segment, the more turns occurred.

Relative turn diagrams represent turns relative to the forward direction of movement, so each an-

gle box represents the likelihood of directional selection relative to an entities previous direction,

north is considered forward when building the diagrams (Figure 2.7). There is also a modified

version of directional diagrams that adds the total distance travelled in each direction to allow

analysis of speed and direction combination.
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Model hyperparameters

We took a two step approach to initial cancer motion modelling based on the input data, sepa-

rating generalized population movement from environmental effects. Sub-population interaction

can be modelled by population definition, lattice paths environmental and path forging with

following behaviour as a combination of cells affecting environment to drive ongoing behaviour.

We can attempt to replicate general movement by comparing directional and distance trends

across input runs and modifying directionally weighted decision-making in models. Directional

preference variance can be set at population level as with other variables such as replication,

death, directional change rate and following for path forging implementations. Conceptually, we

implement path forging behaviour as heatmap following: the higher a movement heat, the higher

a chance that an entity will turn towards it.

Lattice path simulation was achieved by addition of a cubic curve in the space. A cubic curve

is the result of four points in two-dimensional space, relative point position determines the bend,

length, and overall shape. Our implementation determines the cubic curve and attempts to

mirror it to a given path thickness; these mirrored paths then function like variable resistance

strands. Each strand is segmented, and each segment given separate attraction or reflection

strength, cells can identify a resistance path and join or leave based on local variance.

We simulate path forging behaviour by implementing an ant path like heatmap following com-

ponent to the model. Ant pathing is known as an optimization algorithm mimicking real-world

ant’s pheromone tracking process. As ants travel, they lay a pheromone signal, the more ants

the stronger the chemical signal and the more likely other ants will follow. In principal we can

conceptualize the modelled process as a similar interaction via the movement heatmaps, when

deciding to turn entities observe their surroundings and modify their roulette weighted decision

making to favour higher movement concentrations.

Hyperparameters for our model definition primarily pertain to the inclusion of environmental

and population effects. Then, modification of parameters dictating ranges or number of included
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relevant entities give finer control and modification of a model set. In the case of cancer mod-

elling, we seek to generate a basic population size and motility behaviour, lattice paths and path

forging. Therefore, our hyperparameters should be replication, death, path inclusion and forging

behaviour inclusion. We modify and explore the effects of variables for replication and death

rate along with path number and following strength to generate representative model results.

Hyperparameters Description

Movement type

Describes the logic used for entity directional selection, roulette uses

a weighted system selecting randomly from directional groups with a

weighted preference.

Iterations The number of steps in any given model run.

Entity number The number of starting entities in a model run.

Direction weight one Weight of 0-45 degrees.

Direction weight two Weight of 45-90 degrees.

Direction weight three Weight of 90-135 degrees.

Direction weight four Weight of 135-180 degrees.

Direction weight five Weight of 180-225 degrees.

Direction weight six Weight of 225-270 degrees.

Direction weight seven Weight of 270-315 degrees.

Direction weight eight Weight of 315-360 degrees.

Movement speed (px) Number of px moved by entities on average per iteration.

Attractive pathing
Whether an ant like attractive path implementation is applied, entities

tend to prefer movement towards heavily travelled areas.

Replicating Whether entities replicate during a model run.

Replication chance At each increment, the replication chance.

Cubic curves Whether attractive or deflective curves are applied within the model.

Curve attraction/deflection
Upon intersecting a curve, an entities average chance to attach, deflect

or continue along at each increment out of 100000.

Number of cubic curves The number of included curves total.

Size of cubic curves
Curve width, entities can move within broad attractive curves and

interaction with other entities may not bounce them out.

Table 2.2: Key hyperparameters for the chapter with a short description. A full list can be found
with the code repository https://github.com/Benkwitz-Bedford/AB-FABS
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Hyperparameters 2.12 2.13 A1 2.13 A2 2.13 B1 2.13 B2 2.14 A 2.14 B 2.14 C 2.14 D 2.15 A 2.15 B 2.15 C 2.15 D

Movement type Roulette

Iterations 80 480

Entity number 400 500

Direction weight one 15000

Direction weight two 4000

Direction weight three 1983

Direction weight four 2152

Direction weight five 8000

Direction weight six 1977

Direction weight seven 4000

Direction weight eight 15000

Movement speed (px) 0 1 2

Attractive pathing FALSE TRUE

Replicating TRUE FALSE

Replication chance 350 3000

Cubic curves FALSE TRUE FALSE TRUE

Attraction/deflection chance 90000 95000 100000 95000 100000 90000 98000

Number of cubic curves 20 10 20 10

Size of cubic curves 5 10 5 10

Table 2.3: Key hyperparameter values sorted by figure for the chapter. A full list can be found
with the code repository https://github.com/Benkwitz-Bedford/AB-FABS

2.3 Results

2.3.1 Cancer population movement

Population trends: growth and movement characteristics

For the short videos (A-D) active population seems to grow slowly 0.78-3.19 population members

per increment (Figure 2.8). Population growth rate is roughly proportional to existing size and

continual, population controls such as nutrient availability are therefore unlikely to have been

reached within the observed time frame. Over the shorter time frame of 84 increments, the longer

population set E shows a much smaller population size, 1/3 of the smallest A-D set. The greater

striated movement path pattern clarity of A-D may be due to larger populations accelerating

exploitation or indicative of a more time advanced and developed micro-environment. However,

while set D clearly shows less strand like behaviour, strands in C are present but not as distinct

as in A and B, its likely that low population is tied to lack of strand development (C) but less

impactful than interaction time (E) (Figure 2.6C2.10B). Travel distance does not appear to be

directly associated with population size, greater cumulative distance does have a correlation with

strand thickness however (Figure 2.8 E), lowest distance leading to the sparsest branches. Several

of the quantitative graphs show steep drop offs for the final data snapshot, the final break only

records 4 increments of activity for an 84 increment data set and should therefore be ignored

(Figure 2.9). Turn frequency ties almost exactly to active population, at each time increment
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Figure 2.8: Here we generate summary statistics every 20 increments to generate quantitative
graphs of active population members, distance travelled and turns made across pop-
ulations can be made. Each line represents a different data input, the number by
each set label is the slope of the regression model result line and the darker area is a
95% confidence interval for the regression.
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Figure 2.9: Active population members, distance travelled and turns made across populations
for cancer sets A-E across 84 time increments. Per segment tracking graphs show
a sharp downturn for the last snapshot because at 84 increments the last segment
comprises only 4 active time steps.

57



2 Cancer cell movement - Design and first application

every population member makes a turn in a direction that can be recorded, only the longer fifth

population shows any departure from this trend but with a smaller population any variation

would also be more noticeable (Figure 2.9).

Longer time-frame Observing a population over a longer time frame usually creates a greater

amount of comparative points for identification of fundamental behavioural trends. Much like

a computational model, few data sets are perfect but they can be useful. With longer sets,

behaviours can be lost and noise generation more noticeable. In the longest cancer data set (E)

bright lines of striated strand like movement are less clear but present (Figure 2.10). We can still

identify defined strand movement of brighter attachment within increased general movement

areas. Some areas become homogenised and no longer strand like indicating general random

movement, existing strands also thicken but become more pronounced. If we take active cells as

indicative of overall time stage this longer set is still prior to the other cancer sets(Figure 2.10

C). E is likely taken from an earlier formative point but runs for longer. We may observe an

earlier less developed environment moving to a situation better represented by the shorter data

sets. Again, cancer cells turn constantly, the nature of turns should be identified, constant micro

turns being less obvious than pronounced directional change. Per member travel distance falls

with population growth, perhaps suggesting post proliferative exhaustion or population based

localised movement restriction via compression.

Directional preferences

In line with path following turn data shows a strong foreword bias across runs A-D (Figure 2.7

and Table 2.4). Directed motion usually requires consistent small turns to maintain driven ex-

ploration. High likelihood of turns at every available increment might indicate high micro-turn

prevalence in following curves or slightly indirect paths. While micro-turns are prevalent, they

do not preclude all other directions. The longer fifth video shows more generalised heatmap

movement and least forward biased turn preference although it is still pronounced (Figure 2.7

E).

The first of the four shorter data sets (A) shows a more pronounced general turn pattern.
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Figure 2.10: Movement heatmaps (2.2.2) are made after 181 increments. Keeping a snapshot
interval of 20 increments active cells, distance travelled and total turns by a popula-
tion can also be observed. The number by each set label is the slope of the regression
model result line and the darker area is a 95% confidence interval for the regression.
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Time zero one two three four five six seven s.deviation mean Total

A 21 27.78% 14.61% 8.81% 7.90% 9.87% 7.81% 8.96% 14.27% 509.71 946.25 7570

41 24.32% 13.77% 9.06% 8.65% 11.70% 8.68% 9.09% 14.73% 454.55 1063.25 8506

61 23.78% 14.57% 9.47% 8.56% 11.77% 8.61% 9.05% 14.19% 497.03 1203.38 9627

81 24.14% 14.77% 9.33% 8.29% 11.48% 8.55% 9.11% 14.33% 577.94 1352.00 10816

B 21 29.59% 15.61% 7.88% 6.78% 9.14% 7.22% 8.12% 15.67% 544.66 874.38 6995

41 28.30% 15.38% 8.42% 7.36% 10.06% 7.57% 8.14% 14.77% 512.85 899.75 7198

61 26.11% 14.17% 9.51% 8.12% 10.50% 8.55% 8.65% 14.39% 488.67 1013.38 8107

81 25.57% 14.63% 9.49% 8.00% 10.25% 8.20% 9.00% 14.87% 546.77 1152.75 9222

C 21 35.81% 14.42% 7.46% 6.11% 8.40% 5.82% 6.66% 15.31% 554.35 684.88 5479

41 36.15% 14.30% 8.01% 5.93% 8.95% 5.62% 6.90% 14.15% 584.93 721.00 5768

61 32.53% 14.55% 7.38% 6.67% 9.37% 6.72% 7.61% 15.16% 534.17 760.38 6083

81 31.67% 15.11% 8.70% 6.41% 8.45% 6.82% 8.40% 14.44% 527.64 784.25 6274

D 21 36.24% 13.14% 6.59% 6.69% 10.41% 6.97% 6.23% 13.73% 758.94 943.00 7544

41 33.30% 13.53% 7.01% 7.08% 10.89% 7.03% 7.31% 13.85% 759.28 1066.50 8532

61 33.31% 13.31% 7.55% 7.89% 11.12% 7.24% 7.22% 12.37% 829.19 1183.75 9470

81 32.74% 13.39% 7.30% 7.60% 11.39% 7.91% 7.39% 12.28% 910.55 1333.75 10670

E 21 19.60% 12.95% 10.77% 9.28% 13.98% 9.86% 9.34% 14.21% 61.17 218.13 1745

41 21.57% 14.70% 10.06% 8.87% 12.76% 8.62% 9.52% 13.90% 87.25 250.88 2007

61 21.96% 13.80% 10.16% 8.82% 12.27% 9.33% 9.41% 14.24% 111.09 318.75 2550

81 23.61% 12.75% 9.53% 8.62% 11.80% 8.48% 10.65% 14.55% 145.98 368.50 2948

F 21 31.40% 14.34% 7.88% 7.07% 9.80% 7.20% 7.65% 14.66% 2416.18 3666.63 29333

41 29.57% 14.22% 8.24% 7.47% 10.68% 7.43% 8.03% 14.35% 2389.47 4001.38 32011

61 28.18% 14.09% 8.67% 7.98% 10.94% 7.97% 8.26% 13.92% 2447.62 4479.63 35837

81 27.91% 14.27% 8.74% 7.77% 10.72% 8.02% 8.63% 13.94% 2689.07 4991.25 39930

Table 2.4: Turn choices made by cancer populations A-E and averaged set F across time relative
to the angles shown in turn diagrams; angles 0-7 clockwise from north (Figure 2.7).
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Busy areas might reasonably be avenues for path joining or areas of lower path attraction and

population spread. Across all data sources a meta image indicates that a similar fundamental

pattern is present (Figure 2.7 F), we can use a model to try and identify whether this is an

environmental or cell driven effect.

2.3.2 Cancer models

Figure 2.11: Key patterns identified via visualisation of cancer sets A-D, examples from A move-
ment heatmaps (2.2.2) are made after 181 increments. Patterns shown are separated
from a subsection of cancer set A (A) into movement starved (B), striated paths
(C) and generalised areas of movement (D)

After observing tracks taken from the five-cancer cell movement videos we have several patterns

to replicate and explain with ABM representations (Figure 2.11). We may seek to identify

whether striated movement paths are caused by built in paths of least resistance or developed

over time by path forging. Which is more likely, are sub patterns generated and could both

be present. Similarly, we wish to identify whether the foreword bias observed in turns was

environmentally driven or a preference for continued directional motion.
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Background movement

A simulated cell can be made by manually modifying model definition variables to generate sim-

ilar patterns to real-world measured metrics such as population size (e.g. 400-500 cells), travel

distance (e.g. 45000 steps) and for example strongly forward biased turn preference with con-

stant selection (Figure 2.12). Since we can create a model that quantitatively resembles these

population metrics in observed real-world in vitro data without many of the observed patterns

we can hypothesize further. Primarily, the strand like movement patterns are environmental in-

teractions, either cells are creating an environment of paths or exploiting existing paths of least

resistance. Interconnecting paths are much clearer in real-world sets (A-D), even over short time

periods, the attraction of the phenomena is likely substantial. Forward dominant motion is not

in isolation sufficient to create the observed patterns. Furthermore, with dominant directional

travel environmental exploration is less pronounced, perhaps exemplifying the advantage of least

resistance travel.
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Figure 2.12: Movement over time displayed as a brightness gradient heatmap (2.2.2) at the end of a simulated run with observed numerical trends representing
background movement for the cancer data set. Active entity participation, travel distance and turn preference can all be approximated and
recreated across multiple separate model runs. Each line represents a different data input, the number by each set label is the slope of the
regression model result line and the darker area is a 95% confidence interval for the regression.
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Lattice paths of least resistance

Figure 2.13: A,B) A range of movement density heatmaps (2.2.2) after operation of a cubic curve-
based path of least resistance model for 84 time increments. Small width (A) and
double width (B) attractive curves are applied with low (1) and high (2) attraction
parameters.

We can add to the previous model of generalized background movement behaviour, a stochas-

tic definition of cubic curves acts as attractive paths of least resistance (Figure 2.13). Paths

cut through more homogenised random movement patterns with high strength attractive curves.

However, such model does not remove the patterns of generalized movement before finding and

attaching to a path or with lower attraction. The lack of generalised movement in the real-world

sets indicates videos were taken at a time point where most entities were already using paths.
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Embedded paths of least resistance create the stark path-following we see but not the pop-

ulation clustering. Some paths in the model show similar localised clustering but without the

clarity of in vitro data, these lattice paths also cleanly separated through existing movement

clusters. Model results for low attraction paths show much fewer clear patterns overall but also

merge with general movement patterns as in real-world sets A-E.

Path forging

Figure 2.14: Both background movement approximation (Figure 2.12) and path forging be-
haviour, models can be stochastic operated and movement recorded over 84 time
increments to show preference and population behaviour within gradient heatmaps
(2.2.2). Heatmaps are from models with no following influence to low and then
doubling following strength as they progress in the series (A-D)
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Implementation of the path forging proxy via ant path implementation increases entity group-

ing as attraction strength increases (Figure 2.14). Very thin interconnections between more

generalized movement hubs can be observed but with more emphasis on hubs than strands with

reduced interconnection as strength increases. By increasing the attraction strength of forded

areas, we can observe movement clumping and a reduction of generalised exploration, this is

however without clear strand like following.

Lattice and path forging combination

Due to the modular construction of the framework we can overlay multiple effects with mini-

mal additional development time. In this case, the path forging behaviour representation and

environmental lattice paths of least resistance can simultaneously be applied with the model of

background movement. Several new patterns suggest possible similar interactions to conditions

within the extrapolated cancer cell results (Figure 2.15). Lattice following is still clear but in-

tegrates into general grouping and movement. Strands between clusters of random background

movement create overlap similar to patterns observed in lower population short videos. Despite

bright areas suggesting evidence of strong clustering, general exploration of the available space

is still present. With the introduction of lattice paths to an exaggerated path forging model,

path following leads to greater overall spread. Addition of path forging and following results in

wider paths as entities are attracted to general movement and create more permissive space over

time. Interestingly, in the case of already broad attractive paths, path forging seems to narrow

resultant stand like movement patterns more than weak attraction variants. A process of path

growth might therefore be based upon an in-built lattice, they serve as a spline for path forging

exploitation and development over time. Cancer cells are not however restricted only to paths

of least resistance built into the environment; permissive zones are also created particularly at

the intersections of strands.

Longer time frame

We have implemented model representations of general movement patterns, lattice exploitation

and path forging behaviour, time can be a major confounding variable. Prior to observed record

and post recording larger time scales can allow creation of additional patterns for comparison.

Within the cancer data set we have identified that run E is likely taken from an earlier formative
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Figure 2.15: Models can be generated to include, background movement approximation, lattice of
least resistance and path forging behavioural representations (Figures 2.12,2.13,2.14)
for operation over several distinct run cycles with attendant movement heatmap
(2.2.2) generation (A-D). Thin (A) and broad (B) attractive curves are combined
with weak (1) and strong (2) path forging attraction.
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Figure 2.16: A) 181 increment cancer data set movement heatmap (2.2.2) can be compared to
previous forging (B) lattice (C) and hybrid (D) models allowed to run for the same
time frame, resultant movement is then visualized.
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point but runs for longer. As such we can compare prospective formative models over a similar

time frames to identify comparable pattern generation (Figure 2.16).

Comparing the longer 181 increment cancer data set with path forging and following models

suggests a good analogy for general movement but without the presence of strong paths. Lack

of directional preference in path forging behaviour leads to more generalised movement areas:

despite a strong forward bias, for every step in an area turn towards pressure is only 1/20

weighted ratio to forward bias. As with shorter time spans, attractive curve implementation

alone has similar issues of being too clear and cutting through general movement areas. Over

a longer time span the attractive curves can funnel entities into general movement areas. Both

least resistance paths and path forging sets seem to create small movement starved zones boxed

by paths, entities are led out of the area by hitting lesser resistance and travelling away, a pattern

also visible in the in vitro data set. Not all entities exist within the curves as shown by brightness

similarity between curves and more random movement.

2.4 Discussion

With our framework, we were able to analyse real-world in vitro cancer data and iteratively

develop explanatory models to support possible causal hypothesise for observed behaviour. We

used a Pattern Oriented Modelling (POM) approach, quantitative population metrics, movement

data over time and comparable models supported identification and association of several seem-

ingly disparate patterns.

Some of our observed results, while easy to extract from a model, can be obscured when in-

terpreting digitised in vitro representations. When tracking cells, loss of recognition can cause

splintering into a separate cell representation. Fragmentation often results in new entities, once

overlaid within the framework; a single in vitro moving cell becomes represented as two separate

entities, one for each part of a track that was lost and subsequently split into two. Population

measures and consequent metrics such as averages can become unreliable, taking readings at

multiple time points of active population size can give a more accurate moving trend.
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Regardless of splintering the total movement observed will remain the same. A cross section

of population metrics and reasonable movement capabilities might be used to correctly approxi-

mate in vitro population growth. For example, selecting an arbitrary value, a simple filter may

assume that entities existing for less than three time increments are likely fragments and should

be excluded from total population metrics. We might then add other clauses such as concurrent

overlapping entities as unlikely circumstances.

2.4.1 Cancer analysis

We identified incidental and population-based bias via comparison with a similar data set. Sim-

ilarly, cross reference between initial work by the group [48] and new tracked extrapolations of

the original data allowed confirmation of input and comparison during re-tracking of raw data

videos.

We were able to identify trends such as following movement and least resistance exploita-

tion. Qualitative visual validation at such an early stage created a necessary basis for further

development. Clear striated common movement path patterns suggest cancer cells are following

and travelling in similar areas to one another over time. Paths of least resistance and gradient

following are well documented phenomena in cancerous behaviour and particularly metasta-

sis [139, 124, 80, 92]. However, it is unclear whether least resistance patterns are due to a

confinement effect forcing direction [140], nutrient starvation and following [139], localised en-

vironmental degradation [80] or other environmental interaction. Artificial effects such as an

embedded medium based lattice paths or sub population behavioural differences are other possi-

ble explanations. Quantifiable metrics were also generated to provide further pattern comparison

with the addition of modelled representative elements improving comparison points.

2.4.2 Model development

A first representative model was made by manually fitting measured metrics such as popula-

tion size, cell turn rate and the addition of environmental paths of least resistance. Although

70



2 Cancer cell movement - Design and first application

similar movement patterns were observed differences still exist, useful explanatory models not

perfect ones. A loose definition of metric similarity or missing environmental factors along with

misrepresented metric relevance, might be reasonable explanations. An implicit issue with data

gathering is the temporal aspect, before our record environmental effects are difficult to approx-

imate and make model development more difficult.

It is important to remember missing environmental factors can be consistent possible pitfalls,

along with misrepresented metric relevance. Hence, we should focus on the useful aspect of model

comparison, replication of specific patterns rather than overall replication.

It was difficult to identify whether the striated movement path patterns in in vitro results

were completely random, driven by initial placement and path forging disposition or exploiting

fundamental paths in their growth medium. Lattice based least resistance and path forging rep-

resentative models can create pronounced strand movement. Simulated cells cover more of the

environment indicating exploration and perhaps nutrient exploitation advantages.

Lattice paths seem more effective at replicating clear movement strands through areas of gen-

eral movement. Path forging behaviour creates more complex curve patterns. A combination of

the two may well be present in the in vitro environment. Both approaches showed some similarity

and therefore possible representative phenomena.

Addition of the forging and following should have caused greater general movement reduction

in favour of paths. However, the longer data set suggested that at an earlier time point more

generalized movement is prevalent. Path cohesion and congregation seems to need to increase

over time. Some similarity can be observed at different time points across path forging and

lattice models, a combination may be present in the observed cancer micro-environment. One

possible explanatory scenario is that of coalescence over time into stand like groups of cells in

common areas but with lower generalized exploration. Much like other self-organizing systems,

initial exploration of an environment is then exploited with convergence on common paths.
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A pre-established network or interaction of large path forging entities and smaller following

groups might explain the pattern differences; entity sizes do vary but aren’t tied to path forging

ability in the model. Addition of the path forging behaviour may not currently create attractive

enough movement areas, movement patterns are more similar to the long data set than lattice

alone, it is possible coalescence has not yet occurred.

2.4.3 Conclusion

We have applied the framework to in vitro digitization, direct analysis and generation of repre-

sentative model results for comparison. As a first step design, targeting cancer movement created

very generalizable libraries and several effective use cases for expansion, identifying future av-

enues for development.

When comparing with existing literature we can identify several interactions that we are cur-

rently unable to include or do not represent. For example, the framework includes the ability

to define infinite sub populations, heterogeneity being fundamental to tumour arrangement and

modeled before [141]. Similarly, observing the original cancer cell videos we can see clear cell

morphology differences, morphodynamics can be important as both fundamental to cell naviga-

tion [142] and indicative of motility methods [140]. Further work could also include parameters

for cell nutrition, environmental permeability and ECM stromal structure. Ultimately the scope

of included models is limited but there are clear possibilities for hyperparameter or effect addition

and possible model improvement.

Further, quantifying analysis can also be applied when possible, possibly utilizing neural nets

or crowd sourcing to grade image similarity. A time phase tool would also allow more in depth

discussion of pattern coalescence or transience. It is possible that widespread movement at ear-

lier points is adding noise to the picture, such a change would highlight differences. We can also

identify and apply sub population filtering by defining in vitro data set subdivisions based upon

collected metrics. One simple subdivision is that of replicating low motility groups and high

motility exploitative cells. We could split in vitro data groups on either movement amount or

directed movement preference; both populations suggest trait separation. The framework can

then use this information to create a model with both sub population groups present for com-

parison.
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Initial next steps will focus upon application of the analysis framework to a larger and more

experimental data set which required more interaction with the collaborative team in order

to study of G protein coupled receptors and G protein interactions at cell surface and their

movement data. Further development of the framework could then also be applied back to the

cancer set.
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3.1 Introduction

GPCRs are a large and diverse group of cell surface receptors. They allow cells to sense and react

to changing environmental conditions: many larger and important systems depend upon effective

functioning of this fundamental cellular capability. To communicate extracellular behavioural

changes, receptors interact with G proteins in the plasma membrane and react when,for example,

co-localizing to send signals into a cell. Therefore, to further understand how a cell identifies,

controls, and understands extracellular signalling, both receptor and G protein movement were

captured as video sequences. A typical GPCR was selected, its observation can help towards a

better understanding of the general behaviour of the whole class.

Detailed visual interpretation of G protein-coupled receptors (GPCRs) is an increasingly im-

portant, yet still developing, area. Therefore, we aim to ease the study and understanding of

the relationship between GPCR and G proteins to understand how their environment affects

patterns of movement and behaviour.

We demonstrated earlier that comparison of Agent Based Model (ABM) with video taken

from cancerous real-world in vitro biological systems, could generate new insight into cancerous

cell movement. Here, we apply this same framework and generalizable holistic approach to this

GPCR and G protein based biological system. We were granted access to movement tracks from

both GPCR and G protein by the Calebiro group [6]. Direct discussion with the research group
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in question concerning analysis, capture and tracking which led to rapid improvement integra-

tion, and iteration of model definition, along with result interpretation. Thus, we could better

understand the problem space and identify potential artificial bias from previous data gathering

stages and our modelling implementation. Importantly, to our knowledge no similar GPCR and

G protein ABM exists so, direct comparison with a prior study is difficult.

GPCR and G protein movement was tracked by the Calebiro group [6] from captured videos

to identify patterns that could be associated with known and hypothetical mechanisms [54].

Subsequently, these tracks allowed analysis of movement for co-localization, clear patterns, and

correlation with other environmental phenomena such as cytoskeletal boundaries. To improve

visualization of movement over time, we included some movement heatmap observation; similar

to our cancer movement analysis. Sets of paired movement tracks for separate channels (C)

showing G protein receptor (C1 ) and G protein (C2) entities over the same time frame within

the same cell were studied. Despite the difference in scale, with individual proteins (GPCRs or G

proteins) being in the nanometer range and cancer cell entities around 0.1mm, we could digitize

the given tracks. We were able to easily and efficiently process them with the analysis tools

within our previously designed framework. The results are more dependant upon microscope

resolution and tracking capability than framework representation.

3.1.1 Summary

Initial results supported the phenomena described within literature: clear hot-zones and pre-

ferred movement areas [54, 143, 144, 6]. We were also able to support the hypothesis that these

hot-zones were designed to increase co-localisation of GPCR and G protein; comparison across

paired GPCR and G protein tracks revealing co-localisation within many such areas [6]. There-

fore, to include theorized environmental causes such as boundary-based catchment or attractive

zones, framework development implemented new hyperparameters for inclusion in representative

models 3.3.2. Models included GPCR and G protein background motion as Brownian movement,

variable deflective paths for cytoskeletal representation and attractive pull zones.

Initially we were able to show that a purely cytoskeletal confinement representative model did

75



3 Modelling G protein coupled receptor and G protein population movement and interaction

not clearly replicate digitised real-world patterns, comparing both showed some clearly divergent

movement behaviour (Figure3.25). Unlike with confinement models, we observed some similarity

between real and attractive area model results. Further discussion also focused on movement

starvation by entity attraction; when a strong attractor centralised a large proportion of a pop-

ulation in one place, nearby environmental exploration decreased over time.

3.1.2 The GPCR and G protein system

Figure 3.1: An image prior and post tracking of GPCR and G protein it depicts a: ’Selected
frame from a fast single-molecule image sequence (left) and corresponding trajectories
(right)’ [54]

To allow environmental sensing, a range of processes were evolved within a cell [6]. GPCRs

are one of the most powerful examples of this environmental sensing and signalling whereby they

can perceive their local conditions, comprising their own complex biological system. GPCRs

enable cells to sense and then react to a wide range of environmental changes, also facilitating

communication [6, 7, 8]. Receptors in the cell membrane can co-localize and then interact with

G proteins, a signal is then transmitted to the interior of a cell, the exact scenario for this inter-

action remains uncertain and the subject of other research [54, 52, 53] (Figure 3.1). Therefore, to

better explain the process the Calebiro groupo had chosen ’the 2A-adrenergic receptor (2A-AR),

a prototypical family-A GPCR that couples strongly with the inhibitory G protein (Gi)’ [52] for

record and extrapolation via tracking [6]. In this work we therefore chose to observe and digitze

these paired sets of GPCR (C1) and G protein (C2) tracks.
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Primary limiting factors for framework input are usually population size, real-world entity

tracking and reliable abstraction as sets of tracks. Despite the change in scale from cell to sub

cellular level, the modelling framework still proved remarkably applicable. We were able to gen-

erate representative models with parameters for population variance and stochasticity. Much of

the molecular behaviour associated with cellular function is described as stochastic and proba-

bilistically driven [57]. Formation of complexes and co-localisations are often described as driven

by stochastic regulation; mechanisms cause local environmental change compressing entities and

enabling rapid transient interaction across areas filled with ordinarily random movement [58].

We enabled various locality based spatial representations [57, 58, 54, 6] with the implemen-

tation of our ABM approach. Our novel framework provides an opportunity to simultaneously

generate qualitative visualization and quantitative analysis for these important biological sys-

tems.

GPCR and G protein as a fundamental cell process

We can improve our understanding of fundamental cell processes, pharmacological targets, and

drug performance by developing and testing conceptual models of GPCR and G protein interac-

tion and behaviour. Thus far, in other work done by the Calebiro group, analysing tracks with

new observation techniques has revealed deep GPCR and G protein domain complexity [6]. We

expect that important further insights should be gained by introducing new combined approaches

to system visualisation, modelling, and analysis.

Regarding pharmacological improvement, GPCRs often influence and translate the biological

effects of hormones and neurotransmitters, in doing so they present reasonable targets. While a

large portion of currently marketed drugs target GPCR [49] only a fraction of targetable GPCRs

are exploited [6]. With our approach, we could further define interaction, co-localisation and

behaviour of GPCRs still not entirely understood by observing changes in local behaviour and

diffusion [54, 7].
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In the case of GPCRs, similarities can be observed across different cell types; improved un-

derstanding, and manipulation in one case possibly allowing similar work across several [54].

Early theories of cell membrane structure were also widely applicable across types [145]. Sev-

eral representative models are likely needed: it has also been noted that the structures of the

cell membrane are extremely dynamic [57]. Therefore, we could improve GPCR and G protein

modelling by extending the framework to identify the heterogeneity of dynamic behaviour and

micro domains.

Observable patterns

Prior to our involvement, initial work described quantitative analysis via Hidden Markov Models

and mean square displacement. Receptors had several different diffusion patterns, 11% virtually

immobile, 38% confined, 45% simple Brownian and 6% directed [54]. Further, behavioural states

were classified for both receptors and G proteins into four groups, a gradient from virtually im-

mobile to fast diffusing. State change to more immobile patterns was particularly prevalent, it

was suggested that the slower states were caused by compartmental trapping; semi permissive

boundaries retaining entities much like a net. GPCR and G protein co-localization within com-

partmental areas lasted around a second.

Under ordinary conditions, proteins and lipids within the cell membrane have been observed

to undergo hop-diffusion, i.e. jumping between membrane compartments within which they are

trapped [6, 55, 56, 57]. A fence and picket model of the plasma membrane suggests that it is sub-

divided by actin-based skeleton fences and transmembrane protein pickets. The model was used

to explain compartmentalization of nanodomains and barriers affecting free diffusion [56, 58, 9].

Such a model might enhance co-localisation and in turn biochemical reactions such as G protein

receptor binding by confinement of GPCRs within these spaces [59, 6].

Areas of confinement appear on movement heatmaps as bright zones, termed ’hot-zones’ (Fig-

ure 3.2). A confinement phenomenon was observed and further supported by overlaying cy-

toskeletal images with movement maps [54]. Actin fibres, microtubules and CCPs were also

suggested as possible contributing factors for construction of the GPCR signalling nanodomains
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Figure 3.2: GPCR and G protein diffusion is often influenced by the cytoskeleton; dynamic in-
teraction between the two molecules can happen in distinct domains created by the
cytoskeletal mesh referred to as hot-zones. These hot-zones can increase G protein
activation and in turn inter-cellular signaling [6].

previously postulated [54, 143, 144]. By promoting GPCR interaction through forced colocaliza-

tion fast local signalling occurs at the expense of amplification, allowing mass control of signalling

across the surface of a cell via dynamic nanodomains [6].

3.2 Methodology

3.2.1 GPCR and G proteins

We apply an improved framework from the initial cancer investigation to develop specific repre-

sentative models for the GPCR and G protein system. Comparison is made between real and

model results via quantitative measures such as population size over time and meta data repre-

sentations such as movement heatmaps described previously 2. Insight is derived by observing,

quantifying and interpreting the visualisation of real-world in vitro data, model design and mech-

anistic hypothesis exploration 1.
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GPCR and G protein video data

The GPCR video data comes from Calebiro et al [54] whose team ’visualized individual receptors

and G proteins at the surface of living cells with high spatial (around 20nm) and temporal (around

30ms) resolution [146]’, in vitro observation. At this size, it is possible to observe the movement

of individual GPCR and G protein, therefore allowing interactions such as co-localization can be

identified over time. It is also possible to examine environmental effects by assessing repeated

changes in entity movement at specific locations across the system.

Due to the generalization of the framework, scale matters less than tracking accuracy; a popu-

lation of physically large entities will be represented by scaling relative to one another and their

environment. Therefore, the accuracy, length of time and number of tracks dictates our ability

to apply our model from a cancer to GPCR and G protein system. The GPCR data set contains

4000-7000 tracks represented as separate entities over 400 time points.

Within the framework, tracks are converted to vectors and speed at each time point by tak-

ing two positions and calculating the angle of the line between them and distance travelled per

increment. We can handle missing original positions by converting to this vector representation;

an entity with missing positions will continue to the next known position rather than being

eliminated. Covered area is also expanded or reduced by multiplying speed by a uniform ratio;

a transformation of input space to desired visualisation space. In this case, the chosen area was

reasonably arbitrary at 1500px but can be expanded for better image production at the expense

of computational overhead.

For the paired GPCR (C1) and G protein (C2) tracks two channels were used to clarify in-

stances of co-localization and population identification. There may be some small misalignment

across sets prior to framework input caused by recording equipment misalignment. We used the

data sets labelled 641-646 and 679-682 with complete C1 and C2 track sets, all without signifi-

cant changes in environmental conditions or treatment, referential continuity [54].
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Novel imaging techniques

When attempting to observe motion at such a small scale, accuracy, consistency and differ-

entiation can become significant problems. There is also an extremely limited time frame to

consider interactions. It is possible to use fluorescence resonance energy transfer; an innovative

microscopy approach that can make low scale observation reasonable [6, 147, 148, 149]. However,

total internal reflection fluorescence (TIRF) microscopy was applied by the Calebiro’s group, us-

ing total internal reflection to illuminate cells with the ability to differentiate if they are at least

20nm apart and recording an image once every 30ms [150, 151, 6].

Fluorescent single-molecule video images can be used to track GPCR and G protein molecules

as they move within a cell membrane [146]. By using two colour imaging, multiple populations

can be differentiated and observed within a single environment. In the set we are using, interac-

tions between GPCR and G protein were observed with reasonable levels of labelling accuracy for

each set, ’labelling efficiencies were approximately 90% (extracellular) and 80% (intracellular);

non-specific labelling was below 1%’ [54]. Population tracking was performed once particle and

receptor colour differentiated videos were obtained. A MATLAB based tracking library called

’u-track’ was used by the Calebiro group to define sets of tracks for subsequent analysis, we were

provided with these and able to use them as input for our framework [54].

Prepossessing GPCR and G protein data to identify and remove artificial bias

Identifying artificial and misleading patterns or ‘bias’ is an important part of model analysis and

real-world digitisation across data sets. As such, we initially developed a preprocessing pipeline

for the GPCR and G protein system. We incrementally applied techniques to isolate and iden-

tify possible artificial bias, subsequently filtering the effects or removing the source. A robust

and consistent bias identification process is essential for the definition of any model and enable

meaningful comparisons.

Identifying trends and possible bias To calibrate and ensure the we can effectively apply the

framework to a new biological system, we use test data sets from a well understood situation (Fig-

ure 3.3). Initial observations are compared to known and expected patterns, differences might
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Figure 3.3: Movement heatmaps (2.2.2) of example data sets with their correlated turn trend
analysis after initial framework real data digitisation analysis and still present strong
artificial forward bias.

be caused by either model limitation or artificial bias. For example in the case of GPCR and G

protein movement, we expect heatmaps with hot-zones, cell boundaries and general Brownian

motion [56, 58]. In the case of GPCR and G protein turn distribution showed strong forward and

reverse trends, neither was expected in general Brownian motion. Therefore, we next investigated

framework interpretation of input data and entity tracking, internal and external processes.

Framework Interpretation bias To asses possible framework interpretation bias we model a

range of known behaviours that we can simulate and compare the resultant patterns with an

input format identical to the real-world data. For example, Brownian motion is expected for gen-

eral GPCR and G protein movement and to produce random directional preference over time.

Therefore we generate simulated Brownian motion within the framework and compare it with

test data (Figure 3.4 C).

When designing a filter for possible artificial bias a strong causal narrative explanation is im-
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portant to address the source rather than the result. In the GPCR and G protein set, initial

forward preference may have been the result of actual micro turns; when a tracked entity travels

in a straight line, its position can be recorded as multiple micro turns. Therefore, any angle turns

below 0.05 degrees can be filtered out to remove most of the bias. However, this is a filter on

results based upon an assumption and therefore we further refined our hypothesis: single point

tracks and completely stationary entities were the real cause of strong forward preference. Upon

initialisation entities were checked for a difference between their previous and new direction, and

starting vectors were set to the same direction as their first turn so the returned first check was

always 0. When combined with a highly fragmented set of trajectories, each loss of tracking

results in a new track and increase in the artificial forward bias registered. Zero and single frame

vector stats were removed, resulting in a representative turn diagram with only rear bias for

real-world system(Figure 3.4 B).

Figure 3.4: Simulated Brownian motion turn preferences as a relative turn diagram (A) for com-
parison with in vitro receptor and G protein turn preference data (B).

Tracking bias To identify possible bias in the tracking step, a well understood system is re-

quired; if we know the underlying movement patterns and perform tracking before the final

analysis, then the loss or change of information should represent the effects of tracking. To as-

sess tracking effects, manually distorted movement patterns were generated, i.e. test simulations

with known bias to compare pre- and post- tracking turn trends. The magnitude of the biases,

size of population and movement distance were comparable with the real-world system. Known

test simulation videos are then tracked to check for artificial change.
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Including possible confounding conditions for tracking checks Population size and travel

distance may also affect tracking results. Other possibly strong confounding variables for any

tracking algorithm are overlapping and stationary entities. The framework was used to generate

videos of moving populations with known turn preferences and biases with random interactions

followed by localization, random stopping and then random stopping when overlapping.

In the case of GPCR and G protein tracking with confounding variables, no rear bias was cre-

ated by the tracking step. However, there was a minor trend modification where patterns were

obscured rather than removed or added. Also, simulated stationary entities were interpreted

correctly, any movement back and forth in a small space is likely a real behaviour. Tracking

followed a more conservative approach to pattern identification and allows us to observe the

existence of many clear trends and patterns.

Smoothing

One of the main focuses of analysis for the GPCR and G protein system is population arrange-

ment and interaction with micro domains. Visualization of movement over time via various

heatmaps is a central part of our pattern-oriented approach to population definition (Figure

3.5). Within a heatmap values are assigned to a tracking grid as entities move within an area

and then visualized on a colour gradient, the brighter an area the higher the movement value:

the brightest areas indicate highest concentrations of movement and entity presence.

When extrapolating vectors and speed from sets of positional data each location in space sits

on a continuum of time points. When we expand the covered area from the input set to our larger

grid, the distance travelled between each step, i.e. speed, of entities can increase to the point of

jumping. This can be fixed by introducing intermediate time steps to smooth the observations

(Figure 3.5). The intermediate time points added enable entities to make smaller jumps that

can still be visualized and tracked. Added time steps don’t increase the total distance travelled

but they do assume straight line movement between the known input positional points. This

may become an issue if tracking is very fragmented and starting time points disparate. In the
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Figure 3.5: Cumulative movement heatmaps (2.2.2) of the accumulation of motion over the en-
tirety of a positional data set, channel 1 (C1) above and channel 2 (C2) below. For
each time point given in data set 643 positions are artificially separated by one or four
smaller jump steps to smooth and decompress movement patterns in the resultant
images.
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case of the GPCR and G protein data, time points are very close and the measured area very

small: when we expand this area in the framework to an observable size we add intermediary

jump steps for a clear image. Specific hot-zone shape is also important enough that tracks with

gaps make proper identification more difficult so conversion to our vector based representation is

necessary ( 2.2.1). We record movement on 4 step sub increments for the extrapolated positions.

Post framework

We can use the framework to generate heatmaps and other visual meta data representations.

Further comparison can also be made by using framework output as an input for external tools

that focus on highlighting or separating sub patterns, (Figure 3.13). For example, here we overlay

images utilizing the luminosity to RGB overlay process in Fiji [48, 62] to show several disparate

images overlaid for contrast. C1 and C2 population movement maps are overlaid and differenti-

ated with colour, with intensity still indicating movement density over time.

Population placement heatmaps can be created for the data snapshot time points, in this case

every 50 increments (Figure 3.14,3.15). By using a courser grid of large cells, we can gain a vi-

sual representation of general entity placement. Different time points can then be overlaid with a

final movement heatmaps in Fiji [48, 62] to give a view of population placement across time and

relative preponderance of patterns and environmental effects in an area. Population placement

heatmap intensity is relative to the number of population members in an area; across time points

we should expect consistent bright areas to indicate a large sustained group presence in the area.

Therefore, differentiating between single stationary and groups of trapped population members

should be easier.

Model hyperparameters

By modelling possible explanatory phenomena, we will attempt to support the creation of hot-

zones and investigate the localized movement starvation phenomena. Across the models hyperpa-

rameters pertain to inclusion of Brownian movement, population growth and decline, restrictive

boundaries and attractive zones. From model to model hyperparameters may be included and

modified by sub parameters such as growth rate or attractive zone size.
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Brownian diffusion differs greatly from the directed movement of path following cancerous cells.

However, our generalised approach allowed reasonable modification and application of existing

representations. In this case Brownian diffusion was represented as turning at every time point

with completely random direction and normally distributed jump length. Therefore, to create

diffusion representation, we define an entity within the model with 100% chance to turn (it can

also select an angle of 0) and even directional preference at each time point with the addition of

a normally distributed jump distance modifier.

Population trends for entity removal or addition are accomplished by random chance for the

effect per entity per time point. Restrictive boundaries are simulated by inversion of the at-

tractive curves used previously. Chance to attach to a strand becomes the chance to deflect

and can vary per portion of applied strands. Attractive areas are accomplished with a localised

entity direction modification, they make a Brownian like hop but with a modification towards

the attractive centre when within its catchment zone.
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Hyperparameters Description

Movement type Describes the logic used for entity directional selection, Brownian at each time point selects a random direction and jumps a normally distributed distance.

Iterations The number of steps in any given model run.

Entity number The number of starting entities in a model run.

Cubic curves Whether attractive or deflective curves are applied within the model.

Deflective curves Whether cubic curves within the environment deflect movement of entities that intersect them.

Curve attraction/deflection Upon intersecting a curve, an entities average chance to attach, deflect or continue along at each increment out of 100000.

Number of cubic curves The number of included curves total.

Size of cubic curves Curve width, less important for deflective curves but can impact ease of meta pattern observation.

Attractive zones An area of the environment where entity trajectories are modified towards the centre of the area.

Attractive zone size The catchment zone of an attractive area, how far out from the centre entity tracks are modified.

Attractive zone strength Determines the strength of track modification towards the centre.

Attractive zone falloff Defines a gradient to track modification, weakening as entities gain distance from an attractive zone centre.

Attractive zone count The number of applied and present attractive zones.

Attractive zone eye size A movement permissive area (where trajectories are unmodified) within an attractive zone, this determines the size.

Table 3.1: Key hyperparameters for the chapter with a short description. A full list can be found with the code repository https://github.com/Benkwitz-
Bedford/AB-FABS
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Hyperparameters 3.18 A 3.18 B 3.19 A 3.19 B 3.19 C 3.20 3.21 3.22 A 3.22 B 3.22 C 3.22 D 3.23 A 3.23 B 3.23 C 3.23 D 3.24 3.25 A 3.25 B 3.25 C 3.25 D 3.26

Movement type Brownian

Iterations 400

Entity number 400 450 400

Cubic curves FALSE TRUE

Deflective curves FALSE TRUE

Curve attraction/deflection 90000 80000 40000

Number of cubic curves 20

Size of cubic curves 5

Attractive zones FALSE TRUE FALSE TRUE

Attractive zone size 20

Attractive zone strength 100 80 60 40 10 60 40 5 100 10

Attractive zone falloff 0 20 0 1 0

Attractive zone count 20

Attractive zone eye size 10 0 10 0 20 10 0 10 0

Table 3.2: Key hyperparameter values sorted by figure for the chapter. A full list can be found with the code repository https://github.com/Benkwitz-
Bedford/AB-FABS
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3.3 Results

3.3.1 GPCR and G proteins

Population size, turns and travel distance

General We can initially start to understand the GPCR and G protein population groups, land-

scape, and movement patterns with very general metrics. Interesting observations can be made

by comparing the behaviour and interactions of GPCRs (C1) and G proteins (C2) on the cell

surface. Set number (641-682) is a unique key for result identification purposes, not indicative.

Initially we recorded metric and metadata at 50 increment intervals across all C1 and C2 runs to

compare positional grouping within the sets and compare between. We can observe population

activity, the emergence of hot-zones and their relative effect upon entities over time by looking

at population size, distance and turn rates (Figures 3.6,3.7).

In the C1 sets we observe consistent decline in the population size. C2 also shows some decline

but with more variance across sets, even sometimes including growth (Figures 3.6,3.7). The

active population sizes within each C1/C2 are reasonably consistent but with a greater spread in

C2 (Figures 3.6,3.7). Across the sets both C1 and C2 remain between 200 and 600 active entities

with the majority around 400.

For both C1 and C2 sets, total turn numbers are directly dictated by population size; indicat-

ing in both cases entities turn at every available opportunity. The general distance travelled for

both C1 and C2 sets rises and falls with population size but shows some variance. Some clear

differences can be observed in the travel distance of outlying sets, for set 644 C1, and to a lesser

extent 646, C1 travel distance is a great deal larger 180000-210000 than the C2 counterparts

160000 and the rest of the C1 set (Figures 3.6,3.7). When we also look at the turn rate, set 644 is

still a clear outlier in particular in the C2 channel, most other sets are within a similar range of

6000 turns per population per set. Channel C2 of set 680 had shown the lowest distance travelled

and is more pronounced in a lower turn rate as well. The confinement model could provide an

explanation in tying initial movement to greater chance of ending in a restricted location, in the

case of 680 C2 lower motility leads to lower bouncing within a restricted space and effect upon

turn preference.
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Figure 3.6: General quantifiable measures taken every 50 time increments from the 400 total.
Active population size, distance travelled total and turns taken by the populations
of C1. Each line represents a different data input, the number by each set label is
the slope of the regression model result line and the darker area is a 95% confidence
interval for the regression.
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Figure 3.7: General quantifiable measures taken every 50 time increments from the 400 total.
Active population size, distance travelled total and turns taken by the populations
of C2. Each line represents a different data input, the number by each set label is
the slope of the regression model result line and the darker area is a 95% confidence
interval for the regression.
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Figure 3.8: The general chosen turn trends of a population or model population over time can
be represented as a weighted turn circle. A larger segment indicates a higher relative
proportion of turns chosen relative to north or a 0 angle in this diagram (Left). We
can also flatten the diagram out into a graph representation at any time point (Right).
In this case over the entirety of a data set and population the x-axis indicates the
angle box from a turn diagram.

Turn trends At each time point an entity has a direction, speed and position, and we can iden-

tify a change in direction as a turn. We measure turn preference by taking the angle between

an old and new directions. In the case of GPCR and G protein movement, Brownian directional

motion is expected to be the norm. Any clear bias in turn direction could therefore be indicative

of environmental effects.

All the given GPCR and G protein data sets C1 and C2 show a rough Gaussian distribution

based around a rear turn bias (Figure3.8). A rear bias indicates that at any turn point there is

a higher chance that population members will reverse direction.

While the overall pattern is the same across all real-world sets we can observe greater similar-
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Figure 3.9: By tracking the number and angle of turns made across a data set we can represent
preference across a population relative to their previous direction 3.8. 1) all the data
for C1 and C2 sets with A-totals and B-percentage of total for the run. Turns 2) for
the C1 data sets and 3) the C2 data sets.

ity between C1 trends than C2 in the averaged turn preference graphs (Figure 3.9B). While the

amounts differ widely across real-world sets, the rear biased pattern is consistent. It would seem

from these results that movement is likely reactive not directed or following such as in cancer

movement; a leading phenomenon would cause greater 0 bias. As with raw number of turns, the

range of C2 directed turns is greater because of the outlying sets 644 and 680 but the majority

fall within a similar distribution to C1.

The number of directed turns (Figure 3.9) in real-world set 644 and 680 stand out in both C1

and C2 channels with a lower number of turns in all directions than other sets. 644 and 680 show

the rear biased meta pattern as other sets; 680 shows a slightly greater proportional rear bias

while 644 is below the average in C1 and C2 sets (Figure 3.9). Therefore, it seems unlikely that

higher motility led simply to a higher confined rate and rear biased movement, it may suggest a

threshold value for confined movement.
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Time zero one two three four five six seven s.deviation mean Total

C1 51 9.79% 10.05% 11.01% 15.17% 18.57% 14.95% 10.97% 9.49% 458.74 1729.88 13839

101 8.98% 9.21% 11.00% 14.93% 20.23% 14.98% 11.25% 9.42% 466.35 1481.75 11854

151 8.94% 9.07% 11.09% 15.86% 20.45% 15.04% 10.51% 9.04% 437.50 1303.13 10425

201 8.50% 9.33% 11.16% 15.16% 20.85% 15.82% 10.41% 8.76% 429.25 1226.63 9813

251 8.53% 8.99% 11.01% 15.06% 21.44% 15.21% 10.87% 8.89% 390.23 1091.38 8731

301 8.15% 8.54% 10.26% 16.18% 21.49% 15.55% 10.87% 8.96% 401.00 1053.63 8429

351 8.63% 8.81% 11.10% 16.05% 21.24% 15.27% 10.63% 8.26% 360.85 978.75 7830

400 8.65% 8.65% 9.99% 15.52% 21.93% 15.70% 10.48% 9.07% 341.72 893.13 7145

C2 51 9.29% 9.84% 11.49% 15.02% 18.88% 14.12% 11.23% 10.14% 579.97 2211.13 17689

101 9.43% 10.24% 11.46% 14.38% 19.02% 14.67% 10.96% 9.86% 569.59 2165.00 17320

151 9.81% 10.10% 11.15% 14.71% 18.98% 14.73% 10.94% 9.58% 596.35 2238.50 17908

201 9.17% 10.11% 11.16% 15.10% 19.20% 14.64% 10.96% 9.64% 621.38 2223.63 17789

251 9.60% 10.11% 11.21% 14.57% 19.01% 14.58% 11.06% 9.87% 588.46 2235.38 17883

301 9.72% 9.75% 11.35% 14.69% 18.63% 14.96% 11.09% 9.81% 566.79 2173.63 17389

351 9.72% 9.66% 11.00% 15.37% 19.14% 14.40% 10.97% 9.73% 617.56 2227.75 17822

400 9.29% 9.52% 11.53% 15.56% 18.87% 14.86% 10.84% 9.53% 596.43 2112.25 16898

Table 3.3: Total turn choices made by GPCR and G protein set 641 C1 and C2 across time
relative to the angles shown in turn diagrams; angles 0-7 are clockwise from north 3.8.
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Turn trend bias

Figure 3.10: Identified by movement distance and turn number, outliers 644 and 680 C1 and C2
can be visualized as movement heatmaps (2.2.2) to see if the difference can be easily
explained

We identified sets 644 and 680 as requiring further exploration based upon the patterns ob-

served. Cell shape and accessible area for movement within sets 644 and 680 differs from that

observed in other runs (Figure 3.10). Set 644 contains activity within a larger cell surface than

the average and set 680 a much smaller area leading to higher and lower amounts of turns respec-

tively. The surface area difference may also explain the low trend in 680 turn numbers and bias

when comparing C1 and C2. Within this more confined space C1 has formed far more hot-zones

than the C2 set.
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Figure 3.11: Population movement heatmaps (2.2.2) for outliers identified by differentiation of
self-referential turn trends, i.e. the proportion dominance of rear turn bias (Figure
3.9B. 679 had the most pronounced C1 bias and 644 least, 682 the most pronounced
C2 bias and 645 least.
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We can further identify other potentially interesting outliers by observing noticeable differ-

ences across the quantifiable turn trend averages (Figure 3.11). We can observe that movement

heatmaps suggest set 645 C2 has fewer and smaller hot-zones than set 682 C2, therefore, there

may be a relation between hot-zones and rear biased movement. Comparison of sets 679 C1 and

644 C1, displays similar numbers of disparate small hot-zones with a greater number of large

distinct hot-zones in 679, larger hot-zones may be more impactful in creating the bias. There-

fore, in C2 rear turn selection bias is indicative of hot-zone interaction or immobility, in C1 it

indicates hot-zone size. We may suggest that rear bias is closely associated to population and

movement amount since there is clearly a lower general movement density, 679 and 682 having

less members and movement than 644 and 645 respectively. 680 has the lowest population and

number of turns with less exaggerated turn bias. What seems clear across both sets of outliers

(Figure 3.10,3.11) is that general non hot-zone movement density correlates to the reduction of

rear bias.

Tracks identified and visual trends

While quantitative values are useful, identifying patterns of movement over time can become ex-

tremely complex or lead to oversimplification of real phenomena. We use more qualitative visual

comparison to identify or highlight patterns within the observed environments. In the case of

GPCR and G protein we can identify and compare localized differences with overlap between

hot-zones.

In the literature associated with specific GPCR and G protein, it was marked that populations

seemed to be made up of 11% virtually immobile, 38% confined, 45% simple Brownian and 6%

directed [54] behavioural types. Within heatmaps reproduced with the framework after input

of the same data sets we identify similar patterns (Figure 3.12. Hot-zones can be seen across

population sets, both C1 and C2 but with varying size. Larger hot-zones are more likely to be

examples of restriction, smaller hot-zones may also be cases of restriction but more likely also

represent immobile entities. Low back-and-forth motility leads to higher movement density in

a more confined area with a lower associated population size requirement, a single entity can

create a hot-zone area by remaining there rather than a group of entities traversing through one.
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Figure 3.12: By using sets of C1 and C2 movement data over time a range of heatmaps (2.2.2)
can be generated to visualize the behaviour of a population over time and their
interaction with micro-environments. The brightness to activity relative gradient
has a set top end to ensure that each image within the figures is easily comparable,
each shade indicates the same value.
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General Brownian random movement can be observed across C1 and C2. C2 shows predom-

inantly uniformly higher movement while C1 creates large less cohesive movement hot-zones

suggesting stronger compartmentalization. Near particularly large hot-zones, both C1 and C2

sets appear to display a reduction of localized general movement, a starvation effect. The same

movement to heat ratio is applied across the entire population and each set, therefore, this star-

vation of local movement is not a simple bias of visual contrast. 682 C1 and C2 show several

examples of this area starvation with C2 displaying clearer contrast with otherwise random gen-

eral movement (Figure 3.12).

Post framework input

C1 and C2 overlay We can attempt to visualize GPCR and G protein co-localization by over-

laying the generated movement heatmaps for paired C1 and C2 sets of population. The larger

hot-zones are often shared across C1 and C2 sets while few of the smaller zones were overlapping

(Figure 3.13). Interestingly, some distinct non-overlapping larger hot-zones can also be observed,

particularly in the case of set 643. There also appears to be some evidence of geographical dis-

junction between C1 and C2 movement zones; areas distinctly populated by one set but not the

the other, this may be a visual bias due to greater clarity with reduced overlap. Set 646 shares

some mutually disassociated adjacent movement channel like structures distinct from general

overlapping movement that can also be observed with less emphasis in other sets.

Qualitative observation suggests that larger hot-zones are more reliably areas of co-localization

with an associated likelihood of low motility as areas get smaller. Amount of co-localization also

differs across real-world sets, as expected from circumstantial environmental change and stochas-

ticity. However, hot-zone associated movement starvation remains. Some distinct movement

starvation patterns appear to be channel specific restriction; areas where members of a specific

set are restricted but not the other. In set 641 centre-left the red (C1) and green (C2) overlaid

movement map highlights a large hot-zone displaying co-localization with no green movement

around but some smaller red hot-zones (Figure 3.13). If small areas are low motility zones it

might indicate a phenomenon similar to dense but viscous micro domains, precluding green in-

clusion and slowing red movement in the area by forcing slower or no local diffusion.
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Figure 3.13: Population movement heatmaps (2.2.2) for 641, 643, 645 and 646 population data
sets, C1 and C2 were overlaid for each. Red shows C1 preponderance in an area and
green C2. By layering images in this manner, we can directly visualize co-localization
of GPCR and G protein
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Figure 3.14: Population presence heatmaps (2.2.2) across time for set 643 C1, Red grid cells are
the final movement heatmap of set 643 C1 after 400 time increments. Green and
blue are two contiguous data snap time points selected from within set 643 C1, teal
corresponds to the overlap of green and blue. A)0 (green) and 50 (blue) increments
B)100 (green) and 150 (blue) C)200 (green) and 250 (blue) D) 300 (green) and 350
(blue).

Population overlay Within the larger hot-zones we can identify multiple small clusters of en-

tities over several captured time frames (Figure 3.14,3.15). Therefore, suggesting that large

hot-zones capture entities over time and can create co-localized groups as expected. We can also

observe many scattered, inconsistent, and motile population placements differing across time,

background diffusion. Small hot-zones may be consistent single population placement caused

by restriction or other immobility; they show a low scale static population across time. How-

ever, some smaller hot-zones also have bright areas indicating larger populations; indication of

co-localization similar to larger hot-zones. One of the distinct large hot-zones seen in C1 that
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Figure 3.15: Population presence heatmaps (2.2.2) across time for set 643 C2; red grid cells are
the final movement heatmap of set 643 C2 after 400 time increments. Green and
blue are two contiguous data snap time points selected from within set 643 C2, teal
corresponds to the overlap of green and blue. A)0 (green) and 50 (blue) increments
B)100 (green) and 150 (blue) C)200 (green) and 250 (blue) D) 300 (green) and 350
(blue).
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stands out as not overlapping with C2 is composed of a cluster of population positions. With

this consistent disparate population placement within a slightly larger space we might suggest a

cluster of several small adjacent micro domains or a large receptor complex is being observed. At

later time points this disparate hot-zone shows marked decline in population members forming

it but retains a clear pattern: possibly a large and very short-lived interaction (Figure 3.14).

3.3.2 GPCR and G protein models

Figure 3.16: Key patterns identified via visualisation of GPCR and G protein set C1 641 move-
ment heatmaps (2.2.2). Patterns shown are separated from a subsection of set 641
C1 (A) into small concentrated hot-zones (B), larger less concentrated hot-zones
(C) and generalised areas of Brownian movement (D)

Observation of visual movement heatmap metadata has allowed the identification of distinct

patterns within the given GPCR and G protein positional representation (Figure 3.16). Our

modelling approach begins with the definition of general representative models and then the

addition of hyperparameters to replicate identified patterns.

To compare hot-zones across different models and real-world, we can apply a uniform movement

derived representative heatmap with the same heat intensity to movement gradient (Figure 3.17).

By comparing, we can hypothesise about isolated observed patterns and the different causal con-

ditions. Between immobile sub populations, attractive areas and deflective boundaries we can

identify possible explanatory models for each of the major observed real-world in vitro patterns.
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Figure 3.17: Uniform visualization with the same top-end for movement heatmap (2.2.2) gradient
across several different model definitions and real data. A-C all include the C1
derived basic Brownian motion parameters, A) including 11% immobile population
members, B) low strength attractive areas, C) deflective boundaries and D) real-
world observed movement data 643 C1
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Model definition: basic movement patterns

GPCR and G protein movement is generally reported as Brownian diffusive motion; it is ex-

pected that particles and receptors will diffuse in random directions with Gaussian distributed

distances. To produce a model of basic GPCR and G protein movement we therefore need to

identify population size, average travel distance and turn frequency. Once a basic movement

profile is implemented, we can add other population effects. In this case we will reproduce the

C1 population reduction trend to visualize the effect on general movement density. To compare

with later hot-zone explanatory implementations, we will also include an immobile sub popula-

tion with a 11% incidence rate as reported in literature [54].

Brownian movement C1 C2 Tracking can make accurately measuring population size difficult,

however, the number of active participants at any time step was around 400 for C1 and 450 for

C2 sets. Speed is slightly more difficult to determine since rather than a direct divisible distance

by population total, we also need to account for the Gaussian distances. Brownian diffusion is

simulated as contiguous undirected Gaussian distributed movements over time not a set distance,

averages of 6.52 for C1 and 6.8 for C2 per increment showed similar distance results to real-world

totals. We implement a general Brownian motion model within the framework representing C1

and C2 sets.

Our model generated Brownian C1 and C2 representations exist upon a constant flattened

spherical surface area; upon hitting the edge of the displayed area they continue without vector

change and appear at the opposite edge (Figure 3.18). We focus upon the general movement

patterns, assumed extraneous parameters such as boundary conditions or collision have been

disabled. The resultant heatmap shows no adherence within a clear boundary and therefore

greater spreading than observed GPCR and G protein results. General movement patterns are

similar to general motion areas observed but lacking hot-zones or non-random co-localization.

Interestingly, movement starved areas are still common, this may be due to greater available area

but more expansive data sets such as 644 still don’t display similar starvation preponderance.

Spread difference could be due to environmental parameters, indeed with the lack of hot-zones

we would expect more Brownian motion to create clearer general coverage. Similarly, a model en-
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Figure 3.18: Representative model results for general C1 and C2 movement represented as pop-
ulation wide movement heatmaps (2.2.2). A) C1 run 1 and 2, B) C2 run 3 and
4.
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vironment exists from the beginning to the end of record. However, a real observed environment

would include prior interaction, we could suggest that greater starvation is due to the starting

distribution.

Figure 3.19: Heatmaps (2.2.2) for population movement across three simulations of random
Brownian motion, overlaying all three creates an image for identifying repeated
patterns, they were generated at 50, 200 and 400 time increments to observe initial
entity placement. A) Random distribution, B) Even distribution and C) Normal
distribution.

distribution, populations size and coverage issues Once the model is defined, the framework

can generate different initial population distributions. Random initialized special distribution

mimics the stochastic effects of unknown environmental starting parameters, even distribution
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reduces positional effects on eventual patterns and normal distribution allows comparison with

more clustered starting conditions (Figure 3.19). By taking the movement heatmaps of three

runs with identical settings we can highlight repeating patterns. Random distribution aids in

the creation of some movement starved areas but even distribution still creates more fragmented

zones. Importantly, across representative models there seems to be no clear artificial bias, repro-

ducible stochastic placement creates reasonably even coverage of movement over multiple runs

as expected introducing minimal negative distribution bias.

Figure 3.20: Population heatmaps (2.2.2) for C1 general movement with a similar population
trend to observed real data for assessment of phenomena impact. A,B) Cumulative
motion heatmaps after application of the entity removal rate.

GPCR (C1) population trend To assess the impact of secondary effects upon general popu-

lation progression, we first apply our Brownian general movement hyperparameters and then

parameters to add or remove population members. One of the observed trends from the quanti-

tative real data analysis was that of a C1 gradual population decline (Figure 3.6). We defined

a model with a probability of removal, gradual negative population change has little effect on

analogous C1 movement patterns over time (Figure 3.20). Population reduction also leads to

an associated distance travel reduction with variance being due to fluctuations in population re-

moval and random Gaussian jump distance. It is reasonable to define restriction models without

population change initially since it has been shown to have low immediate impact.
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Figure 3.21: Movement heatmaps (2.2.2) for an active motile population of 360 entities and a 40
entity sub population of rear biased shivering immobile entities can be introduced at
the same time to produce the above images after different time points. A)50, B)200
and C)400 time increments. D) Entire 400 increment period as a turn diagram taken
from active population turns

GPCR (C1) immobile sub group The incidence of immobile population members has been

noted in the literature as 11%, some smaller heat zones can possibly be attributed to them [54].

By creating a normal C1 movement group of 360 members and a smaller sub population of 40

shivering members we can attempt to replicate the phenomena in a model (Figure 3.21). Indeed,

small hot-zones of extremely localized movement can be seen to occur across run generation, the

sub population members adding visible differences at 50, 200 and 400 time increments. Addi-

tionally, the rear biased shivering effect even in such a small proportion has the effect of creating

an overall rear turn bias similar to that shown in observed data. Despite being a smaller sub

population, their behaviour still affects quantitative measures across the entire model. Repli-
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cating this trend supports the idea that in the real-world GCPR system such a small immobile

shivering sub population can cause some of the patterns we have noted.

Model output: Attractive area vs restrictive

With a reasonable definition of generalized Brownian motion focus of our work can shift to ex-

planatory environmental hot-zone effects. We have shown that a low motility sub population

can affect movement and turn bias via shivering (tracking or naturally occurring). Low motility

does not explain smaller zones of co-localization or larger hot-zones and overlap between C1 and

C2. As such we sought to implement representations of cytoskeletal deflection and catchment

areas within the framework model. Hoping to reproduce both hot-zones and localized starvation

the implementation allows for strength, size, and placement variation in both cases.

Attractive zone model results We can attempt to replicate co-localization hot-zones and local

movement starvation by adding areas of attraction to the general background motion of our C1

model. Small but dense hot-zones can quickly be created if applied with high attraction strength.

Locality starvation seems to increase with attraction strength, entities rapidly pass through the

area of effect to the centre of attractive zones. With lower attraction strength, local starvation

becomes less pronounced, but size, shape and effect more closely mirror the hot-zones observed in

given GPCR and G protein data. It should be noted that all models are run for the same number

of increments as observed data. In this timeframe attractive zones do not seem to significantly

impact overall motion patterns beyond local starvation and hot-zone emergence (Figure 3.22).

The attractive zone-based models suggest that the observed real-world in vitro phenomena are

not necessarily created by purely restrictive interactions. Rapid attraction and compression lead

to similar localised movement patterns, more successfully than purely restrictive models thus far.

We can again add attractive areas to the generated C1 motion model in order to address the

problem of hot-zone size. While parameters for attractive zone pull strength, the value that

dictates entity catchment and retention, can create larger areas at lower values the hot-zone

morphology and local movement starvation associated are not as pronounced. Two possible im-

plementations were applied: a central permissive area where entities could behave normally once
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Figure 3.22: Movement heatmaps (2.2.2) for models using Brownian diffusion with parameters
for C1 similarity, with attractive areas of various strength but similar size vari-
ance. Captured entities have their direction modified towards the central point by
increments of 80 (A), 60 (B), 40(C) and 10 (D) % per jump.
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Figure 3.23: Cumulative motion heatmaps (2.2.2) for the C1 motion model but with the addi-
tion of attractive areas with permissive central environments and varying attraction
strength. A) 60% strength and 10 pixels (px) of permissive space, B) 20% attraction
and a 20% strength falloff to create a gradient falloff zone, C) 40% attraction and
20px permissive, D) 5% strength 10px permissive 1% falloff.
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within an attractive outer area, and attraction strength falloff as entities were further from the

centre (Figure 3.23). A larger permissible area within the centre of an attractive zone creates

larger hot-zones but the shape is uniformly circular and does not compare well with observed

data. A falloff approach creates more natural shapes at the expense of easy size definition. A

combination of very low attraction, falloff and a permissive central area seems to create hot-zones

like the locality starvation examples observed in GPCR and G protein data.

Figure 3.24: Given a range of input parameters including variance the modelling libraries can
generate cumulative motion heatmaps (2.2.2) for the C1 model with the inclusion
of widely variable attractive area parameters settings. A-C) We can generate en
masse distinct separate runs to allow for stochastic effects.
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Attractive higher ranges We observe the effect of higher numbers of attractive areas with higher

size and strength variance. Increased localized starvation and global movement starvation can

be observed with higher numbers of attractive zones; as entities are trapped, general movement

diminishes (Figure 3.24). With a similar increase in numbers but lower strength smaller individ-

ual zones are not as clear, patterns blend into high movement areas. In observed real data, small

zone distinctness suggests high immobility or area constriction greater than that we applied.

Figure 3.25: Cumulative movement heatmaps (2.2.2) created over the entirety of a model run
using C1 based general motion profiles with the addition of deflective curves to
investigate cytoskeletal restrictive areas. Varying deflection likelihoods have been
applied A)90, B)80,C)60 and D)40 to constrict and compartmentalize entities.
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Deflective curves The introduction of multiple cubic curves can represent an overlapping cy-

toskeletal mesh in the environment, variable permissiveness then possibly creating hot-zones

from which no entities can escape. To replicate observed real-world trends, a range of deflective

strengths were applied to the defined C1 motion model (Figure 3.25). It is possible to create

“hotter” areas via deflective curves with general confinement and areas of motion starvation.

However, it is difficult to identify the same geometric patterns identified across observed C1 sets.

The created hot-zones are brightest and most pronounced at the highest deflection rates and not

spherical. Additionally, introduction of these deflective areas adds a clear pattern of reduced

movement where they run. Extreme local permissiveness differences could account for a lack of

these clear motion breaks in the real observed data, consistent with rapid micro-environmental

change but increased difficulty. It is important to note that while hot-zones from deflective

catchment do become clearer at longer timescales, these are not close to the real set time frame.

In the given timeframe such strong barriers create the clear movement starved path patterns

that don’t clearly appear in real data images.

Hybrid model One possible explanation for the lack of clear barrier movement effects in the

observed real-world GPCR and G protein data is that of combinatorial effect with other envi-

ronmental parameters. We therefore applied both attractive and deflective hyperparameters in

a single hybrid model.

Adjacency of attractive zones to restrictive barriers within the model does increase inten-

sity and modify hot-zone shape (Figure 3.26). Barriers intersecting attractive zones also create

greater outline perturbation in a similar manner to observed patterns. Movement starved areas

are still clear around hot-zones and overall distribution is not clearly changed except in the visual

presence of deflective barriers.

Turn comparison

We can improve POM by first modelling with hyperparameters for explanatory visual pattern

effects and then comparing with other metadata such as turn preferences. In the case of the

limited models discussed so far both C1 and C2 general motion preferences are entirely random
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Figure 3.26: By mixing deflective curves and attractive zones with 40% deflective strength and
10% attractive strength respectively we can create repeatable and scalable combined
effect cumulative motion heatmaps (2.2.2) over many separate runs.
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Figure 3.27: By measuring turn preference across a population over the entirety of a track set
or model data run we can create relative turn diagrams for visual comparison. The
larger a section the higher preference for turns in that direction relative to an entities
previous direction. A) Base C1, B) base C2, C) C1 with immobile population, D)
deflective barriers, E) attractive zones and F) real observed GPCR and G protein
across all available data sets.
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as expected with a Brownian motion implementation (Figure 3.27). We previously showed that

the inclusion of an immobile shivering sub population creates a similar but less pronounced turn

profile to real-world GCPR. We can observe from turn diagrams that deflective curves lead to

a slight forward bias, possibly a product of deflection angle suggesting that a more reflective

barrier might be appropriate (Figure 3.27). Attractive zones create both forward and rear bias,

if we assume forward to be the initial trajectory modification of attraction the rear bias might

be reasonable evidence for the enhancing effect of activity within a larger hot-zone.

3.4 Discussion

3.4.1 Tracks

Using our Framework we have been able to identify several recurrent patterns within the pro-

vided GPCR and G protein positional data some of which were discussed within the literature [54]

(Figure 3.16). A combination of quantitative statistical measures (Figures 3.6, 3.7 ) and visual

metadata such as movement and population heatmaps (Figure 3.10) with qualitative observation

was recorded. We highlighted hot-zones and begin to understand the dynamics that lead to their

emergence. Travel distance, turn rate and population size correlate with observed surface area

but does not dictate the overall turn distribution of a population within the observed system.

As time progresses movement seems to decline (Figures 3.6, 3.7), lower ongoing activity might

indicate experimental agonist introduction and drop off or an indicator of a cyclical behavioural

phenomena in G proteins. A large disparity of total movement might be attributed to tracking

inconsistency or other outside interference. However, the pattern is consistent across available

data sets with a slight drop, possibly an indicator of population-wide effects such as a receptor

specific stimulant.

The literature suggests that hot-zones exist at least partially to force GPCR and G protein

together for enhanced binding and communication [6, 55, 56, 57]. Following the co-localization

narrative, areas of high movement density should be common across C1 and C2. We have iden-

tified that smaller hot-zones may also be immobile population members (Figures 3.14, 3.15).
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Therefore, overlapping stationary hot-zones may indicate a method for differentiation between

low motility single members and small restrictive areas confining multiple population members.

Further, this comparison is complex, neither C1 solely interacts with C2 nor C2 solely with C1,

the hot-zones may be self-sorting for micro-environmental specific co-localisation or have differ-

ent active time effects for different pairings (Figure 3.13). We should also be aware of tracking

mismatches or video misalignment, one detection channel being a very small distance off centre

can create a mismatch, patterns of mirrored mismatches should still be reasonably localized in

this case.

Within the narrative of confinement, a rear bias (Figure 3.8) to turns could be caused by a

boundary based hard bouncing effect or bungie like snap back. Either would be environmen-

tally driven, possibly relating to confinement or fence and picket analogies outlined in litera-

ture [6, 55, 56, 57]. It is also important to remember the effect of tracking bias; track loss and

fragmentation is present in any application. We once thought stationary entities may be inter-

preted by tracking as shivering; we tested it and found shivering tracks are the result of tracking

shivering entities. It is unlikely tracking bias caused the rear turn bias.

There are a few general common observable patterns across all sets, caused by the method of

measurement and the targeted medium (Figure 3.12). Activity occurs on and around the cell

membrane but that it is not a true two-dimensional environment. The clear lines of activity re-

duction can be cell edges. Movement can occur outside the clearly defined cell locality. However,

it is not importance to the communication processes we seek to define, in fact it should generally

be ignored. As with all observed real-world data, interaction and extensive environmental effects

have been present prior to measurement. An observed environment is a product of ongoing and

prior behavioural emergence from complex unknown prior interaction. Therefore, observation

becomes a task of identifying salient trends occurring within explainable time frames.

High movement hot-zones have been confirmed as present with varying size and entity reten-

tion levels across time, with both small and large zone possibly indicating confinement (Figure

3.10). Population positions over time suggests large hot-zones are more likely indicative of multi

entity co-localisation. Heatmap representations also highlights the presence of greater general

movement of C2 over C1 populations. C2 populations showing greater distance and turn num-
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bers, closely tied to average larger active populations.

Possible avenues for further investigation were also identified. In all data sets the C1 active

population showed continual reduction as time increments passed. Both C1 and C2 showed a

marked trend down in the last increment likely due to tracking but C2’s slow downward move-

ment trend suggests we may be observing part of a possibly cyclical population behaviour or

decline. In addition, we were able to identify a common recurring pattern of movement starvation

around hot-zones. Whether starvation is due to a strong attractive process or barrier condition is

currently unclear. There is some evidence that it may be a slowing barrier with variable paucity

between C1 and C2 populations. In set 643 C1 we were also able to identify a large hot-zone that

didn’t appear to conform to the overlap trend already established. Identifying whether it is a

co-localization of several hot-zones or larger construct could lead to definition of a new hot-zone

type. However, we should remember that although recording conditions are the same, some data

variation is inevitable in biological systems; possibly interesting phenomena can be outlying data

as well as indicators for further hypothesis exploration

3.4.2 Models

We can create small shivering areas, analogous to non-co-localization hot-zones previously ob-

served in the GPCR and G protein data by adding a smaller 11% present immobile sub popula-

tion(Figure 3.17). The shivering sub population could indicate a real-world phenomena, entities

rapidly moving back and forth caught by an attractive zone or restrictive pocket. Large low

attraction areas suggest an explanation for localized movement starvation and the patterns of

observed larger co-localizing hot-zones (Figure 3.22). While the turn bias observed suggests that

the initial attraction method is not led as in the model, rear bias suggests that bouncing within

a more permissive central attractive area may be present. While deflective boundaries do not

seem to be a strong single explanation for hot-zones, movement segmentation does bear some

similarity (Figure 3.25 ). It is possible that deflective boundaries help to compartmentalize gen-

eral movement, once localized weak attractors bring receptors and G proteins together in a more

concentrated mass.
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3.4.3 Conclusion

Initial visualization of GPCR and G protein sets successfully highlighted several key movement

patterns: hot-zones, general Brownian movement and starvation were all present along with clear

areas of GPCR and G protein co-localization when C1 and C2 were overlaid. We were able to

examine the spatial relationships between GPCRs, G proteins and their environment. Using

our approach, we can now suggest explanations for several major real-world in vitro phenomena

by combining distinct models of movement patterns; we were able to replicate patterns within

representative models. General background movement patterns were made of population wide

Brownian motion and areas of movement starvation often near catchment zones. Also, attractive

zones and shivering sub populations both produced hot-zone patterns similar to those observed

variable morphology. Shivering sub populations also reproduced a rear turn preference across

the population.

However, there are some interactions and environmental factors described in the literature that

we could again include in future models. For example, lipid-protein complexes and nanodomains

could be included affecting population member movement, it is thought that the arrangement

of such constructs can strongly influence confinement [9]. Similarly, confinement conditions can

be transient and impact protein and receptor movement and behaviour [9]. Implementation of

hyperparameters to represent either might be important. While we currently have a cytoskeletal

confinement model, the structure does not change across time within a run. Therefore, represen-

tations for cytoskeletal structural change change over time may improve representation for more

nuanced models.

Existing simulations might also be further examined in a more detailed metadata represen-

tation. If we can improve the reliability of our representations and the quality of information

derived from real-world systems, we generate more in depth patterns for comparison and valida-

tion of representative models. Analysis improvement allows us to increase model complexity and

in turn provides opportunities to investigate real-world interactions, helping us understand the

biological system. To progress and improve analysis, it is reasonable to next use the framework

to examine outside bias, improve heatmap directional representation and automated quantitative

comparison tools.
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methods for further pattern identification

4.1 Introduction

Previously, we used our framework to generate mechanistic hypotheses for observed population-

wide movement patterns of both cancer cell (Figure 2.11) and G protein-coupled receptors

(GPCRs) (Figure 3.16). Across these applications gaps were identified regarding the detailed

construction of meta patterns such as strands or hot-zones over time, and how location dictated

entity directional selection. Therefore, the next steps aim to improve our framework by enabling

the characterisation of directional trends within micro-environmental patterns, their construction

and morphology over time. We observe micro-environmental effects by further exposing localised

population behaviour.

Movement heatmaps were modified to display directional preference, allowing observation of

population movement dynamics on a smaller scale, more environmentally specific. Furthermore,

we want to test if populations could be split into multiple sub-populations based upon represen-

tative patterns, e.g. subsets interacting or not with specific environmental effects. Therefore,

track filtering was also introduced with real-world digitised tracks split according to manually

selected metrics into subsets for comparison.

In addition to observing recorded environmental effects, we suggested that pre-existing envi-

ronmental conditions such as lattice paths or varying environmental density likely affected the

populations we observed. Such pre-existing conditions would be difficult to differentiate and

fully explain without a matching set representing an environmental baseline. However, we can

focus upon change within observable intervals. Isolate changes within images generated for each

consecutive observed window rather than displaying cumulative movement. This will ensure
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that trends are continuous and not a reflection of strong early effects being carried over with

cumulative measures.

4.1.1 Summary

We extended our modelling and analysis by developing new tools: directional movement heatmaps,

time phasing and population sifting upon gathered metric data. Applying them to the cancer set

reveals that strands may well coalesce from forging behaviour interacting with pre-existing least

resistance paths. Also, cancer cells seem to retain some adherence to these paths even when

entering less restrictive strand like areas of movement. In the GPCR and G protein system,

we identify that rear turn bias across the population is likely indicative of hot-zones. Visual

inspection of directional selection shows rear dominated movement is pervasive across identified

hot-zones. We also observe hot-zone coalescence and disassembly over time.

4.2 Methodology

4.2.1 Pattern identification

Often, when presented with a real-world in vitro set, we have limited examples. One solution

is to use representative models to expand sets for machine learning. Therefore, in the case of

both GPCR and cancer cells with relatively small datasets, it became essential to maximise the

depth of possible analysis. Consequently, we increased available visible patterns for observation,

primarily focusing on entity directional choice within micro-environments.

Micro domains and localized environmental effects are expected, movement-based heatmaps

allow us to visualise their effects on general activity, where addition of a directional element po-

tentially improves this approach. Similarly, a common issue with analysis of gathered real-world

in vitro sets is the difficulty of estimating prior interaction and environmental variables. Ac-

counting for interaction prior to observation and effects upon a population can be very difficult.

Splitting observations by phase can help us simulate unseen prior parts of a biological system

or isolate and clarify the stages we can observe. Finally, sub-populations can have pronounced

effects on overall observed behaviour. Filtering real-world tracks into sub-populations for input

can test the relationship between subsets and patterns. To summarize, we developed tools to
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reveal patterns with greater topographical, chronological and population specificity.

To minimize the introduction of possible confounding parameters, previous hyperparameters

for the representative models were used for both cancer 2 and GPCR 3 comparison. There is also

a significant limitation in the current application of these new heatmap representations as it is

very difficult to generate representative numerate analysis. Hot-zone and lattice path construc-

tion in particular is not just a question of movement density but also morphology, with complex

problems requiring very detailed multi variate representation for definition.

Directional heatmaps: localised directional preference

Implementing directional heatmaps allows us to observe turn preference relative to a position

within the observed environment over time, where population members most often change their

general directional preference.

Directional heatmaps seek to overlay directionality upon existing movement density values

(Figure 4.1). When normal movement heatmaps increment a movement density value at the

position of population members, directional also registers their heading. Direction is totaled at

stated intervals and displayed as arrows for each section of a grid, colour is assigned relative

to a cap derived from the strength of a dominant movement direction. Directional heatmaps

therefore show the preference of a population to make a turn in the direction of a given arrow

at every position when observed.

There is a risk that non-dominant movement angle information would be lost with a domi-

nant directional angle display. Supplementary heatmaps are therefore generated for each of the

eight angles being observed. We can then compare dominant angle displays with angle isolated

heatmaps to gather additional insight if relevant. Normal movement heatmaps are also still gen-

erated to provide general movement density information. Ordinarily movement is gathered on a

2x2 pixels scale, to accommodate arrows more pixels are needed so grid cells are scaled up to a

4x4px minimum. Data could be gathered at a smaller scale then positional multiplication and

scaling used to display properly, as is the case with the built-in visualizer tool. However, file and
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image sizes become difficult to manage for a small increase in detail.

Figure 4.1: Directional heatmaps (4.2.1) where triangles indicate the actual direction of travel
for entities (A,B) and relative to previous turns (C) at jump (B) and increment (A,C)
time steps.

There are currently three main implementations of directional movement heatmaps. They use

the same representation, but differ in arrow meaning and capture timescale (Figure 4.1):

1. Absolute directional maps show arrows indicating the direction of preferred movement rel-

ative to environmental orientation, that is, if an arrow points somewhere then movement

is preferred in that direction at that position (Figure 4.1 A,B). Showing absolute direc-

tion allows us to see the reaction pattern of entities relative to any environmental effects

deflecting or reversing them.

2. Constant absolute turn representations display absolute direction captured at every smaller

jump step. Each time increment and known position is connected by a number of inter-

mediate jump steps within a data run. By registering the presumed steps we loose some

accuracy but include information that may represent missed or obscured movement.

3. Relative directional heatmaps also only register at known turn steps but relate back to rel-

ative turn circle diagrams, an arrow pointing up means directional preference of sector 0

(337.5 to 22.5 degrees) in relation to their previous direction, down suggests a reverse not

southern preference. They are intended to show the continuity of directional choice relative

to previous heading, detecting patterns such as conservation of direction or rapid/random

directional change.
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Phasing: isolating short and long term effects on a system

In our case, a time phase refers to a sequence of population movements between two set time

points. Previously, data was gathered in a cumulative manner and presented for interpretation

at the end of a run. With phasing we record and then re-set counts and measures so that our

data represents behaviour between two chosen time points; the time phase. We can isolate and

observe each phase without patterns from previous movement.

Most of the numerical metrics gathered on an analysis run represent the actions of a pop-

ulations’ entities between given time phases. Cumulative totals are auto generated by simple

addition of ongoing phase values. However, movement heatmaps are both spatially large and

information dense enough that merging them has a noticeable computational and therefore time

cost. Previously it was more effective to simply increment movement values and display cumu-

lative maps at each time frame. Addition of heatmap cleaning between time frames requires

a compute increase but allows us to observe the effects of environmental interaction in a more

nuanced manner.

Figure 4.2: Heatmaps (2.2.2) displaying population movement over time in an environment with
weak attractive areas through three distinct non cumulative time frames

By separating the movement values for phases we can assess the growth of environmental ef-

fects such as attractive zones without noise from previous interactions (Figure 4.2). In the case

of attractive zones, each subsequent time phase displays increased movement within and gradual

movement starvation outside as more members of a population are captured. We can create a

circumstance where a single model addresses formative steps and the resultant long-term pattern

presented by population movement.
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Sub-populations: filters for population behaviours

Figure 4.3: Movement heatmaps (2.2.2) representing behaviour over time of an initial random
movement with stopping sub-population (A) and the population split roughly in half
by their preference for and against forward movement and directional selection (B,C)

Populations can often be divided into subsets such as affected and unaffected members, or

members displaying a specific behaviour and those that don’t. This can be caused by an under-

lying biological sub-population due to clonal heterogeneity in the case of cancer cells, possibly

affecting motility and replication [80]. In the case of GPCR and G protein the effects of highly

localized interaction of environmental variables like an attractive or restrictive zone may define

subsets. In the GPCR and G protein, we have observed a strong rear bias in both receptor

and G protein populations and reproduced similar trends with a small shivering sub-population

simulation. We therefore, attempt to split the population based upon this rear bias to isolate

each.

Within the framework we can implement a tool that marks entities throughout a run based

upon fitting any of the specific metric criteria generated. Once marked, a population can be

filtered inclusively or exclusively, input trajectories are sorted into two new movement subsets.

Comparison of filtered sub-populations supports the relationship between causal separation met-

rics and observed patterns; whether due to interaction with other entities or environment. After

defining and splitting a population they can be input and visualised by analysis tools in the same

way as normal unfiltered data sets (Figure 4.3).
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Model Hyperparameters

Across the chapter we reuse the model definitions in the previous chapters. The corresponding

hyperparameters are therefore the same, but the visualisation tools differ. Cancer (Tables 2.2

and 2.3) and GPCR and G protein (Tables 3.1 and 3.2) models therefore reproduce movement

patterns even if different stochastic seeds are used.

4.3 Results

4.3.1 GPCR and G proteins

In initial analyses of the GPCR and G protein system, general random movement could be seen

across the biological system. Of note, the greater inclination of G proteins (C2) was to uniformly

higher movement density while GPCRs (C1) created movement clumps suggesting greater com-

partmentalization. Near particularly large movement hot-zones, both C1 and C2 data shows

a reduction of localized general movement, a starvation effect. High movement hot-zones have

also been confirmed as present with varying size and constraint strength. Both small and large

hot-zones can be consistent across C1 and C2 but population placement suggests large ones are

more likely G protein-receptor congregation points, important to co-localization and biological

processes.

Rear bias is likely a true signal and perhaps an effect of entity binding or reflection, directional

maps should help localize the phenomena. As noted previously 3, small sub-populations can bias

trends. Therefore, identifying where rear biased patterns occur, filtering based on the bias and

comparing movement heatmaps may reveal the causal interaction.

Micro-environmental turn preferences

We expected to localize and understand the interactions that produced observed rear bias and

hot-zones by applying directional heatmaps. Representative model analysis should also improve,

more detail allows a greater scope for comparison of resultant patterns, .
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Real data results Absolute, constant, and relative turn directional heatmaps can be segmented

to focus upon a specific hot-zone of interest with surrounding movement (Figure 4.4). With

examples of both small and large hot-zones in focus, we can differentiate them with directional

heatmaps showing preference at turn steps. Smaller hot-zones are characterized in the absolute

directional turn map as generally turning towards the centre of movement as might be expected.

The relative directional heatmap displays pronounced rear bias within the smaller hot-zones,

supporting the narrative of bias by these extremely restricted. For both absolute and relative

directional visualizations, the larger hot-zone is clearly denser than nearby movement but seems

to have almost random patterns as entities approach a small area of centrally biased movement.

As with previous observation directional starvation is also clearly present. There are lower levels

of dominant directional selection outside of hot-zones suggesting local populations can co-localize

within.

Representative model results General Brownian motion shows reasonable spread without pro-

nounced hot-zones, there are also local changes in direction consistent with expected randomness.

Combination of multiple population member movement over time creates areas of general random

directional motion. By adding a small sub-population of shivering low motility population mem-

bers small hot-zones appear. Shivering hot-zones show general preference for centrally pointing

directional selection and a greater prevalence of dominant turn direction than other surrounding

movement. Since there are fewer active entities an immobile sub-population also reduces overall

environmental exploration like observed movement starvation.

As with normal movement heatmaps, the restriction of available space via deflective bound-

aries shows clear areas of motion starvation that can be identified as the deflective curves. Where

population members deflect, clear directional preference trends point away as they bounce off,

motion also runs alongside area walls. Caught between two boundaries, a small hot-zone is cre-

ated with movement primarily toward the centre. However, hot-zones are not as clearly defined

or as present as in other model results. In contrast, the attractive zone implementation creates

clear hot-zones and localized movement starvation without extended observable restrictive paths.
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Figure 4.4: GPCR and G protein run TC641 C1 visualisation comprising of a normal movement
heatmap(A) (2.2.2) and directional heatmaps (4.2.1) for absolute turn (B), absolute
constant (C) and relative turn (D) subsections of the initial run (A)
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Figure 4.5: Absolute directional subsection representations of results for C1 movement (A), im-
mobile sub-population (B), deflective curves (C) and attractive area (D) models. In
absolute direction heatmaps (4.2.1) at turn the arrows represent dominant chosen
direction of local population members at each turn choice increment.
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Movement within attractive zones also seems to be undirected and somewhat cyclic in nature.

Attractive zone implementation creates the cyclic effect via gradual centrally biased trajectory

modification, a calm unrestricted area in the centre allows resumption of random movement

similar to some of the observable hot-zones in the real-world in vitro data sets (Figure 4.4).

With relative display, the model of general Brownian movement shows random directional

spread and environmental exploration, confirming that any subsequent patterns are likely due

to the added interactions (Figure 4.6). Immobile sub-population models create clear hot-zones

and movement starvation. Deflective boundary implementation models display reverse prefer-

ence along hard small zone barrier intersections, more permissive space leads entities to run

alongside with extended directed micro forward turns. Again, highlighting the implementation

of attractive areas, hot-zones show strong forward led micro turns around a central more random

permissive area.

Short and long term system effects

Time phased based observation allows us to visualize movement that has only occurred between

two selected time points. For the purpose of this section each time phase is made of 100 time

increments and 3 sub jumps per increment over 400 total increments as in the GPCR and G

protein set. The top-end cap for heatmap gradient is also the same across all visualized runs

to aid effective comparison, each shade in a figure represents the same value within a gradient

with white being highest movement density and black 0. It is expected that patterns with long

term slight effects will become less prevalent but that cumulative and static interactions should

be consistently visible across each phase.

Pattern persistence and hot-zone morphology in real-world set Over the course of 100 time

increments there is enough space for general movement to generate and display patterns simi-

lar to purely random movement. Uniformity between visual patterns across phases is therefore

likely representative of population members with consistent movement, environmentally or be-

haviourally driven in any area.
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Figure 4.6: Relative directional subsection representations of results for C1 movement (A), im-
mobile sub-population (B), deflective curves (C) and attractive area (D) models. In
relative direction heatmaps (4.2.1) at turn the arrows represent dominant chosen
direction of local population members at each turn choice increment in relation to
their previously chosen vector, north facing arrows mean micro turns and south facing
reverse favoured modification.
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Figure 4.7: GPCR and G protein data set TC641 C1 population movement heatmaps (2.2.2)
measured within 4 contiguous stages with movement only occurring between each,
0-100 (A), 100-200 (B), 200-300 (C) and 300-400 (D) time increments were visualized
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Figure 4.8: GPCR and G protein data set TC641 C1 active entities, total distance travelled, total
turns and summation of entity adjacency across the population within each phase of
0-100 , 100-200 , 200-300 and 300-400 time increments.The number by each set label
is the slope of the regression model result line and the darker area is a 95% confidence
interval for the regression.
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Recurrent hot-zone location across time phases supports the consistency without specifying if

they are caused by long term immobility or constraint. The shape of larger hot-zones can be seen

to change in several distinct patterns: random movement within a roughly uniform area as might

be expected for constrained co-localization over time, coalescence and dissolution. Interestingly,

there are several examples of larger hot-zones that seem to come from smaller hotter areas and

disperse over contiguous time phases (Figures 4.7,4.8). Additionally, there appear to be larger

strand-like patterns that persist across runs, possibly a similar phenomenon to that which creates

hot-zones or adjacency of several active restrictive boundaries in the real-world in vitro system.

Immobile sub-population results One of the models generated for comparison with GPCR and

G protein system consisted of both Brownian background motion and a small sub-population

of shivering entities (Figure 4.9). When phases are applied, we observe consistency from the

position of immobile sub-populations and ongoing unchanged presence of subsequent hot-zones.

More transient features such as specific background movement patterns vary across phases, they

do however stay generally localized where greater concentrations of population members are

travelling. Entities can maintain locality across phases but not specific shapes. This indicates

low relative area exploration by the background Brownian motion for our representative models.

Deflective boundaries and representative models When we implement strongly deflective

curves representing restrictive boundaries, we are usually able to observe clear paths of move-

ment starvation in heatmap representations (Figure 4.10). During time phase observations, the

lower prevalence of general background movement obscures the strand pattern. We can identify

several isolated pockets of movement that are likely constrained but even over time it does not

lead to distinct hot-zones, highlighting a difficulty in the restrictive model. Where boundaries

are strong enough to restrict movement out, they necessarily also reduce entity ability to enter

a space. General population movement may be prevented in some areas, however, without ad-

dition of more population members larger hot-zones become an aberration of initial placement

and consequent catchment in the model.
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Figure 4.9: C1 background Brownian movement model with added immobile sub-population rep-
resentation movement heatmaps (2.2.2) measured within 4 contiguous stages with
movement only occurring between each, 0-100 (A), 100-200 (B), 200-300 (C) and
300-400 (D) time increments were visualized
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Figure 4.10: C1 background Brownian movement model with added deflective curve representa-
tion movement heatmaps (2.2.2) measured within 4 contiguous stages with move-
ment only occurring between each, 0-100 (A), 100-200 (B), 200-300 (C) and 300-400
(D) time increments were visualized
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Figure 4.11: C1 background Brownian movement model with added attraction zone representa-
tion movement heatmaps (2.2.2) measured within 4 contiguous stages with move-
ment only occurring between each, 0-100 (A), 100-200 (B), 200-300 (C) and 300-400
(D) time increments were visualized
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Attractive zone representative models Previously, we added a representation for zones of

entity attraction as an alternative explanation to restrictive boundary theories outlined in liter-

ature [56, 58]. While we found exploratory models implementing them to be more compelling,

they still caused some difficulty in definition due to the interaction of attraction strength and

morphology: too strong an attraction variable leads to very small dense hot-zones, too weak and

they don’t appear. However, size was not the only morphological aspect of hot zones; neither

small or large entirely represented in vitro observations. Time phases allow us to visualize the

life-cycle of strong attractive micro domains and identify possible comparable points (Figure

4.11).

Across each time step, attractive zones coalesce from general movement, pull in surrounding

entities, and exist as clear areas of heat within dark surroundings. We can also observe the ability

to create local movement starvation patterns over time without overly affecting general simula-

tion area movement density, general background movement remains clear throughout. Also, with

the addition of phases, heterogeneous shapes can be observed as part of the coalescence process,

mirroring more closely hot-zones in the real data source but lacking later dissolution.

Sub-populations

Figure 4.12: Movement heatmaps (2.2.2) for GPCR and G protein set TC641 C1 over the entirety
of the set time-frame (A), the population was then sifted based upon number of rear
turns 4381 tracks with fewer than 5 rear turns (B) and 395 with greater than 5 (C)
and movement metrics generated
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Figure 4.13: GPCR and G protein set TC641 C1 post sifting into tracks based upon number of
rear turns 4381 tracks with fewer than 5 and 395 with more (Figure 4.12)

Once a hypothesis is developed for movement patterns, we can filter a population into subsets

that conform to the trend and those that don’t for comparison. In this case we assume that the

rear bias is sourced primarily from hot-zones, as supported by directional heatmaps. Therefore,

the population of a GPCR and G protein data set was divided based upon a broad turn trend

definition into members with differing rear turn amounts and the results visualized (Figure 4.12).

Tracks, and therefore real entities, with greater rear turns do primarily dwell within hot-zones.

However, it is not possible to say they only exist there as hot-zones are still clear across both new

populations. Larger hot-zones and general background movement are better represented in the

lower turn sub-population. As with the findings of directional heatmap analysis, small hot-zones

are more clearly rear turn biased than large ones; the rear bias is also more pronounced in the

higher turn set (Figure 4.13).

4.3.2 Cancer cells

Our original analysis of cancer motion identified forward preferred and striated strand-like move-

ment patterns over time. Both built in lattice paths and entity-based path forging models showed
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similarity and possible explanatory application. Lattice paths were more effective for creating

clear movement strand visual patterns through areas of general movement. Path forging be-

haviour creates more organic and stochastic patterns. A combination of the two may be present

in the real-world environment since both are supported in existing literature [124, 92, 80].

Micro-environmental directional effects

Notice should be taken of directional motion within areas of general, seemingly random and pop-

ulated movement patterns, differentiating whether these attractive strands continue or disperse

(Figures 4.14,4.15).

Patterns in real data

Short runs For the shorter time frame cancer sets (A-D), strict adherence to strand-like move-

ment was observed. With the directional heatmap visualization, clear movement strands are

still visible (Figure 4.14). Further, the relative turn heatmap displays widespread dominance

of upward facing arrows, in a relative diagram this means forward facing directed movement is

pervasive. Visualization of continuous absolute direction preference shows an even stronger fol-

lowing pattern, due to the large number of jumps between time increments. Population members

are clearly following strand-like paths. A hub of paths can also be seen at the intersection of

several strands where movement becomes more undirected, the general area is more permissive.

When movement does become more generalized a forward preference of direction is less clear but

still present, there is also rapid coalescence into strand following when leaving generalized areas.

Long run As initially observed, the longer 181 time frame cancer set E displays a more general

movement pattern with some observable strand following still visible. It was suggested that due

to population growth patterns and comparison with shorter time frame cancer sets, that it was

captured at an earlier extended time frame. When we study set 5 with directional heatmaps, pre-

viously observed trends of widespread general movement with some strand following behaviour

remains (Figure 4.15). There are subsections of movement containing a mix of well-travelled and

differentiated paths, there are also more general movement areas. Similarly, relative directional
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Figure 4.14: An 84 step cancer movement files is visualized as a movement density heatmap
(2.2.2) (A) and then a sub section displayed as absolute chosen direction (A) and
relative directional preference (4.2.1) (D) at each larger time increment along with
absolute heading direction at every jump step (C)
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Figure 4.15: An 181 time step cancer movement file is visualized as a movement density heatmap
(2.2.2) (A) and then a sub section displayed as absolute chosen direction (A) and
relative directional preference (4.2.1) (D) at each larger time increment along with
absolute heading direction at every jump step (C)
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maps suggest that forward preferential movement is still dominant in the strands and in more

general areas, the amount reduces as an area becomes more travelled. There are two examples of

general movement that can be observed, one displays close knit but still distinct webs of strand

movement and the other a less directed random area.

Comparison with representative models We can represent population travel and directed pref-

erence with a constant absolute directional heatmap from a general cancerous movement model

(Figure 4.16). The forward biased pattern our general movement model represents is derived from

overall population behaviour in observed real-world system. Therefore, replicating the trend cre-

ates similar movement without the required environmental drivers. While general movement

areas are similar, the same shared strand cohesion is not present, movement strands are of ran-

dom thickness and density due to random coincidental following.

The directional trend approach to visualizing lattice paths of least resistance suggests that such

paths are too stark. They lack biological variance as shown by complete uniformity of direction

and entities are siphoned away from general movement. However, lattice paths do create a strong

strand pattern even when combined with general movement. The path forging and following im-

plementation leads to the opposite issue, strands are difficult to discern and movement in areas of

multiple entities becomes more undirected and general. We can observe some crossover of both

phenomena by combining path forging and lattice path representations with constant absolute

turn visualisation. Path following is still present and clear with the directional map suggesting

some cut through of population zones. Equally, zones of undirected general movement suggest

concentrations of population members also exist. Perhaps coincidentally, more striated general

movement areas and patterns are also visible, a possible effect of chance or overall starvation of

movement by entity attraction.

With relative turn diagrams we expect following entities such as cancer cells to show high

forward preference (Figure 4.17). General motion models with the replicated turn trend show a

strong forward preference, in an empty environment the only parameters to change that pattern

are low random chance and entity to entity collision. Similarly, for lattice path following models,

entities are drawn in and continue to travel along a very direct forward driven path, consistent
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Figure 4.16: Absolute direction added movement heatmaps (4.2.1) where arrows indicate dom-
inant movement direction at a location for general movement cancer (A), lattice
attractive path (B), following (C) and hybrid following attractive lattice (D) mod-
els.
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Figure 4.17: Relative direction added movement heatmaps (4.2.1) where arrows indicate chosen
new direction relative to previous vector from north as 0 for general movement cancer
(A), lattice attractive path (B), following (C) and hybrid following attractive lattice
(D) models.

148



4 An expanded micro-environmental view: methods for further pattern identification

movement in any direction registers as forward movement. Path forging and following models

show a more pronounced preference than general movement. The addition of least resistance

following leads to entities consistently following previous paths compounding the foreword trend

over time and eventually ending in highly localized hot-zones. Combination of broader lattice

paths and forging again shows promise, clear strands run through general entity movement zones

with strong dominant directionality remaining. We also observe increased general movement at

path intersections with some undirected general movement permissive areas.

Short and long term pattern persistence within the system

In observations thus far, the primary possible effects identified for time isolated observation of

the cancer data sets are pre-observation environmental effects. The larger set E may be a pre-

cursor with low strand cohesion progressing to the strongly established cancer environment A-D.

Therefore, application of heatmap time phase restriction should highlight consistent trends and

strand coalescence over time.

Pre-tracking micro-environmental modification Due to population growth patterns and com-

parison with data sets A-D, E may be captured at an earlier extended time frame. Comparison

can therefore occur not only between phased model results and a real-world set but also across

data types, short and long.

Short sets As with cumulative visualizations, the distribution of movement across the entire

simulation space is clearly strand-like for the short runs A-D (Figure 4.18). We can also observe

that these strands are not just strong short-term effects with time phase specific representation.

They do not just bias visualization via a single interaction but lead to consistent long-term

movement capture. Variance in exact movement patterns does occur across time but the broad

strands of common movement remain, likely several population members traversing around the

network. Greater specific heat consistency can be observed in general movement zones, fitting

the narrative of population density leading to general environmental degradation. With more

cells present, a greater proportion needs to leave to drastically change movement within a single

149



4 An expanded micro-environmental view: methods for further pattern identification

Figure 4.18: Heatmaps (2.2.2) representing population movement density over time for the first
short 84 time increment cancer cell data set, heatmaps are representative of 0-20
(A), 20-40 (B), 40-60 (C) and 60-80 (D) increment subdivisions respectively
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time phase of 20 increments.

Long sets Several interesting new overtime development patterns can be observed in the longer

cancer set E with the time phase specific heatmaps (Figure 4.19). In the upper centre of heatmaps

what begins as a concentrated group of cells spreads out into several more strand-like movement

patterns over time. Conversely, and in line with our time frame hypothesis, general movement

across the simulation space seem to coalesce from random to more strand like paths as time

progresses. Even dense undirected pattern areas appear to become more defined; the question

remains of whether the primary cause is the exploitation of built in lattice paths or simple nat-

ural least resistance path forging in permissive environments.

Representative background movement models We can visualize the normal extent of popula-

tion movement without external environmental effects by separating a set of general cancer model

heatmap movement representations into several smaller time phases (Figure 4.20). Movement

is almost entirely disparate, commonality across time being based upon low general movement

variables allowing entities to remain in a similar area. Therefore, the greater the localization

of population members the higher the correlation of movement observed across phases. It also

provides a good visual representation of serendipitous convergence for comparison with other

models and real-world sets with no known environmental effects.

Path of least resistance models: Lattice paths With similar disparate general movement

across phases to the first replica model, lattices add a pattern of common movement similar

to that observed in the real-world sets (Figure 4.21). Paths become more pronounced as time

passes and more entities are captured, they also broaden with greater activity. However, again,

path shape is not consistent with the real-world strand phenomena and general movement zones,

even less so. Uncaptured entities also seem to remain within their own area of influence creating

small stark turn circles of movement in each short phase.
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Figure 4.19: Standard heatmaps (2.2.2) representing population movement density over time for
the longer 181 time increment cancer cell set, heatmaps are representative of 0-45
(A), 45-90 (B), 90-135 (C) and 135-180 (D) increment subdivisions respectively
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Figure 4.20: Heatmap (2.2.2) representations of movement density over time within set time
phases of a model replicating general movement trends such as travel distance,
population number and turn preference at 0-20 (A), 20-40 (B), 40-60 (C) and 60-80
(D) increments.
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Figure 4.21: Heatmap (2.2.2) representations of movement density over time within set time
phases of a model with broad and strong attraction cubic curves at 0-20 (A), 20-40
(B), 40-60 (C) and 60-80 (D) increments.
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Figure 4.22: Movement heatmaps (2.2.2) within time segments of the overall model life-cycle
Combining both lattice attractive paths and path forging following behaviour: 0-
120 (A), 120-240 (B), 240-360 (C) and 360-480 (D)
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Least resistance and forging in representative models Combining lattice paths and path

forging behaviour replicates some recognizable patterns while requiring longer timescales to ac-

commodate effective path forging, (Figure 4.22). Consistent with larger timescales, general

movement is less sparse, it has not however become general undirected movement. Clusters of

entities seem to exist around common strands, reinforcing localization and movement density in

those areas. Weaker paths are still recognizable, suggesting that the path forging behaviour has

a reinforcing effect, some signs of coalescence over time can also be seen. Across phases paths

display stronger consistent pull and local starvation as entities both broaden them and reinforce

attractive strength, in line with an exploitation narrative. However, clear defined paths are more

difficult to identify.

Sub-populations

The larger cancer cell position set E was split into two separate comparable subsets by incre-

menting the threshold for direction 0 until the resultant sets each contained half the original

trajectories. The subsequent sub-populations can then be passed through the framework as

comparable data sets (Figure 4.23). The sub-population with randomly preferential turns, low

motility and replication appear evenly spread across the simulation space but does not contain

as many isolated strands. The second more forward biased sub-population presents most of the

movement and exploratory behaviour in line with a narrative suggesting a more motility driven

subset.

4.4 Discussion

4.4.1 GPCR and G proteins

Micro-environmental turn preferences Previously we found movement hot-zones (3) similar to

those in GPCR and G-protein system literature [6, 55, 56, 57]. We also found a pattern of rear

biased turns across the population and suggested that it may be related to hot-zone occurrence.

Absolute directional heatmaps for GPCR and G protein set TC641 C1 show a preference for

movement towards the centre of hot-zones. Relative maps suggest these turns are reflective from

outward facing movement which shows as a rear turn preference(Figure 4.4).
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Figure 4.23: Sorted based upon the population preferred trend generates sub-populations with
more general turn profiles (A) and directed trend preference (B) visual representa-
tions.
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Models with a smaller immobile sub-population of 11% created small shivering areas analo-

gous to non-colocalization hot-zones. Shivering immobile sub-populations show similar patterns

to real in both absolute and relative directional maps suggesting the population size and move-

ment behaviour is similar to real-world captured entities (Figure 4.4,4.6). Models with deflective

boundaries representing cyctoskeletal compartmentalisation [6, 55, 56, 57] did not seem to be

a strong single explanation for hot-zone movement. Here we were able to show that deflective

boundaries can create some similarity to real-world results, however, only in extremely com-

pressed spaces (Figure 4.6).

We also defined models with large low attraction areas possibly explaining localized movement

starvation and the patterns of observed larger co-localizing hot-zones. Now, attractive zones

show more undirected movement within, further replicating patterns within observed larger hot-

zones (Figure 4.4). In contrast, relative diagrams show that motion in attractive representative

models is extremely biased towards forward micro moves towards the centre (Figure 4.4). This

differs strongly from real-world patterns which possibly have more bungee like interaction, at

a distance from the centre entities are snapped back, a further iteration of attraction could be

made. Movement starvation is a clear result of population restriction in all non-general models,

supporting the real-world observed phenomena. While larger real hot-zones are clearly differenti-

ated, the pattern of motion might indicate a slight coalescence around a central restrictive point.

It is possible that the larger zones are forming or disassembling but some seem to comprise of

layers like the attractive zone model. Directional heatmaps also confirm that the implementation

of background general Brownian motion is not locality biased until effects are applied (Figures

4.4,4.6).

Short and long term system effects

Introducing time phases for heatmap generating metrics lead to several interesting new patterns

being highlighted in both real and model data for comparison. The implementation also offered

further support for already established suppositions with Pattern Oriented Modelling (POM)

based validity. For example, presence of an immobile sub-population on the scale described

would not be enough to create movement reduction across the simulation as seen in the real

data (Figure 4.9). Similarly, attractive hot-zones alone are not sufficient, substantial portions of

the population are being co-localized and constrained (Figure 4.11). Interestingly, many of the
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smaller real-world hot-zones attributed to shivering exist within more movement starved areas

than their larger counterparts (Figure 4.7). Movement starved areas may be indicative of un-

successful low capture areas or a larger environmental phenomenon that makes movement more

difficult, holding these members in place and excluding others. The starvation observation lines

up with some of the C1 and C2 comparative channels in previous chapters concerning possible

variant density and its effects; differing or even transient environmental densities possibly reduc-

ing movement in specific localities of the real system.

Mirroring real-world observations of larger hot-zones, larger attractive areas across time phases

can be observed, capturing local movement, and intensifying over time (Figure 4.11). Again

though, the amount of capture is not sufficient to lower general movement density as far as that

observed in the real-world phases. So the real-world system still differs from the representative

model (Figure 4.7). A model with simple attraction representation and general movement was

also not enough to replicate the new slight strand like hotter areas. Consistent general movement

without repeating pattern can be shown across all runs where population members are mobile.

Therefore, it is likely a result of general travel distance within a hundred increments when added

to stochastic Brownian movement within the model definition. Phasing also offers an explanation

for the dissonance between deflective curve models and real-world in vitro results (Figure 4.10).

By introducing time phases, we lose sight of even the strongest deflective curve representations

within the model. Despite having a strong effect, similar deflective boundaries could therefore

be present in the real-world system but requiring observation over much longer time scales than

are available, thus supporting the real-world hypothesis of a restrictive zone interaction.

Summary

Across the new tool applications some patterns remain clear, hot-zones and the attendant general

localized movement starvation is consistent. We can also observe new localised patterns of move-

ment for pattern comparison, possibly due to transient confinement conditions [9] or unknown

interactions. Some larger hot-zones remained consistent among time phases but with differing

morphology, again possible indicators of a environmental transience not present in our current

models. However, we also observed many small hot-zones form and loose cohesion, this supports

some of the Calebiro groups recent work identifying and describing transient trapping in single

entity trajectories [152]. It may be that our confinement model requires transient catchment
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areas, combined with an attractive retention effect such as creation of dimers reducing travel

and improving representation. As such the models could be improved with time based deflective

curve strengths and shapes along with interacting sub populations with changing behaviour.

We also filtered results on quantifiable data such as turn amount and distance travelled ob-

serving whether hot-zones could be easily separated from general Brownian diffusion patterns

(Figure 4.13). However, simple metrics such as these were not sufficient and allowed edge cases

to be captured.For example, since turns are a raw metric and not the proportional dominance of

turn direction, there is space for fragmented tracks to register incorrectly. Because results can be

skewed by many factors, a further area for improvement would be the inclusion of metrics such

as maximum square displacement or image analysis techniques such as neural networks [152].

4.4.2 Cancer cells

Micro-environmental movement patterns We previously observed that strands were probably

generated by least resistance gradient following. Now, analysis via directional heatmaps allows

us to observe that forward motion dominance is pervasive throughout but more pronounced in

strands (Figure 4.14). As suggested, entities are clearly following a path. In general movement

areas there is still some forward preference. However, there are also small cyclic sub patterns

often observed in model results and other sets for low motility or generally immobile population

members. Therefore, areas of general movement patterns may be population centres with no

strong directional drive but indicative of another process such as cell splitting.

Path cohesion and congregation seems to increase over time, similarity was observed at dif-

ferent time points across all the generated model categories, path forging and lattice (Figures

4.16,4.17). A combination of several interactions such as path following and forging may be

present in the observed cancer micro-environment. Therefore, one possible explanation is that of

coalescence over time into strand-like groups of cells with greater adjacency but lower general-

ized exploration. Much like other self-organizing systems, initial exploration of an environment

is then exploited with convergence on common paths [90, 92].
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Differentiation between general movement areas can also be observed, multiple small strands

making up a larger area of dense undirected movement (Figures 4.14,4.15). Strands could be a

large common area of individual movement that creates undirected areas as movement density

increases and medium structure degrades. In similar modelled circumstances, possibly significant

separation seems to be occurring (Figures 4.16,4.17). Regarding general movement, the combi-

nation in models of both forging and lattice paths seems to create clear strands. However, we

observe general movement without the level of localized starvation that either forging or paths

cause. Indeed, general similarity seems to be greatest across both absolute and relative heatmaps

when comparing cancer data sets A-E to the lattice following and forging hybrid model.

Short and long term effectors

Short length cancer sets A-D and most model phases are only 20 increments long, this can cre-

ate greater consistency over time than comparison to the longer 45 increment set E (Figures

4.18, 4.19). The general movement phase heatmaps are invaluable for assigning proper weight to

serendipitous coalescence and emergence of patterns. Path forging is very difficult to implement

in isolation, with longer jump phases entities tend to look at a preferred area then jump through,

and past, rather than following the direction of least resistance or attractive path (Figure 4.21,

4.22). We can improve future models with a more nuanced path forging implementation.

Again, the narrative of built-in lattice paths of reduced resistance being exploited by path-

forging mobile cancer cells seems to be prominent. The observed coalescence in real-world system

and path forging lattice model results supports the sequence of events. Observation of real-world

phases also supports the suggestion that the longer time frame set E is taken from an earlier pop-

ulation time point than the other cancer cell sets. Interestingly, hot-zones can also be seen in the

real-world phases starving general movement, bright zones suggest a substantive sub-population

of immobile entities.
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Summary

Directional heatmaps allowed analysis of more sub-environmental patterns and cross compari-

son of strand shape and strength. A possible explanation found in literature is that different

confined environments tend to lead to different cancer cell behaviours [140]. The presence of

general non directional movement around areas of strands indicate either a change of cell type

or environmental constrictive force. It is not clear whether cell movement or degradation of the

environment could be a direct cause. Similarly, application of phased heatmap representation

further highlighted possible strand coalescence over time. A limitation of the current model

definition is the lack of a local density representation, without one it is difficult to define and

observe the effects of localised permissiveness beyond our lattice implementation.

Sifting has difficulty separating entities effectively upon only quantitative metric selection (Fig-

ure 4.23). We may have identified a proliferating low motility population and a high motility

gradient following subset, consistent with population heterogeneity and possibly morphologi-

cal differences [142]. However, resultant movement pattern distinctiveness is still unclear and

separation via existing metrics very difficult. Again, analysis would benefit greatly from im-

provements in track classification and population separation.

4.4.3 Conclusion

By adding tools for more specific primarily directional and temporal analysis, we have improved

the framework and enabled further important observations. In the cancer data set, we have

supported observations suggesting that some show the entire process from random movement

to coalescence around constructed paths of least resistance. Cells are also clearly following di-

rectional trends even within less well-defined strand-like movement areas. They may be moving

along an in-built lattice of least resistance, but also likely forge those paths over time. Within

the GPCR and G protein sets, directional heatmaps have highlighted a strong correlation be-

tween rear bias and restrictive or attractive hot-zones. Also, where previously model support

for a restrictive zone relationship was difficult, time phase observations suggest an explanation;

boundaries may be extremely transitory. Further improvement should highlight further patterns

of causal interaction.

We still continue to encounter issues with numerate comparison and selection of visual pat-
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terns. We can generally identify visual patterns and assume similarity by the occurrence, but it

is very inexact. We have also identified issues with population filtering when we wish to sepa-

rate clear visual patterns, validation of representative models and in turn automation of model

definition should be improved by the inclusion of such methods.

Therefore, we will next develop comparison and classification based upon complex visual data

using artificial intelligence methodologies. An additional sub-population filtering tool based upon

visual metrics will also be developed.
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pattern classification

5.1 Introduction

Both model to in vitro movement pattern similarity comparison and separation of patterns based

upon individual behaviour have been identified as areas for potential improvement. Therefore,

we aim to develop a novel workflow to classify visual patterns for model/system comparison and

filtering populations into subsets of track patterns.

Our framework enables the analysis and visualisation of population member movement over

time in cancer cell and G-protein-coupled receptor (GPCR) biological systems. This is achieved

by creating representative visual patterns and in turn developing insight into environmental in-

teractions. However, important mechanisms have proven difficult to characterise, e.g. in the

GPCR and G protein system, the differentiation between GPCR hot-zones, co-localization, gen-

eral movement and static population members. Similarly, cancer systems have displayed com-

plex relationships between random movement and following sub behaviours, e.g. a combination

of lattice following and path forging representative models generating results representative of

real-world sets. Therefore, we need to enable more targeted analysis through automated differ-

entiation of behavioural types. To break down a biological system into multiple sub systems for

comparative modelling, we first need to be able to identify such behavioural sub sets and analyse

them separately.

An ongoing difficulty with comparison between representative models and real-world results

is validation or definition of a similarity metric; defining how closely a model mirrors real data

observation. Thus far, qualitative visual comparison is difficult to validate (Chapters 2,3,4).

Furthermore, comparison with quantitative metrics such as travel distance, population size or
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turn preference over time has not been directly representative of emergent movement patterns

(Chapter 4). Therefore, there is a need to develop a more robust approach for visual pattern

based behavioural differentiation and model comparison. Artificial Intelligence (AI) seems to be

ideally suited for such a task.

There are many pre-existing approaches to track analysis and classification, but we require an

approach that needs minimum manual feature definition and can be generalised across biological

systems. In relation to GPCR tracks the Calebiro group recently discusses [152] approaches

such as back propagation neural networks, random forests, standardised maximum distance and

propose their own recurrence matrix approach. One study discusses the advantages of a graph

neural network, surmising that they need a larger amount of input data than classical methods,

but perform well and can be reliably trained from simulated data [153], with the framework we

have an abundance of simulated training data. Convolutional neural network (CNN) approaches

have also been shown to outperform gradient boosted and random forests in trajectory classi-

fication [154], albeit only slightly. However it was again noted that features did not need to

be defined but learned from the dataset. Therefore we chose neural net approaches which are

generalisable across trajectory classification and as applicable to similarity quantification. We

should also be careful since the approach is more sensitive to inclusion of patterns from outside

its training set and performed poorly there [154].

Neural nets, deep machine learning techniques, present a promising area of growth and can be

applied to image interpretation. Google’s Tensor-flow platform in particular has been on the rise

and claims to be a powerful experimentation tool for research with widespread support [155, 63]).

We aimed to conceptualise and apply a general proof of concept approach to explore neural net

applicability; defining similarity between visual patterns and segmentation of populations. We

present here a process that shows promise for further exploration; a method for quantifying the

real-world to representative model comparison and a separate but similar approach to identify

subsets by track visual profile.

5.1.1 Summary

Trained neural nets are used to generate similarity metrics for GPCR and cancer representative

model to in vitro results. We found most similarity between attractive area representative models
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with GPCR and hybrid forging/lattice path models with cancer results. Both sets are also

filtered to create subsets of entities based upon visual patterns: GPCR and G protein split into

compressed (GPCRShiver), Brownian (GPCRBrown) and fragment (GPCRFrag) sets, cancer

was separated into complex (CancerTurning), simple (CancerDirect) and fractional(CancerFrag)

sets. Filtering net transference was also investigated with cross application of neural nets to the

set they were not directly designed for; some interesting insights but both types of nets are more

applicable to their designed set.

5.1.2 Artificial neural nets (ANN)

As a field experiencing considerable growth, the application of artificial neural nets (ANN) have

been extensively discussed for decades [114, 115]). Unfortunately, general conceptualisation is

still difficult but broadly analogous to interconnected biological neural nets, each neuron pro-

cesses signals and sends them to their connected neurons. While individual neurons are unaware

of what an image is, specific regions of the brain correlate to different visual recognition patterns.

In a computational implementation, neurons are nodes made up of input and output relation-

ships, each node taking an input, transforming it and passing it on.

Figure 5.1: The structure of an Artificial Neural Network (ANN), input, intermediary hidden
layers and output taken from Bre et al [156]

The transformation of an input is based upon the neuron’s internal workings, most nodes are
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connected with differing weights. Network nodes are often arranged into hierarchical hidden

layers between initial input and final output sets (Figure 5.1). The aim of n intermediary hidden

layers is to modify the input values before they reach the output layer so that a requested result

is produced. While layer and overall network design, such as neuron inter-connectivity or layer

number, is often predetermined and static the weights and function of a network are trained and

dynamic, needing to be recorded to repeat results. Training data is given and passed through

the network; in our case the data is classified, and the success rate is used to evaluate distance

to desired result. Neurons in the network are modified based upon score accordingly, over time

and iteration this process can result in a network that accurately and repeatedly separates data

types by input class.

Layers can have targeted and expected functions within a network but exactly what is hap-

pening at each point becomes obscured. Sometimes conceptualised as a dense decision tree made

of black boxes with floating highly variant weights, it is unwieldy at times. It becomes easiest to

evaluate nets by output and results. Often within tutorials, the reasoning for values is given as

being ”one that works”, the causal relation often seeming intractable. Classification, prediction,

and clustering of data are all common applications. We used TensorFlow to implement ANN’s,

a flexible platform that could be integrated into this or a similar framework approach.

5.1.3 TensorFlow

The TensorFlow platform was developed by Google Inc. and benefits from important community

support and library development [155, 63]). Designed to be easy to use, its pipelines have been

applied to a wide range of established case studies including MRI imaging and text classification

systems. Like Agent Based Models (ABM) and many other natural computation paradigms the

mantra of serendipitous emergence can lead to exciting new emergent applications or extended

periods of obtuse inactivity. TensorFlow, written in C++ and usually interfaced with via Python,

differs from Java, the Framework code base, but can be integrated at a code or results level.
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5.1.4 Convolutional networks

Convolutional neural networks (CNN) are ideal for our visual application as they were designed

for visual learning and image classification via feature identification and environmental correla-

tion. Areas of the network attempt to address different sections of the given grid; designed after

our understanding of spatial recognition in the visual cortex, breaking images down into sub sec-

tions and evaluating them for important features. After training, sections with strong identifica-

tion correlation might have a higher weight than surrounding areas. All three of the pre-designed

neural net models we applied utilised variations of the convolutional approach [157, 158, 95]). As

with most algorithms, the developers are attempting to provide best results in reasonable com-

pute time with limited data. As usual for such specialised approaches, they perform variously

depending upon the actual input data. The calibration and training of models becomes a case of

pre-developed model selection, followed by parameter definition and attempted training within

the limits of available compute resources.

5.2 Methodology

Training neural nets to recognise features of a model or real-world in vitro sets over an entire run

can be difficult and sometimes unreliable. Compounding this, the required size of training and

validation datasets can be generated by the framework but without the magnitude of real-world

sets required to effectively evaluate results. Therefore, we should consider the similarity results

a proof of concept within a framework like pipeline. However, for single track classification we

do have sufficient real-world examples to generate more stable models.

5.2.1 CNN pipelines

One of the key features in our use of the TensorFlow platform was the ability to apply pre-

designed and weighted nets from previous research. Many patterns common to images such

as curve and edge detection can be transferred; a net applied with training on only surface

areas, this also improves model stability. As such we used several existing convolutional net-

works: VGG19 [157], InceptionV3 [158] and MobileNetV3 [95] where they seemed most ap-

plicable, VGG19 performed best for bi-modal classification and MobileNetV3 for multi-modal.
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The stochastic variance throughout definition and training does however make model calibration

very difficult. So, we cannot claim best use of each model, only functional use. Therefore, if

attempting to reproduce results we recommend applying several of the pre-trained networks and

evaluating performance per case.

When referring to classification in the context of neural nets, TensorFlow and our available

datasets, we refer to categorization of data into known groups. We attempt to train a neural

net that can recognise and differentiate between several classes of relevant image by providing

known reference labelled examples. Once trained the recognition net can be applied to our real-

world in vitro systems, to classify them appropriately. Separated sets can mean separation by

track which can be used for further analysis in our single track approach. Alternatively, we can

separate movement heatmaps as a metric itself; the classification confidence of separation sug-

gests similarity between class training set and applied real-world example, our model similarity

quantification.

So, in the model similarity approach we use classification confidence to indicate similarity be-

tween real-world images and those generated by our representative models. Similarity between

both indicating the strength of representative model definitions.

The single track approach is used for classification and separation of real-world sets; to pro-

duce more detailed and targeted pattern representations. For example, in the cancer cell set

we attempt to separate path-following and static entities to observe them directly, in GPCR we

wish to directly observe hot-zone creation.

Both model similarity and single track classification approaches use the same general pipeline

(Figure 5.2). We can create a wide range of images similar to real-world results by leverag-

ing the generalised data generation ability of the framework. Training a neural net ordinarily

requires two particularly difficult input requirement: a large quantity of available data and ac-

curate labelling, i.e. the classes of generated data must be known. After identifying the required

differentiating sets, a framework model factory run can easily generate large quantities of similar

stochastic varied images with known classes and apply labels for input. Our pipeline splits the
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Figure 5.2: Once a neural net is defined, model generated data is used to train across classes
of image. Once a net is trained a separate test dataset is used to reduce over and
under-fitting as well as ensure applicability. If the accuracy is below a threshold,
then a new net is trained with different settings, otherwise the trained net is passed
off to be validated with a third generated dataset. Validated nets are provided with
real-world in vitro datasets and used to differentiate and label classes of data images.
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labelled data into training, test and validation sets; neural nets are trained, tested and validated

before application to the real-world datasets. If a real-world dataset were large enough, manual

classification of a subset of images followed by separation as a validation set would also improve

the applicability for more accurate results.

Model similarity

Nets can be trained to identify and differentiate end of run movement heatmaps into classes.

While not infallible, the results produced worked in clear cases and often gave correct results

in our test examples. Where training nets to differentiate was difficult, we switched to a grid

comparison approach; rather than compare and classify all types of model results, nets made a

bi-modal assessment between one class or the other. From this two way model similarity compar-

ison we then assemble a grid of comparisons to generate a similarity confidence metric. The nets

performed better when narrowing the field of classes from several to a pair. However, the model

similarity single pair approach takes longer to develop and apply since every model type needs

training with each other type, greater accuracy at the cost of training and development time. A

trained neural net can be applied to real-world data for its classification confidence relative to

model trained understanding.

Single trajectory filtering

Breaking movement down into its simplest representation loses some geographical and emer-

gent pattern information but allows us to turn a single GPCR movement heatmap into 4000

constituent tracks. The automated tools of our framework also make post classification re-

construction reasonable. Therefore, treating datasets individually allows us to filter and analyse

sub-populations, break a heatmap into constituent patterns and increase the number of differ-

entiated recognisable features. Resultant separated track sets can also be run through other

existing analysis tools. We can then compare movement feature separated sub populations post

classification with any other data source within the framework.

We are able to apply externally pre-built CNNs such as VGG19 [157], InceptionV3 [158]

and MobileNetV3 because of transference; the concept that relevant pattern recognition can be
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retained and applied to different problem areas, in our case type of systems. For example, for our

single trajectory filtering we can transfer the cancer trained CNN to GPCR and G protein data,

then vice versa. This allows us to assess trained net applicability to different problem spaces and

the similarities between resultant population separation.

5.2.2 Transference

Figure 5.3: After generation of our trained cancer and GPCR separation nets, we can cross
apply them to sets from systems they were not originally designed for and leverage
transferable properties

While we have designed different training sets for cancer and GPCR and G protein track sepa-

ration it is also possible to cross apply trained nets to observe differentiation (Figure 5.3). Since

much of the time and resource cost is in training and the framework automates analysis, oppor-

tunity cost to generate crossover transferable results is very low; any useful new results would be

worthwhile for explorative analysis. The GPCR and G protein net is trained for separation on

track compression and the cancer set identifies based upon track complexity. We can compare

both to explore different possible hypothesised behaviours or to develop better understanding of

differentiation in our trained nets.

5.2.3 Proof-of-concept

The framework facilitated break down of larger homogeneous sets into individual tracks followed

by later reassembly and comparison of produced sub populations. Also, for training, validation,

and proof of concept purposes the ability to generate large quantities of model derived simulated

data via the framework was very useful.
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Model similarity

Figure 5.4: Model generated movement heatmaps, training data for bound and random move-
ment is inputted into our classification pipeline (Figure 5.2 along with unknown
images. Our trained neural net then classifies unknown heatmaps based upon overall
profile.

We were able to input entire run heatmaps for classification by utilising the training, testing

and validation based general pipeline we established (Figure 5.2). Our initial proof of concept

set used 800 bound and 800 random training cases with 100 non overlapping validation and test

sets generated separately for each. The aim was to use a simple, clear, visually differentiated

set to test whether such classification could work in a best-case scenario. This is one of many

cases there image based classification is necessary, numerically both sets would show identical
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Proof 93% Bound1 Bound2 Bound3 Random1 Random2 Random3

Bound 0.76 0.63 0.82 0.08 0.09 0.03

Random 0.24 0.37 0.18 0.92 0.91 0.97

Table 5.1: Trained net confidence values for bound and random examples used in the proof of con-
cept model similarity comparison network comparing bound and random movement
heatmaps

quantitative measures such as active entities, turn trends and movement over time. An artificial

boundary while easy to spot visually is more difficult with less complex metric comparison.

Once defined and trained our proof-of-concept neural net for random and bound movement

heatmaps was presented with three newly generated examples of both bound and random sets

(Figure 5.1). The larger validation set returned an accuracy value of 93%, where the net was able

to successfully identify all the unknown examples but with greater surety for random sets than

bound. From the variance of proof values, binary classification could be achieved successfully

via this approach.

Single trajectory filtering

As a proof of concept for feature separation and demonstration with easily differentiated move-

ment patterns we elected to generate a model with two distinct populations (Figure 5.5). One

half of the population moved randomly for the duration of the model, the second half shivered

back and forth. Both population behaviours resulted in distinct movement profiles that could

be trained against. By classifying and separating the starting model trajectories with a neural

net most hot-zones were extracted from general movement patterns. Of the 2000 tracks 30 were

mis-classified (1.5%), a reasonable loss rate when attempting to analyse population wide pattern

generation but also important. In this case mislabelled population members are recognisable in

each of the separated sets in small quantities, in less controlled environments we should recognise

the possibility and be conservative with the interpretation.

We visually identify several clear target cases within the real-world set and generate classes of

training tracks with the framework. Once training tracks are available we employ our classifica-
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Figure 5.5: Movement heatmaps (2.2.2) for a model comprising of shivering and random move-
ment sub populations. Prior to filtering based on distinct trajectory movement pro-
files (Figure 5.6 and then the movement heatmaps for resultant separated sub sets.
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Figure 5.6: Model generated known training track data is inputted into our classification training
pipeline (Figure 5.2 along with real-world broken down unknown tracks. Our trained
neural net then classifies real tracks based upon movement profile.
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tion pipeline to generate an trained neural net and input our real-world dataset for separation

(Figure 5.2). In general, we used training sets of 1000 members per class, the amount of available

training data was much larger but viable results were generated with a shorter training cycle.

After separation, we give the classification list to the framework to split our real-world dataset

into sub population sets for visualisation and further analysis.

Figure 5.7: Classifications of CancerDirect (A), CancerTurning (B) and CancerFrag (C) gener-
ated tracks are fed to a training pipeline (Figure 5.2, the resultant trained network
is given real-world input from large and small cancer sets for classification into three
initial classes.

Cancer classes of trajectory As most cells behave individually in similar manner, track dif-

ferentiation can be difficult. We therefore chose to differentiate, and train based upon track

and therefore behavioural complexity (Figure 5.7). CancerDirect(A), CancerTurning (B) and

CancerFrag (C) track classes were defined and generated by the framework. After training and

separation, classification between CancerTurning and CancerDirect tracks seems to be primarily

differentiated on length of near straight segments or general stretch of tracks. A circular track

would be classified as CancerTurning but a curve with compact overall profile despite many

micro turns is recognised as CancerDirect. CancerFrag tracks represent an attempt to identify

tracking disconnects and resultant shortened movement.

GPCR and G protein classes of trajectory

Description of the GPCR and G protein dataset thus far has focused heavily upon hot-zones.

We expect that differentiation from normal Brownian motion and individual based hot-zone
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Figure 5.8: Training trajectories based upon general GPCRBrown motion (A), GPCRShiver shiv-
ering (B) and short term GPCRFrag movement (C) are used to generate a GPCR
and G protein specific classification net to turn unlabeled C1 and C2 sets into groups
of known track types.

generating behaviours should improve our ability to target observation and analysis. Manual

observation of individual trajectory images once separated from the dataset showed several clear

categories. Entity behaviour seemed separated into general movement GPCRBrown, highly com-

pressed GPCRShiver back and forth movement and fractions where tracking was lost GPCRFrag.

Training sets for all three behaviours were generated and used to develop a neural net for fil-

tering (Figure 5.8). We aimed to differentiate background and hot-zone movement and possibly

separate hot-zone and single entity shivering phenomena.

5.3 Results

5.3.1 Cancer

Comparison of model and real-world in vitro images has provided some insight and highlighted

questions regarding striated movement paths in real-world systems: e.g. whether a following

and forging behaviour is creating paths over time or if paths of least resistance were part of

the environment. We previously implemented models representing lattice attractive paths, path-

forging and the combination of both (Chapter 2 2.2.2) with some success. While we registered

qualitative visual similarities between patterns it was difficult to define which was most similar
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Cancer set

validation 89%
PF PFL BG P R

short A 0.07 0.54 0.16 0.18 0.04

short B 0.17 0.69 0.06 0.07 0.01

short C 0.21 0.55 0.09 0.13 0.01

short D 0.17 0.52 0.13 0.16 0.02

long E 0.25 0.09 0.21 0.40 0.06

Table 5.2: Confidence classification for full movement heatmap (2.2.2) comparison of cancer set
heatmaps with the model generated results discussed in chapter 2 and 4, values repre-
sent the classification allocation given by our trained neural net pipeline as a portion
of 1 or 100%, higher values represent higher similarity between movement patterns
within (Path-forging (PF), Path-forging and lattice paths(PFL), Background(BG),
Paths(P), Random(R) )

Cancer short PF PFL BG P R

mean 0.21 0.60 0.16 0.24 0.04

max 0.25 0.69 0.21 0.40 0.06

min 0.07 0.09 0.06 0.07 0.01

range 0.18 0.60 0.15 0.33 0.05

median 0.17 0.54 0.13 0.16 0.02

Table 5.3: Averages and range for confidence classification of full movement heatmap (2.2.2)
comparison for short A-D cancer set heatmaps with the model generated results (Ta-
ble 5.2) (Path-forging (PF), Path-forging and lattice paths(PFL), Background(BG),
Paths(P), Random(R) )

without application of CNN’s.

Comparing real-world and representative model movement patterns

For the model similarity test, we fed training data for path-forging, lattice paths with forging,

background, lattice paths and completely random movement models over time to the neural net.

Training of a neural net to recognise differences between the cancer related models was possible

as a single large classification net with a reasonable training validation success rate of 89%. We

then gave the trained net our real-world data heatmaps and quantified the classification choices

(Table 5.2,5.3).
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The entirely random set presented all the lowest confidence values with the real-world move-

ment heatmaps 0.01-0.06 (Table 5.2,5.3), confirming that movement within the real-world sets is

not purely random and following the literature [124, 92, 80]. Across runs our trained net supports

the assertion that the models are more representative than undirected purely stochastic model

generation.

The short and long sets generate very visually different heatmaps, as such the CNN produces

quite different classification associations. Short sets associate most closely with path-forging and

lattice path models 0.51-0.69. While the longer set correlates well with lattice paths, 0.4, it has

a much lower value than the short set association with combined models (Table 5.2,5.3).

For the short runs path-forging (0.07-0.21), lattice path (0.06-0.18) and background general

movement (0.06-0.16) models all have similar association levels within reasonable ranges, they

are difficult to differentiate. For the long set, while path-forging 0.25 is closer than background

0.2, combined path-forging and lattice path models 0.09 are low enough that it almost approaches

random movement 0.06, differentiation being again, difficult (Table 5.2,5.3).

Trajectory complexity classification and population subsets

In the case of both short and long cancer sets, we expect the clear strand features are created by

multiple entities working in concert over time. Observational classification and segregation into

sub-populations via quantifiable metrics has therefore been difficult, our target pattern is made

up of many individual interactions. Applying single trajectory classification might identify the

constituent behaviour types, for example, cells that build paths versus those that exploit them.

A trained net was generated and applied to both short and long time-frame cancer track sets.

Short real-world data set separation
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Figure 5.9: The general movement heatmap for short cancer data set A (A) then after separation
into CancerTurning (B), CancerDirect (C) and fraction (D) filtered sub-populations
(Figure 5.10 B:red C:green and D:blue respectively)
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Filtering the first short 84 increment cancer dataset through our newly trained neural net for

classification separates a starting set of 2433 tracks into 1047 CancerTurning, 1091 CancerDirect

and 291 CancerFrag sub populations (Figure 5.9, 4 tracks were lost. Strands are still visible in

both CancerTurning and CancerDirect sub populations, in line with our expectation of popula-

tion wide participation.

The sets can also be differentiated by the distribution of movement across time: Cancer-

Turning 157,703 movement steps, CancerDirect 120,404 and CancerFrag 30,397. Comparing

visual patterns after population separation shows that CancerTurning strands appear broader

and brighter; more CancerTurning strand based movement over time. The CancerDirect strand

representation while less broad often appears to represent the core of identifiable strands. There-

fore, CancerDirect movement may be indicative of exploratory behaviour using straight paths of

least resistance or likeliest placement within a population wide trend, the middle of strands.

Overlaying behavioural placement Taking the three separated sub-populations and converting

heatmaps through grey-scale luminosity based images we can utilise the Fiji software to overlay

the sub-populations in an RGB visualisation colour scheme (Figure 5.10). Within the overlaid

representation, we see the previous strand like patterns, green CancerDirect tracks rarely occur

without nearby red CancerTurning track movement.

Red tracks appear to comprise the majority of strand widening patterns and are developing

outlying strands without green motion. Green movement appear to primarily consist of strand

core restriction, the straightest tracks are found in movement permissive areas of strands.

Long real-world dataset separation
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Figure 5.10: Population wide movement heatmap for the first short 84 increment cancer track
set is divided via our trained neural net classification into three sub populations
(Figure 5.9) and overlaid to generate a colour coded version. CancerTurning red,
CancerDirect green and blue CancerFrag tracks are all included.
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Figure 5.11: The general movement heatmap for the long cancer dataset (A), after separation
into CancerTurning (B), CancerDirect (C) and fraction (D) filtered sub populations
(Figure 5.12 B:red C:green and D:blue respectively).
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The same neural net trained for separation into CancerTurning, CancerDirect and CancerFrag

was also applied to the longer 181 increment cancer data set. Previously we observed the longer

cancer set consisted of more generalised movement with some strand like patterns (Figure 5.11).

Starting with 2,486 original tracks sub populations of 953 CancerTurning, 1,068 CancerDirect

and 460 CancerFrag were created.

Movement distance differs across sets, CancerTurning has 195,355 steps, CancerDirect 209,276

and CancerFrag 80,252. While the same overarching visual pattern is repeated across all sets

sub-populations with clear differences are still generated in small micro-environmental areas. All

appear to have general and strand pattern participation; CancerFrag track ubiquity suggesting

tracking loss was also generally present. Some small strands consist of only CancerDirect tracks,

more strand like movement within general movement areas are clearer within CancerTurning

track representation.

Overlaying behavioural placement While clear differentiation of patterns is still difficult even

with RGB overlay of the longer cancer dataset some trends can be observed (Figure 5.12).

Green/CancerDirect tracks again seem to make up the core of strand movement with red/CancerTurning

exploration stretching out and between them, red areas may represent more difficult movement

and path-forging. Areas where CancerDirect movement occurs alone tend to be in strong strands,

where there is very little general CancerTurning movement many small CancerFrag tracks are

visible. Blue/CancerFrag tracks correlate with movement density, more cells make tracking of

individuals more difficult more likely to create fragmented tracks. One branch does seem to

be entirely made of fractions however contrasting strangely, perhaps a very small cell moving

rapidly.

CancerTurning, CancerDirect and CancerFrag sub-population trends

Once separated into CancerTurning, CancerDirect and CancerFrag sub-populations, the resul-

tant datasets can be passed back through the framework tools from the previous chapters for

behaviour analysis. Quantifiable metrics such as population size and turn preferences can again

be contrasted with movement heatmaps and phased visualisation.
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Figure 5.12: Population-wide movement heatmap for the longer 181 increment cancer track set
is divided via our trained neural net classification into three sub populations and
overlaid to generate a colour coded version. CancerTurning red, CancerDirect green
and blue CancerFrag tracks are all included.
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Figure 5.13: Turn diagrams for short (A) and long (B) cancer datasets, pre-filtering (1), Can-
cerTurning (2), CancerDirect (3) and CancerFrag (4) representations. The larger
a segment relative to the others the more prevalent selection of that direction was
relative to forward (north) across a population and time.

Turn preference Before and after filtering, the turn trends displayed by populations of the

short and long cancer datasets match previously observed patterns (Figure 5.13). Both short

and long sets display strong forward bias indicative of following behaviour, continuing motion

in the same direction for extended periods of time. When averaged for short and long runs, the

general turn pattern remains uniform. Only the CancerFrag subset of our short cancer set shows

a noticeable difference, an even more pronounced forward bias and slight right tilt, attributable

to a circular pattern that can be observed in the centre of the corresponding heatmap.

Very short term behavioural patterns Phased progression visualisation of the longer cancer

set is difficult to interpret (Figure 5.14). However, there is visual indication of a coalescence from

light general movement to strand like groupings in both CancerTurning and CancerDirect sets

for the long sub-populations. Interestingly, there is also some visual suggestion of an initially

quite restricted population spreading out but then coalescing into common strands, more so in

the CancerDirect set than CancerTurning. Certainly, visual strand patterns are clearer in later

images for both long sets despite little to no increase in overall movement per captured time
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Figure 5.14: Movement heatmaps of long cancer set filtered sub populations zoomed to the centre
quarter, CancerTurning (A) and CancerDirect (B) after 45 (1), 90 (2), 135 (3) and
180 (4) time increments.

frame.

GPCR and G protein net on Short cancer data set

Separating the short cancer set with the GPCR and G protein trained net yields some interesting

visually comparative patterns (Figure 5.15). The full set of 2,433 tracks are sub divided to 502

GPCRBrown, 435 GPCRShiver and 1,492 GPCRFrag sub-populations.

Movement correlating brightness is similar for both GPCRBrown and GPCRFrag sets with

suggestions of denser zones for the GPCRFrag set. However, the population preponderance dis-

parity suggests that movement density is due to tracking reliability in the GPCRBrown set and

increased population size for GPCRFrag. A few compression based hot-zones are identified and

sub-divided from the other movement sets but with very low occurrence.
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Figure 5.15: Movement heatmaps for the first short cancer dataset pre- (A) and post- filtering to
GPCRBrown (B), GPCRShiver (C) and GPCRFrag (D) sets from the GPCR and
G protein filter net.
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GPCR and G protein net on long cancer dataset:

With the longer cancer set, separation again places most movement within the GPCRFrag set at

255,565 movement steps and more visual general movement heat than GPCRShiver movement

112,753 and the GPCRBrown set 116,566 (Figure 5.16). Visualisation of the different subsets

was achieved by separation of the starting large 2486-member set into 474 GPCRBrown, 636

GPCRShiver and 1,371 GPCRFrag tracks.

Unlike the short cancer sets, movement density followed most tracks to the GPCRFrag set.

However, the remaining sets seem to display a more strand-like behaviour like that of divided

short sub-populations. Some of the harder to identify strand perturbations are also only present

in the GPCRShiver set representing shivering, suggesting creation via a small subset of tracks

with low but constant localised movement.
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Figure 5.16: The longer 181 increment cancer track set (A) broken into GPCRBrown (B), GPCR-
Shiver (C) and GPCRFrag (D) sub sets via a GPCR and G protein trained net then
visualised via movement heatmaps.
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5.3.2 GPCR and G proteins

We are aiming to improve the comparison between real-world in vitro observations and model

generated heatmaps via the GPCR and G protein specific model similarity pipeline. This should

also improve differentiation between hot-zone types and between hot-zones and general back-

ground motion.

Comparing real-world and representative model movement patterns

Unlike the cancer-specific developed representative models, the comparison between all GPCR

and G protein model (Chapter 3 3.2.1) generated results represented a much more difficult

training case; not impossible but prohibitively resource and time intensive. To account for the

increased comparative difficulty, we reduced the approach to a two model adversarial comparison.

The CNN is trained to differentiate between models A and B, and has an accuracy classifying

those against a held out training set, e.g. 97%. We then present a trained CNN with C (the real-

world image) it is 33% confident it is A, 77% confident it is B. The 77% suggests there is more

visual similarity between the real-world input and the model trained set B. This is an important

assumption: while a two model similarity comparison classification becomes more reliable, the

comparison between models becomes more difficult to interpret. To reduce unreliability and

obfuscation, we can average across available datasets for GPCR (C1) and G protein (C2) also

quantifying the standard deviation of each comparative set. We may not be able to describe

exactly how the net is classifying, but, like a POM or ensemble approach, we can support the

validity of already observed results with less individually informative analysis and an emphasis

upon exploratory hypothesis generation.

Receptor and model movement heatmap comparison Using the bi-modal model similarity

pipeline, we generate averaged classification values that represent confidence of real-world as-

sociation with one or other model results (Figure 5.17 and Tables 5.4,5.5). We applied the

previous representative models with attractive and deflective areas, just attractive, simple back-

ground Brownian motion, and only deflective phenomena (Chapter 3).

The results suggest that for C1 real-world sets, the closest general association is with purely at-

192



5 Artificial neural nets for movement pattern classification

C1 AD AT BG DF SSP

AD X 0.65 0.40 0.33 0.58

AT 0.35 X 0.33 0.29 0.52

BG 0.60 0.67 X 0.42 0.6

DF 0.67 0.71 0.58 X 0.68

SSP 0.42 0.48 0.40 0.32 X

Table 5.4: Trained net comparison confidence averages across all C1 GPCR and G protein
datasets for comparative model result pairs top row and left column are the types
of representative model available for comparison (Chapter 3). Each value is the con-
fidence average where real-world sets belong to, the top row representative model set
against the left. (Attractive and Deflective (AD), Attractive (AT), Background (BG),
Deflect (DF), Stationary sub-population (SSP))

C1 AD AT BG DF SSP

mean 0.51 0.63 0.43 0.34 0.60

max 0.67 0.71 0.58 0.42 0.68

min 0.35 0.48 0.33 0.29 0.52

range 0.32 0.23 0.26 0.13 0.16

median 0.51 0.66 0.40 0.32 0.59

Table 5.5: Averaged trained net comparison confidence averages across all C1 GPCR and G pro-
tein datasets for comparative model result pairs (Table 5.4 (Attractive and Deflective
(AD), Attractive (AT), Background (BG), Deflect (DF), Stationary sub-population
(SSP))
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Figure 5.17: Confidences plot for the two model similarity results. All available C1 and C2
heatmaps inputted to adversarial comparison pairs, ’ADxAT’ is a net comparing
training data from hybrid Attractive and Deflective with attractive only models, the
resultant values were then averaged to form a confidence grid (Table 5.4). Results
can be horizontally mirrored to flip the relationship, ’ADxAT’ becomes ’ATxAD’.
(Attractive and Deflective (AD), Attractive (AT), Background (BG), Deflect (DF),
Stationary sub-population (SSP))

tractive area representations 0.48-0.71 confidence, stationary sub-populations 0.52-0.68 and then

attractive with deflective zones 0.35-0.67. The comparison suggests that real-world C1 entities

are more likely directed towards attractive areas in their environment but with some shivering

or highly compressed population members present. Between deflective and purely background

movement, the model similarity approach suggests that the association of real-world results is

closer to simple Brownian motion 0.33-0.58 than with the inclusion of deflective walls 0.29-0.41.

Such observations further support our hypothesis that a deflection only system is unlikely.

GPCR comparison reliability We lose information on the distribution of C1 and C2 compara-

tive results by encapsulating the range of available model similarity set values in a single average.

The spread of classification can be evaluated with the standard deviation (Figure 5.6). A given

model type may perform well in general but have wide variation classifying different sets; the

pattern or patterns that a CNN uses may not be as distinct or present in the target set. We can

scrutinize the score spread that indicates the applicability, or confidence, of model comparison

results (Figure 5.17). When a population displays consistent scoring the classification value is
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C1 deviation AD AT BG DF

AT 0.09 X X X

BG 0.11 0.07 X X

DF 0.07 0.05 0.08 X

SSP 0.07 0.09 0.11 0.06

Table 5.6: Standard deviation for each pair of model similarity comparison trained data types
when applied to the full set of available GPCR and G protein C1 track movement
heatmaps. (Attractive and Deflective (AD), Attractive (AT), Background (BG), De-
flect (DF), Stationary sub-population (SSP))

C2 AD Attractive BG DF SSP

AD X 0.66 0.51 0.54 0.34

AT 0.34 X 0.47 0.38 0.28

BG 0.49 0.53 X 0.43 0.32

DF 0.46 0.62 0.57 X 0.41

SSP 0.66 0.72 0.68 0.59 X

Table 5.7: Trained net comparison confidence averages across all C2 GPCR and G protein
datasets for comparative pairs top row verses left, each value is the confidence av-
erage that sets belong to the top row set of any comparative pair. (Attractive and
Deflective (AD), Attractive (AT), Background (BG), Deflect (DF), Stationary sub-
population (SSP))

more reliable for the set type comparison. However, when scoring is highly variable, as is more

dominant in the C2 case, it is very difficult to determine whether the set itself contains a wide

range of pattern adherence or a low applicability to model comparison. The high accuracy on

training data should indicate that population patterns vary rather than CNN selection but we

cannot be certain.

Attractive zone combined deflective and stationary sub-population models appear to create

the highest resultant standard deviation when compared to background movement. However,

no single model type displays strong deviation trends in all its comparative pairs; uniformly

high deviation indicates possible random selection through lack of clear differentiation. Lower

deviation numbers are not entirely clear but the deflective boundary pattern seems to generate

least variance indicating it is based upon a strong visual queue.
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C2 AD AT BG DF SSP

mean 0.48 0.63 0.56 0.49 0.34

max 0.66 0.72 0.68 0.59 0.41

min 0.34 0.53 0.47 0.38 0.28

range 0.32 0.19 0.21 0.21 0.13

median 0.47 0.64 0.54 0.49 0.33

Table 5.8: Averaged trained net comparison confidence averages across all C2 GPCR and G pro-
tein datasets for comparative model result pairs (Table 5.7 (Attractive and Deflective
(AD), Attractive (AT), Background (BG), Deflect (DF), Stationary sub-population
(SSP))

C2 deviation AD AT BG DF

AT 0.14 X X X

BG 0.18 0.09 X X

DF 0.03 0.11 0.17 X

SSP 0.06 0.09 0.10 0.07

Table 5.9: Standard deviation for each pair of model similarity comparison trained data types
when applied to the full set of available GPCR and G protein C2 track movement
heatmaps. (Attractive and Deflective (AD), Attractive (AT), Background (BG), De-
flect (DF), Stationary sub-population (SSP))

G protein and model movement heatmap comparison The C2 movement heatmaps were also

processed with the model similarity comparative nets to generate classification confidence results

(Figure 5.17 and Tables 5.7,5.8).

Attractive zone application models appear to have the closest classification similarity with C2

sets 0.53-0.72 as in C1 0.48-0.71. In particular, the general background model movement has

become the second most prevalent classification in contrast to the C1 results 0.47-0.68. Sta-

tionary sub-populations are now the least similar set with confidences values of 0.28-0.41 just

behind attractive and deflection combined models 0.33-0.67. Therefore, C2 sets consist of more

general movement than C1 but with a reasonable number of large attractive zones and fewer

shivering sub members. The deflective 0.38-0.59 set is still generally weaker than background

alone 0.47-0.68 but less so than C1.
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Validation set AD AT BG DF

AT 93% X X X

BG 100% 99% X X

DF 97% 99% 98% X

SSP 100% 100% 100% 100%

Table 5.10: Validation accuracy of trained CNN’s when presented with a held out labeled dataset
for all comparative model similarity pairs used immediately prior to input of GPCR
and G protein data through the same trained net, the same validation sets were used
for C1 and C2 runs. (Attractive and Deflective (AD), Attractive (AT), Background
(BG), Deflect (DF), Stationary sub-population (SSP))

GPCR and G protein comparison reliability Some of the highest deviation values across both

C1 and sets can be observed when classifying the C2 group; an average of 0.1 for C2 vs 0.08 for

C1(Figure 5.9). Combined attractive and deflective models when compared to just attractive

and background results generate deviance much greater than the C1 equivalent. Background and

deflect comparison also generate a similarly high standard deviation across real-world datasets.

Deflective and attractive comparison shifts from the lowest deviance to the middle of the set

with the background and stationary subset pair. Interestingly, despite generally being higher,

the lowest standard deviation in C2 0.03 is lower than recorded in C1 0.05 between combined at-

tractive and deflective models when comparing with deflective alone implementations. A greater

preponderance of general movement may well make distinct patterns more difficult to identify,

in turn affecting results when real-world datasets are presented to the model trained nets.

Validation accuracy The previous cancer comparison set functioned with an 89% validation ac-

curacy; when presented with a held out training set, we can record similar validity for each model

similarity GPCR and G protein set (Figure 5.10). For the model similarity pairs, the validation

set differentiated well, generating almost 100% accurate classification across 100 previously un-

seen held out model generated and labelled results. Classification of deflective vs other models

creates the only consistent inaccuracy 1-3% suggesting a pattern that is difficult for CNN’s to

recognise; the primary pattern being an absence of movement in an area. Greatest differentiation

difficulty seems to occur between combined attractive and deflective models with attractive only

examples. Every net was trained with the same number of training and testing examples, 800

and 200 respectively, each required the same number of epochs and steps with identical batch

and image size. In contrast, the cancer net required five times as many training steps and a
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significant additional compute cost for a potentially less accurate classification result.

Trajectory compression classification and population subsets

Utilising our training workflow, framework generated datasets and visualisation libraries, we de-

veloped a single-track classification CNN for GPCR and G protein sets.

Classification and separation of receptor movement For set TC641 we applied the filtering

net to both C1 and C2 runs. The C1 run was comprised of 4776 tracks and broken into subsets

of 518 GPCRBrown, 1,186 GPCRShiver and 3,072 GPCRFrag tracks (Figure 5.18). We can

also estimate large distinct hot-zones with a transform based upon luminescence and then 3D

object count in Fiji [62], from the C1 set of 48 objects GPCRBrown (18), GPCRShiver (33) and

GPCRFrag (15) sets are created.

Most of the hot-zone movement has been captured within the GPCRShiver subset. There is

still representation in the other two sets but much reduced. Where hot-zones are within the

GPCRBrown set, they appear to be larger and more generalised. We previously identified lower

forces of attraction or disassembly of the phenomena may be the cause. Additionally, we can

observe that where the GPCRBrown set displays some GPCRShiver similarity, it is of entities

with pronounced normal movement prior to entering a hot-zone. The GPCRFrag track sub-

set is the largest, suggesting tracking loss is prevalent but also that the group may capture a

large portion of edge cases. General movement in the GPCRBrown set also seems more cohesive

than the GPCRFrag one, likely long tracks verses lots of small movement jumps in a similar area.
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Figure 5.18: General movement heatmaps for TC641 C1 (A) and subsets of GPCRBrown (B),
GPCRShiver (C) and GPCRFrag (D) population movement. Also represented as
red(B), green(C) and blue(D) tracks (Figure 5.19)
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Overlaying behavioural placement for receptor movement Reconstructing the original TC641

C1 dataset by overlaying the heatmaps of all three separated sub-populations allows us to fur-

ther clarify the separation (Figure 5.19). The majority of hot-zones are clearly part of the green

GPCRShiver dataset, several larger hot-zones while comprising of parts of each set are also pri-

marily green and therefore consist of GPCRShiver tracks. Again, GPCRFrag movement seems

pervasive throughout, short tracks do not seem to be restricted to non-hot-zone movement. In

all three colours general movement seems to differentiate quite well, and it is possible they are

tracks from isolated entities that was lost intermittently.

Classification and separation of G protein movement As with the TC641 C1 version, C2 was

processed through our trained filtering neural net. Starting with 6601 tracks sub-populations

of 1,665 GPCRBrown, 2,371 GPCRShiver and 2,565 GPCRFrag were generated. We can again

also roughly count large distinct hot-zones with a transform based upon luminescence and then

3D object count in Fiji [62], from the C2 set of 138 objects GPCRBrown (41), GPCRShiver (96)

and GPCRFrag (10) sets are created.

Again, the GPCRFrag sub-population is the largest, but by a much smaller margin. There

also seems to be more general movement in the GPCRShiver set, so movement may trend more

towards shivering in general. Hot-zones also seem to be more clearly confined in the GPCR-

Shiver set. There is as well a similar level of general brightness and therefore movement seen

across both GPCRBrown and GPCRShiver sets. General movement in the GPCRBrown set is

the most cohesive suggesting clear tracking and movement from hot-zones to more permissive

environments.
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Figure 5.19: After generating subsets from the real-world set TC641 C1 a heatmap representa-
tion can be reconstructed by overlaying the three sub sets (Figure 5.18) with red
GPCRBrown, green GPCRShiver and blue GPCRFrag tracks present.
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Figure 5.20: General movement heatmaps for GPCR and G protein TC641 C2 (A) and sub sets
of GPCRBrown (B), GPCRShiver (C) and GPCRFrag (D) population movement.
Also represented as red(B), green(C) and blue(D) tracks (Figure 5.21)
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Overlaying behavioural placement for G protein movement Overlaying all three filtered

sub-populations for the C2 dataset again helps us differentiate behaviour types (Figure 5.21).

Green/GPCRShiver and red/GPCRBrown general movement are often clearly differentiated,

further suggesting that a change in behaviour may lead to a tracking break and pattern change.

GPCRFrag tracks are pervasive and represented in both general and hot-zone movement al-

though less visually pronounced than the previous C1 set. Green/GPCRShiver compression set

tracks account for at least part of most hot-zones with many being entirely green or with a light

blue/GPCRFrag inclusion suggesting the possibility of tracking loss.

GPCRBrown, GPCRShiver and GPCRFrag sub-population trends

By taking the sub-population output of the neural net filtering process we can process them

through the framework and check whether we manage to isolate the source of turn bias. Quanti-

tatively comparing important metrics such as travel distance and C1 with C2 hot-zone cohesion

progression.

Turn preferences The turn diagrams generated for C1 and C2 datasets along with their corre-

sponding sub-populations replicate previously observed rear-turn biased movement (Figure 5.22).

The northern segment of diagrams still represents their previous direction, each turn is measured

relative to that and added to the relevant segment. Therefore, dominance of the southern seg-

ment suggests a strong bias towards reverse directional choice at any time point across each

population.

As hoped, filtering of the overall data set has noticeably affected the bias presented. Both C1

and C2 GPCRShiver subsets have a much stronger rear bias than GPCRFrag and GPCRBrown,

the dominance of hot-zones in that set suggesting we have isolated a strong effect. Where general

movement is more present in the C2 GPCRShiver subset the rear bias is also slightly ameliorated.

Further, both GPCRBrown and GPCRFrag subsets display a reduced rear bias, nearer random

movement expected of general GPCRBrown motion even when compared to the full datasets.
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Figure 5.21: After generating subsets from the real-world set TC641 C2 a heatmap representa-
tion can be reconstructed by overlaying the three subsets (Figure 5.20) with red
GPCRBrown, green GPCRShiver and blue GPCRFrag tracks present.

204



5 Artificial neural nets for movement pattern classification

Figure 5.22: C1 (A) and C2 (B) turn diagrams across the entire set (1) and sub-populations:
GPCRBrown (2), GPCRShiver (3) and GPCRFrag (4).

C1 and C2 hot-zone overlap We have identified that hot-zone morphology changes can be seen

in subsets over time but not with clear population-wide trends or patterns. Overlaying C1 and

C2 sets may allow us to identify whether coalescence events are common in shared hot-zones

(Figure 5.23).

We observe some differentiation of more concentrated small C1 and C2 hot-zones and some

overlap, clear co-localization is detected in 24-27 places across time phases (Figure 5.23). Also,

a portion of movement previously thought of as random and incidental overlaps to a degree that

suggests a larger less cohesive hot-zone is present; filtering clarified new hot-zone candidates.

Filtering enables us to identify even larger possible hot-zones, differentiating them from general

Brownian movement. At times, after introduction of movement from the other set, the original

set coalesces around it, concentrating and eventually becoming more disparate again; possible

coincidence or evidence of reactive interaction. While this is potentially a very interesting hy-

pothesis to investigate, it is very difficult to interpret.
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Figure 5.23: Overlaid heatmaps for the C1 (red) and C2 (green) movement generated in the
100 (A), 200 (B), 300 (C) and 400 (D)time phases for GPCRShiver hot-zone sub-
populations, clear while is used to colourize areas where both channels closely co-
localize
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Cancer net on GPCR and G protein TC641 C1

We were again able to transfer datasets across filtering nets, applying the cancer trained track

complexity net to the TC641 C1 data set (Figure 5.24). Three sub-populations were identified

from the starting 4,776 tracks, 2,812 CancerTurning classified, 1,953 CancerDirect and 11 frac-

tion. The third was so small a set that tracks were barely visible and therefore have been ignored.

Hot-zones are still present across both visible sets but to varying degrees. The vast major-

ity of motion seems to have fallen into the CancerTurning category; some general movement is

present in both with clearer proportions of movement in the CancerDirect set confined to hot-

zones. Overlaying CancerTurning and CancerDirect sets supports ubiquity of many hot-zones

particularly hot-zones across sub-populations. However, some of the smaller hot-zones seem to

be dominantly CancerDirect/green. General movement across the mixed set representation is

dominantly red CancerTurning set tracks.

Cancer net on GPCR and G protein TC641 C2

When applied to the TC641 C2 set, cancer net filtering creates a similar CancerTurning set dom-

inance although less pronounced (Figure 5.25). 6,601 starting tracks are separated into 3,773

CancerTurning, 2,409 CancerDirect and 419 fraction sub-populations, although more present this

time the movement heatmap for fraction movement was negligible enough to again be ignored.

Clustered general movement is more apparent in the C2 CancerDirect set but with little to

no differentiation of hot-zones across sets. Overlaying both sets seems to support this assertion,

while a few hot-zones are dominated by movement in either of the sets there are very few present

in only one of them. It may be by removal of track heat there is greater general movement clarity

in the CancerTurning set over the unfiltered dataset; a form of noise reduction via removal of

low confidence tracks.
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Figure 5.24: GPCR and G protein TC641 C1 data set (A), sub division to red CancerTurning
(B) and green CancerDirect (C) sub-populations with a consequent sub-population
overlay (D)
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Figure 5.25: GPCR and G protein TC641 C2 data set (A), sub division to red CancerTurning
(B) and green CancerDirect (C) sub populations with a consequent sub-population
overlay (D)
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5.4 Discussion

5.4.1 Cancer

Representative model and real result comparison

Trained net application creates some interesting results in classifying real-world sets against

representative model heatmaps. We have developed models more representative than random

data generation. CNN comparison primarily suggests the models with combinations of emergent

movement patterns are most similar to those in real-world heatmaps; lattice paths and forg-

ing are creating an identifiable combined pattern that differentiates from other representations

(Figures 5.2, 5.3). Interestingly, path-forging patterns alone are more highly associated than

background movement, suggesting that path-forging doesn’t detract from model similarity. An

emergent combined behaviour of lattice path and forging detracts from the long set similarity but

strengthens comparison with short cancer sets. However, path-forging and lattice path following

patterns may be classified strongly as a result of stark recognizable visual patterns.

In isolation, simple lattice path results are also visually distinct and do not share similar con-

fidence levels as forging. The combined model is drawing the same lattice comparisons but then

taking them a step further. Equally, if such distinct patterns were not present in the real-world

set, it would be a strong indicator to move away from such classification. We may be observing a

split recognising normal movement, but background and path forging classes are clearly visually

distinct so it is unlikely. In general, the real-world to model result classification test strongly

supports the presence of both lattice paths of least resistance and exploitative path forging be-

haviours. The greater association of short to lattice and long to forging very tentatively supports

our hypothesis that the cancer cells actively modify and drive change within their environment,

generating the movement paths we observe. Such observations match the cancer cells moving

through confined areas noted by Paul et al [140], as well as the degrading new paths through

surrounding structures and least resistance selection discussed by Deisboeck, Jiao and Tourquato

et al [92, 80].
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Breakdown by individual movement track behaviour

By applying the track separation and classification method to our previous short and longer

cancer datasets we have further differentiated behavioural patterns within observed strand phe-

nomena. Interestingly, we aimed to differentiate patterns based upon turn number, but a more

complex and quantitatively difficult differentiation occurred, arguably more desirable as the Can-

cerTurning class represents more undirected movement and CancerDirect more directed.

Simpler, less deviant tracks seem to make up the core of branches with CancerTurning tracks

occurring throughout or as part of possible path forging areas (Figures 5.9,5.10,5.11,5.12). This

suggests that cancer cells continue forward more easily in permissive core areas (Figure 5.13),

these permissive cores are then examples of low confinement and possible least resistance move-

ment [42, 71, 90, 140]. Strand expansion appears to be composed of more complex tracks of

general movement at edges, noisy movement possibly indicative of pushing into these less per-

missive areas, possibly driven by chemotoaxis and nutrient competition as suggested in the

literature [45, 122]. This is supported by the broadening of strands mainly in representations

of CancerTurning track sub-populations, it’s also possible this complexity is population member

collision or splitting interaction interrupting forward motion of cells moving in less permissive

areas over time (Figure 5.14).

Summary

While we can’t precisely determine how the trained nets are classifying given images, we can

make quantified observations of results and combine them with the hypotheses developed thus

far. The real-world classification by model results test supports close association with both

path-forging and least resistance paths in combination, suggesting both behaviours of cells are

important to environmental interaction. We have previously identified that the longer cancer

set may be indicative of an earlier environmental state. This is further supported by short sets

being more similar to lattice path models, path forging interaction patterns develop over time

and become more pronounced in tightly constructed strand like movement so later data sets are

closer to strong lattice than mid generation models.
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Even without clear single entity track pattern differentiation, there are single-track results

that can be extrapolated to pursue in new models for iterative improvement. We could further

develop and compare activity over time; observe if initial coalescence is simply lattice based and

moves to general exploitation or vice versa. Further development would also allow comparison

of separation based upon more track types or a specifically developed model structure.

5.4.2 GPCR and G proteins

Representative model and real-world data comparison

By comparing C1 and C2 model similarity results a clear trend appears: attractive areas display

the strongest signal for classification and valid representation (Figures 5.4, 5.5,5.7,5.8). Rep-

resentative of the target hot-zone phenomena [9], attractive areas provide some validation for

attractive explanatory models. Brownian motion appears to create strong result deviance across

C1 and C2 sets, possibly related to differences in cell surface area and therefore overall domi-

nance and area for general motion. Standard deviation in general seems reasonable, there are

some outlying results but not enough to make classification confidence completely stochastic and

thereby irrelevant (Figures 5.6,5.9,5.17).

Background classification being stronger for the C2 set might be expected since heatmaps were

defined as more movement heavy in previous analysis (3). A higher general deviance for the C2

set however suggests lower general applicability, possibly due to models generated on starting

C1 sets then applied across. Such a bias trend suggests reasonable fitting and representation

in our initial model definition and comparison with C1 but less representation when comparing

with C2. Equally, as net validation success increases, we need to remain aware of over-fitting to

training data and model representations.

Breakdown by tracks and behaviour type

Previously much of our analysis and discussion centred on hot-zones, application of the single-

track classification pipeline therefore focused on attempting to isolate the phenomena. We suc-

cessfully separated and created a hot-zone dominant model for both C1 and C2 set with neural
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net automated classification (Figures 5.18,5.19,5.20,5.21). Additionally, the developed net recog-

nises pre-hot-zone movement and places it in the GPCRBrown subgroup. A potentially very

useful serendipitous discovery, it allows us to clearly visualise behaviour before and after hot-

zone interaction, important for observing environmental transience discussed in literature [9].

One of the larger hot-zones is of particular interest, previously indicative of an area becoming

less confined as time progressed. After filtering, the constituent tracks are still dominated by a

compression pattern, the movement is the same but with a larger permissive area to move in.

Motility may not always increase with time, boundaries may change but still regulate internal

movement dynamics..

Generating turn diagrams for both the C1 and C2 full sets along with their new filtered subsets

allows us to evaluate rear-turn bias relative to hot-zones (Figure 5.22). As we are filtering on the

phenomena that generates the pattern, rear-turn preference differs across sub populations. Rear

bias across all subsets could be the prevalence of hot-zones or difficulty differentiating entirely

but the increase with the GPCRShiver set shows a clear pattern and possible causal connection

between hot-zones and rear biased movement.

There was a large gap in track complexity between GPCRFrag and GPCRBrown training sets,

edge cases may allocate to GPCRFrag for C1 but encountered less cases for C2. It presents an

opportunity for future improvement via new more defined classes creating clear subset separa-

tion.

Summary

For the GPCR and G protein sets, our target visual pattern of movement hot-zones is recurrent

across a heatmaps with often individual level effects and causes suggested by Calebiro et al [6].

Our model similarity application seems to support differentiation from a purely deflection driven

narrative, background motion alone consistently generating closer classification results. Attrac-

tive zones alone provide the closest classified similarity, only stationary sub-population models

perform better in the C1 set. Attractive zones may better represent the pickets in a fence and

picket [56, 58] explanation than the confining cytoskeletal fence further highlighted by Calebiro

et al [9]
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Separation on an individual basis with our trained neural net has also been more effective. We

further isolated and affirmed that hot-zones have a strong effect on the observed cross popula-

tion rear turn bias. Our net also allows easier identification of pre and post hot-zone interaction

tracks. Differentiating between hot-zone types is still however difficult as small and large hot-

zone tracks can be classified in GPCRShiver.

5.4.3 Transference

Functionally, we were able to apply GPCR net filtering to the cancer sets (Figures 5.15) and vice

versa (Figures 5.24,5.25); computational and development cost was low, a couple of interesting

interactions were identified.

The main difference between Brownian and random path generation is turn rate and vari-

able jump distance. Therefore, similarity between long term random tracks used to train the

CancerTurning class and distance modified GPCRBrown class is not inexplicable. With the

hot-zone capture class so clearly defined, the third class when applied to the cancer sets becomes

a catchment case consisting of all remaining tracks. Distribution among classes of tracks with

transference might be distribution based upon similarity and then elimination into a third set

depending upon class definition permissiveness. An inapplicable class with low permissiveness of

pattern becomes similar to the fraction filter when applied to GPCR and G protein, too small

for visualisation. Future work should generate a final very permissive class type or define a range

of acceptable confidence; when filtering results a lack of class confidence could drop into a final

‘undefined’ class.

The CancerFrag set in the cancer net may be an example where requirements were not met;

the net may be unable to differentiate between GPCRFrag, GPCRBrown and GPCRShiver or

differentiation between short term tracks created by two different tracking algorithms. We may

improve separation and visualisation via combination of cancer and GPCR track filtering. More

classes do however lead to higher training complexity.
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By cross applying classification nets to different sets we gained some but limited new insight,.

However, designed filtering is more effective than simple random application of nets. Both com-

parative applications function, tailored nets are more effective at sifting and differentiation but

with some external applicability.

5.4.4 Conclusion

In this chapter we aimed to solve two problems, quantification of representative model to real-

world heatmap comparison, and effective population filtering based upon movement profile. We

were able to apply CNNs to classify images, heatmaps and tracks based upon training data gen-

erated by the framework models.

The cancer set comparison further highlighted a hybrid, least resistance lattice and path forg-

ing model design with similarity to the real-world system, analogous to previously noted possible

least resistance [42, 71, 90, 140] and stromal degradation behaviours [92, 80]. Track separation

was able to create subsets representing complex, simple and fragmented cancer cell movement

patterns that were then overlaid to highlight strand makeup. Communal general movement areas

seemingly composed of more simple movement than complex strand movement; suggesting the

use of strands for travel.

In GPCR to model comparison, deflective representative models representing cytoskeletal con-

finement [6] performed poorly and again attractive models took precedence in similarity compar-

ison, possibly highlighting the effects of transmembrane protein pickets descussed by Fujiwara et

al [56, 58]. We were also able to isolate predominantly hot-zone tracks with confinement based

population filtering. Later time phasing suggested that the more general tracks in the GPCR-

Shiver set may also belong to larger less distinct hot-zones. The separation enabled us to observe

hot-zone coalescence and dispersal along with morphology more clearly.

A larger breadth of investigation into in vitro to model comparative CNN fitting would have

been valuable and is necessary for further validation of the approach. Similarly, track classifica-
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tion would have benefited from more varieties of track class, to differentiate subsets. An internal

framework tool for RGB overlay would also allow observation of more than three track subsets

simultaneously. When comparing model images to real-world examples for similarity a wider

range of training cases could be used. Ensuring CNNs are recognising geographical features not

splitting on brightness or other less complex metrics is important. Model design and iteration

could be significantly improved through automation, driven by the ability to now quantify model

and real-world heatmap comparison.

Proposed automated framework

Figure 5.26: Beginning with real tracked data as input, the final proposed automation loop devel-
ops representative models through comparison with the real-world results; optimis-
ing several possible similarity values between in vitro and model generated data to
automatically generate new hypothetical insight and re-evaluate to output relevant
conclusions and representation iteration.

Possible over- and under-fitting make full automation unlikely. However, the proposed auto-

mated framework is a viable semi-supervised approach to initial representative model generation

(Figure 5.26). We retain the digitized real-world and representative model sides of the framework

but further define the methods for similarity evaluation. It represents a progression from our ini-

tial approach to a more defined workflow for multi problem generalised investigative automation
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and population movement analysis. In this chapter we have practically evaluated the applicabil-

ity of a novel, new similarity measure, to be added to those already discussed and implemented

in combination with a POM approach.

A great deal of time is spent initially discovering relevant variables for result generation. Sim-

ilarly, refining ranges to generate over time trends can become expensive. While we can apply

some linear regression approaches to the latter problem, initial application of a fully automated

loop also substantially cuts back on model development time. An initial implementation of a

brute force trend fitting model generation and evaluation loop was already implemented, short-

ening and improving model definition across chapters.

To automate the comparison segment of model and hypothesis iteration, we need to define sim-

ilarity; iteration is the increase of this similarity measure. Our trend fitting algorithm evaluates

the given quantitative metric with simple deviance from the real set as its similarity measure.

Model similarity and single-track classification nets could be used to convert images to metric

distance; confidence of comparison between incrementally changed model sets. Single track clas-

sification might leverage automatic clustering algorithms to group real-world tracks into classes,

a similar model should then be composed of similar sized and distributed subsets.

Unfortunately we were unable to generate a proof of concept for such a step in available time;

if computational cost is high it may have been more applicable for late stage model training.

An alternative crowd-sourced similarity module was designed and implemented as part of the

project, focusing again on visual patterns; citizen-scientists were unfortunately difficult to come

by and therefore the contributions were not numerous enough for presentation of any results.

It would be a scalable method for pattern classification or holistic comparison. Once similarity

is defined, optimisation can become automated using adversarial training and multi objective

optimisation to drive emergent model trend generation.
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6.1 Summary

This work centered on improving our understanding of real-world, complex, dynamic, and spa-

tial biological systems through the analysis of in vitro population’s movement. With our novel

framework, we showed that interactions between population members and their environment can

be observed indirectly. By visualising movement we can characterise populations of tracks from

real world data as patterns representing possible behaviours (Chapter 1). We examined two

types of biological systems: first cancer cells (Chapter 2) and then G protein-coupled receptors

(GPCRs) (Chapter 3). Each distinct system evolves over time, leading to emergent patterns of

behaviour. The patterns we observed were spatially correlated. We developed tools to isolate and

visualise movement choices in relation to position and time phase, further improving interpreta-

tion (Chapter 4). Finally, to improve the robustness of population separation as well as quantify

the comparison between model and real-world sets, we developed prototype convolutional neural

net pipelines (CNN) (Chapter 5).

Our overall objective was to develop and apply a modelling framework to drive understand-

ing for the chosen biological systems. Therefore, our aims were first : enable comparison of the

selected system with knowledge found in literature, supporting or expanding on existing hypothe-

ses; second : to identify new plausible hypotheses. To accommodate the differences between the

systems, we also aimed to develop a generalised holistic approach that could be applied to other

biological systems.

More specifically, we aimed to:

1. Identify, design and develop our modelling framework for biological systems, first focusing

on cancer at a cell level with individual free movement (Chapter 2)
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2. Being able to examine the spatial relationships between GPCR and G protein to understand

how their environment affects patterns of movement and behaviour (Chapter 3)

3. Improve our framework to enable the characterisation of directional trends within micro-

environmental patterns, their construction and morphology over time and apply to both

systems(Chapter 4)

4. Finally, use artificial neural networks to develop novel workflow; classifying identifiable

visual patterns for model/system comparison and filtering populations into sub sets on

track morphology (Chapter 5)

We began with video of dynamic biological systems as the main data source [48, 6]. Tracks were

extracted from these videos as a set of entity positions, representing population movement in a

given environment over time. A framework was developed to take sets of population tracks and

digitise them in a unifying representation, then we could design representative models through

iterative comparison with the digitized real-world data. We reduced the risk of introduced ar-

tificial bias by applying a pattern oriented modelling (POM) approach and by using common

visualisation and metric gathering tools throughout.

6.2 Cancer cell movement - original design

Cancer is one of the leading causes of death worldwide with wide reaching effects that are on the

rise [1]. Improved understanding of the underlying metastatic mechanisms [120, 121, 45, 122]

could lead to improved treatment, early diagnosis, prevention and monitoring [123]. Therefore,

we developed our initial framework design for a cancer cell biological system with a focus on

movement (Chapter 2). We were given access to in vitro non-small lung cancer cell videos, 5 of

which were of sufficient length for tracking and analysis [48].

To analyse this system, we first developed tools for visualisation of cells and gathering of move-

ment and population data over time. Movement information was then compiled into heatmap

meta representations to display the patterns that each population generated over time. Three

key components were identified in the dataset:

• Directed forward focused movement
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• Adherence to strand-like paths over time

• Possible sub-populations or predominant behavioural states

We next moved to the definition and generation of representative models within the framework,

in order to unify tools for data gathering and representation. Representative interactions were

implemented to create baseline movement models, comparing with forward movement, lattice

following and path forging for striated strand like paths and entity definition with variance to

represent multiple sub-populations. We found that forward biased movement alone did not cre-

ate the strand like patterns present in real-world sets. Attractive lattice following created clear

strands of movement but removed general undirected patterns, path forging created some strands

but with more general movement than observed. A final lattice following and path forging model

was compelling and suggested that real-world behaviours likely consisted of similar phenomena.

The application of our generalised framework for real-world systems and representative model

design provided interesting insights into the cancer dataset.

We were able to generate representative models with comparable results, also identifying lim-

itations: limitation in size and timescale of the dataset, difficulty to correlate the large number

of metrics for spatial movement patterns. Since numerical trends were not necessarily repre-

sentative of the phenomena, we focused upon visual comparison and exploratory analysis. The

availability of a very different system and corresponding dataset then allowed us to develop our

approach further.

6.3 Modelling G protein coupled receptor and G protein

population movement and interaction

To further develop the framework and extend its capabilities, we next studied G protein coupled

receptors (GPCR) and G protein movement (Chapter 3). We were able to improve our range of

applications and improve tools for application to the original cancer sets. This second system:

GPCR and G protein, a large and diverse group of cell surface receptors, was represented in 10

paired data sets, 10 GPCR and 10 G protein, one of each for every recorded system within a

different in vitro cell. They facilitate communication of extracellular behavioural changes, recep-

tors interact with proteins in the plasma membrane and react when co-localizing to send signals

into a cell [6, 9, 7, 8]. Studying GPCR and G protein behaviour over time allows us to further

understand how a cell identifies, controls and apprehends its environment.
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Again, we first generated movement and metric data for the new data; analyzing the generated

patterns. Movement within the available data sets was characterised by:

• Predominantly Brownian motion

• Entity catchment zones referred to as ’hot-zones’

• Protein receptor co localisation or differentiation

Developing new model definition tools we added possibly representative phenomena for the

GPCR set. Initial implementation used Brownian motion and population change to create a

baseline background model. We then implemented deflective barriers and attractive zones to

compare and replicate representative patterns. Deflective barriers did not create patterns sim-

ilar to those in real-world sets, attractive zones were more but not completely representative.

To further explain the variable morphology of observed hot-zones in the dataset, we developed

static or shivering sub-populations. We found that a relatively small shivering sub population

could: generate patterns representative of some small hot-zones, create a rear turn bias for the

overall population and that not all small zones consisted of a single entity. Again, we were able

to identify emergent visual patterns and produce representative models, highlighting possible

hypothesis development or questions through comparison.

It was difficult to correlate numerical and visual patterns, quantifying comparative analysis.

A pronounced and unexpected rear turn bias was identified, however, localising the bias was

difficult with existing tools. Therefore, further tools for spatial representation of directional

preference were developed. Populations were also separated by behaviour and time into data

subsets for more targeted observation.

6.4 An expanded micro-environmental view: methods for

further pattern identification

The first two applications highlighted the need for greater information relating to spatial com-

plexity and directional selection of population members. Therefore, new tools such as directional

movement heatmaps were implemented to overlay entity choice with location information (Chap-

ter 4). Time phased data was also collected to isolate the effects of movement upon patterns
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within specific time frames. A population filtering tool was also investigated using the numerical

data our framework generated. All new tools could be applied to the cancer and GPCR and G

protein systems via the frameworks backward compatibility.

We identified that cancer sets continued with directed forward movement within strands and

through areas of less cohesive general movement. Time phases suggested that strands were

initially developed and then characterised by consistent, consequent use for travel, possibly rep-

resenting exploratory and then exploitative behaviour. For the GPCR and G protein sets, we

observed that rear-bias was predominantly within hot-zones, explaining the overall population

bias toward rear turns(Chapter 3). Time phases also suggested that a restrictive barrier phe-

nomena could be present and creating hot-zones; generating an effect, but not consistently, to

create observed patterns within differing time frames.

Separating sets into sub-populations based upon current quantified metrics, such as movement

distance or turn preference, had very limited effect; attempting to isolate hot-zones or strands.

The primary remaining limitations were quantified comparison of visual patterns and filtering

of populations, to isolate the behaviours that generate them. Therefore, we proposed to use an

artificial intelligence (AI) approach in the form of Convolutional Neural Nets (CNN), trained for

classification as a solution.

6.5 Artificial neural nets for movement pattern classification

We developed two distinct artificial neural net pipelines using CNNs: one for comparison of real

and model derived heatmaps and a second separating and filtering populations (Chapter 5). We

were able to train CNNs to differentiate between each model type. We then present the trained

model with our real-world in vitro data for quantification of model similarity. The GPCR and G

protein set was more complex and required pairwise model training. We generated paired nets

that could differentiate two types of model reliably, each was then presented with movement

heatmaps from the GPCR and G protein data. Finally, results were compiled into a confidence

grid indicating each models similarity to the in vitro results.

The second process for track-based separation generated sets of labeled model tracks for use

as training data. CNNs were trained to differentiate based upon track complexity for the cancer

set and compression for GPCR and G protein data. Once trained the nets were used to sort
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all the real-world data tracks into subsets. Each subset was then handed to the framework for

visualisation and metric gathering, allowing us to observe and compare with the originating sys-

tems. The approach was particularly effective at isolating hot-zones within its own separate set.

Finally, we attempted to cross-apply the track separation models GPCR trained to cancer set

and vice versa for transference filtering. The resultant sets showed that each net was filtering on

different metrics and that some new if limited insight could be gained through transference.

With these initial pipelines we were able to generate similarity metrics between in vitro bi-

ological systems and representative models entirely based upon visual patterns. Furthermore,

the filtered sets displayed clear and very useful visual pattern distinctions, thus allowing further

focused analysis on cancer strand as well as GPCR and G protein hot-zone composition and

morphology over time. Further, more detailed analysis of the approach could be accomplished

with more nuanced CNN designs along with a wider spread of test cases and applicable biological

systems in future work.

6.6 Biological perspective

We aimed to support or develop existing hypotheses while also identifying new possible interac-

tions relating to our targeted biological systems. As such our approach was exploratory, we mixed

quantitative and qualitative investigation to generate possible new insight. Therefore, there are

several identifiable possible biologically representative patterns indicative of causal narratives

throughout our work.

6.6.1 Cancer cell movement

When observing the cancer data sets, movement generated distinct visual patterns that could be

broken down into three main behaviours; directed movement, striated strand like cohesiveness

and sub-populations active over time. Directed movement may be representative of gradient

following and chemotoaxis phenomena discussed in literature [122, 45, 123], strand cohesion rep-

resentative of least resistance following described by Jiao et al [80] or confined motility by Paul

et al [140] and sub populations relating to possible population heterogeneity widely discussed

in the literature [80, 116, 117, 118]. We also had videos taken from different time points in

environmental interaction with differences in strand pattern progression.
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Directed movement

Directed movement refers to the proclivity for a population member to travel in non random

directions. When analysing the cancer cell data set, we observed a very strong forward bias

(Chapter 2). We assumed this forward bias was environmentally driven, possibly representative

of phenomena in literature such as chemotaxis [122, 45, 123]. Movement heatmaps with localised

direction preference indicated that forward biased behaviour continued outside the scope of estab-

lished strands (Chapter 4) supporting the narrative of localised micro-environment interaction.

So, we designed a baseline directed movement representative model with parameters suggested by

the real-world observations and a pronounced forward bias (Chapters 2, 4). Heatmap movement

distribution suggested that for models with only directed movement, environmental exploration

was increased and primarily dependant upon several indirect factors; length of time, travel speed

and population size. Purely forward turn biased representative models scored poorly in our

comparative CNN, although better than purely random motion (Chapter 5); likely due to the

absence of key environmental patterns caused by interactions with phenomena such as nutrient

or resistance gradients.

For purely directed movement models environmental exploration could vary and common pat-

terns were identified based upon initial placement, clear strand and environmental development

was not observed unlike in the real-world sets. Any single population member under the effects

of directed movement can create small narrow paths with some similarity to the strands seen in

in vitro data, but without the consistency of adherence over time or density of strands created

by multiple population members.

Lattice path and strand patterns

A lattice is an overlaying mesh pattern; when attractive, a lattice overlay may lead to a pop-

ulation congregating to the mesh and creating strands of increased movement over time along

their length. Visual strands of movement were common in the cancer data set and therefore

likely attractive, representing cancer cell interaction with phenomena such as paths of least re-

sistance [80] or movement restriction [140]. Strands of movement could be caused by a lattice of

depressions in their environment offering easier paths of least resistance (Chapter 2). Such strands

showed strong forward preferential movement throughout their length (Chapter 4), again, possi-
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bly indicative chemotoaxis and gradient following discussed in literature [122, 45, 123]. Phased

observation of the longer cancer set showed signs of strands developing over time, from general

movement to a more cohesive pattern, suggesting catchment, but also path expansion and de-

velopment (Chapter 4) possibly similar to stromal degradation in permissive environments [80].

In representative models a high and consistent attachment rate was needed to generate distinct

lattice like patterns over time (Chapter 2). Lattice only representations were good at creating

strand patterns without reproducible varied morphology. Therefore, we also developed a forging-

path design; the more cells had travelled an area, the more attractive it was for future movement,

representing gradual degradation of micro-environment developing paths of least resistance sim-

ilar to those modeled by Jiao et al [80]. Forging models were able to produce strands with more

representative morphology and retained less directed general movement areas. However, forged

strands lacked clarity and ability to retain patterns when meeting an area of more general move-

ment unlike in real-world sets. Our comparative CNN showed a strong similarity between cancer

sets and hybrid following and forging models, when alone simple forging was preferred over only

attractive models (Chapter 5). By breaking the cancer tracks down upon track morphology,

we were able to identify two further ways of separating strand behaviour; strand following and

general exploration via strand divergence (Chapter 5). It is possible that cells broaden strands

by diverging to respond to nutrient availability, chemotaxis taking priority over environmental

permissibility. We observe a core of strong directed motion along the spine of strands, at the

edges, forefront or sides of strands, less directed movement occurred.

Sub-populations/behavioural states

By separating a real-world set upon a metric such as turn preference, we could create subsets

representing that specific split. We assume they are a separate sub-population, referred to as

subsets. Therefore, a subset in this case is a group of cells showing similar behaviours over our

observed run. We have identified strong following and expansionist behaviour types possibly

reacting to very localised nutrient or confinement changes [80, 140]. We can observe them with

sets split by turn preference (Chapter 4)or track complexity (Chapter 5), both generate different

patterns, but without complete differentiation; no visual pattern is entirely isolated. Forward

motile sets move more and further, less motile sets tend to be static or forging at the edges of

strands. Cells might cycle through states over time, adapt or be differentiated at a genetic level
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for behavioural preference. One narrative that often occurs in the literature is that of invasive

versus proliferative sub-populations [124, 92, 80]. Similarly, such observation is often tied to the

ability for cells to degrade surrounding stromal structure, similar to the forging behaviour we

identified.

The cancer cells are likely evolving and moving within an environment with lattice paths of

least resistance and reasonably even nutrient distribution. Strands were likely created by highly

motile cells and thickened by use over time and density shifts via path forging. Unfortunately,

this doesn’t suggest a solution to the common problem of nutrient starvation driving metastatic

exploration versus nutrient availability driving proliferative expansion. However, it may offer

further insight into controlling cancerous development and cell behaviour over time.

6.6.2 GPCR and G protein movement

For the GPCR and G protein datasets, we focused upon baseline Brownian motion [56, 58], dis-

tinct hot-zones[6] and differences between protein and GPCR behaviour as described by Calebiro

et al [9, 152]. Both motion and hot-zones were present in G protein and GPCR datasets. Repre-

sentative models were used to replicate and differentiate background Brownian motion from the

hot-zones. Further, the CNN single track filter application we developed, was able to separate

general and restricted subsets to improve direct observation over time.

Brownian motion

Brownian motion refers to an entity that moves at every available time step, in a random direction

and a normally distributed distance; it is expected of GPCR and G protein movement [56, 58].

The framework identifies Brownian motion as an entirely random turn preference; the GPCR

and G protein data when visualised produced a pronounced rear turn preference (Chapter 3),

indicating some possibly non purely Brownian motion and a potentially interesting interaction.

We generated a representative Brownian motion only model showing that over time a pop-
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ulation of baseline GPCR and G protein model entities would spread out with highly random

trajectories (Chapter 3). Similar general movement patterns were observed when population size

and travel distance were applied from in vitro results with Brownian motion. General turn pat-

terns were also spatially similar in directional heatmaps (Chapter 4). However, general spread,

areas of movement starvation and movement dense hot-zones were not visible in the baseline

purely Brownian model indicating the presence of other interactions in real-world sets as dis-

cussed in literature [9]. Also, we generated models with differing initial distribution (Chapter 3).

While general spread was reasonably representative the amount of localised movement starvation

and hot-zones were not replicated without the inclusion of other environmental interactions.

Hot-zones

A movement hot-zone is an area of dense entity placement across time; one or many entities

moving within a small area will gradually increase the brightness in a movement heatmap. The

brighter, or in other words ’hotter’, the zone, the more movement has occurred over time. Hot-

zone patterns are a key feature of the fence and picket model of the plasma membrane, actin-

based skeleton fences and transmembrane protein pickets, fences confining motion [56, 58, 9].

The phenomena is important to GPCR and G protein observation, a hot-zone is believed to be

an area of catchment and possible co-localisation of G proteins and GPCRs for communication

of information [54, 52, 144, 6].

We found it very difficult to reproduce similar patterns with confinement models representing

cytoskeletal restrictive areas alone, in isolation this method of confinement was relatively inef-

fective. We developed two sub-hypotheses: a small sub-population of highly localised virtually

immobile shivering entities representing one of several sub-population types discussed in litera-

ture [54] and attractive zones representing transmembrane protein picket catchment [56, 58]. In

the case of shivering entities, small hot-zones could be generated and the previously observed

reverse bias also showed across population trends (Chapter 3). Shivering provided a possible

explanation for small hot-zones and showed that even a small subset could bias turn prefer-

ence visualisation. Shivering alone did not explain differences in hot-zone size, morphology and

changes over time.
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Shape and size of hot-zones were not directly tied to rear bias. Directional heatmaps showed

that while larger hot-zones were often more permissive and not entirely rear turn dominated,

many were not (Chapter 4). By varying parameters for attraction strength, reach and hold, an

attractive zone representative model was capable of producing: central permissive movement,

varied morphology and surrounding area movement starvation. All key patterns of the GPCR

and G protein datasets, CNN’s also scored them highly on similarity (Chapter 5).

We were able to use CNN’s to separate a majority of hot-zone movement from Brownian via

trajectory filtering into subsets for direct observation (Chapter 5). We could then identify some

cases of small hot-zones progressing to larger, and then again smaller areas over time within the

GPCR and G protein data set 4 possibly representative of transient catchment [152] or condi-

tional change [9]. Movement starved areas also often changed over time; catchment and release

of population members is likely a common process. Observed GPCR and G protein populations

interact with their environment in a complex manner indicative of multiple competing phenom-

ena. We can examine the differences between GPCR and G protein behaviour; perhaps different

catchment types have differing effects depending upon target.

GPCRs and G protein interaction

Our hypothesis, was that proteins and receptors can co-localise within hot-zones, in line with

the literature [6, 9]. We also analysed GPCR and G protein movement behaviour separately.

Both GPCR and G protein movement features general Brownian motion, but showed a marked

rear bias across the population (Chapter 3). Greater movement spread over time was observed

in the G protein sets, but with similar average distance traveled, indicative of possibly greater

hot-zone capture for GPCRs. CNNs found increased similarity between representative models

with attractive and shivering sub-population representation than simple baseline movement; in-

dicating likely causal phenomena beyond random chance (Chapter 5).

By overlapping the movement heatmaps for both protein and GPCRs we observed that they

overlap particularly within hot-zones (Chapters 3,4), co-localisation being important for signal

communication [6, 9]. Also, there is some general movement overlap but at a lower rate indicat-

ing an amount of expected random co-localisation, hot-zones may aid but do not solely dictate
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interaction. We can also observe that overlap occurs in small and large hot-zones. Occasionally

one type of entity leaves and a hot-zone can be seen to disintegrate, possibly disassociation of

dimer localisation. Interestingly, there is also some indication of the opposite phenomena, i.e.

areas of mutual disassociation.

There are areas where GPCR and G protein movement patterns mutually differentiate, i.e.

movement starved zones in one population map are filled by the other when overlaid (Chapter

4). Additionally, in the starvation area of some hot-zones there are smaller sub hot-zones of only

one of the two populations near by. Both phenomena might be explained by environmental den-

sity based differentiation, i.e as the density of an area changes to trap one type, it may restrict

the other. A possible competitive measure, effective association may need a balance of available

members from each set, but not overabundance.

6.7 Conclusion

We successfully developed a framework using trajectory information from the observable biologi-

cal systems, providing analyses through observation and comparison with representative models.

We developed an applied approach with generalised implementation that allowed input of mul-

tiple varied data sources and successful subsequent analysis. The modular design also allowed

addition of numerous model definition and metric generation tools, without combined computa-

tional overhead increases.

Insights into cancer cell behaviour were successfully obtained with a focus upon individual

movement over time. We followed by investing the spatial relationships that dictate GPCR and

G protein movement pattern emergence; focusing upon hot-zones. Application to a new bio-

logical system further improved the framework as a tool set, we specifically developed tools for

visualising directional selection within very small micro-environments and pattern development

over time. Finally, CNNs were developed and applied in a proof of concept pipeline investigation

to generate similarity metrics for model to in vitro result comparison and for filtering sets of

tracks upon visual profiles. Both cancer cell and GPCR systems were investigated, with inter-

esting results leading to development of novel hypotheses.
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Recurrent limitations came from the number of available datasets and the difficulty generating

representative numerate analysis for spatially complex patterns. From the successful develop-

ment and application of our framework, we have generated valuable insight and can suggest

several directions for possible future work or development.

In the case of cancer movement, literature and our own analysis suggests cells prefer paths

of least resistance when moving, but not the priority order of selection or expansion behaviour;

nutrient availability versus ease of movement. As a practical application, such information could

support treatment attempting to predict and trap cancerous cells [159]; knowing when cells sense

and select direction and upon what criteria could be used to manipulate their behaviour on a

population-wide scale. We also identified that future work could improve models through the

inclusion of greater population behavioural and morphological heterogeneity [141, 142], often

indicative of motility methods [140].

For GPCR and G protein systems, we also observed patterns suggestive of some phenom-

ena such as density variation for GPCR and G protein differentiation, as well as possible co-

localisation. Work to define the effect of medium density on GPCR and G protein travel may

drive further insights into environmental interaction. Models could also be improved by the

inclusion of representations for lipid-protein complexes and nanodomains, affecting population

member movement and confinement [9]. Similarly, environmental transience may account for

many observations and even the lack of confinement patterns in out restrictive boundary models

[9].

Application toward datasets from other biological systems would continue to drive framework

development and improve analysis of new and old. More direct improvement of the overall

approach is also possible, primarily involving increased automation (Chapter 5). Further formal-

ising model and system comparison pipelines, along with integration into the framework, would

allow us to leverage the generated visual patterns. Improvements in those areas would increase

accuracy, with both un- and semi-supervised approaches becoming more applicable with evi-

dence of representative outcomes. We do not propose a fully unsupervised approach. However,
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being able to automatically eliminate large numbers of prospective hyperparameter combina-

tions, would be advantageous, allowing focus upon broadening exploratory area and analysis

with manual iteration.

In conclusion, we have demonstrated the power of our framework to tackle a variety of biolog-

ical problems. Further extension of the framework capability to both implement more complex

systems as well as better quantify their impact would yield significant benefits. Finally, the

application of our framework to new biological systems would also result in new tools and im-

provements that can be applied across other systems, a priori and a posteriori.
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