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Abstract

Wicked problems are complex ill defined problems very difficult to solve tractably using analytical
methods and interventions. They include problems like pandemics, climate change effects, traffic jams,
and financial market crashes. Attempts at solving such problems using analytical methods tend to pro-
duce counter-intuitive, unpredictable pathological outcomes. Wicked problems emerge, in part from
the character of complex adaptive systems, and from stakeholder disagreements on their definition and
resolution. We argue that baseline Bayesian models do not have adequate constructs to provide com-
pact, and tractable modelling support for wicked problems. Applying an iterative and rigorous abductive
design science research methodology, an ontology driven Bayesian modelling framework is applied to
design the Granular Niche probabilistic Bayesian model, a formal, ontologically sound, and explain-
able artificial intelligence model, incorporating complex adaptive systems theory concepts: context;
granularity; and perspective, as constructs. Using evaluation metrics from applicable kernel theories
comparative evaluation of the model is carried against baseline Bayesian models. The results indicate
that the novel model out-performs baseline Bayesian models against the following evaluation criteria:
1) complex adaptive systems’ representation accuracy and precision; ii) structure learning; iii) parame-
ter estimation; iv) knowledge discovery; and v) explicitly modelling and reconciling divergent multiple
stakeholder perspectives of a given wicked problem.

Key Words: Complex Adaptive Systems, Wicked Problems, Ontology Engineering, Bayesian Net-
work Modeling, Explainable Artificial Intelligence, Machine Learning, Structure Learning, Parameter
Estimation, Knowledge Discovery
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Chapter 1

Introduction

“Natural science has discovered chaos, social science has encountered complexity. But
chaos and complexity are not characteristic of our new reality; they are features of our per-
ceptions and understanding. We see the world as increasingly complex and chaotic because
we use inadequate tools to explain it. When we understand something, we no longer see it
as chaotic or complex.” [Gharajedaghi|2011} p.25]

The term wicked problems as attributed to Rittel and Webber| [[1973] describes complex problems
which defy resolution despite numerous efforts at solving such problems. Such problems include, with
increasing wickedness: 1) traffic jams Brzica [2023|, ii) design of emerging technologies like driveless
cars|Hoffmann| [2020], iii) managing possible effects of climate change|Peters|[2017], iv) managing pan-
demics Auld et al.|[2021] , v) unemployment vii), inequality Suoheimo et al. [[2021], and vi) diagnosis
and treatment of different types of cancer [Fleck|2024].

We argue that wicked problems (WP) are products of cognitive and computational limitations to
understand complexity, its relationship to dimensionality, and, inherent uncertainty. Figure 1 shows that
as phenomena becomes more complex, the many dimensions of related variables that make up that com-
plexity increase exponentially. Our cognitive ability to understand complex phenomena from multiple
perspectives given the available suite of computational tools and techniques to assist our understanding
are thus challenged.

The close link between CAS and WPs has been noted by Zellner and Campbell| [2015]. The au-
thors have argued that understanding CAS from an ontological view point is a first step in understanding
wicked problems. They posit that while knowledge of the characteristics of complex systems cannot
in itself solve wicked problems in the conventional deterministic sense, the knowledge can be used
to redefine wicked problems. This can be done, they further argue, while retaining diversity, inter-
dependencies and messiness associated with wicked problems. They further argue that by replacing
analytical approaches with more suitable statistical and mathematical analysis approaches complex sys-
tems can better computed and understood.

Gharajedaghi| [2011]] has suggested that the world is seen as increasingly complex and chaotic be-
cause the tools currently applied to analyse, explain, and understand it are inadequate. That it is not
possible to solve current problems with same level of thinking that created those problems in the first
place is attributed to Albert Einstein [1879 - 1955], which implies that we need a higher level of abstract
thinking to rise above and resolve our current problems. In other words, it is more productive to imagine,
build, test, and simulate alternative prototypical alternative new futures, as opposed to focusing on the
problems themselves as a source of solutions.
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Figure 1.1: Wicked problems: Relationship between dimensionality, complexity perspectives and in-
tractability

This research thesis embraces the views espoused by these authors and thinkers and is about incor-
porating new ways of seeing into computational modelling tools to: re-imagine; think about; describe;
design; test; communicate; and compare alternative, prospective solutions in order to make informed
choices in support of the resolution of wicked problems.

The research thesis contribution is in the form of a new set of conceptual and computational explain-
able artificial Intelligence (XAI) and machine learning (ML) tools and techniques to explore complexity
and dimensionality in CASs.

We incorporate context, granularity and perspective, as explicit ontological constructs Semwayo and
Ajoodha [2021] to represent complex theory concepts in a Bayesian network (BN) model and related
computational ML algorithms. The aim being to improve the accuracy and precision of Bayesian models
at representing and reasoning about complex adaptive systems.

The research work broadly seeks to provide explainable artificial intelligence Bayesian models and
ML computational tools that are fit for purpose to enable the principled discovery of lever points for the
resolution of wicked problems.

1.1 Research Motivation

Advances in the following scientific disciplines and technologies present opportunities to explore wicked
problems differently: i) complex systems sciences modelling; ii) unprecedented growth of computational
capacity; iii) growth in heuristic search approaches to deal with analytically intractable problems; iv)
rapid prototyping and simulation of dynamic and counter-intuitive complex problems.

The complex systems sciences have provided kernel theories to help us better understand the char-
acter of wicked problems. Ontology Engineering |Guizzardi [2005] and Bayesian modelling driven Al
Gyftodimos and Flach [2002]; [Potgieter and others [2005]); Pearl [2009] and ML [Koller and Friedman
[2009[]; [Faruqui et al. [[2021]] now provide us the necessary tools for the construction of explainable mod-
els to support tractable, rapid computation, simulation prediction, inference, and algorithmic machine
learning.



Ontology Engineering (OE) involves the use of formal explicit terms representing a given domain to
ensure the correct and precise representation phenomena from the real world into formal machine read-
able artifacts known as ontologies [Weber ef al. 2012;|Guizzardi et al.|[2015]]. A more formal definition
is provided in section 2.5.

A Bayesian network modeling involves the use of probability graphical models (PGMs) to represent
a joint distribution in a factorised way [Koller and Friedman 2009|]. A more detailed formal definition is
provided in section 2.6.

Machine learning techniques use heuristic search algorithms to learn the structure of complex phe-
nomena and provide an estimation of the probability distributions of the parameters that make up PGMs.

To be able to fully access these benefits we believe the solution lies in incorporating complexity
theory concepts [Manson [2001]]. Smith and Klagges| [2008]] concepts as constructs in ontological and
Bayesian models to obtain richer, more accurate and more precise Ontological models and BN models
that better represent CAS and support reasoning and learning of wicked problems.

This research broadly seeks to contribute to a theory of CAS, a subset of complexity theory, that
makes possible the exploration of lever points for the resolution of wicked problems [Holland 2006].
Such a theory, as posited by Holland [2006] could lead to great improvements in the resolution of
wicked problems such as cancer treatment and drug design.

1.2 Problem Statement

While some effort has gone into developing and using non formal, formal models, and computational
methods to represent and tractably simulate the behaviour of complex phenomena, wicked problems
continue to be an unresolved challenge. We argue that this is because of the inadequacy of existing non
formal and formal tools and techniques to address the challenge.

In the absence of appropriate tools and techniques to address wicked problems policy makers, po-
litical, public, and corporate decision makers are expected to make rational decisions and take decisive
action on complex wicked problems given: (i) contesting multiple stakeholder perspectives and interests
(ii) unintended counter intuitive pathological outcomes arising from some interventions; (iii) multiple
dimensions and varying contexts, granularity, and perspectives of the problem; (iv) uncertainty about the
full extent of the problem; (iv) incomplete data; and (v) an unknown fast, evolving present and future,
which cannot rely entirely on past knowledge.

What results are ill informed decisions, typically driven by the voice of the loudest or the depth
of the purse of the most influential pressure group, without full view of the problem and the linkages
between the multiple sub-systems that make up the whole. Decisions made under these conditions
typically have devastating impacts on some sectors of society and / or on society.

Non formal modeling frameworks and models quickly become unwieldy when the dimensionality
of variables and complexity of variable interactions increases when applied to the resolution of wicked
problems. Examples of such non formal modeling frameworks include: i) group concept mapping; ii)
communicative planning; iii) systems thinking; iv) systems archetypes v) ; and vi) scenario and futures
planning [Lich ef al.[2017; Davies et al.|2015; Bar-Yam |2000; Senge|2006; Klein et al.|[2006].

We argue that the success of these efforts has been limited by the their inability to: i) compactly
represent complex adaptive systems and wicked problems in a way that is comprehensible; ii) tractably
process the model variables parameters and outputs of interactions, and related data. In addition it is
difficult to validate, and objectively test the models with data and to compare the accuracy and precision
of these models.



While formal modeling approaches such as OE [Whyte and Thompson [2012]; [Nasim and Khan
[2018]]; Ruhl and Salzman [2020]and BN models, also known as belief networks and related ML al-
gorithms Benjamin-Fink and Reilly [2017]]; Marcot| [2017]] have been used to model and reason about
complex phenomena, we argue that existing formal modeling frameworks from OE and BN models lack
adequate constructs to provide compact, tractable, and resource inexpensive modelling support to repre-
sent, explore, and reason about complex phenomena, as viewed through the complex adaptive systems
lens. Thus challenges still remain in providing adequate formal OE and BN models that transparently
and accurately represent CAS and support the precise structure learning and parameter estimation of
wicked problems.

We argue that this is because baseline BN models and related ML algorithms used to resolve WPs
do not have adequate constructs to correctly and precisely represent such problems as CAS and accom-
panying ml algorithms with appropriate constructs to support their tractable computation. This research
thesis addresses this challenge.

1.3 Research Purpose

The purpose of this research thesis is to demonstrate the effectiveness of incorporating complexity the-
ory concepts, namely; i) context, ii) granularity, and iii) perspectives as constructs in a BN model to
better support the representation of CAS and the resolution of wicked problems using machine learn-
ing algorithms. We shall call this novel BN model the Granular Niche Bayesian Network Model, the
GNBN model in short, where granular niche refers to a sub-system delineated by context, hierarchical
and temporal granularity, and perspective constructs.

By incorporating these complexity theory concepts in the proposed BN model we expect to im-
prove the accuracy and precision of CAS representation models in domain ontologies and BN models.
This should lead to improvements in Bayesian inference, structure learning, and parameter estimation
accuracy and precision from data on complex phenomena, to support reasoning about wicked problems.

Reference Value

Accuracy

Probability
Density

" Value

Precision

Figure 1.2: Probability Density Distribution: Relationship between accuracy and precision



Figure 1.2. shows the character of accuracy and precision with respect to the probability density of
the variables in probability graphical models (PGMs). While we seek to improve the accuracy of domain
CAS models through ontology engineering, we are also interested in the precision of the models, that is,
deviation of the variables’ probability density distributions from the mean.

1.4 Research Questions

Based on the discussion in the previous sections the principal research question is stated as follows:

How does the proposed novel ontology driven Granular Niche Bayesian Network model incorporat-
ing complexity concepts: context, granularity, and perspective, as foundational ontological modelling
constructs, perform in comparison to baseline Bayesian models at recovering the structure of complex
adaptive systems, estimating the model parameters, and knowledge discovery from ground truth data?

Following from the principal research question outlined above the following sub-research questions
and research objectives are stated as follows in table 1.1:

Table 1.1: Research objectives and Research questions

Research Question ‘ Research Objective

RQ1 | How does the proposed novel BN | RO1 | Use Bayesian Information Criterion

model, incorporating ontological (BIC) scores to compare the perfor-
CAS concepts as constructs, perform mance of the novel GNBN model to
in comparison to baseline BN models baseline Bayesian models at recovering
at recovering the structure of complex the structure of complex adaptive sys-
adaptive systems from ground truth tems from ground truth data.

data?

RQ2 | How does the proposed novel GNBN | RO2 | Explore and compare, using synthet-

model compare with baseline BN ically generated ground truth data,
models at approximating the true how the designed novel GNBN model
probability distribution of CAS performs in comparison to baseline
model parameters from ground truth Bayesian models at minimising the rel-
data? ative entropy with the ground truth dis-

tribution using the Kullback-Leibler Di-
vergence (KL Divergence) measure.

RQ3 | How does the GNBN modeling | RO3 | Determine how learning of new knowl-
framework support knowledge dis- edge about CAS and wicked prob-
covery about wicked problems? lems can be improved by using the
GNBN modelling framework and de-
signed model, in comparison to baseline
BN models.

In their review of Design Science research questions [Thuan et al|[2019] identify three types of
research questions. These are: i) problem solving; ii) gap spotting; and iii) problematization research
questions. Problem solving questions focus on the identification of practical, and design problems and to
build solution artifacts that address these. Gap-spotting research questions focus on under-researched or
overlooked areas lacking a specific focus, and areas lacking empirical support. Finally problematization
questions focus on in-house, root metaphor, paradigm, ideology, and field assumptions [Thuan et al.
2019].



This research thesis falls into the problem solving and gap spotting categories of research questions.
Research questions (RQ1) and (RQ2) are built on the argument that there is a problem of inadequate
formal, well-grounded design modelling artifacts for representing CAS to better understand and resolve
wicked problems using explainable Al. Research question (RQ3) is a gap spotting research question,
where the problem is in a well known but overlooked focus area by developing computational models
to resolve wicked problems. We are seeking new improved ways of learning about, and discovering
knowledge on the structure of given wicked problems.

1.5 Hypothesis

Our working hypothesis is that the GNBN model produced by our modeling framework out-performs
baseline BN models at CAS structure learning (SL) and parameter estimation (PE), and knowledge
discovery (KD) support of the nature and structure of wicked problems.

The null hypothesis is that the GNBN network model produced by our modeling framework does
not perform better than baseline BN models at Bayesian structure learning and parameter learning and
for knowledge discovery support of wicked problems.

1.6 Research Methodology

An iterative and rigorous abductive reasoning design science research methodology is applied in this
research thesis where an ontology driven Bayesian modelling framework is applied to design the GNBN
model, a formal, ontologically sound, and explainable artificial intelligence model, incorporating CAS
theory concepts: context; granularity; and perspective, as constructs.

Qualitative approaches are applied to design ontologically sound models, and quantitative ap-
proaches are applied for experimentation with data to test our model against baseline BN models using
ML algorithms.

1.7 Novelty and Contribution to Science

The novelty in our modeling framework, approach and model is that by incorporating context, granular-
ity and perspectives as formal foundational ontological constructs in BN models we design BN models
better suited to represent CAS and reason about wicked problems than baseline BN models.

We are able, using our modeling framework, to ensure the mapping of correct structural relation-
ships between random variables within and across complex adaptive sub-systems to facilitate sensible
belief propagation and Bayesian posterior updating within given contexts, granular levels and perspec-
tives. We are also able to highlight the influence of GNBN properties (context, granularity, and perspec-
tive) on the probability distributions of the model parameters associated with any given set of beliefs
by capturing these properties as prior knowledge. In essence our GNBN model extends the informa-
tion space that baseline Bayesian inference can provide answers to with respect to CAS and WPs more
accurately and more precisely.

The research questions in section 1.4 provide the basis for our contribution to scientific research
wherein our proposed GNBN modeling framework contributes towards the design of semantically richer
models for Bayesian SL and PE of CASs, see figure. 1.3 which shows our contribution, through a useful
framework after [Pearl|2019].

where:



» I, is a mathematical formula that, based on the assumptions, provides a recipe for answering the
query from any hypothetical data, whenever it is available

« B, an actual estimate for the answer together with statistical estimates of confidence for that
answer

» F represents fit indices that measure how compatible the data is with assumptions conveyed in the
model.

[Pearl [2009]

Inputs Outputs
Estimand (Recipe for
. — E,
Query answering query S
Thesis focus and /
Contribution: Improved
probabilistic Bayesian Assumptions Estimate E
model to represent (Graphical model) (Answer to query S
Complex Adaptive
Systems
Data FIT Indices — F

Figure 1.3: Research Contribution framework adapted from[Pearl|2009]

More broadly the GNBN modeling framework and designed GNBN model’s contribution to scien-
tific research is as follows:

1. Visual, ontologically transparent, structural and probabilistic graphical model representation of
CAS to facilitate stakeholder collaboration and design of machine readable models. This has the
effect of enhancing cross disciplinary communication between stakeholders, such as, mathemati-
cal modellers, domain experts, and decision makers;

2. A Bayesian model with an underlying Bayesian structure recovery and parameter estimation ca-
pability that out-performs baseline Bayesian models at supporting algorithmic learning from data
generated by CAS’s. This is made possible through the incorporation of knowledge about the
systemic nature of the real world encoded as GNBN model constructs.

3. A Bayesian probabilistic modeling framework that performs better than baseline approaches at
tractable, economic (time and cost), exploration and comparisons of various candidate wicked
problems solution proposals through the use of Bayesian simulation.

1.8 Research Limitations

The research thesis uses a prototypical CAS example from literature to explore the design and applica-
tion of the required artifact in an artificial setting through experimentation. Synthetically generated data
is used to evaluate the utility and performance of the proposed designed artifacts. While this approach
does provide proof of concept, the artifacts would need to be tested against case studies and empirical



data from real world natural settings.

Our approach does not involve validation of our preliminary integrated ontological and Bayesian
graphical model by experts. While consulting experts to validate the model at different stages would
have been useful, it is outside of the scope of the contributions of this work.

Further, the level of expertise and perspectives of different experts on the same issue varies, making
it difficult to arrive at a common problem definition and general level of accepted discipline knowledge,
a feature of wicked problems itself. The author’s domain knowledge of complex theory and complex
adaptive systems is applied to generate synthetic data for structure learning and parameter estimation.

1.9 Thesis Structure

The rest of the thesis is set out as follows;

Background. The background chapter provides an overview of the character of wicked problems,
the relevant complexity theory Semwayo and Ajoodhal [2021f], and the applicable modeling concepts
and constructs from the fields of OE and Bayesian modeling.

Related Work. Provides a review and discussion of relevant previous research on the subject matter,
that is modeling CAS using OE and Bayesian SL and PE.

Methodology. Discussion of the research philosophy and paradigm, the research method chosen,
the formal definition of the modeling framework and modeling steps and the resultant model.

Results and Discussion. In this chapter SL and PE are carried out to compare the performance of
the GNBN model against baseline Bayesian models, using synthetically generated data from a prototyp-
ical textbook CAS and wicked problem.

Significance of the Study. The significance of the study is highlighted in this chapter.

Conclusions and Future Research.This chapter provides summary conclusions from the research
outcomes and directions for future research.



Chapter 2

Background

This chapter provides an outline of the background concepts from complexity theory and wicked prob-
lems used in this research paper. We also provide an overview of the concepts and terms from the fields
of ontology engineering, Bayesian structure learning and parameter estimation, relevant to explainable
artificial intelligence modeling and machine learning of complex adaptive systems and wicked problems.

2.1 Wicked Problems

Wicked problems are complex problems difficult to define and solve using analytical methods and in-
terventions [Rittel and Webber [1973]]. Attempts at resolving wicked problems by applying traditional
stakeholder engagements and analytical methods tends to produce counter-intuitive outcomes, typically
referred to as unintended consequences [Crowley and Head|2017} [Levin et al.|2012; | Xiang|[2013]].

The original full list of the ten wicked problems characteristics as provided by Rittel are available
in|Crowley and Head [2017]] and summarised here as follows:

1. The problem is difficult to formulate definitively. The problem is usually only well
defined after a solution has been found;

It is difficult to determine when an inquiry should be concluded;

Solution are only described as better or worse from different stakeholder perspectives;
The the quality of the solution is difficult; to determine;

The solutions cannot be verified in polynomial time;

There is no room for trial and error. Decisions. can have dire consequences;

There is no definitive algorithm to solve problems;

Solutions are not singular and are not well defined;

e S R S

Applying learning from the past is not adequate because the future hardly resembles
the past;

10. Wrong or inadequate solution are not tolerated because of their consequentially.

The character of wicked problems has since been revisited, with the most recent review provided
by [Crowley and Head|2017]]. | Xiang| [2013]] provides a summarised useful characterisation of wicked
problems, that is: i) divergent perspectives of the problem that arises from different experiences, goals;



ii) solutions are difficult to define Elia and Margherita|[2018]]; ii) non-solubility |Xiang| [2013[; iii) irre-
versible consequentiality, where trial and error strategies are not feasible [Xiang|2013|.

Wicked problems emerge from: i) non-linear, dynamic complex and adaptive interactions between
entities in a bounded system / sub-system and their external environment, producing positive and neg-
ative feedback loop mechanisms between the interacting entities; and ii) multiple divergent stakeholder
perspectives of framing a given problem [Crowley and Head|2017|]. The divergent perspectives influence
the problem definition, and candidate solution proposals for such wicked problems. We shall refer to
the first category, i), as Type I wicked problems causes and the second ( ii), as Type II wicked problem
causes.

Type II wicked problems causes are the product of: i) various philosophical and scientific positions
with respect to complex phenomena; ii) methods applied to study them; iii) experiences; iv) culture;
divergent stakeholder beliefs, interests and biases; v) context; vi) varying problem focus areas and levels
of abstraction, and v) divergent conventions for naming and describing the world observed [[Crowley and
Head 2017} [Levin et al. 2012; | Xiang|[2013]]. Figure 2.1. provides a schematic representation of these
author’s ideas.

Research Area Discipline / Domain Pre-occupation

Philosophy, Multiple
Perspective Geography, perspectives / points
Architecture view

Cogpnitive Sciences, Cognition, Mental

World Vi
it it System Sciences Models,
MNatural laws,
el Philosophy, P_hysncs, Technology.
Computer Sciences, Computation,
Models ) g g ;
Mathematical Sciences Simulation, Futures
Design
Values and Sociology, i
lture, Rel
beliefs Anthropology i Religlen

Positive, Pathological

Behavioural Sciences :
behaviour

Behaviour

Figure 2.1: Influence Triangle

From the bottom up of the triangle (from Values and beliefs to Perspective) the elements at the
bottom affect the development of elements of the research areas above them. Values and beliefs affect
the development of theories and models, which in turn affect the development of world views, and finally
the world views become perspectives, that is, enduring, entrenched beliefs about reality.

As one moves down the triangle the elements at the higher level have more influence on the elements
below. For example, perspective, which is in effect the product of enduring world views, once entrenched
in a group of people, influences their view of the world and the theories and models they use to explore
reality. A typical example is the multiple divergent perspectives on climate change, where debates and
disagreements on defining and handling the multiple dimensions of the problems rage on.

Munn and Smith|[[2013]] define perspectivism as enduring different world views carried by different
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stakeholders, a product of past experience and knowledge and a major sources of disagreements about
the character of a given reality. Raimbault|[2017] advances a similar notion from a different angle. Here
perspectivism refers to where different scientific knowledge enterprises are seen as perspectives with
co-evolving components from complementary knowledge domains.

Farrell and Hooker| [2013|] isolated finitude, complexity, and normativity as the three cognitive pro-
cesses that are responsible for wicked problems, where complexity refers to the emergent outcomes of
multiple interactions within a system. Finitude refers to limitations in human cognition and knowledge.
Normativity referees to different stakeholders norms and values [Farrell and Hooker|2013|].

A useful mapping of the theoretical status of the wicked problems concept, the range of meanings
associated with the concept, the epistemological assumptions that underlie the description of the concept,
and the rhetorical functions formed by the concept is provided in [Lonngren and Van Poeck 2021]. The
authors distinguish between ‘tame problems’ associated with the natural sciences, which are well defined
and are solvable through linear reductionist approaches, as opposed to ill defined ‘wicked problems’
associated with the social sciences. A further useful typology breakdown of the spectrum between
‘tame’ and ‘wicked’ problems based on perceived intractability of modelling and problem resolution is
provided by [Alford and Head2017]].

Resolving wicked problems is difficult primarily because of they are complex and dynamic [Xiang
2013|). It has been argued that the inherent complexity and pathological emergence from the structural
relationships and numerous dynamic interactions of related entities within natural or artificially defined
bounded systems (CAS) are the root cause that produce Type I wicked problems [Semwayo and Ajoodha
2021[]. The numerous dynamic interactions of agents (variables) with feedback loops between them take
place at varying levels of granularity, making natural and engineered systems unpredictable [Farrell and
Hooker|2013].

Wicked problems have largely been considered non-soluble because of perceived modelling and
computational intractability [Zellner and Campbell|2015]]. The characterisation of wicked problems as
pathological products of agent interactions in complex adaptive systems paints a picture of modeling
intractability. Computational intractability has been attributed to such problems because ‘they cannot be
broken into parts’ [Xiang|2013].

2.2 Link between Wicked Problems and Complex Adaptive Systems

The close similarity between CAS and wicked problems is noted by [Zellner and Campbell 2015]]. The
authors argue that understanding CAS is a first step to understanding wicked problems. Peters |Peters
[2017]] goes as far as to argue that the study of complex adaptive systems was birthed by the need to
understand the character of wicked problems. Wicked problems are thus best understood when viewed
from a systems paradigm lens and have been defined as emergent behaviour from complex adaptive
systems in (Wimsatt, 1994) and (Bar-Yam, 2000).

The view that wicked problems are best understood when viewed though the systems paradigm is
also found in [Wimsatt|[1994; Bar-Yam 2000]. The resolution of wicked problems as viewed through
a systems paradigm lens is discussed in [Senge 2006; [Klein et al.|2006; Akers|[2015; (Onik ef al. 2017
Gharajedaghi|[2011; Randle and Stroink [2018]).

A complex system is characterised by Zellner and Campbell|[2015]] as being composed of multiple,
heterogeneous parts which selectively interact with each other. The interaction can give rise to an emer-
gent organisational whole with its own attributes, behaviours. Other characteristics of CAS include: i)
feedback loops which are usually time-lagged and spanning spatial scales; ii) parallelism, wherein CAS
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are subject to sets of parallel simple rules that define the agents’ behaviour which give rise to unpre-
dictable future states. Thus the long term behaviour of CAS cannot be predicted by aggregating the
behaviour of parts [Zellner and Campbell 2015].

Another characterisation of Complex Adaptive Systems (CAS) is provided by as a diverse collection
of diverse parts inter-connected in a hierarchical manner such that organisations persist or grow over time
without centralised control [Eidelson 1997|]. Self organisation is considered a key component of CAS
[Kauffman|1993|]. Figure 2.2 captures the essence of complex adaptive systems.
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Figure 2.2: Characteristics of Complex Adaptive Systems [Clemens |2023]

Emergence is at the core of CAS and wicked problems. Emergence refers to system outcomes
properties / products that ‘emerge’ from the CAS as a whole, through interaction between variables and
cannot be attributed to individual variables within the system. Four types of emergence are defined by
[Fromm [2005]. Type I, which the author defines as simple emergence, arises from simple intentional
or unintentional emergence through feed forward relationships. Examples of intentional emergence
provided by Fromm [2005] are: i) the function of a software system as an emergent property of its
software code; ii) the function of a machine as an emergent property of its components. Examples of
unintentional emergence include: i) thermodynamic properties like pressure, temperature and volume,
and avalanches.

Type 11, weak emergence, arises from positive and negative feedback, with negative feedback having
a stabilising effect, while positive feedback has a destabilising pathological effect. Examples of positive
feedback in [Fromm [2005] are: i) Stock market bubbles and crashes; ii) fads; iii) social explosion of
unrest, iv) path dependent lock in technology such as keyboard QWERTY arrangement.Examples of
stability arising from negative emergence include: i) flocking behavior of birds, ii) the world wide web’s
self organisation.

Type III emergence is characterised by multiple short range positive feedback and long range nega-
tive feedback refereed to as activator-inhibitor systems [Fromm 2005]]. According toFromm [2005] this
emergence appears in CAS and is responsible for the appearances of and dramatic changes in ecological
niches. Examples include i) market stock movements, ii) metal and scientific breakthroughs.

Type 1V, strong emergence, is associated with the emergent structures at higher levels of organisa-
tion such as life which emerges from genes, genetic code, and nucleic / amino acids [Fromm|[2005]]. Type
IV emergence is characterised by emergence that arises at multiple levels and where the laws governing
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emergence at one level are not applicable at another level. Physics quantum and relativity theories fall
into this category.

Type 1II through to type IV emergence are the ones of interest in this research paper, particularly
where positive forward feedback is present, as it is associated with the emergence of wicked problems.
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Figure 2.3: Types of emergence [Fromm 2005]

In summary a wicked problem can be defined from contributions by [Bar-Yam|2000; Zellner and
Campbell [2015; [Elia and Margherita 2018 as a tuple (P, F, V, C, S), where:

* P: may be defined as a set of parameters and variables that influence the problem’s behavior and
includes the space of potential problem states, encompassing the various factors, variables, and
dimensions that contribute to the wicked problem.

F: Feedback mechanisms that capture the interactions between the problem space, solution space,
and contextual factors. These mechanisms represent how changes in one aspect of the system
affect other aspects and may be modeled using mathematical relationships.

* V: encompasses the subjective values, preferences, and perspectives of various stakeholders in-
volved in the wicked problem. This introduces a qualitative and human-centric element.

* C: These are social, economic, political, environmental, and cultural aspects that shape the prob-
lem and its potential solutions.

* S: represents the space of potential solutions or interventions to the wicked problem which in-
cludes the set of strategies, actions, or policy options that stakeholders might consider to address
the problem.

We provide a more formal defintion of a wicked problem in the next section.

2.3 Formal Definition of Wicked Problems

The formal definition for emergence, as cast in the complex adaptive system framework is provided by
Baas and Emmeche [[1997] as follows:
Definition 1. Emergence
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Let {S;};c; be a family of general systems or “agents”. Let Obs! be “observation” mech-
anisms and Int! be interactions between agents.

The observation mechanisms measure the properties of the agents to be used in the interactions.
The interactions then generate a new kind of structure, which is the result of the interactions:

5% = R(S},0bs', Int') . (2.1)

This could be a stable pattern or a dynamically interacting system. S? is an emergent structure
which may be subject to new observational mechanisms, Obs? [Baas and Emmeche [1997].

This leads us to the definition of a wicked problem. The definition of a wicked problem from an
emergence point of view is as follows:

Definition 2. Wicked problems

P is a pathological emergent property (a wicked problem)

<~
P € Obs?(S?) and ,P¢ Obs?, (S})

A property observed in .S, but not in the .S;’s could be said to have emergent explanation [Baas and
Emmeche|[[1997], wherein the emergent complex adaptive system property is pathological / undesirable,
is refereed to as a wicked problem. This further extends to the definition of that of an unintended conse-
quence which occurs when an intervention takes place on the interaction between interacting variables,
resulting in an unexpected and undesirable emergent property.

Type I wicked problems refer to pathological emergence of S? = R (Sil, Intl) and type II wicked
problems emerge from divergent Obs! and / or Obs? perspectives of stakeholders.

2.4 Context, Granularity and Perspective as Complexity Theory Con-
cepts

“There is only one Herbert (the frog) that we and the molecular biologist apprehend, but,
depending upon our interests and our focus, we may each apprehend him from different
granular perspectives”. [Munn and Smith 2013} p. 12]

For any given context or sub-context, complex phenomena is abstracted cognitively and described
at different levels of granularity and from a specific perspective [Semwayo and Ajoodha/[2021].

Complexity theory, a field of theoretical Computer Science, provides the theoretical grounding
to study complex adaptive systems, wicked problems, and computational complexity [Montiel et al.
2019]. Techniques such as the theory of chaos, cellular automata, and evolutionary computing have
been applied to deal with complexity [Montiel et al. 2019]. Context, granularity and perspective are
key complexity theory concepts used in the description of the environmental situation, hierarchical and
dynamic character of CAS in literature [Frei et al. 2007]].
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Context

Context is determined by the focus of interest [Semwayo and Ajoodha 2021]. Pearl [2009] has argued
the need to delimit the contextual endogenous and exogenous elements of a system under review. Ko
and Sim [2008]] in their work on context awareness modeling have shown that ontologies provide an
effective way of representing syntactic and semantic knowledge.

Complex adaptive systems are defined by Mittal and Risco-Martin [2017] as systems that display
adaptive behavior in addition to emergent behavior. The authors describes adaptive behavior as adaptable
manifesting at the agent-environment system boundary where the agent is situated in an environment
[Mittal and Risco-Martin[2017]]. An adaptive system here is seen as a resilient system capable of change
in the face of perturbations [Mittal and Risco-Martin|2017|]. The authors explore the tools and techniques
required for a multi-disciplinary systems engineering enterprise and identify Network Science as key to
understand the structure of CAS.

Semantic context aware quality services that specifically incorporate context in models to support
explicit multiple perspectives representation are discussed by [Alti ef al.|[2013]]. The authors argue
that semantic heterogeneity, disagreement about the meaning of terms amongst multiple stakeholder
perspectives, remains an obstacle especially for modelling CAS, given different contexts. Our model
seeks to address this shortcoming, and we thus incorporate context as a formal foundational ontology
construct in our Bayesian probabilistic graphical model.

Granularity

Granularity is a concept relating to the cognitive, spatial, or temporal, level of abstraction of a phe-
nomena from an observer’s point of view [Semwayo and Ajoodha 2021} Santos [2015; Smith and Mark
1998|]. It is also used to define the coarseness of an observation or an investigation [Semwayo and
Ajoodha |[2021].

The level of problem abstraction, granularity, is a key determinant in what is defined, ‘seen’ and
investigated [[Semwayo and Ajoodha|2021; (Gignoux et al.|2017]). Jensen and Aven| [2018]] emphasises
the importance of considering both, atomic elements within micro sub-systems, and the macro system
that emerge from systems interactions to fully understand wicked problems.

While granularity has been said to influence what we ‘see’ with our mind’s eye and the linguistic
concepts we use describe what we see, our perspective Smith and Klagges [2008|], the corollary is
also true. The focus of interest or context influences at which level of granularity we carry out our
investigation at, and the tools and techniques we apply. As one zooms in onto a subject of interest one
gains detail, and as one zooms out one gains broad perspective.

Mittal and Risco-Martin| [2017]] have argued that perceptions of adaptation capacity are dependent
on the observer’s scale and granularity of abstraction . Climate change, for example can be viewed
as human made phenomena if viewed from a lived human time scale but could be viewed as a natural
phenomena if viewed from a coarse temporal granularity, covering millions of years.

The need to carry out ontology alignments at multiple granular levels to support semantic inter-
operation, towards unification of multiple perspectives, is discussed in [Semwayo and Berman 2004].
Natural, biological and social systems are examples of CAS with complex, dynamic, cause and effect
interactions at varying levels of granularity [[Santos|2015]. It has been argued by Ketter ef al. [[2015] that
wicked problems transcend individuals, organisations, and markets and can only be fully understood by
the exploration and analysis of a wide variety of data at many levels of abstraction.

It has been argued by several authors that patterns emerge at higher levels of complexity that are
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specific to that level emerging [Gleick [1998; Ball [2004; Bousquet and Curtis|2011f]. Such properties,
which cannot be deduced from the lower granular constituent parts, may manifest as wicked prob-
lems [Semwayo and Ajoodha|2021]. Incorporating these features as ontological constructs in modeling
frameworks is key in improving the accuracy and precision of models representing CAS and their emer-
gent problems |Bousquet and Curtis [2011]], the goal of the research presented in this paper.

Perspective

Munn and Smith propose embracing realist perspectivalism, a view that knowledge can be obtained by
means of veridical granular partitions [Munn and Smith |2013]]. They describe veridical partitioning as
the representation of some aspect of reality in a model for a given purpose [Munn and Smith|2013]]. The
authors argue that the existence of multiple perspectives should not be seen as a hindrance but a means
to deepen our understanding of reality [Munn and Smith/2013]]. Raimbault [2017] advances a similar
notion which he calls perspectivism, where the scientific knowledge enterprises are seen as perspectives
with co-evolving components from complementary knowledge domains.

We argue, as pointed out by Raimbault [2017]; Munn and Smith [2013]] that the existence of multiple
perspectives should not be seen as a hindrance but a means to share our knowledge of a given reality and
deepen our understanding of reality, in other words overcome finitude. Efforts at developing ways of
surfacing and possibly unifying multiple perspectives have been attempted in the fields of Foresighting
and Scenario planning [Hietanen et al.[2011].

The utility of incorporating additional constructs in foundational ontologies to improve the accu-
racy of domain ontologies is discussed by [Jansen [2008; |(Gangemi ef al. [2001]]. Incorporating different
perspectives, contexts, and granular levels of abstraction as foundational ontology constructs, also ref-
ereed to as top level ontology constructs, for CAS representation presents an opportunity to represent
complexity and handle multiple perspectives of wicked problems.

2.5 Ontology Engineering

Epistemology is defined by Tolk “as the theory of obtaining knowledge, knowledge validity, and scope,
and methods applied to obtain it” [Tolk ef al.[2018]]. Knowledge here is defined as scientifically justified
belief. The authors further posit that systems are governed by law-like generalizations within a special
science. These laws, they argue, result in emergence, which is characteristic of the system and is hidden
from the researcher, whereas the unpredictability of the system is a knowledge matter [Tolk ef al.[2018)]].
This becomes the source of ‘unintended consequences’ when intervening on a system.

The view of CAS from an ontology perspective is premised upon the view that emergence in a CAS
is independent of human knowledge|Tolk et al. [2018]] and that emergent properties are of the system and
cannot be explained by the system components, their relations and interactions alone [Tolk et al. 2018§]].
Tolk argues that while epistemological emergence can be obtained through accessing more knowledge
about the system, ontological emergence is an inherit part of the system and thus cannot be obtained
through accessing more knowledge [Tolk et al. 2018)]].

For the reasons given above the absence of a common vocabulary for multiple stakeholders from
various backgrounds to describe an observed world creates semantic heterogeneity problems. This is
where stakeholders from diverse scientific backgrounds observing the same reality describe such a world
using divergent vocabularies (concepts and terms) and divergent conventions for naming and describing
the world. Rusty Schweickart, an Apollo 9 astronaut is quoted as having said that when he came back
from space it took him five years to describe his experience of seeing earth from space. He simply could

16



not find the right words in the commonly used language (concepts and terms) to describe and share his
experience [Kaku 2012].

As René Descartes (1596-1650) succinctly put it, that “we do not describe the world we see, but
rather we see the world that we can describe” [Descartes and Cress||1998]. A common ontological
lexicon that unifies divergent conventions for naming and describing the world we observe is needed to
accurately describe and communicate what we perceive.

Studer ef al.| [1998] define an ontology as a formal, explicit specification of a shared conceptu-
alization, refereed to by Smith and Klagges| [2008|] as a computable lexicon . An ontology explicitly
represents: i) the types of entities that can exist in the domain; ii) the properties these entities can have;
iii) the relationships they can have to one another; iv) the roles they can play with respect to one an-
other, v) how they are decomposed into parts, and vi) the events and processes in which entities can
participate [[Costa et al.|2006]. An important feature of an ontology is that it is a model that clarifies
and specifies a set of meanings in a formal language [Uschold [2015]], opening the space for a shared
multi-stakeholder view and conceptualisation of a given problem. Simply put, an ontology provides a
common unambiguous language for shared meaning [[Uschold[2015].

By making people’s assumptions about the structure of a given world of interest explicit, the formal
model is able to communicate and provide improved understanding, clarification of a particular view of
the world |Guarino|1998]]. Thus ontologies are particularly useful in representing domain knowledge un-
ambiguously, useful for information sharing and communication between humans and machines. More
formally an ontology, after Guizzardi [2007] is summarised in figure 2.4.

Definition 3:

Conceptualisation C

Commitment K

Language L

|

Logical Models M(L)

Ontology

Intended Models Ix(L)

Figure 2.4: Relations between language(vocabulary),conceptualization,ontological commitment and on-
tology [Guizzardi 2007

“where:

* C: is a conceptualization of the set of intended world structures, where each world structure is a
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set of individuals of the domain and a projection of existing concepts in a given world.

* L:is a given a logical language

* V:is a given vocabulary

* K: an Ontological Commitment”

Representing of the structure of domain knowledge as ontologies is well documented in [Pai ef al.

2017;|Abuazab et al. [2017;|Guarino|1998; Gignoux et al.|2017; Semwayo and Ajoodhal2021]].

The primary role of formal ontology for domain ontology modeling, it has been argued, is not to
enforce consensus among different stakeholders Borg et al. [2014];|Guarino and Welty|[2004], but rather
to achieve: (i) intra world-view consistency, and (ii) inter world-view interoperability [Borgo and others

2019; [Semwayo and Ajoodha|2021].

2.5.1 The Importance of Ontology Accuracy and Precision

An incorrect representation of a given reality leads to incorrect inferences. |Guarino| [[1998]] emphasises
the importance of accuracy and precision in designing robust and well founded ontologies. He argues
that this is not only important for achieving a a common agreement but also making explicit and under-

standing the reasons for disagreement to support interoperability, across heterogeneous data systems.

Guarino and Guizzard have contributed to an ontological theory based on logical and philosophical
principles to support clarity and precision in representing complex reality [[Guarino||1998} (Guizzardi et
al. 2015; |Gignoux et al.|2017]]. A framework to ensure the correctness of abstraction of the structural

relations between worldly entities is provided by [Weber ef al.|2012], see figure 2.5.
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Figure 2.5: Ontology formalisms, after [Weber et al.|2012]

Ontological notions such as + R denoting Rigidity, + / denoting Identity, + O denoting global
Identity, and +U denoting Unity are used to bring order to semantic taxonomic relationships and avoid
incorrect modeling of worldly concepts [Welty and Guarino 2001; |Guizzardi et al.|2015]. Using these
ontological notions, see figure 2.4 we can model relationships between entities such as that the Person
concept is rigid + R, that is, must not change, whereas Student is non rigid - R, that is being a student
may be transitory. This then means that we can define constraints such as that - R cannot subsume + R,
that is, a non rigid concept Student cannot subsume a rigid concept Person in a taxonomic relationship.

The discipline of ontology engineering has emerged from the need to provide a robust method




and meta-constructs to correctly and precisely represent the structure of complex phenomena as formal
human and machine readable artifacts, domain ontologies as shown in figure 2.4 [Guizzardi et al.|[2015]
Weber et al.|2012; |Spear et al.|2016; [Simper]l and Tempich 2006]. OntoClean (Guarino and Welty
[2004] and OntoUML |Guizzardi [2005]] are examples of methodological tool used developed to support
ontology engineering.

A formal top level ontology, the Basic Foundational Ontology (BFO) which explores formal dis-
tinctions like time, space, and context, which are key features of complex systems, and lays the basis
for designing domain ontologies to address inadequacies in formal conceptual modeling frameworks is
proposed by [Munn and Smith|[2013]]. Such a top level ontology (TLO) is domain neutral and is intended
to make explicit different perspectives and assumptions of a given complex reality in order to support
human communication and machine level inter-operation. Our proposed complexity theory concepts of:
context, granularity, and perspective, fall into this category.

2.6 Bayesian Networks

The Bayesian paradigm has been described as a paradigm where prior beliefs are updated each time
there is an observation [Blei ez al.[2017]. Here beliefs, based on perspectives, should always be mutable
especially when the observed data is surprising. A belief is in this case is equivalent to a hypothesis.
The paradigm is underlain by the Bayesian theorem which outlines the relationship between posterior
probability, likelihood probability, prior probability and evidence as illustrated in figure 2.6.

prior
probability distribution of the parameter
independantly from any observation

robable are each value

'ore any observation?)

Figure 2.6: Illustration of the Bayes theorem applied to the inference of a parameter given observed data
[Roccal2019]

Bayesian formalism describes conditional probabilities, where:
* P(A|B), which says belief in probability of A given knowledge of B.
* A and B are independent if P(A|B) = P(A),
[Pearl 2009]

A Bayesian network graph G represents a domain D, and belongs to a group of graphic models
referred to as probabilistic graphical models (PGM) . A PGM is a data structure skeleton for representing
a joint distribution compactly in a factorized way [Koller and Friedman|2009]. It also provides a way
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to compactly represent a set of conditional independence assumptions about a distribution [Koller and
Friedman|2009]. PGMs allow distributions to be written tractably even when the explicit representation
of the joint distribution is astronomically large([Srihari|2014]]. This feature is particularly key given our
objective to manage exponentiality related to complexity (see figure 1.1).

d-separation

The challenges of exploring the relative strengths of connections between causal connections through
representing joint distribution have been pointed out in [Koller and Friedman |2009]]. The challenges are
: 1) the computational expense of data manipulation; ii) cognitive capacity of human expert to handle
many parameters, and iii) the large amounts of data that would be required to statistically learn the
distribution from data, and estimate many parameters robustly.

One key concept useful in understanding of probabilistic causal propagation information in Directed
Acyclic Graphs (DAGs) representing probabilistic causal relationships between variables in complex
systems is the concept of d-separation [Pearl 2009].

A set Z is said to d-separated X from Y iff Z blocks every path from a node in X to a node Y [Pearl
2009]]. The concept of d-separation is important for our purposes in that it provides us with information
on the structural implications of an intervention on a given variable on the whole complex system.

2.6.1 Hierarchical Bayesian Networks

Complex systems are made up of multiple levels of hierarchically organised entities and entity rela-
tionships [Smith and Klagges|2008|]. Hierarchical Bayesian Networks provide for the representation of
hierarchically structured systems [|Gyftodimos and Flach|2002]. Hierarchical Bayesian Networks (HBN)
are generalisations of standard Bayesian Networks, where a node in the network may be an aggregate
data type. We view HBNSs as critical for our proposed GN probabilistic Bayesian model because of their
inbuilt capability to model sub-system intra-level and inter-level relations and and their quantitative
probabilistic relations as illustrated by [Illari ez al.|[2011].

While the likes of Brown et al|[2010]], and |Burman et al. [2017] have argued that solutions to
wicked problems are intractable, Simon|[1996] has pointed out that tractable solutions can be achieved
through modularising the exploration of solutions at the different granular levels at which hierarchical
nested systems are perceived.

2.6.2 Dynamic Bayesian Networks

One of the key requirements of our proposed modeling framework is the ability to model temporal
dynamism and temporal granularity. Dynamic Bayesian networks [DBNs] using Markov conditioning
have been proposed for modeling CAS for this purpose in [Potgieter and others 2005].

The Markov assumption links graphs and their probability functions. Each variable is probabilisti-
cally independent of its non-descendants, conditional on its parents [Koller and Friedman |2009]]

P(zjlpaj) = P(z1,...x; — 1). (2.2)

“Conditional probability x; is thus sensitive only to a small subset of predecessors PA;”. This
considerably simplifies and reduces input information handled [Pearl|2009]. In other words this leads to
reduction in computational complexity.

20



Dynamic Bayesian Networks [DBNs] are defined as extended Bayesian Networks that relate vari-
ables to each other between adjacent time steps. DBNs thus include multiple copies of the same variables
which represent different states of the variables over the time [Darwiche |2009]].

Hidden Markov Chains are utilised to provide a method to discretize timelines into a set of time
slices. Measurements of the system state are taken at pre-determined regularly spaced time intervals
[Pearl 2011]]. See figure 2.7. O represents observed variables while S nodes represent hidden (latent)
variables.

(sO—(st—(s2)

\& s3

Figure 2.7: Unrolled DBN for four time slices, after [Koller and Pfefter||1997]]

2.6.3 Structure learning and parameter estimation

Bayesian networks are well suited for structure and parameter learning [Faruqui ef al.|2021]. The ap-
plication of Bayesian theory to these applications is well documented [Koller and Friedman|2009; [Pearl
2011f]. These applications are outlined in the next sub-section.

Structure Learning

Structure learning is carried to reconstruct network structure from data for the purpose of either knowl-
edge discovery for a given domain or to perform density estimation, that is, estimate a statistical model
of the underlying data distribution. This facilitates the reasoning about instances not in the training data
[Koller and Friedman 2009|]. The authors have argued for preference for a sparser structure with fewer
edges at the expense of representing the true underlying structure.

Three types of structure learning approaches are documented in literature. Theses are: i) Constraint-
based structure learning; ii) Score-based structure learning; and iii) Bayesian model averaging methods
[Koller and Friedman|[2009|]. Constraint-based structure learning approaches view a Bayesian network
as a representation of independencies between variables in data. These structure learning approaches
attempt to the best minimal I-map for the domain, that is the network structure that best captures the
independencies in a given domain [Koller and Friedman|2009]].

Score based methods define a hypothesis space of potential structure models and a score that pro-
vides a measure how well the model fits the observed data with respect to training data [Koller and Fried-
man 2009]. Greedy search algorithms like Hill Climbing and Tableau search are common choices used
as optimisation algorithms. Score based methods are particularly appropriate for this research where we
need to compare the performance of our proposed model relative to Baseline Bayesian models.

The Bayesian information criterion (BIC) which is a statistical criterion used for model selection
and model comparison in statistical modeling and machine learning will be used for model comparison
in this research thesis. The BIC provides a way to balance the trade-off between model complexity
and goodness of fit and aims to capture key features of posterior model uncertainty via a penalty that is
motivated by the large sample properties of the marginal likelihood [Drton and Plummer|2017]. We use
the BIC score to compare the performance of our model against Baseline models.
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Parameter Estimation

The structure learning process outlined in the previous section produces a probabilistic graphical model.
The probability distributions of the nodes in the structure are estimated using parameter estimation.
Parameter estimation is a process of estimating conditional probability densities of variable parameters
from data using a Bayesian model. Two main methods are used for this purpose, the Maximum Likehood
and Bayesian estimation methods.

The Maximumlikehood is a frequentist approach which seeks to maximise the likelihood function
of a point estimate without explicitly modeling uncertainty . The Bayesian estimate treats parameters
as random variables and incorporates prior beliefs as prior probability distributions and produces pos-
teriors which quantify uncertainty in the form of the posterior distribution[Koller and Friedman 2009].
Bayesian estimation can easily incorporate hypothesis testing which is useful for model comparison
useful in our approach.

The Kullback—Leibler divergence (KL Divergence) is a basic measure to determine the divergence
between an estimated distribution and a true one [Cano et al. 2020]. KL divergence is a distance mea-
sure or the relative entropy between two probability distributions [Koller and Friedman|2009|]. The KL
Divergence between two probability distributions P and Q is as follows:

P(x)
Q(x)

KL(P|| Q) =Y [P(x) *log(=—)], 2.3)

where:
* P(x) represents the probability of an event x according to reference distribution P
* Q(x) represents the probability of the x according to the estimated distribution Q

The KL Divergence is used here to compare the performance of a given Bayesian probabilistic
model at parameter estimation from P, the reference ground truth data based on a target variable.

Hyperparameters allow us to consider and encode prior knowledge of a given set of random vari-
ables. Weak informed priors of say o = 4, 3 = 6 indicate low confidence in the precision as measured
by o , while o = 8, 8 = 2 represent higher levels of confidence in priors. The narrower the the peak of
the posterior distribution, see figure 2.8, the greater the precision of the distribution as measured by the
standard deviation and the closer the measured distribution to the true distribution. Precision increases
with the amount of data [Koller and Friedman||2009].

As argued by Martin et al. [2021]] priors should be context dependent, that is, the choice of priors
must be informed by the specific problems and the domain scientific field. This is consistent with our
view of perspectives as entrenched world views, in other words perspective. We use the KL Dirvergence
score to compare the performance of our model against Baseline models at parameter estimation relative
to the ground truth.

Summary

The foregoing sections in chapter 2 provide an outline of the key theories, tools and techniques relevant
to our research thesis [Zellner and Campbell 2015} Peters|2017; [Senge [2006]]. The systems paradigm
with its complexity theory and systems thinking tools and techniques has provided science with insights
into the character of wicked problems as complex adaptive systems’ emergent pathological patterns [Frei
et al.|2007; |[Elia and Margherita 2018]).
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Figure 2.8: Examples of Beta distributions for different choices of hyperparameters [Koller and Fried-

man||2009]

Ontological engineering has provided tools to represent the structural architecture of complex adap-
tive systems and ways to ensure the correctness of abstraction and representation of a given reality, based
on existing deterministic knowledge [[Guarino and Welty|2000} |Guizzardi et al.[2010].

Bayesian networks as probabilistic graphical models, the related Bayesian theorem, and information
theory have provided science with the means to handle stochasticity, incomplete data, and the means
to compare and evaluate the performance of different candidate and structure learning and parameter
estimation techniques [Koller and Friedman|2009; [Pearl 2009; [Darwiche 2009].

These contributions together provide a solid trans-disciplinary suite of theories, tools, and tech-
niques to support the development of models to comprehensively resolve wicked problems. The next
chapter provides a review of recent related work carried out to develop Bayesian network models to
support the resolution of wicked problems.
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Chapter 3

Related Work

Our review of related research work in literature covers research on concepts, tools and techniques
used to perceive, abstract, represent, learn the structure, and estimate the uncertainty parameters of
complex adaptive systems (CAS) and wicked problems. We adopt a thematic approach to the review
of research work relating to Type I wicked problems and those relating to Type II wicked problems
using the following themes pertaining to CAS in general and and wicked problems in particular: i)
representation of CAS in formal ontology and Bayesian models, ii) Bayesian machine learning tools for
structure learning and and parameter estimation from data generated by underlying CAS processes.

Most wicked problems are not specifically labelled, or recognised as such [Alford and Head [2017].
This presents a problem in that the identification, perception, characterisation and representation of
wicked problems in appropriate conceptual models is not done correctly, and by extension the under-
standing of the problems as emerging from adaptive complex systems and multiple stakeholder percep-
tions is stifled.

As a result proposed problem solving models and techniques applied to resolve wicked problems
not only fail dismally but succeed in creating even bigger problems, typically labelled as unintended
consequences [Burks-Copes and Kiker[2014]. We believe the main reason for this state of affairs is the
fragmentation of knowledge of the problems, and the methods, techniques, and tools applied to resolve
such problems across scientific disciplines.

3.0.1 Representation of complex adaptive systems in formal models

Table 3.1 provides a summary thematic review of related work contributing towards the formal repre-
sentation of wicked problems in ontology and Bayesian modeling frameworks.

Wicked problems characterisation as complex systems as discussed by|Zellner and Campbell [2015]]
provides the logical link between complex adaptive systems and wicked problems. Ko and Sim Ko and
Sim [2008] in their work on context awareness modeling have shown that ontologies provide an effective
way of representing syntactic and semantic knowledge in complex systems.

Granular levels of organisation of complex phenomena is discussed in-depth by [[Smith and Klagges
2008} [Santos [2015]. Granular level induced emergence is covered in [Gleick 1998 Munn and Smith
2013} |Gignoux et al. 2017]. A convincing argument that portrays causation and emergence as products
of relational interactions between variables across granular levels that not only changes the interacting
variables quantitatively but quantitatively as well, is advanced by [Santos[2015]].

Contributions from these authors provide a solid philosophical base to build engineered domain
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Representation of complex adaptive systems in formal models

Sub-theme

Related Work

Wicked problems characterization as com-
plex systems

Zellner and Campbell [2015]

Granular level organization of complex adap-
tive phenomena

Santos [2015]]; [Spear et al.[2016]

Granular level induced emergence

Gleick [[1998]]; Munn and Smith|[2013]; Gig-

noux et al.|[2017]); Crowley and Head [[2017]]
‘Wimsatt [[1994]
Turnbull et al| [2018]); Phillips and Ritala

Ontology of complex systems
Convergence of multiple perspectives through

ontological mapping [2019]
Ontologies as knowledge bases Helsper and Van Der Gaag|[2002]
Representation of confounding latent vari- | |Pearl [[2009]

ables as being ’outside’ a defined bounded
system

Representation of complex phenomena as hi-
erarchical structures

Murphy and Russell [2002]; Gyftodimos and
FlachlZOOZ]

Table 3.1: Representation of complex adaptive systems in formal models

ontologies. The representation of CAS and wicked problems at varying granular levels of observation
or abstraction for Type I wicked problems in formal conceptual models such as foundational ontologies
and probabilistic Bayesian models is however limited [Semwayo and Ajoodha|2021].

The absence of a common vocabulary for multiple stakeholders from various backgrounds to de-
scribe an observed world creates semantic heterogeneity problems. This is where stakeholders observing
the same reality of interest describe it using divergent vocabularies (concepts and terms) and divergent
conventions for naming and describing the world. Domain ontologies are particularly useful at providing
such a common formal vocabulary and can be utilised to represent domain knowledge.

Foundational ontology provides the meta-constructs to design domain ontologies. OntoUML has
been used successfully to model domain ontologies [Guizzardi 2007]. OntoUML, is a compliant on-
tology modeling framework with ontological distinctions and axiomatization of a theoretically well-
grounded foundational ontology based on the Unified Foundational Ontology (UFO), after [Guizzardi
et al.|2015]]. The OntoUML plug-in provides a solid platform to incorporate our modelling constructs to
support modularization for the purposes of cognitive conceptual modeling of tractability, multiple view
extraction, and semantic inter-operation between different perspectives of a given reality. Our proposed
foundational CAS constructs can be incorporated into such a platform.

We note that a number of candidate effective formal Bayesian structuring theories and tools to
compactly represent complex adaptive systems do exist and are covered in literature. These include:
1) representing complex systems as hierarchical, dynamic structures, Murphy and Russell| [2002] and
Gyftodimos and Flach [2002]; ii) Use of Hidden Markov Models to model dynamic processes using dy-
namic structures as illustrated by |Ajoodha and Rosman|[2018]]; iii) compact modularisation of complex
structure using the d-separation principle as defined by [Pearl [2011]] and discussed in detail by [Koller
and Friedman 2009]]. The d-separation principle is particularly useful in managing complexity and can
be applied to handle perceived ‘non-solubility’ and computational intractability in wicked problems.

There are two broad ontology and Bayesian integration approaches that have been applied to handle
complexity. The first approach involves converting domain ontologies into Bayesian networks [Fenz
2012|]. The second approach involves building ontologies from Bayesian networks [Mouenis et al.
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2014]]. Integrating ontologies and Bayesian networks has been attempted to take advantage of the rela-
tive strengths of the two modeling approaches [Mouenis et al.|2014]. Our approach involves incorpo-
rating foundational complexity concepts as constructs in an ontology engineering modeling framework
described by |Guizzardi et al.|[2010] to support semantic and perspective reconciliation between diverse
naming conventions and stakeholder perspectives. We then use the outputs of this process, domain
ontologies, as candidate Bayesian model inputs for structure learning and parameter estimation.

Benjamin-Fink and Reilly| [2017] provide an Object Oriented Bayesian Network (OOBN) to im-
prove the modeling of complex Bayesian structures. We apply in this research paper the OOBN approach
to modeling CAS to take advantage of the modularisation effect of OOBNS.

Advances in Bayesian network models and recent developments in the the integration of Bayesian
network and other model forms to improve Bayesian classifiers and machine-learning algorithms for
time-dynamic models are described by [Marcot and Penman|[2019].

Machine learning algorithms for tractable heuristic search provide the means to carry out simula-
tions for alternative candidate solutions, thus providing rational arguments for the choices of specific
solutions by comparing the relative economic utility of various options [Korb and Nicholson|2010].
These algorithms, including Hill- Climbing heuristic, and variations thereof as described by |Burke and
Bykov| [2012] can be used to resolve issue of irreversible consequentially in wicked problems [Zellner
and Campbell 2015]]. For example one cannot undo the construction of a harbour if decisions to locate
the harbour are found to be ill informed. Here Bayesian models and associated ML algorithms can be
used to generate virtual world simulations to explore various alternative scenarios, thus mitigating risky
and costly real world experimentation [Mittal and Risco-Martin 2017].

While the aforementioned modeling techniques and tools from complexity sciences, ontology engi-
neering, and Bayesian probabilistic graphical models, and Machine Learning can be combined and used
to build tractable models for CAS to support reasoning about wicked problems, there is the outstanding
need to enhance the transparency of stakeholder assumptions and the possible integration of multiple
disciplinary granular perspectives about a given reality for human inspection and Bayesian inference
and machine learning of wicked problems.

As noted by Munn and Smith [2013|specific representation of multiple contexts, granular levels,
and multi-disciplinary perspectives as explicit complex adaptive systems representation constructs in
Bayesian network models is still not adequately taken care of [Semwayo and Ajoodhal[2021].

This represents the gap we intend to fill with our Bayesian model. We provide a framework for the
design of explainable generative Artificial Intelligence (AI) models. We apply Bayesian models support
for open, transparent, explainable underlying reality that is represented and computed. While other Al
modeling approaches like Deep Neural Networks provide useful generative models, they are structured
as black boxes where the results generated are not as explainable as in Bayesian probabilistic graphical
models [Buhrmester et al.|2021].

3.0.2 Structure Learning and Parameter Estimation

We present in table 3.2 related work summaries in the application of Bayesian structure learning and
parameter estimation of complex adaptive systems.

Bayesian learning has been described in |Potgieter and others| [2005]] as the mining of the structure
of a Bayesian network and the calculation of the conditional probability matrices from historical data.
Structure learning has been developed to learn the structure between observable and latent variables and
their parameters [Ajoodha 2018]]. According to Koller and Friedman |Koller and Friedman| [2009] the
need to learn structure and parameters of knowledge from data emanates from the difficulty in accessing
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Structure Learning of Complex Adaptive Systems
Sub-theme Related Work
Challenges of machine learning of CAS struc- | [Holland [2006]; Zhang et al. [2022]
tures for probability density distribution and
knowledge discovery
Structure learning in traffic congestion pre- | [Blackwell and Ajoodha [2022]
diction
Discovery of new drug candidates Hopkins| [2008]]
Discovering Alzheimer genetic biomarkers | [Sherif ef al. [[2015]
using Bayesian network
Using Bayesian networks to discover rela- | |Su et al. [2013]
tions between genes, environment
Developing and applying object-oriented | Benjamin-Fink and Reilly|[2017]
Bayesian networks to wicked problems
Causal Bayesian Network Model for Resolv- | [Semwayo and Ajoodha|[2021]]
ing Complex Wicked Problems
Bayesian networks for information synthesis | [Pitchforth|[[2015]
in complex systems
Complex Adaptive Systems modeling frame- | [Potgieter et al.|[2005]]
works
Geographical Information Systems, Spatial | |Chee et al. [2016]
and Dynamic Bayesian Networks
Parameter learning using Dynamic Bayesian | |Ajoodha and Rosman| [2018]]
Networks modelling architecture
Parameterisation and evaluation of a Bayesian | [Pollino et al. [2007]
network for use in an ecological risk assess-
ment
Accurate parameter estimation for Bayesian | Petitjean et al. [2018]
network classifiers using hierarchical Dirich-
let processes

Table 3.2: Structure Learning and Parameter Estimation of Complex Adaptive Systems

experts and knowledge acquisition being an expensive exercise, while on the hand data is relatively
cheap and plentiful.

Our approach generates synthetic data as opposed to soliciting expert knowledge as a way of by-
passing difficulties with accessing domain experts and issues of finitude and indeterminacy. We use for-
ward sampling, a reliable method to accurately predict full prior distributions, and Monte Carlo Markov
Chains for modeling simulations as discussed by [Benjamin-Fink and Reilly|2017]. These modeling
tools can be applied to address indeterminacy that arises from different expert perspectives of wicked
problems.

Bayesian modeling frameworks and algorithms designed to manage computational complexity are
discussed by [Pearl|2011} Xiang et al.|2003|]. The models and techniques are key in managing com-
putational complexity which arises from the fact that learning the structure of a Bayesian structure is
NP-hard, that is, the search space for an optimal Bayesian structure is super-exponential [Chickering et
al. [1994]).

Machine learning algorithms such as the expectation maximization algorithm which have been used
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in parameterizing the probability values in Bayesian models [Koller and Friedman [2009]. These algo-
rithms can be used to provide the means to deal with issues of finitude arising from the dimensionality
of variables which limit cognitive abilities to grasp the full extent of wicked problems .

The importance of the influence of latent variables to evaluate uncertainty of knowledge in the form
of abstract concepts (latent variables) is discussed in [[de Waal et al.|[2016]]. It is in the area of research
with particular reference to complex adaptive systems and wicked problems that we have identified a
need and where our research focus is. The proposed GN probabilistic Bayesian modeling framework
is expected to significantly contribute to this category by providing a prior knowledge structure that
includes latent variables to aid structure learning from data.

Integrated ontology and Bayesian Models developed for the purpose of improving parameter learn-
ing capability are discussed by [Marcot 2012]. Bayesian networks with underlying system dynamics,
risk and decision management models to support enhanced inference over a range of resource manage-
ment, most of which fit into the wicked problem definition are discussed by [Marcot and Penman|2019].
Our approach extends these ideas to apply a disciplined formal ontology engineering approach to elicit
the structure of CAS models and wicked problems.

While Integrated Bayesian network modeling approaches perform better at providing explicit hu-
man and machine readable modeling schema and artefacts that support the generation of quick tractable
outcomes than informal participatory systems modeling methods and regular Bayesian models, they still
fall short at the efficient structure and parameter learning support given multi-context, multi-granular,
and multi-perspectives.

The incorporation of these concepts as systemic meta-property constructs in Hierarchical Dynamic
Bayesian Networks (HDBNs) the category the GN Bayesian probabilistic model belong is key in ex-
ploring and better understanding wicked problems and their resolution [Smith and Mark! [1998]], the
focus of this research thesis. Existing baseline Bayesian models for instance do not have adequate mod-
els to support and manage: i) forward and backwards Bayesian reasoning (inference) over CAS and
wicked problems; ii) cognitive load induced by finitude, multi-dimensionality of variables and impact of
confounding variables; iii) computational complexity induced by dynamic contexts, granularities, and
perspectives.
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Chapter 4

Research Methodology

This chapter presents the research conceptual framework, research strategy, research method, the mod-
eling framework architecture, and modeling approach for this thesis.

4.1 Conceptual Framework

Different paradigms have different views about the structure of the world (ontology) and the ways in
which that knowledge is obtained (epistemology). |Venable [2006] identifies four types of paradigms
applied in research.

The Positivist paradigm is associated with an ordered objective world perspective, where the laws
and patterns of the world exist independently of any individual cognition [[Hirschheim and Klein|[1989;
Venable |[2006; |Gioia and Pitre[1990]. Here the principal way of analysis is reductionist, that is, breaking
reality into atomic component parts to gain insights about the world, refereed to as atomising in [San-
tos|2015]. Aggregating the components here is expected to give a clear understanding of higher level
systems.

The Interpretivist paradigm views the perceived world as one that is constructed through multiple
interpretations of the world based on experience and culture. Here it is assumed that there is no single
version of the truth and that meaning is a dynamic social construction, transmitted via language and
shared meanings and understanding [Oates||2005]]. Consensus and rational choice are emphasised. The
principal approach to obtaining knowledge for the Interpretivist paradigm is through induction, that is,
observing a section of the world, and then based on those observations come up with a generalisations
about what the word looks like.

The Critical Research paradigm like the interpretivist paradigm views reality as socially constructed
and further argues that the predominant “objective” perspective is controlled by powerful, dominant
players and advocates for changes in the structural relations that perpetuate the dominance of one view
by a few [Oates|2005].

The Pragmatic paradigm is based on abstracting knowledge from established theory by making
inferences about observations and then reflecting on the robustness of that theory [Oates|2005]]. This
research thesis is about incorporating concepts from kernel theories as model constructs in a novel
Bayesian network model, which we shall call the Granular Niche probabilistic Bayesian network model,
and refer to as the GNBN model for short. Using appropriate machine learning algorithms and syntheti-
cally generated ground truth data, the novel Bayesian network model is compared with baseline Bayesian
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models for performance with respect to accuracy in learning CAS probabilistic graphical model struc-
tures and precision at estimating the probability distributions of model parameters. The results are then
reflected on against the kernel theories.

This research thesis fits in well with the pragmatic paradigm and thus the pragmatic paradigm is
the principle paradigm applied in this research thesis. The pragmatic paradigm further allows for the
simultaneous application of methodologies from the positivist, interpretivist, and action research as part
of its arsenal of tools to model reality which is required for this research thesis [Oates|2005]].

4.2 Research Methodologies and Methods

Research methodologies are typically classified into three categories, that is, induction, deduction, and
abduction. Induction, from the interpretivist paradigm, is a reasoning method where some evidence
from a sample and then generalising the outcome onto the full population without full confidence in
the truth of the conclusion that is reached[Agterberg 2021]. Deduction reasoning, from the positivist
paradigm, involves starting from premises that are assumed to be correct and lead to conclusions which
are considered true [|Agterberg 2021[]. Finally abduction, from the pragmatic paradigm, is about drawing
the simplest and most likely conclusion from observations [|[Agterberg 2021].

Medianovskyi and Pietarinen [2022[ have argued that while abduction has not often been utilised in
Al research, the research methodology provides the best approach to add to the body of knowledge with
respect to developing explainable Al (XAI) models, given that “the successful generation of satisfactory,
feasible and at best conclusive explanations is a touchstone of the truly novel abilities expected of future
and emerging Al systems” [Medianovskyi and Pietarinen|[2022]]. This research thesis uses abduction as
a research methodology to confirm the superiority of the proposed GNBN modeling framework at pro-
ducing XAl models and ML algorithms that out-perform baseline Bayesian models at structure learning,
parameter estimation and knowledge discovery.

Research methods can either be qualitative or quantitative. Qualitative methods use of observations,
interviews, and published material for data collection and mostly thick descriptions for analysis, and
for drawing insights and conclusions[Sardana et al|2023|]. Quantitative methods on the other hand
use experiments, mathematics and surveys [Sardana et al. [2023]]. The authors argue that quantitative
research is useful to scientists for confirming or testing a theory or hypothesis.

Pilcher and Cortazzi [2024] have argued that the distinction between qualitative and quantitative
research is often overdrawn and that it is difficult to avoid quantitative elements in the most qualitative
subject matter and that quantitative components are crucial to most good qualitative research which
begins with theories, concepts, and constructs.

This research thesis follows a mixture of qualitative and qualitative approaches to advance a theory
and related concepts, and propose an a novel Bayesian modeling framework based on the granular niche
theory and concepts. Qualitative approaches are applied to the design and evaluation of ontologically
sound models. Quantitative approaches are applied for experimentation with data to test our model
against baseline Bayesian models using machine learning algorithms.

4.3 Research Strategy
The Design Science research strategy after Hevner et al.| [2004] of the pragmatic paradigm applies

foundational / kernel theories, related frameworks, models, constructs, formalism, and validation criteria
to ensure rigour of the design of model artifacts. The Design Science research strategy provides a
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comprehensive strategic framework suitable for the design, construction, and evaluation of the proposed
model artifact.

For the GNBN modelling framework foundational theories from: i) foundational ontology; ii) in-
formation theory; iii) Bayesian theory; and iv) kernel theories from: systems theory; complexity theory;
design theory, are applied to design and construct Bayesian model artifacts.

Vaishnavi and Kuechler [2015] propose a useful design science research step-wise methodological
framework for designing, constructing, and evaluating model artifacts. We use the step-wise design-
evaluate-construct-evaluate artifact development iterative cycle after Vaishnavi and Kuechler [2015]
with the design strategy as proposed by Hevner et al. [2008] as the backdrop to ensure method rigour,
see figure 4.1.
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Figure 4.1: Design Science Research Strategy, and Method adapted from [Vaishnavi et al.|2004; [Venable
et al.|2012]]

The first step in the research strategy is the design of the modeling framework which is achieved
through an iterative process based on characterising the nature of wicked problems, and coming up with
an innovative design modeling framework architecture and circumscription. Circumscription involves
introspection on the proposed modeling framework design against kernel theories, which can result in
revisiting the problem definition. In the context of this thesis the tentative design constructs, named
granular niches representing CAS and incorporating complexity kernel theory concepts: granular con-
textual perspectives, were evaluated through circumscription for their validity and improved on. Once
the validity of the design is deemed acceptable the next step involves the model construction artifact
phase, see figure 4.1.
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The GNBN modelling framework architecture obtained through this iterative process is described
in detail in the next section. The constructed framework is itself evaluated indirectly, post ante, through
the evaluation of performance of the designed GNBN model artifact against baseline Bayesian models
using synthetic ground truth data.

4.3.1 The Granular Niche Bayesian Network Modelling Framework Design

The GNBN modelling framework is a formal representation of a natural or engineered CAS, within a
given context at a given granular level of abstraction / observation, given a particular perspective. The
term niche is borrowed from ecological science and refers to a complex adaptive system with specific
characteristics that are a product of interactions of the variables within the internal system [Fromm
2005]).

The term granularity refers to the hierarchical and temporal dimensions of the model abstraction,
that is: macro; meso; base; micro; nano, for hierarchical abstraction and: short term; medium; and long
term; for temporal granularity.

We show how the complexity theory modeling concepts: context, granularity and perspective are in-
corporated as formal constructs in the proposed GNBN modelling framework representing foundational
ontology meta-constructs, for incorporating into domain CAS models.

For a given CAS, a granular niche is defined as the granular level of abstraction (hierarchical and
temporal) of a CAS for a specified context, from a given observer’s perspective. The formal definition
of a granular niche here extends the definition of a granular niche by |Semwayo and Berman|[2004] and
is defined as follows.

Definition 3. Granular Niche

A Granular Niche (GN) is defined as an 9-tuple (s,t,m,n, g, c, a, e, pv)
[Semwayo and Ajoodhall2021|]
where:

* (s) is a spatial or virtual location occupied by the CAS;
* (t) is a time interval granularity;

* (m) is a non-empty set of member entities, present at location s for part of time interval t, each
representing a role;

* (n) is a non-empty set of interactions between entity roles, the normal behaviour in that CAS;

* (g) is a hierarchical structuring of the entities, m based on relative granularity of abstraction /
observation / manifestation i.e. g is a function mapping every m in m onto a granular level g i.e.
g(m) = G;

* (c) is a description of contextual character for a given granular niche;

* (pv) is a description of the world view that holds for a given GN, a product of stakeholder belief
system, knowledge, experience and culture. Each GN is observed by multiple stakeholders at
various levels of granularity of abstractions;

* (a) is a set of emergent attributes of the GN sub-system which are not direct attributes of its
members M;

* (e) is a possibly empty set of environmental parameters that hold at location S during time t
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[Semwayo and Ajoodha2021]
The following constraints are applicable for Granular Niches:

* If m € M then g(m) is unique i.e. every entity playing a specific role has exactly one granular
level in a GN.

e Ifm1 € M and mgo € M and my is-part-of ma then Gl(m1) < G(mz)

e Ifmi €M, my € MG € nand g (my,mz)) then 3t € T s.t. In(s,t,m1) and In(s,t,ms) i.e. for
two entities to interact in a GN sub-system they must exist in that sub-system at the same time.

e Forallm e M, 3t € T s.t. In(s,t,m) = false i.e. an entity’s role does not have to remain in a GN
sub-system throughout its existence. Roles of entities may change but the entities (variable) values
do not change.

[Semwayo and Berman|2004; Semwayo and Ajoodha2021]]

Figure 4.2 shows a high level architecture of the Granular Niche Bayesian modeling framework de-
picted as a 2 time step unrolled dynamic Hidden Markov Models (HMM) representation of two separate
Granular Niches (GN), that is, complex adaptive systems and sub-systems A and B and an integrating
GN system C' [Semwayo and Ajoodha|2021]]. Each GN is modeled as a system template, where the key
ontological notions of granularity, context, and perspective are incorporated as template variables, see
definition 4 [Semwayo and Ajoodha2021]]. See also|Koller and Friedman [2009] for a detailed definition
of templates as representational model frameworks.

The GNBN model is defined formally as as a plate model, after Koller and Friedman| [2009] as
follows:
Definition 4. Granular Niche Plate Model

A Plate model M plate defines, for each template attribute A € X with argument signature Uy, ..., Uy,
[Koller and Friedman|2009|]:

— A set of template parents Pas = {(B1(Uy)..., Bi(U;) }, such that for each B;(U;) we have
that U; C {Uy.., Uy, }. The variables U; are the argument signature of the parent B;.

— A template CPD P(A|Pa4)
[Semwayo and Ajoodha2021]

The set of template parents B;, A1..,, B1..n, C1..n, the template parents, in the GNBN model, and
{granularity, context, perspective}, being instances of the argument signature, U;. [Semwayo and
Ajoodha[2021]]

Within each GN sub-system entities and their attributes are modelled as observable, semi-observable
and latent random variables and values [Semwayo and Ajoodha|2021]. Observable variables are colored
grey. The relationships between the variables represent causal links between world entities, concepts,
and their conditional probabilities [Semwayo and Ajoodha/2021].

Typical dynamic Hierarchical Bayesian Network models, and the GNBN model designed using
our modeling framework, differ in that while the variables propagated and observed over time are the
same for dynamic Hierarchical Bayesian Network models, represented by a single GN sub-system, say
GN A in the GN causal BN model model, each GN template contains a set of interacting random
variables which although persistent play different roles for each GN or interact in a unique way as
their existence and behaviour is determined or influenced by the parent sub-system meta-properties:
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Figure 4.2: Granular Niche Probabilistic Bayesian Framework Model Architecture

granularity, context, and perspective [Semwayo and Ajoodha[2021]]. Each variable in a GN subsystem
is essentially an entity playing a role defined by the GN sub-system [[Semwayo and Ajoodhal[2021]].

Further, intra - GN sub-system variable interactions produce emergent patterns and properties at the
sub-system level which are greater or smaller than the sum of their parts. The proposed GNBN model
artifacts are intended, on the one hand to specifically abstract an objective ontological structure and
uncertain stochastic processes character of a complex world, while on the other hand, surface, and lay
bare, the various granular contextual perspectives and assumptions held by stakeholders about a given
wicked problem [Semwayo and Ajoodhal2021].

The GNBN modelling framework is thus expected to support the design of model artifacts that
more accurately and precisely represent complex reality and provide richer probabilistic reasoning and
learning capabilities with respect to CAS and their emergent wicked problems than baseline Bayesian
modeling frameworks [Semwayo and Ajoodhal2021].

The basic Bayesian model incorporates prior knowledge as a probabilistic distribution which is
updated each time there is an observation as shown in equation 4.1 [Pearl|2011].

p(x|0)p(0),

p(Olz) = @)

4.1)

where:

* p (@) represents the prior belief, that is the prior probability distribution of the parameter indepen-
dent of any observation,

* p(0|x) represents the posterior probability of the parameter given the observed data,
* p(z|0) likelihood probability distribution of the observed data given a parameter value, and
* p(z) is the evidence probability distribution of the observed data independent of any parameter

value, used as a normalizing constant.
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We extend the basic expressions in the Bayesian formalism, after |[Pearl [2011]] to incorporate CAS
statements about conditional probabilities:

where:

p(0|z)

_ p(z]0|gn|pv])p(0),

p(z)

4.2)

* gn is the granular niche representing knowledge of the contextual granular level of abstraction

* pv stands for the perspective of the observer, influenced by world view and prior knowledge

* p(0|z), which says belief in probability of # given observation of the data .

* 6 and x are said to be independent if P(6|z) = p(0), that is, § remains unchanged upon learning

the truth about z.

that is, once we know gn and pv , learning & would not change our belief in 0

4.4 Probabilistic Graphical Model Artifacts Modeling

If p(0|gn|pv) = p(x|gn|pv) this means # and x are conditionally independent given gn and pv ;

The artifact modeling process starts with a description of a wicked problem, or opportunity, see figure
4.1. In the context of this research project the need is to correctly represent the Bunce Farm dilemma,
a hypothetical prototypical wicked problem example from literature after [Korb and Nicholson [2010],
in a Bayesian model, in order to support the reasoning about the dilemma towards resolving the wicked

problem.

The dilemma is stated as follows: Having observed a tree or trees in an orchard losing leaves, (see
tree sub-system, observed random variable colored grey), the farmer has to figure out whether this is
the result of sickness or water deficiency in order to make the corrective intervention to either spray
the tree/s or irrigate the orchard soil given the financial implications, that is cost versus benefit of each
chosen remedial intervention, see figure 4.3.
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Figure 4.3: Prototypical Complex Adaptive System: Bunce Farm, after[Korb and Nicholson [2010]
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While the utility of any action is represented in the refurn in figure 4.3 is important in making the
decision, our focus here is on the correct and precise modeling of the probabilistic graphical model
representing the problem and the stakeholder contestation on the character (structure) of the problem
variables and related uncertainties surrounding the probability distribution of the values of the random
variables.

4.5 Modeling Steps

Using the GNBN modelling framework as defined and outlined in section 4.2.1, a step wise approach
to design and evaluate the model artifact is adopted. Figure 4.4 provides a summary outline of the
modelling development and models performance comparison steps. Detailed graphic step wise inputs,
processes, and outputs are provided under each process step sub-heading.

graphical models design validation data

Step1 Step 2 Step 3
P & . Candidate Bayesian Sythetic Ground Truth generation
Ontology engineering network probabilistic and pre-processing training and
GN modelling P!

s W 7 N sy )

Step 4 Step 4 Baseline, GNBN, and Random
Structure Learning and Structure Learning and models perfomance
parameter estimation of  |— parameter estimation of  |—»| comparison using BIC scores
Baseline, GNBN, and Random Baseline, GNBN, and Random and KL Divergence metrics for
models using multiple sample models using multiple sample Structure Learning and
sizes and training data set sizes and validation data set Parameter Estimation

9 / \\ / \ respectively /

Figure 4.4: Summary model development and models performance comparison process steps

The modeling process steps cover: i) ontology engineering using the GNBN modeling framework
defined and outlined in 4.3.1 to identify and resolve modeling anti-patterns (see Sales and Guizzardi
[2015]]) and resolve semantic heterogeneity amongst stakeholders; ii) Bayesian probabilistic graphical
model candidate directed acyclic graphs structure design for the Ground Truth, GNBN ontology, Base-
line and Random Bayesian models; iii) ground truth synthetic data generation; iv) training the proba-
bilistic graphical models for structure learning and parameter estimation; v) validating and tuning the
learned structures and the probability distribution of the estimated parameters; and vi) carrying out a
comparative analysis of the validated model structures and parameters.
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The GNBN model is expected to perform better than baseline and random models at more accu-
rately recovering the structure of CAS and more precisely estimating the parameters of the Bunce Farm
complex adaptive systems prototypical example to support the resolution of wicked problems.

4.5.1 Granular Niche Bayesian Network Model Artifact Ontology Engineering

As pointed out in section 2.5.1 the discipline of ontology engineering emerged from the need to pro-
vide a robust method and meta-constructs to correctly and precisely represent the structure of complex
phenomena as formal human and machine readable artifacts [Sales and Guizzardi2015].

An incorrect representation of a given reality leads to incorrect inferences [Guarino|1998]. As dis-
cussed in section 2.5.1 it is important to design robust, accurate, and precise well founded ontologies
[Guarino|[1998|]. This is not only important for achieving a common agreement but also making ex-
plicit and understanding the reasons for disagreement to support interoperability across heterogeneous
information systems.

Figure 4.5 provides details of the ontology engineering process steps, inputs, iterations, and outputs.

Step 1.1

Incorporation of
context, granularity &

perspective as

Step 1.2

foundational GN Ontology Attempt a
ontotological design framework Yes—» multiple
constructs in GN acceptable? persective
ontology design reconciliation &
framework & ontological
identification & commitment
resolution of anti- l
patterns
/ No
Perspective Scenuri? b
No reconciliation Yes—> “hang be.llefs.l
17 Possible? conceptualisation
reconciliation -
Soonatic’s Single ontology
Different polarised
beliefs / No
conceptualisations - 4
eduring multiple Scenario 2
perspectives Convergence on

conceptualisations -
eduring multiple
perspectives &
ontologies

Figure 4.5: Ontology Engineering process steps and outputs

Ontological theory based on logical and philosophical principles adds to clarity and precision in ab-
stracting complex reality [Guarino|1998};Guizzardi|2012]. A framework is provided byWand and Weber
[[1993] to ensure the correctness of abstraction of the structural relations between worldly entities. Our
process involves the validation of the wicked problem ontological architecture using ontology engineer-
ing formalism after [Wand and Weber [1993]]. For example Ontological notions such as + R denoting
Rigidity, + I denoting Identity, + O denoting global Identity, and +U denoting Unity are used to bring
order to semantic taxonomic relationships Welty and Guarino [2001]] and avoid incorrect modeling of
worldly concepts.

The formalism includes use of anti-patterns, after |Sales and Guizzardi [2015] to detect and rectify
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incorrect relationship. Examples of such anti-patterns from figure 4.6 A are Person concept is rigid + R,
that is, must not change, whereas Customer is non rigid - R, that is, being a customer may be transitory.
This then means that we can define constraints such as that - R cannot subsume + R, that is, a non rigid
concept Customer and Organisation cannot subsume a rigid concept Person in a taxonomic relationship.
Figure 4.6 shows how the anti-patterns are resolved.

<<roleMixin

p
Customer IF]

Corpless

Persan Crrganisation

o ind== o Kind>= T\ tf
Person Crganisation
<<role»> o e -
E PersonalCustomer CorporateCustomer
A B B2

Figure 4.6: Detecting and resolving anti-patterns

Adding the Granular Niche foundational ontology concepts to the body of knowledge of ontology
engineering formalisms, where each Granular Niche represents a CAS and has the following context
/ sub-context and granular level as explicit ontological constructs, we provide the following additional
hierarchical taxonomic relationships to detect and correct anti-patterns: i) GN(g) denoting a base con-
textual granular level in a schema of granular levels, ii) GN(g1) denoting a contextual meso granular
level relative to GN(G), iii) GN(g" ") denoting a contextual macro granular level relative to the base-
line , iv) GN(g~) denoting a contextual micro granular level relative to GN(g), and finally v) GN(g~ ™)
denoting a contextual nano granular level relative.

The following constraints apply. GN(g* ) # GN(g*+T), which says the two Granular Niches are
not equivalent (unequal granular levels) and therefore variables from within the two separate granular
niches cannot interact directly, for example, see figure 4.7 where ‘Drought’ cannot interact directly with
‘DryTree’.

The red X between ‘Drought’ and ‘Tree’ indicates that an anti-pattern exists between the relation-
ships. Having a direct link between the variables violates the granular niche principle that two variables
at different granular levels cannot interact directly. To resolve this anti-pattern two intermediary enti-
ties ‘DryFarm’ and ‘SoilMoisture’ are identified to normalise the relationship, see figure 4.8. Further,
the hierarchical ordering is enforced by: variables in GN(g* ™) cannot interact directly with variables
GN(g™), without a path through GN(g™). The identification of ‘DryFarm’ and ‘SoilMoisture’ represents
discovery of a new requisite variables in the model.

Intuitively this makes sense. By introducing the mediator variables ‘DryFarm’, ‘SoilMoisture’ we
are saying that to know whether a tree is dry we get a more accurate inference by measuring soil moisture
levels on the farm than from knowing whether there is a drought or not. Similarly ‘irrigation’ and ‘tree’
cannot interact directly as one does not irrigate the tree but the soil or any other medium the tree is in.
This is a contextual violation, hence an anti-pattern. Anti-patterns thus facilitate knowledge discovery
and innovation.

Similarly, we use temporal granularity to extend the representation of dynamic time intervals (t1...tn)
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Figure 4.7: Bunce Farm Baseline Bayesian model: Detecting and resolving Anti-patterns

with GN(t1) denoting a short term time horizon, GN(t*), denoting a medium term time horizon, and
GN(tT+1) a long term horizon. These constructs can be applied as constraints to detect anti-patterns.
We can then exploit Hidden Markov Chains and the related Markovian assumption Koller and Friedman
[2009] to track changes in the value of variables in Granular Niches and related probability distributions
over time.

The process of anti-pattern identification and resolution is carried out iteratively, as shown in figure
4.8 until the model is acceptable. For instance an even more accurate model might introduce a granular
niche ‘Field’ to normalise the relationships between the Granular Niches ‘RegionalNiche’, ‘Farm’ and
“Tree’.

By applying the ontological constraints detailed above we can improve on the accuracy of the
Bayesian model in figure 4.7 to that of the GN Bayesian model in figure 4.8. The outcome is a well
formed ontology representing a stakeholder shared conceptualisation of the structure of the CAS and
type I wicked problem causal structure. In other words indeterminacy, caused by disagreement about
the nature and structural causation pathways is resolved, (see section 2.3.1 for a discussion on indeter-
minacy).

The resolution of ontological anti-patterns primarily deals with the network causal structure associ-
ated with Type I wicked problems causal structural issues. Type II wicked problems causes associated
with divergent multiple perspectives are more difficult to resolve. As a result three scenarios are possi-
ble with respect to the structure of the problem and perspectives on the inherent uncertainty surrounding
the individual random variable parameters in the model, representing different perspectives (enduring
beliefs), see figure 4.5.

Scenario I is where perspectives converge and the ontology is incorporated as a singular candidate
GNBN model. Scenario II is where there is convergence of agreement on the wicked problem’s causal
structural character, but no convergence on perspectives as influenced perspectivism, finitude, and nor-
mativity [Farrell and Hooker|2013].

Scenario III represents a polarised stakeholder position where despite the logic and outcomes pre-
sented by the ontology engineering process some stakeholders choose to maintain their ‘baseline’ view
of the world. Recent global events here come to mind, that is, entrenched positions on the non existence
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Figure 4.8: GN Bayesian candidate PGM Structure

of climate change and doubts on the efficacy of Covid19 vaccines. [Farrell and Hooker| [2013] argue that
this is a result of finitude, that is, limited cognition and knowledge of the wicked problem by a stake-
holder group. [Robert et al.| [2017] refer to a similar concept, bounded rationality, to describe limited
cognition and knowledge. We discuss this in more detail in the next section. The ontology /ies designed
become candidate probabilistic graphical models for structure learning in the next step.

4.5.2 Candidate Bayesian Probabilistic Bayesian Model Design

The output ontology/ies and the baseline Bayesian network model from the scenarios described in the
previous section are used as inputs to design GNBN, and baseline Bayesian candidate probabilistic
model structures. See figure 4.9.
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Figure 4.9: Candidate Bayesian model structures

The Bayesian mathematical notation for the candidate structure for scenarios I is shown as model ‘A’
in figure 4.10, while the GNBN candidate structure for scenarios II is shown as model ‘B’. The Baseline
Bayesian candidate structure model, representing scenario III is of the form of the normal Bayesian
equation 4.1. A random Bayesian model candidate model is also included for control in experiments
comparing the GN Bayesian models’ performance of Baseline Bayesian models, detailed in chapter 5.

Scenario |, Model A

Convergent conceptualisation and convergent perspectives

_ p(al6lgn) p (6)
p(6]z) =

Scenario Il, Model B

Convergent conceptualisation Divergent perspectives

_ p(lélgnlpvl)p ()
p(0la) = EEETES

Figure 4.10: GN probabilistic Bayesian model scenarios notation
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4.5.3 Pre-processing and Synthetic Ground Truth Data Generation

A candidate Ground Truth model structure obtained by adding random latent variables to the GNBN
model, see figure 4.11, is used as an input into the synthetic training and validation data sets.
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Figure 4.11: Ground Truth Structure

The sample data is generated using the Forward sampling algorithm, an algorithm used for sam-
pling from a Bayesian network [Koller and Friedman|[2009]]. The sampling process involves generating
random samples where:

¢, §[M] ~ PX).

The Bayesian priors used in the forward sampling are an approximation based on the knowledge of
the authors of the precision farming domain. After a series of iterations 240,000 samples were deemed
sufficient to represent the ground truth data. This is the number of samples at which the data produced a
structure approximate to the ground truth structure.

The generated samples are split into a 70 / 30 split with 70 to be used as training data and 30 set
aside as model validation data for structure learning and parameter estimation. Figures 4.12 shows the
input, processes, and outputs for generating synthetic training and validation data. The python code
snippet used to generate synthetic data and the splitting of sample data into training and validation data
is available via a link in appendix A.

This approach is preferred to consulting experts from the relevant domain. Typically domain experts
do not have the time to participate in model design. Issues of finitude, normativity, perspectivism, inde-
terminancy discussed in section 2.1 further compound problems of disagreements about the character of
the wicked problem in a given domain.

The rationale is that the ground truth probability graphical model and its joint probability distribu-
tion used to generate synthetic data represents a good approximation of the processes that generate the
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Figure 4.12: Synthetic data generation steps

data in the specific domain, see |Ajoodhal [2018]] for a discussion. Latent variables are introduced to the
candidate GNBN model to take into account unknown variables and their probability distributions.

With synthetic data we also have the liberty to explore multiple literature sources and perspectives,
and incorporate these into our model. We are then able to experiment with the data generated, and may
even discover additional knowledge from structure learning using heuristic machine learning techniques
such as the Hill-Climbing search, and Bayesian parameter estimation.

4.5.4 Structure Learning and Parameter Estimation Model Training

Structure learning is carried out on the training data sets for the True, Baseline, GN model A, GNBN
model B and random Bayesian models. The random Bayesian model is to be used later as a control
model for performance comparison between the different model structures.

The greedy hill-climb search, a heuristic search is chosen for its simplicity and ability to progres-
sively reach the largest improvement in the search score [Koller and Friedman/[2009]. Applying sample
size analysis [Koller and Friedman [2009]], multiple sample sizes are used to calibrate the models using
an iterative process with the mean of 10 iterations per sample size. The accepted model structures are
then used as the basis for model parameter estimation using the Bayesian Parameter estimation algo-
rithm [Koller and Friedman 2009]. See figure 4.13 for the structure learning and parameter probability
distribution estimation steps.
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Figure 4.13: Training structure learning and parameter estimation

4.5.5 Structure Learning and Parameter Estimation Model Validation

The trained learned structure, once acceptable is used as an input into structure learning and parameter
estimation using the validation data set. Structure learning and parameter estimation is then carried out
iteratively to tune the structure and parameter probability distributions until acceptable. See figure 4.14.
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Figure 4.14: Structure learning and parameter estimation tuning and validation

The results of the performance comparison between the validated model structures learning and
parameter learning processes for the GNBN, Baseline, and Random Baseline models against the Ground
Truth structure and parameters are provided and discussed in the next chapter.
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Chapter 5

Results and Discussion

In this chapter we provide details of the experimentation process undertaken to learn the structures
and parameters of the candidate baseline and GN probabilistic models designed using the modeling
framework.

5.1 Structure Learning and Model Performance Comparative Analysis

In the structure learning experiments undertaken, at 5000 samples, the learned structures from the val-
idation data set appeared to be at their best relative to the candidate Bayesian structures provided and
minimum relative entropy. We present the graphical model outputs from this experiment in figure 5.1.

Figure 5.1 depicts the learned structures from the ground truth validation data set. The learned
structures depict the True model candidate structure accurately albeit with the directionality of the edges
reversed between the random variables Drought and LatVar2, and between CropCondition and LatVar5.
Figure 5.1 also depicts the learned structure from the ground truth validation data set using the GNBN
model structure as the candidate Bayesian model. As can be seen from the image, the learned structure of
the GNBN model Bayesian candidate probabilistic graphical model structure was recovered accurately
albeit with the directionality of the edges reversed between the random variables LowSoilMoisture and
DryTree, and between DryFarm and LowSoilMoisture.

The Baseline model structure though less accurate than the GNBN model does depict a reasonably
accurate structure relative to the True model with much fewer nodes recovered and one dimentionality
reversed, from Drought to DryTree. The Random model with no candidate definitive structure is used as
a control Bayesian model . The learned structure of the Random model performed poorly at recovering
the True model represented by the ground truth data.

The learned structures suggest that the GNBN model performs better than the Baseline and Random
Bayesian models at structure learning as it provides the best approximation to the ‘True’ model structure
Semwayo and Ajoodha [2021]] from ground truth data. By observing the dimensionality of the resultant
validated model nodes, the edges and direction of the edges between the nodes, see figure 5.1, we
can discover latent (hidden) knowledge surfaced by the structure learning processes using the machine
learning algorithms applied. A more detailed account of the knowledge discovery process is provided in
section 5.2.

In the next section the performance at structure learning between the models is further evaluated
using a more precise evaluation metric, the Bayesian Information Criterion (BIC) score.
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Figure 5.1: Learned structures using validation data set

5.1.1 Bayesian Information Criterion Scores

The BIC is a reliable statistical criterion used for model selection and model comparison in statistical
modeling and machine learning [Drton and Plummer2017]]. See chapter 2, section 2.6.3. for a detailed
discussion. The Bayesian information criterion (BIC) is used here to compare the performance of the
GNBN model to that of the Baseline Bayesian, Random, and True distribution models.

Table 5.1 presents a comparative analysis of BIC scores. TD stands for True Distribution; BL stands
for Baseline Bayesian Network; GN stands for the Granular Niche Bayesian Network; and RND stands
for Random network. Figure 5.2 presents a plot of the BIC scores.

In comparing the models using the BIC score a model with a lower score indicates a better and
preferred structure [Koller and Friedman|2009]. In table 5.1 and in figure 5.2 the GNBN model has
lower BIC scores across the different sample sizes in comparison to the Baseline and Random models.
This means that the GNBN model out performs the Baseline and Random models at learning the ground
truth structure from synthetically generated ground truth data.

Research question 1, (See Chapter 1, sub-section 4.1), sort to answer the question on the perfor-
mance of the GNBN model’s probabilistic graphical model structure (PGM) relative to that of Baseline
Bayesian (PGM) models at recovering the structure of complex adaptive systems from ground truth data.
The foregoing results clearly show that the GNBN probabilistic graphical model performs better than
the Baseline model and the Random Bayesian models at recovering the structure of complex adaptive
systems from ground truth data.
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Sample Size | TD Mean BIC | BL Mean BIC | GN Mean BIC | RND Mean BIC
500 -3798.0226 -1686.5140 -1962.0131 -848.8133
1000 -8112.5578 -3164.1487 -3932.4824 -1725.4863
1500 -11596.5166 -4545.9620 -5839.9927 -2640.9770
2000 -15453.4469 -5737.0663 -7945.2042 -3414.2126
2500 -19174.2895 -6894.3436 -9746.7931 -4311.4421
3000 -23018.8987 -8100.8495 -11796.7039 -5163.2694
3500 -26966.2309 -9290.5231 -13701.8399 -6054.7917
4000 -30704.1325 -10331.5588 -15629.1034 -6833.7801
4500 -34549.9188 -11687.0487 -17592.8567 -7804.3068
5000 -38331.7205 -12682.8214 -19635.4139 -8652.3383

Table 5.1: Models BIC Scores
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Figure 5.2: Model BIC Scores
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5.2 Knowledge Discovery through Structure Learning

Figure 5.3 provides a comparison of the candidate True model and the learned True model structure from
ground truth data. By examining the learned structures we can gain insights into the structure of the true
model and possibly discover novel structural relationships in the data previously unknown, answering
research question 3 (See Chapter 1, subsection 4.1.). Domain experts would be required to examine
the learned structures to verify such new knowledge learned. This is beyond the scope of this research

thesis.

This approach has been successfully applied to the discovery of relationships between genes Su
et al.|[2013] and discovery of Alzheimer biomarkers Hopkins| [2008]], where in examining the learned
structures domain experts discovered new previously unknown relationships. We see our research efforts
at designing better representation of CAS through the Granular Niches probabilistic Bayesian models

adding to this body of knowledge.
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Figure 5.3: Knowledge Discovery through Structure Learning

5.3 Parameter Estimation Model Comparative Performance Analysis

The learned validated Bayesian structures are used to determine the conditional probability distributions
between the nodes in the structure. We use the Kullback-Leibler (KL) divergence to compare the param-
eter estimation performance between the GNBN, Baseline and Random PGM models on the validation
data set. See equation 2.3 section 2.6.3.

5.3.1 Bayesian Model Parameter Estimation Performance Comparison

We carry out first a comparative analysis of the GNBN model, the True, Baseline and Random PGM
models. Figure 5.4 shows KL divergence plots of the different models. The GNBN model is charac-
terised by a prior dichilect distribution with informative hyper-parameters where o = 80 and 3 = 20. The
Baseline candidate model is characterised by a prior dichilect distribution with non-informative hyper-
parameters with o = 0.5 and 8 = 0.5 and with no granularity and perspective incorporated as knowledge.
The random candidate model has no hyper parameters on the prior distribution values.

As can be seen from figure 5.4 the GNBN model (abbreviated to GN in figure 5.4) performs better
than the Baseline (BL) and Random (RND) Bayesian models at estimating the parameters’ probability
conditional distributions relative to the True (TD) model. Given that KL Divergence can be thought of
as a measure of /oss of information when one distribution is used to approximate the other, our GNBN
model loses the least information in comparison to the Baseline and Random Bayesian models during
the parameter estimation process. This experiment result thus provides an answer to research question 2
(see subsection 1.4).

The convergence of the graphs as the number of samples increase is an indication that as we get more
data the different prior beliefs held by divergent stakeholder perspectives (as represented by Bayesian
priors) have less influence on the posterior conditional distribution. In other words as we get more data
the true character of the data generating processes become apparent. Prior beliefs of the nature of reality,
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Figure 5.4: Model KL Divergence Comparison

that is, divergent stakeholder perspectives, or biases become less important with respect to the ground
truth.

5.3.2 Parameter Estimation Simulation

Next we carry out a comparative analysis of scenario II where a shared conceptualisation (an ontology)
of type I wicked problem causes component occurs while converge in perspective does not occur and
divergence in perspective persists.

Assuming that one group of stakeholders, based on the output of the ontology engineering exercise
and the ontology designed (see section 4.4.1), is very sure of the precision of their beliefs with respect
to the probability distribution parameters, the hyper parameters are provided as ( « = 80 and = 20).
We refer to the model representing this perspective as GNA. The other group believes that based on their
prior knowledge their confidence in the precision of the prior is low and settles for oo = 40 and 3 = 60.
We refer to the Bayesian model representing this group this stakeholder group as GNB. We compare the
performance of these 2 distributions against the ground truth using the KL divergence scores across a
range of sample sizes. See figure 5.5.
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Figure 5.5: GN Models Divergent Perspectives Comparison

As can be seen from figure 5.5 model GNA out-performs model GNB across most sample sizes with
respect to KL Divergence and Standard Deviation. This means that the perspective carried by stakeholder
group A is more accurate and more precise with respect to the data generated by the underlying model.
Note that as we get more data samples there is convergence in the KL divergence between the models as
the posterior distribution of all models approximates the true distribution.

While not originally intended as an area of research to answer research question 3, the insights in
parameter estimation simulation sub-section above represents knowledge discovery in that by simulation
experiments on different perspectives, knowledge on the perspective closer to the truth is discovered.

5.4 Discussion and Conclusion

We provide a discussion of the research findings and draw conclusions with respect to the research
purpose, objective, and research questions.

5.4.1 Discussion

This thesis started by making a bold statement, quoting (Gharajedaghi [2011]], that “we see an increas-
ingly complex and chaotic world simply because use inadequate and in appropriate tools to explain it”.
We have shown in this research thesis that by incorporating complex adaptive concepts as constructs in
an integrated ontology engineering, an explainable Bayesian network Al model, and machine algorithms
we are able to provide adequate and appropriate tools to better understand, reason about, and carry out
tractable computations about complexity and chaos in polynomial time.

This research thesis has provided an ontology engineering driven Bayesian modeling framework for
complex adaptive systems. Our modeling framework and resultant GNBN model is able to handle fea-
tures of complexity like emergence which confound clear understanding of complexity using deductive
reasoning.
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Through the ontology engineering component of the modelling framework a modeling framework
to support semantic inter-operation required to better understand the character of wicked problems,
given divergent multiple stakeholder perspectives is provided. Further, the ontology engineering pro-
cess surfaces novel random variables required to adequately represent complex adaptive systems in an
ontological model, thus supports knowledge discovery.

Using synthetically generated data from a sound ontological CAS True model as ground truth data,
the Bayesian Information Criterion (BIC) and KL divergence metrics are used as model performance
metrics for structure learning and parameter estimation parameters respectively.

A comparative analysis of the performance of the GNBN model at structure learning and esti-
mating parameters from synthetic ground truth data against baseline hierarchical Bayesian and random
Bayesian models shows that the GNBN model out-performs baseline Bayesian and random models. This
is because the GNBN model incorporates constructs that faithfully represent complex adaptive systems’
internal interactions and system emergence , missing in the two other models.

A further comparative analysis of the performance of two GNBN models representing agreement
on the CAS structure but with no reconciliation of perspectives is carried out. One of the models,
model GNA perspective performed better than model GNB at parameter estimation. Thus it has been
demonstrated that we can, through simulation, compare the plausibility of two divergent perspectives of
a given wicked problem with respect to accuracy and precision against a ground truth distribution. We
have further illustrated how new knowledge can be discovered through the ontology engineering and
Bayesian structure learning processes of the GNBN modelling framework.

5.4.2 Conclusion

The thesis set out to answer the following broad principal question; “How does the proposed novel Gran-
ular Niche Bayesian Network model incorporating complexity concepts: context, granularity, and per-
spective, as foundational ontological modelling constructs, perform in comparison to baseline Bayesian
models at recovering the structure and estimating the parameters of complex adaptive systems from
ground truth data? >

Research question 1 was set out as follows: “How does the proposed novel GNBN model, incor-
porating ontological CAS concepts as constructs, perform in comparison to baseline Bayesian Network
models at recovering the structure of complex adaptive systems from ground truth data?” The research
objective here was to compare the performance of the novel GNBN to baseline models at recovering the
structure of complex adaptive systems from ground truth data. We have shown, using recovered struc-
ture images and BIC scores that the GNBN model out-performs baseline Bayesian models at recovering
the structure of complex adaptive systems.

Research question 2 was set out as follows: “ How does the proposed novel GNBN model compare
to baseline Bayesian models at approximating the true probability distribution of CAS model parame-
ters from ground truth data?” The research objective was to explore and compare, using synthetically
generated ground truth data, how the designed novel GNBN model performs in comparison to baseline
Bayesian models at minimising the relative entropy with the ground truth distribution.

We have, using the KL divergence measure, shown that the proposed novel GNBN model out-
performs baseline Bayesian models at minimising the relative entropy with the ground truth distribution
when estimating parameter distributions from synthetic data and candidate structures, using Hill Climb-
ing and Bayesian Learning algorithms.

The working hypothesis of this thesis is that the GNBN model produced by our GNBN modeling
framework out-performs Baseline probabilistic bayesian models at complex adaptive systems structure
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learning, parameter estimation, and knowledge discovery of the structure and nature of wicked prob-
lems. The null hypothesis is that the GNBN models produced by our modeling framework does not
perform better than Baseline probabilistic model at Bayesian structure learning, parameter learning, and
knowledge discovery in support of wicked problems resolution.

From the foregoing it is clear that the research thesis has proven that the working hypothesis of
this thesis that the GNBN model produced by our modeling framework out-performs baseline proba-
bilistic Bayesian models at complex adaptive systems structure learning and parameter estimation, and
knowledge discovery support for wicked problems. The null hypothesis has thus been rejected.

5.4.3 Research Limitations

This thesis has used synthetically generated data by applying the forward sampling algorithm on the
trained and validated underlying true model structure and estimated parameters, to prove that, the GNBN
model produced by our modeling framework out-performs baseline probabilistic Bayesian models at
complex adaptive systems structure learning, parameter estimation, and knowledge discovery, to support
wicked problems resolution. While these findings provide proof of concept, this represents a limitation
in that the model has not been tested on real world data.

5.5 Significance of the Study

This research thesis makes several inter-disciplinary contributions. By incorporating complexity sys-
tems theory concepts, namely: context, granularity and perspective, as explicit foundational ontological
constructs in a Bayesian model and machine learning algorithms, we have provided a common onto-
logical lexicon that unifies divergent naming conventions and describing the world we observe, to more
accurately describe and communicate what we perceive, and surface our flawed assumptions about re-
ality. This results in improved accuracy and precision for Bayesian models representing CASs, where
accuracy is measured through the z and precision is measured the o.

We have through Granular Niches as CAS Modeling constructs provided a way to manage the ex-
ponential model variables dimensionality explosion and inherent computational intractability that comes
with increasing natural and engineered complexity. We have thus provided a Bayesian modeling frame-
work to handle dimensionality and support the tractable, cost effective analysis of the character of com-
plex adaptive systems and emergent wicked problems.

The research results further provide, using explainable artificial intelligence Bayesian modeling and
machine learning tools, a framework to represent and explore complexity, and compare option solutions
available, through simulation, to resolve wicked problems given divergent perspectives of the problem.

We have contributed to the broad framework for an advanced inference engine provided in [Pearl
[2009], see figure 1.3 by adding to the scope of inferences that can be made to CAS through the incor-
poration of granular contextual perspectives as modelling constructs.

5.6 Future Research

We have argued that wicked problems are as much a product of the innate complexity of the problem
itself as it is about stakeholder perspective and semantic heterogeneity. We have shown how complexity
concepts can be incorporated as constructs in a combined Ontology Engineering and Bayesian mod-
eling framework to design more accurate and more precise domain ontology driven Bayesian models
than existing baseline models, for applications in modeling CAS to support the resolution of wicked
problems.
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Future research will focus on comparing the performance of our modelling framework and gener-
ated Bayesian models using real world wicked problems and data. The motivation is to further explore
how the GNBN modeling framework can be used to enhance domain knowledge discovery.

We also envisage future research in potential application areas for GN probabilistic Bayesian models
such as Internet of things (IoT), autonomous driver-less cars, and bio-informatics, where context and
granularity constructs are key in facilitating the exchange of accurate and precise information across
dynamic contextual environments (CAS) at various levels of granularity.
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.1 Appendix A

The Python code for this research thesis is available via the following GitHub repository link:

https://github.com/2292902/Research-files/blob/main/README.md
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