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Abstract
The purpose of this study was to investigate the use and potential of evolutionary artificial
neural networks as a tool for economic analysis, modelling and forecasting; and to determine
how effective existing techniques for technology management are in managing innovation
driven by evolutionary techniques.
To study the ability of evolutionary neural networks to perform economic predictions, a case
study was undertaken. In this, a population of neural networks was created and trained and
using the evolutionary principles of reproduction, mutation and selection the population was
evolved through several generations to produce a network that performed significantly better
than any member of the original population. The network was trained using historical timeseries economic data on the UK co-operative sector, with the purpose of predicting those
organisations that were at high risk of financial difficulty or failure.
A quantitative analysis of the output of the network then revealed how it was able to identify
those organisations that later went on to experience financial troubles with an accuracy rate
of 51.45%. This compared to an accuracy rate of 35.60% from the original (non-evolved)
first population of networks, supporting the hypothesis that evolutionary AI techniques can
be used to improve the accuracy of economic analysis over non-evolutionary AI techniques,
albeit only in a single study.
Noting that technology innovation via evolution mechanisms is a significant departure from
traditionally understood innovation methods, the study then goes on to examine how
applicable existing technology management techniques are in this context. To do this two
techniques from the field of innovation management are applied: firstly, the concept of
degrees of innovation looks at how significant an innovation evolutionary artificial neural
networks are/may be. This is combined with a second technique, technology road mapping,
to estimate and project how the technology might evolve, and the barriers and timescales
involved.
The roadmap showed how the issue of computing power had previously occurred, and paused
most research into the technology during the 1970’s and early 1980’s. It also showed the
development of other technologies which may be influential on evolutionary neurocomputing
in future, such as quantum computing and physical neural networks.
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Glossary
ANN (Artificial Neural Network) – a machine learning system, inspired by the workings of
the animal brain, that is trained to perform a specific of task, such as data classification or
speech recognition.
AI (Artificial Intelligence) – the field of study related to technological systems, sometimes
known as intelligent agents, that are able to perform tasks that usually require human
intelligence.
Neurocomputing – the field of study concerned with developing computer systems inspired
by animal neural processes.
Evolutionary neurocomputing – the application of techniques inspired by natural evolution,
including reproduction, mutation and selection, to the field of neurocomputing. Also referred
to as Neuroevolution.
Memristor – a fourth class of electrical circuit, joining the resistor, the capacitor, and the
inductor, that exhibit their unique properties primarily at the nanoscale. The name being a
portmanteau of memory resistor.
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Chapter 1. Introduction
1.1 Background to the problem/issue
Artificial intelligence has been an area of innovation for more than 60 years. In its early
years’, the field was dominated by a paradigm known as symbolic AI, which focused on
intelligence as a form of computation (Dobbyn, 2007 pp. 34). Symbolic AI achieved a
number of successes, notably including heuristic search algorithms, such as IBM’s Deep Blue
which was able to consistently defeat human chess masters. However, by the late 1980’s
academics were questioning the field’s lack of progress towards achieving human-like
intelligent behaviour, or ‘strong AI’ as this became known.
Over the past 2 decades, AI research has increasingly focused away from symbolic AI and
towards methods inspired by nature (Smith 2007 pp.156), so-called biologically inspired AI.
As an area of research, bio-inspired AI has had significant success; for example, techniques
such as swarm intelligence have developed highly efficient problem-solving algorithms
inspired by the way birds in flight apparently display a collective intelligent purpose
(Kennedy and Eberhart, 1995), or ants searching for food appear to work together towards a
single goal (Dorigo, Maniezzo and Colorni, 1992). Neurocomputing, inspired by the
working and structure of the animal brain, has enabled the development of neural networks,
these allow machines to learn in a similar way to that of animals and humans. Evolutionary
computation is another bio-inspired technology whereby algorithms are iteratively adapted
through processes based on natural selection and evolution. It is the techniques of
neurocomputing and artificial evolution that form the basis of the issue of study for this
dissertation.
Neurocomputing has had success in developing AI products that are now widely in use. In
the field of computer vision, neural networks with the ability to perform highly accurate
image recognition are being used in robotics, online mapping, and autonomous vehicles
(Wikipedia, 2016a). Experimental applications include their use in medical diagnoses, where
researchers believe they can be used to analyse radiographs, CT and MRI scans with much
greater accuracy than traditional techniques, and drug companies are experimenting with
neural networks to process 3D images of molecules with the aim of identifying new drugs
(Fortune, 2016). Natural language processing is another area of use of neural networks.
Companies, such as Google, are developing ‘chatbots’ (Vinyals & Quoc, 2015) aimed at
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automating customer service interactions, and products such as Google Now, Amazon Alexa
and Apple Siri, which are built into common consumer electronics, such as smart phones and
smart speakers, are using neural networks to provide a voice user interface and language
translation. Whilst voice recognition in computing has been common since around the mid
1990’s (Pinola, 2011), the addition of the learning capabilities of neural networks, which
allow the voice interface to improve with each interaction they have with a user, have driven
significant improvements in the accuracy and usability of the technology (Geitgey, 2016)
Evolutionary computation is especially useful in optimising solutions to problems. Candidate
solutions to a problem are created as a starting point, genetic algorithms then iteratively
mutate, crossover and select solutions until an optimum is arrived at. Genetic algorithms
have been used in many applications, including bioinformatics, climatology, cryptography
and mechanical engineering (Wikipedia, 2017).
More recently evolutionary computing has been combined with neurocomputing. As
discussed by Lehman & Miikkulainen (2013), this involves creating a population of artificial
neural networks (ANNs) with each member of the population having traits that vary slightly.
Criteria are established to evaluate the fitness of each ANN in the population, and through the
artificial simulation of the natural processes of mutation, selection and reproduction, another
generation of ANNs is produced and the cycle repeated. The aim of this is to produce
artificial neural networks that are significantly more effective and efficient than previous
generations and which can tackle much more complex problems.
The nascent area of evolutionary neurocomputing has significant potential to address a
number of social and technological challenges. Lehman & Miikkulainen (2013) detail how
evolutionary neurocomputing has been successfully applied in areas of robotics, artificial life,
and gaming.
The wide variety of applications above indicates the many possibilities for bio-inspired AI,
and of neural networks in particular. Speculation as to the ultimate potential of these
technologies is profound. For example, the ITU (an agency of the United Nations) believes
that AI can help solve humanities grand challenges and will be central to the achievement of
the United Nation’s Sustainable Development Goals (ITU, 2017). The World Economic
Forum (Schwab, 2017) and European Commission (European Commission, 2017) are
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amongst those who have stated that we are now entering a 4th industrial revolution, and that
AI is a core technology to this.
However, with such claims surrounding technology, it is difficult to tell whether it is actual
potential or unsubstantiated hype. This was the same situation seen with symbolic AI in the
mid 20th century, where an initial promise of general purpose intelligent machines and
subsequent inability to produce these led to the perception of the failure of the technology
(Smith 2007 pp.156).
To examine this potential, this dissertation investigates how effective evolutionary
neurocomputing is in the field of economic analysis and forecasting. This is an area which a
literature review found only limited examples of where evolutionary neurocomputing has
been applied. We will also use techniques from the field of technology management to
assess whether the stated potential of the technology can be substantiated.
Technology Management is a set of management disciplines concerned with helping to
understand the value of certain technology (Wikipedia, 2016b). The disciplines involved
include technology strategy, technology forecasting, project management and
technology/data governance. In this dissertation, techniques from the discipline of managing
innovation are used. In particular, the concept of ‘degrees of innovation’ is applied to
estimate how significant an innovation evolutionary neurocomputing is, and technology roadmapping is used to project the current state of maturity and broadly estimate the development
timeframe for the technology.
1.2 Justification for the research
Existing methods and institutions for economic modelling and forecasting have been
unreliable in predicting the most significant economic events of the past decade. Most
notably, in their failure to forecast the 2007-2008 financial crisis and its subsequent effects on
the global economy, and in overstating the immediate effect that the UK decision to leave the
EU would have (Guardian, 2017a). These failures in economic forecasts have led some,
including the bank of England’s Chief Economist, to declare that economics is a profession in
crisis (Haldane, 2017).
The problems in economic forecasting may be due to deficient techniques, or possibly to the
bias of those conducting the analysis. This was an argument which was extensively made
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during the Brexit referendum campaign (Guardian, 2016). Regardless of the cause, it is clear
that better techniques for economic modelling and forecasting are needed. Deep learning AI
methods, such as neural networks, could be a candidate.
The characteristics that make AI a promising tool in the area of economic forecasting are its
ability to factor in huge volumes of data, significantly more than is possible through
traditional economic forecasting. As neural networks are trained using datasets they may
also be much less susceptible to human bias; this could be especially true of evolutionary
techniques where the process of learning is not driven by the person programming the
learning mechanism. However, a literature review didn’t find any systematic research into
bias in neural networks to confirm this.
More accurate economic forecasts would yield significant economic and social benefits.
Quantifying the full economic costs on forecasting failures is an extremely difficult task.
However, as an indicator of the scale of the issue, a 2011 report by the UK National Audit
Office concluded that at its peak UK government support for banks during the 2008 crisis
totalled £1.162 trillion (National Audit Office, 2011). Socially, inaccurate forecasts erode
public confidence in the organisations that produce them, the politicians who use them, and
of government in general. It also results in policy decisions being made on the basis of faulty
evidence.
As well as being a problem at the macroeconomic level, economic analysis and forecasting at
the microeconomic level would appear to be equally flawed. For example, in 2014 serious
financial problems surfaced at the Co-operative Bank and its parent, the Co-operative Group.
The problems resulted in the near-failure of both organisations and, 3 years on, speculation
remains about the bank’s long term sustainability (Hale and Dunkley, 2017). The problems
stemmed from a capital shortfall, principally brought about by the takeover of another lender,
the Britannia Building Society, and were compounded by serious failures of governance
(Kelly, 2014). The financial impact of the takeover was a £1.5 billion shortfall in capital
(Guardian, 2017b), which was absorbed by shareholders. The societal impacts are larger
with job losses of 3,895, and close to 200 branch closures (Guardian, 2017c). The
Co-operative Bank’s inability to adequately model and understand the risks the of the
acquisition of the Britannia Building Society demonstrate the need for better economic
modelling and analysis at the organisation level.
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At the sector level, there is also scope to identify and support economic sectors that are at
particular risk. For example, statistics produced by the consumer organisation CAMRA,
indicate that on average 29 pubs close a week (CAMRA, 2016). In rural areas, community
pubs often provide the foundations of most social and economic interactions between
individuals (Cabras and Reggiani, 2010) and their closure can have profoundly negative
effects on the surrounding economy and lead to isolation and increased mental health issues
in local residents.
If successful, a technique that was able to identify those sectors and organisations at risk of
failure could be used by policy makers and advisory bodies for early targeted intervention. In
the case of community pubs, targeted intervention in the sector could take the form of tax
relief or rescue programmes, such as the Community Shares Unit which helps communities
take local assets into community ownership. These types of interventions could help ensure
the continued presence and economic viability of rural community pubs. However, such
interventions require early identification of the problem. Similarly, the high-profile nearfailures of the Co-operative Bank and its parent, the Co-operative Group, are an example of
where such predictions would have been useful, could have prompted earlier action, and may
have reduced the scale of the crisis.
As discussed by the BBC News (2016), there have been several recent high-profile
contributions to the public debate around the development of intelligent systems which have
raised concerns about the impact on society of advanced AI (such as that which can be
developed through evolutionary neurocomputing). By proposing and evaluating an area
where evolutionary neurocomputing can be of positive economic and social benefit, and in
particular to the co-operative economy, this research may contribute to this debate.
1.3 Scope of the research
This research relates to the use of evolutionary neurocomputing in the analysis of economic
data, and how suited existing methods of technology management are to the relatively novel
use of evolution as a method of technology innovation. It involves secondary research in the
form of a literature review, and primary research involving a case study and experiment.
The literature review looks at:
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•

The existing applications of evolutionary neurocomputing, in economic analysis and
beyond

•

Other, AI and non-AI, methods of performing similar types of economic analysis

•

Existing use of technology management concepts and frameworks in evolutionary
innovation concepts.

The case study takes the form of an experiment, whereby a neural network is developed using
evolutionary methods and used to perform an analysis of organisations’ likelihood to survive.
The case study uses historical time-series data on the UK Co-operative Sector. The
experiment looks at whether the network is able to able to effectively predict organisations
that would later become insolvent.
The research also looks at the extent to which Technology Management frameworks are
applicable where innovation is driven by evolution. In this research, the scope of technology
management frameworks is restricted to those that form part of the Open University MSc
Technology Management programme in 2017.
The focus has been on evolutionary neural networks. Other evolutionary technologies, such
as genetic algorithms, are beyond the scope of this research. Also out of scope are
technologies employing biological evolution.
1.4 Outline of the dissertation
Chapter one provides an historical introduction of the emergence of biologically inspired AI,
in the context of the early hype and subsequent perceptions of failure around earlier
approaches to Artificial Intelligence. It explains the high-level concept of neurocomputing
and of neural networks as a tool for machine learning and classification, and introduces
evolution as a technique for advancing the capabilities of neurocomputing. Using well
reported failures in economic forecasting over the past decade as examples, it goes on to
demonstrate the need for more effective tools for economic analysis and prediction, and
suggests evolutionary neurocomputing as a candidate for research.
Chapter two looks in more detail at the practical problems to be addressed in the research.
This starts with a literature review to determine the current state of research in the areas
identified in chapter one. The aims and objective of the research are defined, along with the
methods by which these will be achieved, and the key tasks and deliverables.
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Chapter three introduces the research methods and techniques used along with justifications
for their selection and alternatives that were considered. It provides the rationale for using
survival of co-operatives as a case study into economic analyse, and outlines the procedures
that were used to develop an evolutionary neural network to conduct the case study.
Chapter four describes the results of the development, training and evolution of the neural
network, and presents the outcomes of the network’s analysis of organisational failures. An
interpretation of the results in relation to the research aim is also given.
Chapter five presents the conclusions of the research in the context of the aims and objectives
defined in chapter 2. It discusses how effective or not evolutionary neurocomputing is at
performing economic analysis, and looks at how innovation through evolutionary means fits
with existing technology management frameworks. Finally, the implications of the research
are presented along with areas for further work.
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Chapter 2. Research Definition
2.1 The practical problem
AI and machine learning, in particular, are topics that are undergoing a period of significant
research and major investment (Walters, 2016). Yet it appears that only limited applications
of the technology have been made to the area of economics.
The UK Office for National Statistics estimates that 16,500 companies were made insolvent
in 2016 (Hillis, 2017). Historical financial data for these organisations exist and there
appears to be an opportunity to use this to perform predictions about a company’s survival.
The practical problem that this research aims to address is to determine whether evolutionary
neural networks are effective as a tool for analysing this data and using it to predict the
failure of an organisation before it occurs.
Biologically inspired AI is still a relatively new field of technology, and there is little
literature assessing the effectiveness of existing technology management techniques in its
development and use. In particular, the use of evolutionary techniques as a method of
innovation is relatively novel. This research will address this issue by evaluating whether
suitable technology management techniques exist for innovation driven by evolutionary
methods.
2.2 Existing relevant knowledge
2.2.1 Introduction to Literature Review
This section looks at what existing knowledge and applications of evolutionary neural
networks exist, how technology management techniques have been used with evolutionary
based technologies, and any other relevant information that might be of use.
We begin by reviewing the existing methods for predicting company failure, before looking
at how classic neural networks (i.e. non-evolutionary networks) are used in data analysis. In
sections 2.2.4, we then review how evolutionary principles are used in economic analysis and
also at some wider applications of the technique. Finally, in section 2.2.7 we review the
existing work on technology management in the context of innovation using evolutionary
principles.
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2.2.2 Existing methods for modelling/predicting company failure
There are a number of statistical (non-AI) methods for forecasting corporate distress. The
Altman Z-score, developed in 1968, performs a multi-discriminant analysis using 5 common
financial ratios to produce a probability score of an organisation becoming bankrupt within
two years. Altman (2000) reported that model achieved 80%-90% accuracy in predicting
bankruptcy one year before the event. However, the model has the limitation that, as it is
based on an organisation’s balance sheet, it is of limited use in financial sector due to the
complexity and opaque nature of the balance sheets of financial institutions. The Ohlson Oscore is an alternative model, developed in 1980, that works similarly but uses a greater
number of variables to improve the rate of accuracy.
Sun et al. (2014) provide a summary of neural network approaches to the prediction of
company failure. They conclude that ANNs performed better than the statistical methods, but
required far more sample data to train the network and in cases where there was duplication
of data, the ANNs were prone to over-fitting, i.e. the network becomes too close to the
training dataset and does not function as well when fed generalised data. A further criticism
that Sun et al. reported was the reluctance of practitioners to trust neural networks due to their
black-box nature, that is, it is difficult to understand the network’s logic and why it reaches
the results that it does.
A further AI based method, support vector machines (SVMs). SVMs are a type of machine
learning algorithm that are less susceptible to the over-fitting problem. Sun et al. reported on
one study conducted on South Korean companies which concluded that SVMs out performed
both ANNs and statistical methods for predicting company failure.
2.2.3 Neural Networks in Data Analysis
Neural networks are an established artificial intelligence technique for classifying data based
on learned patterns. In their paper, Inden et al. (2013) provide a background to the advances
in neurocomputing over the previous 20 years. The paper does not address the application of
evolutionary techniques to neural networks however it provides the background knowledge
required to understand how neural networks themselves are created and trained.
Tkáč and Verner (2016) have reviewed 412 articles on neural networks in business published
since 1994. The distribution of articles by year shows that neural networks continue to be a
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very active field of research. The most active area of research in neural networks was in
bankruptcy and corporate distress, this was also the area with the most citations. In common
with Chandra and Chand (2016), which is discussed further in section 2.2.5, the paper
identifies the problem of networks’ tendency to converge on local minimums, i.e. solutions
that are not the optimum.
2.2.4 Using Evolution in Data Classification
The use of evolutionary techniques in neural networks is a development on the standard
approach to training neural networks. Prieto (2013) gives the background to evolutionary
concepts in AI, looking at how they have been applied in computational algorithms and going
on to explore their application to neural networks for the purpose of generating networks that
perform better than non-evolved networks. The paper is brief and based on only secondary
research, it is nevertheless a useful and relatively recent summary of the state of the field.
Further information on evolutionary approaches is detailed in the book ‘Engineered
Biomimicry’ (Lakhtakia and Martín-Palma, 2013), the book itself is a background to bioinspired engineering. Chapter 17 details the history of evolutionary computing, looking
specifically at genetic programming and providing an outlook for bio-inspired AI. The
outlook is especially relevant to this research when considering the state of maturity of
evolutionary artificial networks as a tool for economic analysis.
A very recent paper by Salimans et al. (2017) discusses evolutionary strategies in neural
networks in the context of black box optimization algorithms. The term black box is used to
describe techniques where the emphasis is taken away from the process of training and
learning, instead focusing on the inputs and outputs and an iterative process of randomization
of parameters and evaluation of results. They conclude that evolutionary strategies reliably
succeed in solving optimization problems and were more time efficient than conventional
strategies due to their better ability to evolve in parallel. However, they also conclude that
some ‘hard reinforcement’ problems were better solved by conventional reinforcement
learning techniques.
2.2.5 Evolutionary Neurocomputing in Economic Analysis
A search for literature uncovered very few examples of situations in which evolutionary
neural computing has been applied to economic data. However, it did uncover several papers
that describe how the approach has been used in other similar contexts. For example, Praczyk
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(2015), has developed an evolutionary neural network to tackle the problem of predicting
behaviour and spatial orientation of ships in difficult sea conditions, without the need for
expensive gyroscopic equipment. The paper is very detailed in the approach taken and the
technique was successfully validated on a navy ship during a Baltic expedition. A further
example is a paper by Chen and Chang (2009) in which they successfully applied an
evolutionary neural network approach to historical time-series data on water resources. They
explain how an evolutionary approach improved upon normal, learning only, neural networks
by overcoming drawbacks in the trial and error approach of the conventional networks. The
paper does not cover economic datasets, as such, is not entirely relevant to this research;
however, the time-series nature of the hydrology data used is the same as the dataset
proposed for the case study on the co-operative sector.
Au, et al. (2008) give a more economically relevant example of an evolutionary approach.
They applied the technique to forecasting demand and seasonal trends in fashion retail. The
paper goes into the process of developing the network in-depth, and as such, it is somewhat
complex. It is very relevant to the case study stage of this research, which involves the
development of a similar evolutionary network. In their conclusion, the authors highlight
some issues that will be relevant when looking at the maturity of the technology, noting that
‘Computation cost is one of the major handicaps for neuron [sic] network’ (Au et al., 2008).
This paper is now 8 years old and during that time cloud computing has become widely
available and decreased in cost significantly (Kim, 2015). The proposed research will test to
what extent this remains an obstacle to adoption of the technology.
A very recently published paper by Chandra and Chand (2016) identifies cooperative coevolution, a type of evolutionary algorithm, as particularly suitable in the development of
neural networks for the analysis of time-series financial data. Notably, the network appears to
have been positively able to predict financial movements. Cooperative co-evolution breaks a
problem down into smaller sub problems, known as decomposition, these problems are then
evolved in isolation. The authors evaluated two different methods of decomposing the
network. In the first method, they decomposed the network to its lowest level, where each
synapse (weighted connection) becomes a sub component. In the second method,
decomposition happens at the neuron level. In both methods, the sub components are
evolved in isolation but cooperation takes place during the fitness evaluation. The fitness of
the whole network is then assigned to each sub component, even though it was only a small
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piece in the overall network. Figure 2.1 below illustrates how decomposition works in a
neuron level co-operative coevolution neural network.

Figure 2.1: Neuron level cooperative coevolution in a neural network
The two methods were tested using the Mackey-Glass time series, a benchmark problem
chosen for its chaotic nature. The authors conclude that for time-series problems
decomposition and evolution focused at the synapse level, was most effective, with neuron
level decomposition being more suited to pattern classification problems. The paper provides
a very useful examination of how time-series data analysis can be conducted through
evolutionary neurocomputing means. However, as the authors only studied cooperative
coevolution, and no other forms of evolutionary neural networks, it is not possible to say that
the methods they choose are the most effective for time-series predictions.
2.2.6 Wider applications and methods of evolutionary neurocomputing
Lehman & Miikkulainen (2013) discuss the wider applications of evolutionary
neurocomputing. They found that evolutionary robotics, where evolution is used to generate
robots that adapt to their environment, and artificial life, were the most common applications.
Other applications include neural networks that have been evolved to control autonomous
vehicles and rockets. Gaming has also been an area of application, with players for both
board and video games being developed. The advantage of evolutionary neural network
players over other approaches is their ability to develop more complex behaviours than more
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traditional, scripted, computer players. They also exhibit an ability to adapt to their opponents
strategies.
Lehman & Miikkulainen reported that applications utilising Reinforcement Learning were
well suited to evolutionary approaches. In Reinforcement Learning, the learning occurs
through interaction with the environment, rather than through explicit teaching. An agent
attempts to perform an action and over time, through a process of trial and error, the agent
attempts to find a successful way of completing the action.
Lehman & Miikkulainen (2013) also discuss the different methods of evolution. In
conventional neuroevolution the weights applied to each unit of a neural network are
evolved, the weight being part of the network that determines how it responds to a particular
input. This approach is limited, as the topology of the network, i.e. the size and structure of
the network is not changed. Evolving the topology of the network can achieve better
performance than evolving weights only (Harvey et al. 1997, Stanley and Miikkulainen,
2004). A third method involves evolving the individual components of a single network,
rather than creating and evolving a population of networks. This method helps reduce
complexity by breaking down the problem into smaller sub problems.
2.2.7 Technology Management in the Context of Evolutionary Neurocomputing
The field of Technology Management is concerned with helping to understand the value of
certain technology (Wikipedia, 2016b). It involves a variety of disciplines and frameworks
that include technology strategy, technology forecasting, project management and
technology/data governance.
The Open University Course T848 Managing Innovation identifies a number of technology
management techniques that can be applied to help understand the significance of new
innovations. In the first book in the course, Horrocks and Walker (n.d) briefly caution about
how hype around technology is often misplaced and needs to be treated with care. Although
the example of AI is not used in the work, there are clear parallels with the early situation
with symbolic AI. The authors go on to state how overuse of terms innovative, groundbreaking and entrepreneurialism devalue the utility of these words, and this then forms a
basis by which they later go on to present methods for critically assessing and evaluating
technological innovation. One of the techniques they present is the concept of degrees of
innovation. This is a model used to distinguish between incremental innovation and those
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which are landmark or radical innovations with far reaching consequences, as illustrated in
figure 2.2.

Figure 2.2: The iceberg of innovation
In this technique, radical innovation (along with discontinuous and breakthrough innovation)
is used to describe innovations that completely refine their field or have effects significantly
beyond it. The example of a room fan is given; in this, innovation may occur in the
components of the fan or in how they work together (the architecture of the fan). Adding a
microprocessor to control the speed of fan would be an incremental innovation, however
using a microprocessor to alter the direction a fan faces may be considered an architectural
improvement, as it changes the functioning of the fan as a whole. Notable in this approach is
the shift in emphasis away from technologies themselves as being disruptive or revolutionary,
and towards the applications of technologies as being what defines their significance.
Horrocks and Walker also talk about waves of change and how technological innovations
tend to appear in clusters over time. Citing Dodgson (2008), they state 6 waves of
innovation, which notably does not include any reference to AI. Whilst this doesn’t
correspond to assertions made by several Intergovernmental Organisations around AI being
part of a 4th industrial revolution, as cited in chapter 1.1, this may be due to the age of the
work that this is based on.
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The initial review of literature revealed very few results where technology management had
been directly applied to the field of neural networks and even less in the evolutionary AI
space. One of the few that is relevant is a conference paper by Yun-Hong, Wen-bo and XiuLing (2007) who developed an artificial neural network that they claim acts as an ‘Early
Warning System for Technological Innovation Risk Management’. The authors’ hypothesis
is that whilst many techniques have been developed for managing the multitude of risks
associated with innovation, the techniques have not been able to keep pace with the
increasing complexity of innovation and the changeable environment in which it occurs.
They propose that a neural network would be able to better predict innovation risks, due to its
ability to analyse many disparate data inputs and uncover patterns not evident through
conventional risk management techniques. The paper appears to be very early stage
prototype of an approach to risk management, and there are no examples of practical success
or of the research being followed up, despite the age of the paper.
2.2.8 Summary of literature review
There are a number of existing methods for predicting company failure, some of which have
high-levels of accuracy in the year or two before bankruptcy or financial distress occurs.
However, the complex nature of balance sheets in financial organisations limits their
usefulness and this may explain why the financial collapse of the Co-operative Bank, as
discussed in chapter 1, was not uncovered earlier.
Neural networks are a promising tool for data analysis that have been successfully applied in
many disciplines, including within economics. Their use in predicting corporate financial
distress is a very active area of research. Research into evolutionary neural networks in
economic analysis is, however, at a much early stage and research publications on the topic
are much sparser.
Evolutionary neural networks, whilst a relatively recent innovation, have proven to be more
efficient than conventional neural networks in many, but not all, data analysis tasks. There
are different approaches to the evolution of neural networks. Some recent work has shown
that cooperative coevolution, a method focused on evolving the constituent components of a
network, is effective in time-series data analysis. The literature review did not uncover any
research comparing the effectiveness of the different methods of evolution in an economic
context.
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Artificial evolution is a relatively novel method of technology innovation. The black-box
nature of evolutionary driven technology innovation, whereby the exact mechanism by which
a technology achieves a task is not apparent, is of concern to some practitioners.
2.3 Aim, objectives, methods, tasks and deliverables
The aim of the research is to evaluate whether evolutionary neural networks could have the
potential to improve upon existing technologies for the forecasting and analysis of economic
data, and to explore whether existing frameworks and methods from the field of Technology
Management are well suited to innovation by evolutionary means.
Table 2.1: Objectives, methods, tasks and deliverables
Objective

Methods(s)

Tasks

Deliverables

1. Review existing techniques
and applications of
evolutionary
neurocomputing and
identify possible approaches
which would be suitable for
the analysis of economic
data.

Literature
review

Identify
appropriate
journals and
sources

List of references
and sources

2. Develop an evolutionary
artificial neural network that
attempts to predict
organisations at high risk of
failure:

Experiment

•
•
•

Review literature
Decide on
approach to
developing
network

Design and develop an
evolutionary neural
network
Choose a suitable
training data set
Run the ANN on the
data, including at least
one evolutionary step to
confirm its operation.

3. Evaluate the effectiveness of Exemplar case
the network in predicting
study
organisations that later go
on to develop financial
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Write-up of
literature review

Identify
appropriate
training dataset
Design, develop
and evolve an
evolutionary
artificial neural
network
Run the ANN on
the data

Analyse the
outputs of the
neural network
and its success in

Written
justification for
choice of dataset
and alternative
considered
Functioning
evolutionary
neural network
and its outputs
Write-up of the
process for
developing the
network
Written analysis
of neural
network’s results

difficulties by comparing the
networks predictions with
more recent economic data

predicting
organisation
failures

Comparison of
the network’s
performance
against other
methods

4. Apply technology
management techniques to
the outcome of objectives 2
and 3 to assess the extent to
which evolutionary
approaches are suitable for
economic analysis.

Reinterpretive
review

Assess
evolutionary
neural networks
referencing
degrees of
innovation

Written analysis
of assessment

5. Consider the state of
maturity of evolutionary
ANNs as a tool for
economic analyses and
identifying possible areas
for future research.

Theoretical
review

Project the future
of evolutionary
neural networks
technology,
including barriers
that may prevent
the technology’s
adoption

Roadmap for
evolutionary
neural networks
as tool for
economic
analysis

2.4 Summary of Chapter 2
The problem set out at the beginning of this chapter is whether evolutionary neural networks
can be effective as a tool for analysing economic data, and specifically whether they can be
used to predict the failure or financial distress of an organisation before it occurs.
The literature review explored the various existing methods for predicting those organisations
susceptible to financial distress, the existing applications of neural networks in data
classification, how applying evolutionary principals to neural networks can improve their
efficacy, what existing applications of evolutionary neural networks exist, and what the
technology management considerations are for innovation through evolutionary means.
From the problem definition and literature review, 5 objectives were defined for this research
including an experiment using an evolutionary neural network to predict those organisations
at risk of financial distress or failure, an analysis of the experiment’s results, a review of the
extent to which evolutionary neurocomputing is suitable for economic analysis, and a review
and projection of the state of the field of evolutionary neurocomputing from a Technology
Management perspective.
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Chapter 3. Methodology
3.1 Method and techniques selected
Table 3.1: Objective, research question, data and method selected
Objective

Research
question(s) to be
answered to fulfil
the objective

Data needing
to be collected
to answer each
research
question

Method(s)/tech
nique(s) to be
used to collect
each of the
data items

1. Review existing
techniques and
applications of
evolutionary
neurocomputing and
identify possible
approaches which
would be suitable for
the analysis of
economic data.

What are the existing
applications of
evolutionary
neurocomputing?

A range of
academic and
non-academic
publications
looking at
evolutionary
neurocomputing.

Literature review

2. Develop an
evolutionary
artificial neural
network that
attempts to predict
organisations at high
risk of financial
distress:

Is the evolutionary
neural network able to
successfully predict
organisations that go
on to experience
financial distress?

An economic
time-series
dataset of suitable
size and structure
to be able to train
a neural network.

Experiment

•

•

What (if any)
evolutionary
neurocomputing
techniques have been
used in the analysis of
economic data?

Design and
develop an
evolutionary
neural network
Choose a suitable
training data set

The output
dataset of the
network, with
predictions on the
likelihood an
organisation will
experience
financial distress.

Run the ANN on the
data, including at
least one
evolutionary step to
confirm its operation.
3. Evaluate the
Is the process of
effectiveness of the
evolving a neural
network in predicting network any more
Page 18

Statistical
comparison of the
network’s

Case study

organisations that
later go on to
develop financial
difficulties by
comparing the
networks predictions
with more recent
economic data.

efficient that
traditional methods of
development?

predictions
against actual
financial
performance of
organisations.
Statistical
measures of the
efficiency of
evolved and nonevolved neural
networks.

4. Apply technology
management
techniques to the
outcome of
objectives 2 and 3 to
assess the extent to
which evolutionary
approaches are
suitable for
economic analysis.

To what extent are
evolutionary
approaches suitable
for economic
analysis?

Results of the
experiment in
objective 2.

5. Consider the state of
maturity of
evolutionary ANNs
as a tool for
economic analyses
and identify possible
areas for future
research.

What is the current
state of evolutionary
neural networks as a
tool for economic
analysis?

Literature review
looking at
evolutionary
neurocomputing.
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Quantitative
analysis

What further research
and/or barriers are
there to the
development of the
technology for
economic analyses?

Analysis
conducted in
objective 3.

Results of the
experiment in
objective 2.

Reinterpretive
review,
referencing
‘degrees of
innovation’
theoretical
framework.

Theoretical
review
Technology
Road mapping

3.2 Justification
The choice of methods includes a selection of primary research, such as the experiment, and
secondary research in the form of literature reviews. The possibility of conducting theoretical
review research, such as a synthesis of existing work into evolutionary neural networks, was
considered as an alternative to the in-situ experimental method chosen; however, insufficient
literature was found during the literature review from which to complete such a review. This
is likely because of the relative immaturity of the field of evolutionary neurocomputing.
The choice of an exemplar case study approach was substantially due to the time and
resource constraints of an MSc dissertation. With a team of researchers and/or more time, a
much wider experimental approach could have been taken, examining in significantly greater
detail the research questions posed, and also looking at the many other possible ways in
which evolutionary neural networks can be applied in an economic context. The use of a
case study allowed the testing of the theory that evolutionary neural networks could be a
useful tool in economic analysis within the confines of the time and resources available to
complete the research.
The topic for the case study and the choice of dataset was driven by a number of factors,
including:
•

The need for a discrete problem that represented a single economic data analysis issue
and was of appropriate size to test the theory, but remained within the limitations of
what is achievable in an MSc dissertation.

•

The availability of a dataset that was of sufficient size to test the abilities of an
evolutionary neural network, but limited enough in size so as not to create
requirements for specialist computing hardware that was not readily available.

•

Covers a broad cross section of economic sectors so as to avoid economic issues
specific to any one industry sector, whilst remaining of manageable scope for an MSc
dissertation.

•

The authors familiarity with the dataset and its limitations.

The methods chosen are predominantly quantitative research methods. The use of qualitative
research methods, such as surveys, was considered as an alternative to a review of literature,
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as a way to establish the current usage of evolutionary neural networks. However, this was
discounted as the innovation is likely still too young to be able to identify a suitable survey
base. The use of surveys would be an appropriate method by which to explore the issues
identified around black-box approaches to innovation and their perceptions by practitioners,
which is identified in chapter 5.3 as an area for further study.
In objectives 4 and 5, techniques from the field of Technology Management are applied to
assess the extent to which evolutionary approaches are suitable for economic analysis, and to
consider the state of maturity of evolutionary ANNs as a tool for economic analyses. The
methods and techniques chosen to do this were drawn from those proposed in blocks 1 and 3
of the T848 course materials. The restriction on choice of methods to those from T848 was
due, in significant part, to the need to ensure this dissertation fulfilled the assessment criteria
for an MSc in Technology Management.
The choice to apply technology road mapping (Savory , 2013) as a research method was to
allow a projection of the future of the technology, to illustrate some of the hurdles
encountered during the experiment, and to help understand the barriers and challenges that
hinder use of evolutionary neural networks in economic analysis.
The degrees of innovation theoretical framework (Horricks and Walker, 2016) was chosen as
a research method as it provides a means which, when combined with the technology
roadmap above, allows the exploration as to whether evolutionary approaches to innovation
are incremental or more radical and with farther reaching consequences.
3.3 Research procedures
3.3.1 Experiment and Case Study
The majority of the empirical research takes the form of an exemplar case study on the
co-operative sector. An experiment was used to generate the data for the case study. The
experiment involved creating an evolutionary neural network and training it using historical
data on the financial performance of co-operative organisations.
The development of an artificial neural network (ANN), using evolutionary approaches, was
used to assess the potential for evolutionary neural networks be used as a tool for economic
analysis. To create the network, a population of ANN’s were created and trained using a
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subset of the case study dataset, the fitness of each individual network was then assessed on
how accurately it was able to make an economic predication that held true for the wider
dataset.
This first generation of ANNs were then put through a process of selection, reproduction and
mutation to create the next generation. The training and evaluation process was then repeated.
Data used
The data used to train the network was taken from the Co-operative Organisations and
Co-operative Economy datasets published by Co-operatives UK (Murphy, 2017). These are
historic time-series datasets with financial data on all UK co-operative organisations for the
last 7 years. In total, 6,814 organisations are represented in the dataset.
Table 3.2 describes the information about each co-operative contained within the datasets.
Table 3.2: Fields included in the dataset
Field name

Description

Data type

Organisation ID

Co-operatives UK’s unique identifier for the
organisation. This is the primary ID used to link
between the two datasets.

Text

Registered Number

The unique identifier allocated by the legal registrar.
This is not necessary unique in the dataset as different
registrars use different numbering systems.

Text

Registrar

Indicates who the registrar for the organisation is.

Text
(picklist)

Registered
Name/Trading
Name

The registered name of the organisation as recorded
by the legal registrar. The trading name may be
different if the organisation provides good/services
under a different name.

Text

Legal Form

Indicates the registered legal form of the co-operative

Text
(picklist)

Registered address,
country and region

The country and region that accompanies each
organisation is determined from the organisation’s
registered address. This indicates only where the
organisation is registered and not the country/region
where trade was transacted.

Text
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Sector

Classification of the co-operative’s activities using
UK 2007 standard industry classification codes. The
code is accompanied by the appropriate code
description, with up to 5 levels of detail.

Code

Sector - Simplified,
High Level

A simplified, high level and non-hierarchical form of
sector classification. It highlights areas most
prominent amongst co-operatives.

Text
(picklist)

Ownership
Classification

Indicates who the members (owners) of the
co-operative are.

Text
(picklist)

Possible values are: Co-operatives, Community of
Interest, Consumers, Employee Trust, Enterprises,
Multi-Stakeholder, Self-Employed, Tenants and
Workers.
Administrative
Areas

This indicates administrative areas related to the
organisations registered postcode, such as electoral
constituency and ward.

Text

Turnover

The annual sales volume net of all discounts and sales
taxes.

Number
(whole)

Where turnover is represented by commission, the
figure is substituted with throughput. Throughput is
the total of the gross income on which the
commission was earned. This is to ensure that it is
possible to compare organisations in different sectors.
Profit before tax

The amount of profit after payment of all expenses
and distributions, but before payment of corporation
tax.

Number
(whole)

Member/shareholder The net assets comprising the value of share capital
funds
plus the accumulated reserves.

Number
(whole)

Memberships

The number of members (owners) the organisation
has.

Number
(whole)

Employees

The headcount of employees, incorporating both parttime and full-time employees.

Number
(whole)

Is Most Recent?

Indicates that this is the most recent year of data for
this organisation in the dataset.

Boolean
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In order to train the network, it is necessary to classify the organisations into those that are
experiencing financial distress. For the purposes of this experiment the simple method of
whether or not the organisation made a loss (i.e. profit before tax was negative) or not was
used. In a real-world application, this alone would be a poor choice of determinant of
financial distress and a combination of indicators covering liquidity, solvency, operating
efficiency and profitability measured by net margin would be more suitable (Maverick,
2016). However, for the purpose of validating the network’s ability to make economic
predictions, and in order to reduce the complexity of the experiment, and taking into
consideration the existing structure of the dataset, the level of profitability was considered an
appropriate indicator of financial health.
A further decision had to be made as to how much of the dataset would be used to train the
network and how the dataset would be split. A review of literature on what size of training
dataset to use produced a large volume of conflicting recommendations, it also appears that
that the size of training dataset needed varies considerably depending on the subject domain.
A training dataset of 1,703 organisations (25% of the dataset) was created by ordering the
dataset by turnover and extracting every 4th organisation. The method of selection ensured
that the training dataset contained a broad representation of organisations of various sizes and
sectors.
There are a number of alternative ways in which the data could be optimised in future
iterations of the experiment in order to understand the implications of the data structure on
the network. For example, the size of the training dataset could be changed, or the data could
be supplemented with other data on the organisations from additional sources.
Experiment Design
In creating the evolutionary neural network a number of design decisions around the
experiment were made. The Numpy, Keras, and TensorFlow scientific computing libraries
for Python were used as a foundation for the work. The reasons for these technology
selections were the author’s familiarity with Python, the open source nature of the libraries,
and the level of documentation and tutorials available. Consideration was also given as to the
hardware requirements. Early development and test runs of the network were conducted on
local hardware, however, the computing requirements turned out to be substantially greater
than initially anticipated and cloud computing was used to provide greater computing
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capacity. An Amazon Web Services Elastic Compute Cloud 64 bit Linux instance was
created, the specifications of the instance were: 36 vCPUs, 132 ECUs and 60GBs of memory.
Figure 3.1 below shows the basic structure of an artificial neuron (Willems, 2017), usually
referred to as a unit, in comparison to a biological neuron. The key components of a unit are
the nodes, represented by blue circles, which receive information from other units in the
network or from the networks inputs; the weights, denoted by Wn, which are set during the
network’s training and determine how much influence each node has; and the activation
function.

Figure 3.1: Structure of an artifical neuron (unit)

The activation function takes the sum of all the node weights and converts them in to a single
output between 0 and 1. How the mathematical conversion is done depends on the type of
activation function applied and ANNs can use various different activation functions. For this
experiment the activation function could be 1 of the 4 functions outlined in table 3.3.
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Table 3.3: Activation Functions
Name

Function

Sigmoid

!"#$"# =

Graph
1
1 + ( )*

Figure 3.2: Sigmoid graph

Hyperbolic

!"#$"# =

Tangent

( * − ( )*
( * + ( )*

Figure 3.3: Hyperbolic tangent graph

Rectified Linear

!"#$"# = max (0, 3)

Unit

Figure 3.4: Rectified linear unit graph

Exponential
Linear Unit

!"#$"#
=

5 ( * − 1 6!7 3 < 0
3 6!7 3 ≥ 0

Figure 3.5: Exponential linear unit graph
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Figure 3.2 shows how the units are arranged into a neural network (Tine, 2016). In a fully
connected network, which is the type used in the experiment, each layer is connected to the
both the previous layer and the next layer. The figure shows a single hidden layer; however,
it is common in deep learning networks for there to be multiple hidden layers.

Figure 3.6: The structure of an artificial neural network

In the experiment, the number of units, the number of hidden layers and the activation
function were the 3 parameters that were chosen to be varied by evolution. Each network
could contain between 1 and 4 hidden layers, and each layer between 64 and 1,024 units.
These values being common ones seen in the examination of other non-evolutionary neural
networks during the literature review. The number of units and number of hidden layers for
each network in the first population were chosen at random.
10 generations were created each with a population size of 20, i.e. 10 iterations of evolution
were performed, and in each iteration 20 networks were created. Each network was trained
using the training subset of data and then completed an analysis on the full dataset. When
each member of the population completed its analysis, the results were passed to an
optimisation subroutine. The purpose of the optimisation subroutine was to evaluate the
effectiveness of each network, and to use that evaluation, along with other, pre-determined,
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parameters to create the next generation of networks. The pre-determined parameters used in
the subroutine were:
•

The percentage of population to be carried forward to the next generation. This was
set at 40%

•

The probability of a rejected network remaining in the population. If only the fittest
members of the population were kept between generations, the population may lose
its genetic diversity (Larson, 2009). This can result in the process converging on a
local maximum, i.e. a solution that is better than others in the population but not the
real maximum. This was set to 10%.

•

The probability that a network will be randomly mutated. Again, this is a mechanism
by which to increase the genetic diversity of the population, and to reduce the
likelihood the network will converge on local maxima. This was set at 20%.

Using quantitative methods, the predictions from the most optimal network in the final
generation were compared with the most recent data in the dataset to evaluate the accuracy of
the final network’s predictions.
As referenced in chapter 2.2.5, Chandra and Chand (2016) identify cooperative coevolution,
which focuses on evolution between components within a single network, as an alternative
approach to that undertaken. The choice to base the experiment on a population level
evolutionary approach was due to the greater availability of resources and frameworks to
support this approach. The literature review failed to identify sufficient experimental
analysis from which to conclude which of these two approaches is most suited to economic
analysis. A comparison of the two approaches is suggested in section 5.3 as an area for
further study, alongside a possible piece of research to apply both approaches in tandem to
potentially evolve the network via multiple vectors.
3.3.2 Application of Technology Management Frameworks
The final piece of research involved looking at the viability of evolutionary neural networks
as a tool for economic analysis and assessing the state of maturity of evolutionary
neurocomputing in this context. To do this a technology roadmap was developed. The
roadmap drew on learnings from the experiment and the findings of the literature review.
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The roadmap was then used, again with the findings of the experiment and of the literature
review, to estimate the significance of the evolutionary neurocomputing using the degrees of
innovation method, cited in chapter 2.2.7. It should be noted that projecting the future of
technologies is very difficult and often inexact, especially ones as complex and broad as
evolutionary AI. However, in choosing these methods the aim was to be able to substantiate,
at least in part, whether or not evolutionary neurocomputing is able to achieve the hype
which other AI methods, such as symbolic AI, were not.
3.4 Ethical considerations
The use of evolution as a method for innovation, particularly when applied to bio-logically
inspired artificial intelligence, poses a number of large ethical and philosophical
considerations far beyond the scope of an MSc dissertation. The experiment in evolutionary
AI performed in this research was narrowly confined to a single economic analysis task, as a
result, these considerations were not directly relevant; however, a broad awareness of the
current state of AI ethics was maintained throughout the research.
There are ethical considerations around the prediction of organisational financial failures.
For example, when used by a creditor, could a defective method or algorithm result in the
restriction of credit to a firm and actually bring about financial distress where it would not
have otherwise occurred? The purpose of this research was not to develop such an algorithm
for real-world application, therefore this ethical consideration is not directly relevant.
However, any future work would need to consider this, and in particular should investigate
how the black-box nature of evolutionary AI differs from established, non-AI methods, of
predicting company failure.
The dataset used to train the neural network contains only data that is already publicly
available under an Open Data Commons licence. As a result, there were no ethical
considerations around data privacy or ownership.
This dissertation is partly funded by Co-operatives UK and has been authored by a member
of its staff. Co-operatives UK had no direct involvement in the research. Whilst data
published by Co-operatives UK was used in the research, it was not applied in any way that
would bias the research towards Co-operatives UK or its members, or that would create any
conflict of interest for the author.
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3.5 Summary of Chapter 3
This chapter sets out the 5 objectives that the research aims to achieve, these include:
conducting a review of the existing techniques and applications of evolutionary
neurocomputing and identifying possible approaches which would be suitable for the analysis
of economic data; developing an evolutionary artificial neural network that attempts to
predict organisations at high risk of failure; evaluating the effectiveness of the network in
predicting organisations that later go on to develop financial difficulties; and applying 2
research methods from the field of technology management to assess the extent to which
evolutionary approaches are suitable for economic analysis and the state of maturity of the
technology.
It goes on to describe and provide justifications for the research methods and datasets chosen
to fulfil the objectives, and the reasons for the choice of the co-operative sector as a case
study.
Finally, it presents the ethical considerations involved in the research.

Page 30

Chapter 4. Analysis and interpretation
4.1 Summary of data collected
Table 4.1 (represented graphically in figure 4.1) below shows a summary of the data
collected about the networks performance in the form of the average accuracy for each
generation in predicting organisations that would go on to experience financial distress, and
the score of the top performing network in each generation.
Table 4.1: Table of generation averages
Generation

Generation Average
Accuracy (%)

Top Performing Network
Accuracy (%)

1

35.60

49.08

2

42.15

49.70

3

45.89

49.70

4

46.85

50.39

5

47.79

50.39

6

44.58

51.06

7

44.77

51.07

8

43.16

51.45

9

43.07

51.45

10

47.10

51.45

Figure 4.1 (a graph of the data in table 4.1) shows how the process of evolution produced
significant gains in the average accuracy of the initial 3 generations, after this the average
performance plateaued and then deteriorated slightly in generations 5 to 9 before recovering
in generation 10. This doesn’t directly correlate with the accuracy of the top performing
network in each generation, which saw small but consistent improvements in each
generation.
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The data in appendix 2 shows the full performance results for each of the 200 networks
created during the evolution process. The most optimal network from the experiment was
first reached in generation 8 and achieved an accuracy of 51.45%. It did this using 2 hidden
layers, 128 units and the exponential liner unit activation function. This combination
persisted in the population through generations 9 and 10.
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Figure 4.1: Chart of generation averages and maximum achieved

4.2 Data analysis
To examine whether any of the possible options of the 3 evolutionary vectors had a clear,
isolated impact on accuracy, plots of each of the vectors against the accuracy of each of the
200 networks were analysed.
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Figure 4.2: Plot of Network accuracy against number of layers
Figure 4.2 shows the plot of the accuracy of the networks against the number of layers.
Networks with only 1 hidden layer did not, relatively, achieve high levels of accuracy and by
the 3rd generation had been bread out of the population. Beyond 2 layers, the addition of
more did not result in appreciably higher levels of accuracy.
60

Netowrk Accuracy (%)

50
40
30
20
10
0
0

128

256

384

512

640

768

896

Number of Neurons

Figure 4.3: Plot of network accuracy against number of neurons
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1024

1152

Figure 4.3 shows the plot of network accuracy against the number of neurons. The
evolutionary process tested very few networks with 512 and 1024 neurons; this possibly
because very low accuracy scores appeared in the higher neuron density networks during the
first generation. This would initially suggest that higher neuron density networks were less
accurate, however, this is contradicted by the 768 neuron density networks, which also had
very low scores in the 1st generation, but went on to perform well in later generations. Whilst
the results do show the evolutionary process had an apparent preference for networks in the
128-256 neuron density range, the reasons for this are not clear.
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Figure 4.4: Plot of network accuracy against activation function
Figure 4.4 shows the plot of network accuracy against activation function. Of the 3 vectors
of evolution used, activation function seems to have the strongest correlation with network
accuracy. Networks using the Rectified Linear Unit function (relu) scored lower than
Sigmoid or Exponential Linear Unit based networks, and had been bred out of the population
by the 4th generation. Networks using the Hyperbolic Tangent function, were present in
every generation, but results were much more varied than with either the Sigmoid or
Exponential Linear Unit (elu) functions. Both the Sigmoid and Exponential Linear Unit
functions consistently scored well, and as a result it appears that they were favoured by the
evolution process, appearing in 74 and 94 of the networks respectively. Exponential Linear
Unit based networks did result in 2 low scoring networks, but these appear to be outliers.
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4.3 Interpretation in relation to the objectives
4.3.1 Objective 1
Review existing techniques and applications of evolutionary neurocomputing and identify
possible approaches which would be suitable for the analysis of economic data.
Objective 1 was addressed through secondary research which is reported on in chapter 2.2.
4.3.2 Objective 2
Develop an evolutionary artificial neural network that attempts to predict organisations at
high risk of financial distress: Run the ANN on the data, including at least one evolutionary
step to confirm its operation.
The research question posed in objective 2 was: Is the evolutionary neural network able to
successfully predict organisations that go on to experience financial distress? The top
performing network was successfully able to predict co-operative organisations that went on
to experience financial distress 51.45% of the time.
4.3.3 Objective 3
Evaluate the effectiveness of the network in predicting organisations that later go on to
develop financial difficulties by comparing the networks predictions with more recent
economic data.
The research questions posed in objective 3 was: Is the process of evolving a neural network
any more efficient that traditional methods of development? The evolutionary process was
successfully able to improve the performance of the network from an initial average from the
first 20 networks of 35.60% to 51.45% in the top performing network, an improvement of
15.85%. Considering that these results are from the first iteration of the experiment, and with
a relatively limited set of evolutionary vectors, this strong indication that evolving neural
networks is an efficient way to develop neural networks. Issues were encountered in the
experiment with the computing power required to create and evaluate the volume of
networks, necessitating the use of a very high specification cloud computing instance to be
able to complete the experiment in a reasonable time-frame. However, this should be set in
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the context of the alternative way of finding the most optimum configuration of neural
network, which is via a “brute-force” attempt of trying each and every possible combination
of network architecture. In this context, where the computing resources required can be
exponentially higher, evolutionary neural networks can be considered a much more efficient
way of optimising artificial neural networks.
3.4.4 Objective 4
Apply technology management techniques to the outcome of objectives 2 and 3 to assess the
extent to which evolutionary approaches are suitable for economic analysis.
The most significant hindrance to the development of more powerful neural networks is that
of computing power. Current neural networks generally work with hundreds of artificial
neurons, and as encountered in the experiment, this requires substantial computing resources.
By contrast, human brains have around 86 billion neurons (Herculano-Houzel, 2009).
Creating, training and evolving a population of neural networks, requires much greater
computing resources than traditional means. Even the relatively simple scenario tested in the
experiment required procurement of very high power cloud computing resources to complete
it in a reasonable timescale. In the experiment only 3 properties of the neural network were
evolved; the utility of the evolutionary process would be greatly improved by the addition of
further vectors by which to evolve the network. However, one of the problems with an
evolutionary approach is that the addition of each new evolutionary vector exponentially
increases the search space of the problem, further compounding the computing resource
requirements.
3.4.5 Objective 5
Consider the state of maturity of evolutionary ANNs as a tool for economic analyses and
identify possible areas for future research.
The technology roadmap in figure 4.5 illustrates the development of evolutionary
neurocomputing alongside that of neural networks more generally. It also projects a number
of other technologies that may become important in the future development of evolutionary
neurocomputing. These include the development of more powerful computers for running
simulated neurons networks, and/or the development of specialised hardware that is
optimised for running neural networks will be an important future development of the
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technology. The development of physical neural networks; where neurons are emulated
using memristors or other electrical materials, as opposed to simulated in software as in this
experiment; is likely to an important development in the future of the technology. One such
example is the IBM TrueNorth chip, which contains 1 million programmable neurons (IBM
Research, 2014). Similarly, quantum computing, which is an active area of computer science
research, may help to develop faster ways of running software simulated evolutionary neural
networks, and early work in quantum artificial neural networks has been undertaken (de
Silva, 2016).
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Figure 4.5: Technology roadmap for evolutionary neurocomputing
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Another issue affecting the maturity of evolutionary neural networks is the difficulty in
understanding why they reach the solutions they do. The often-used analogy to describe this
is of neural networks being like a black box; it is not possible, without extensive study, to
understand why a network or the evolutionary process that created it, converged on a
particular solution. This was encountered in the experiment and is seen in figure 4.3, where
the evolutionary process converged on networks with 128-256 artificial neurons, but the
reasons why are not possible to understand from the results alone. Looking at this problem in
the context of the case study, it is not readily apparent why the final network was able to
successfully identify some organisations that went on the experience financial problems but
wasn’t able to identify others.
4.4 Interpretation in relation to the research aim
The aim of the research was to evaluate whether evolutionary neural networks could have the
potential to improve upon existing technologies for the forecasting and analysis of economic
data, and to explore whether existing frameworks and methods from the field of technology
management are well suited to innovation by evolutionary means.
The case study showed that evolutionary neural networks can be used effectively for
economic forecasting. In comparison to traditional methods of economic analysis, very little
preparation of the data was needed, this could be a significant advantage over traditional
methods, as evolutionary neural networks may be suitable for processing the large volumes
of transactional data generated by financial institutions and using these to make near realtime economic predictions.
Applying technology road mapping, a technique from the field of technology management,
was useful in identifying those areas where further development is needed before
evolutionary neurocomputing will be able to be used in economic forecasting at scale. This
is principally in the development of more powerful computing hardware/architectures,
possibly based on quantum computing for software based networks, and/or the use of
hardware based networks using technologies such as memristors. It should be noted that
hardware based neural networks may or may not be suitable for use in neuroevolution, as the
mechanism used to evolve the networks in this experiment was developed using a software
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simulation. No literature investigating the use of hardware based neuro evolution was found
during this research.
Analysing the outcomes of the experiment using the degrees of innovation method outlined in
chapter 2.2.7 to assess the significance of technology is difficult given the very early stage of
development of the technology. The utility of neurocomputing depends to a significant
degree on whether challenges around the necessary computing power can be overcome, and
to that end the usefulness of the technology is dependent on other technologies such as
quantum computing being realised. However, making the assumption that these issues can be
addressed, and applying a subjective analysis of the experience of developing an evolutionary
neural network along with an assessment of the experiment’s outcome, it is proposed that
evolutionary neurocomputing has the potential to be a revolutionary technology. In economic
analysis, the experiment demonstrated how the technology can be applied to existing datasets
with competitively little work and make successful economic predictions, without bias and
with the ability to scale to extremely large datasets. Beyond economics, the literature review
identified how the technology is being studied for application in many other fields, for
example in bio-medicine it has the potential to significantly accelerate the discovery of new
drug and substantially lower the costs of the drug development (Sher, 2013). Other fields that
have been identified as especially benefiting are robotics, artificial life, gaming, warfare, and
the development of strong AI.
No methods or frameworks were found that would guide the management of technologies
developed using black box methods. This was an issue that arose in both the literature review
and in the experiment.
4.5 Summary of Chapter 4
This chapter presents a summary of the data gathered during the experiment in the form of
the average accuracy for each generation at predicting organisations that would go on to
experience financial distress, and the score of the top performing network in each generation.
The results from the 3 vectors that were evolved as part of the experiment are analysed in
detail and the outputs of the most optimum network achieved after the 10 cycles of evolution
are presented in the context of the research objectives set out in chapter 3. The evolutionary
process was successfully able to improve the performance of the network from an initial
average from the first 20 networks of 35.60% to 51.45%.
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Problems encountered during the experiment are presented, the most significant of which
being the computing resource requirements and the black box nature of the both neural
networks and evolutionary outcomes. Using a technology road map, possible ways of
addressing this issue were highlighted, along with the history of neurocomputing and a
projection of its future development. Using the degrees of innovation framework, the
technology was assessed as being of landmark significance if the aforementioned challenges
can be successfully addressed, and a number of fields in which the technology may be
transformative were suggested.
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Chapter 5. Conclusions
5.1 Conclusions about the objectives
The research looked at the existing applications of evolutionary neurocomputing and found
example applications from a diverse range of fields, including robotics, artificial life, and
gaming Lehman & Miikkulainen (2013). However, many of these are early stage
applications of the technology, often in academic context, and there remains much scope for
commercialisation and application of evolutionary neurocomputing to new fields.
Only a few examples of the technology being used in economic analysis were found.
However, there has been at least 1 study looking at which approaches to evolution worked
best in economic applications (Chandra and Chand, 2016). The experiment showed how
evolutionary neural networks are able to successfully predict organisations that go on to
experience financial distress, although only 51.45% of the time. As no other attempts to
predict organisational failure in the co-operative sector have been made using a comparable
dataset, it is not possible to say from this research that this is better or worse than other
techniques, such as the Z-score method (Altman, 2000).
Whilst the experiment showed that evolutionary neurocomputing certainly has very
significant potential for economic analysis, it also showed how the very large computing
power requirements hinder advancement of field. Scaling up the experiment to much larger
datasets, or to more evolutionary vectors, would not be possible without substantially greater
computing capacity or new approaches to neural networks such as quantum neural networks.
Some, limited, evidence was found that a lack of trust from practitioners in black-box
technologies exists (Sun et al., 2014). This indicates a possible barrier to the adoption of
evolutionary neural networks by economists, and further research to substantiate and
investigate this is recommended.
5.2 Conclusions about the research aim
The aim of the research was to evaluate whether evolutionary neural networks could have the
potential to improve upon existing technologies for the forecasting and analysis of economic
data, and to explore whether existing frameworks and methods from the field of Technology
Management are well suited to innovation by evolutionary means.
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Whilst this is a single study based on a very tightly constrained economic problem, the results
indicate that evolutionary neurocomputing has significant potential to address the current
challenges in economic forecasting, set out in chapter 1.2, such as unreliable forecasts and
human bias. Examining evolutionary neurocomputing in the economic context set out in
chapter 1.2 is interesting; Despite hundreds of years of economic enquiry, we are not able to
make reliably accurate economic forecasts (Haldane, 2017). This poses the question, are our
economic systems every understandable via traditional mathematical models, however
complex we may make them? In some ways, there are parallels between this question and
the early years of AI described in chapter 1.1, where symbolic AI, concerned with very
precise and constructed mathematical models of intelligence, has given way to the more
laissez-faire approaches of biological inspired AI, such as machine learning. This is also an
interesting counter-argument to the issue of black-box technologies and their lack of
transparency.
Some of the technology management techniques looked at during the research were helpful in
examining the state of the technology. The technology roadmap in particular was helpful in
understanding how evolutionary neurocomputing has matured, how the parallel development
of other technologies has influenced its development, and what future technology
developments may be important in the field. However, the lack of research and frameworks
around managing innovation through evolution suggests that there is further work that could
be done.
5.3 Further work
A case study approach was taken in this research in order to meet the time and resource
constraints of an MSc dissertation. The use of evolutionary neurocomputing as a tool for
economic analysis could be investigated in a much wider context. For example, the research
questions posed could be examined in significantly greater detail; the experiment could be
repeated with multiple different datasets and/or significantly larger datasets, alternative
economic problems beyond organisation financial distress could be explored; the various
parameters used to evolve the network, such as population size, mutation rate etc, could be
studied in a more rigorous fashion; and a comprehensive study of the many other possible
ways evolutionary neural networks can be applied in an economic context could be
conducted.
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Chapter 1.2 explains how bias in economic analysis and forecasting can result in flawed
outputs. As neural networks are trained using datasets, rather than directly programmed, they
may be much less susceptible to this type of human bias. Traditional neural networks may
still be somewhat susceptible to bias due to the involvement of a human in the design and
development phase of the network. Evolutionary techniques abstract the design and
development of the network away from human developers, and so are potentially even less
susceptible to human bias. However, the literature review didn’t find any systematic research
into bias in traditional or evolutionary neural networks, and this is therefore an untested
hypothesis which would benefit from further research.
Chapter 2.2.5 referenced an alternative method of evolving the network, co-operative coevolution. This approach was not tested during this research and the choice to base the
experiment on a network level evolution was due to the greater availability of resources and
frameworks and a lack of sufficient experimental analysis from which to conclude which of
these two approaches is most suited to economic analysis. Further work comparing network
level evolution and cooperative co-evolution would be useful in helping establish which of
the two approaches is more effective in an economic analysis context. Also of value would
be research into a hybrid approach, that involved cooperative co-evolution of network
subcomponents and evolution at the network level in tandem; this may have potential to
produce a more optimal network than either approach alone.
Chapter 4.4 identifies the primary obstacle to the future development of evolutionary
neurocomputing as being the very high computing power demands. It suggests a number of
early stage technologies that could be address this problem; these include quantum
computing and the associated quantum neural networks, and physical neural networks.
A further, recurring issue in the research, was how to manage black box technologies, and
innovation driven through black box processes. This is discussed in chapters 2.2.4, 4.3 and
4.4. This is a substantial area of work for future AI, which the literature review revealed
relatively little academic study of.
5.4 Implication of the research
It is now over 65 years since the first academic proposals of evolutionary neurocomputing
were made by Alan Turning. That it has yet to develop into a widely exploited and
industrialised technology could be construed as an argument for the failure of the technology.
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However, this research has shown that in those 65-years significant progress has been made
toward the goal of being able to evolve human-like intelligence through artificial evolution of
neural based machines. That the experiment was able to evolve a functional neural network
that is effectively able to perform economic predictions, demonstrates this progress. The
experiment also highlighted the barrier that has hampered the technology since 1969 and
continues to prevent significant industrialisation of the technology; computing power.
The implications for the technology are that there is still substantial work that needs doing
before the it can be applied at scale. Convergence of technologies is likely to be the catalyst
for future significant technological advances in the field. The experiment showed how the
principals of genetic computing can be combined with neural computing, two disciplines that
have developed largely independent of each other, to produce a more optimal network. In the
same way, it is possible that the convergence of quantum computing and neurocomputing
could overcome the issue of computing resource.
If, as this research suggests, evolution becomes a powerful method for developing new
technology, then the implications for the field of technology management are significant.
Innovation by evolution is not a new concept, nature has been doing it for billions of years;
however, the innovation of digital technology using evolution is, and it presents a significant
challenge for the field of technology management. Multiple times during the research the
problem of understanding black-box innovation became apparent. There are many questions
technology management can explore in relation to innovation by evolution, such as; how can
companies and institutions effectively manage innovation driven by evolution? How can
companies commercialise, sell and support technologies that they don’t understand the
workings of? How do you provide confidence in a technology developed through innovation
when you don’t fully understand it? Humans have harnessed evolution for innovation to
great success in the past, the selective breading of working dogs to hunt or fetch game, or the
domestication of wild plants to produce high yielding crops being examples. It may be that
technology management can gain inspiration from the past for solutions to managing
evolution in the digital era.
5.5 Reflection on the experience of the research process
The development of this dissertation proved to be both very challenging and very interesting.
The most significant challenge was maintaining momentum whilst studying part-time and

Page 45

balancing other commitments. Unfortunately, the project based nature of the author’s work
meant early project plans were quickly rendered obsolete as shifting work deadlines and
unpredictable workloads took priority over study.
As the authors first experience of serious academic research, one of the consistent problems
was in over-reach; setting worthwhile but entirely unrealistic objectives, which in some cases
would have required several years of dedicated study to achieve.
The choice of topic, whilst extremely broad and complex, helped to maintain an interest
throughout the project and has developed skills that will certainly be valuable in future
careers. The breadth of the topic was underestimated at the outset of the research, and this
meant that some new skills needed to developed as the research progressed. For example, the
ability to work through complex mathematical equations, which were a feature of many of
the papers studied, was developed (though certainly not mastered). This hampered the early
stages of the research and further exacerbated problems with scheduling and momentum.
The development of the evolution programme and witnessing artificial evolution in process
was extremely memorable and inspiring part of the research, and it has proved to an
interesting talking point amongst friends and peers.
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Appendix 1 – Extended abstract
The purpose of this study was to investigate the use and potential of evolutionary artificial
neural networks as a tool for economic analysis, modelling and forecasting; and to determine
how effective existing techniques for technology management are in managing innovation
driven by evolutionary techniques.
To study the ability of evolutionary neural networks to perform economic predictions, a case
study was undertaken. In this, a population of 20 neural networks was created and trained
and using the evolutionary principles of reproduction, mutation and selection the population
was evolved through 10 generations to produce a network that performed significantly better
than any member of the original population. The networks were evolved using 3 evolutionary
vectors that altered the structure of the network; the number of neurons in network, the
number of layers in the network, and the optimisation function that the network uses to
calculate at which point the artificial neuron would ‘fire’.
The network was trained using historical time-series economic data on the UK co-operative
sector, with the purpose of predicting those organisations that were at high risk of financial
difficulty or failure.
The graph below shows how the process of evolution produced significant gains in the
average accuracy of the initial 3 generations, after this the average performance plateaued
and then deteriorated slightly in generations 5 to 9 before recovering in generation 10. This
doesn’t directly correlate with the accuracy of the top performing network in each generation,
which saw small but consistent improvements in each generation
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A quantitative analysis of the output of the final network then revealed how it was able to
identify those organisations that later went on to experience financial troubles with an
accuracy rate of 51.45%. This compared to an accuracy rate of 35.60% from the original
(non-evolved) first population of networks, supporting the hypothesis that evolutionary AI
techniques can be used to improve the accuracy of economic analysis over non-evolutionary
AI techniques, albeit only in a single study.
An issue encountered during the experiment was that of computing resources, with specialist
high-performance computing needed to be procured in order to complete the experiment in a
reasonable time-frame. Scaling the experiment further, for example by increasing the
number of evolutionary vectors, has the effect of exponentially increasing the search space
and therefore has a large impact on computing requirements. It was concluded that
computing resources are an obstacle to the further development and commercialisation of the
technology.
Noting that technology innovation via evolution mechanisms is a significant departure from
traditionally understood technology innovation methods, the study then goes on to examine
how applicable existing technology management techniques are in this context. To do this
two techniques from the field of innovation management are applied: firstly, the concept of
degrees of innovation looks at how significant an innovation evolutionary artificial neural
networks are/may be. This is combined with a second technique, technology road mapping,
to estimate and project how the technology might evolve, and the barriers and timescales
involved.

Roadmap for the development of evolutionary neural networks
The roadmap showed how the issue of computing power had previously occurred, and paused
most research into the technology during the 1970’s and early 1980’s. It also showed the
development of other technologies which may be influential on evolutionary neurocomputing
in future, such as quantum computing and physical neural networks.
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Appendix 2 – Results from Evolution of Neural Networks
Generation Network

Number
of Layers

Activation
Function

Units

Accuracy
(%)

1

1

4

sigmoid

128

45.64

1

2

4

elu

128

48.39

1

3

4

elu

768

10.00

1

4

1

relu

128

39.57

1

5

1

elu

512

36.45

1

6

4

tanh

256

38.68

1

7

3

elu

128

49.08

1

8

1

tanh

768

36.96

1

9

1

tanh

256

35.43

1

10

1

tanh

256

37.08

1

11

4

elu

512

10.00

1

12

4

sigmoid

768

42.66

1

13

3

tanh

768

33.94

1

14

1

sigmoid

1024

41.95

1

15

3

relu

128

37.83

1

16

2

tanh

1024

32.13

1

17

2

elu

1024

10.00

1

18

2

relu

256

42.35

1

19

4

tanh

128

41.27

1

20

4

sigmoid

64

42.63

2

1

3

elu

128

49.08

2

2

4

elu

128

48.39
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Generation
Average
(%)

35.60

2

3

4

sigmoid

128

45.64

2

4

4

sigmoid

768

42.66

2

5

4

sigmoid

64

42.63

2

6

2

relu

256

42.35

2

7

1

sigmoid

1024

41.95

2

8

2

tanh

128

41.27

2

9

1

tanh

256

35.43

2

10

4

sigmoid

768

46.57

2

11

2

tanh

768

32.16

2

12

2

relu

256

37.64

2

13

2

relu

256

40.97

2

14

4

relu

128

33.88

2

15

4

elu

128

48.90

2

16

4

tanh

256

39.37

2

17

4

sigmoid

256

48.61

2

18

4

relu

256

37.86

2

19

2

relu

128

37.86

2

20

2

elu

128

49.70

3

1

2

elu

128

49.70

3

2

3

elu

128

49.08

3

3

4

elu

128

48.90

3

4

4

sigmoid

256

48.61

3

5

4

elu

128

48.39

3

6

4

sigmoid

768

46.57

3

7

3

sigmoid

128

45.64

3

8

4

sigmoid

128

42.66
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42.15

3

9

2

relu

56

40.97

3

10

4

relu

128

33.88

3

11

4

sigmoid

128

44.87

3

12

3

elu

128

46.53

3

13

4

elu

128

48.51

3

14

4

elu

128

46.73

3

15

4

elu

128

47.06

3

16

4

elu

128

45.64

3

17

4

elu

128

45.58

3

18

4

elu

128

46.25

3

19

4

elu

128

46.46

3

20

3

elu

128

45.76

4

1

2

elu

128

49.70

4

2

3

elu

128

49.08

4

3

4

elu

256

48.90

4

4

4

sigmoid

128

48.61

4

5

4

sigmoid

128

48.51

4

6

4

elu

128

48.39

4

7

4

elu

128

47.06

4

8

4

elu

768

46.73

4

9

4

tanh

128

46.57

4

10

3

sigmoid

128

47.23

4

11

3

sigmoid

128

45.12

4

12

4

tanh

128

38.39

4

13

4

tanh

256

39.40

4

14

4

sigmoid

256

46.90
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45.89

4

15

4

sigmoid

256

49.10

4

16

4

sigmoid

256

46.46

4

17

4

sigmoid

256

44.72

4

18

4

elu

128

50.39

4

19

4

elu

128

48.14

4

20

4

elu

128

47.67

5

1

4

elu

768

50.39

5

2

2

elu

128

49.70

5

3

4

sigmoid

256

49.10

5

4

3

elu

128

49.08

5

5

4

elu

128

48.90

5

6

4

sigmoid

256

48.61

5

7

3

sigmoid

128

48.51

5

8

2

elu

128

48.39

5

9

4

elu

128

47.67

5

10

4

elu

128

47.06

5

11

4

sigmoid

256

44.72

5

12

2

tanh

128

38.39

5

13

2

sigmoid

256

48.60

5

14

2

sigmoid

256

48.71

5

15

2

elu

128

48.22

5

16

4

elu

256

48.34

5

17

4

sigmoid

128

47.89

5

18

3

elu

128

49.38

5

19

3

sigmoid

256

48.88

5

20

4

sigmoid

128

45.27
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46.85

47.79

6

1

4

elu

768

50.39

6

2

2

elu

128

49.70

6

3

3

elu

128

49.38

6

4

4

sigmoid

768

49.10

6

5

3

elu

128

49.08

6

6

4

elu

128

48.90

6

7

3

sigmoid

256

48.88

6

8

2

sigmoid

256

48.71

6

9

3

sigmoid

128

48.51

6

10

4

sigmoid

256

48.46

6

11

4

sigmoid

68

43.80

6

12

3

sigmoid

256

47.75

6

13

2

sigmoid

128

49.48

6

14

3

elu

128

51.06

6

15

4

elu

768

10.00

6

16

3

sigmoid

128

49.43

6

17

4

sigmoid

768

46.45

6

18

3

elu

256

45.45

6

19

3

sigmoid

256

47.08

6

20

4

elu

768

10.00

7

1

3

elu

128

51.06

7

2

4

elu

768

50.39

7

3

2

elu

128

49.70

7

4

2

sigmoid

128

49.48

7

5

3

sigmoid

128

49.43

7

6

3

elu

128

49.38
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44.58

7

7

4

sigmoid

768

49.10

7

8

3

elu

128

49.08

7

9

2

sigmoid

128

51.07

7

10

2

sigmoid

128

44.35

7

11

4

elu

128

48.26

7

12

3

elu

768

10.00

7

13

4

elu

128

45.88

7

14

3

sigmoid

128

47.40

7

15

2

sigmoid

128

49.31

7

16

3

sigmoid

128

49.35

7

17

2

elu

128

50.04

7

18

3

elu

128

48.78

7

19

4

elu

768

10.00

7

20

3

sigmoid

768

43.42

8

1

2

sigmoid

128

51.07

8

2

3

elu

128

51.06

8

3

4

elu

768

50.39

8

4

2

elu

128

50.04

8

5

2

elu

128

49.70

8

6

2

sigmoid

128

49.48

8

7

3

sigmoid

128

49.43

8

8

3

elu

128

49.38

8

9

3

elu

128

49.08

8

10

2

sigmoid

128

44.35

8

11

2

elu

128

46.76

8

12

2

elu

768

10.00
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44.77

8

13

3

sigmoid

128

47.21

8

14

3

elu

128

50.09

8

15

4

elu

768

10.00

8

16

3

elu

768

10.00

8

17

2

sigmoid

128

47.86

8

18

2

sigmoid

128

48.83

8

19

2

elu

128

46.99

8

20

2

elu

128

51.45

9

1

2

elu

128

51.45

9

2

2

sigmoid

128

51.07

9

3

3

elu

128

51.06

9

4

4

elu

768

50.39

9

5

3

elu

128

50.09

9

6

2

elu

128

50.04

9

7

2

elu

128

49.70

9

8

2

sigmoid

128

49.48

9

9

4

elu

768

10.00

9

10

4

elu

768

10.00

9

11

4

elu

128

44.93

9

12

2

sigmoid

128

48.63

9

13

2

elu

128

46.84

9

14

2

sigmoid

128

48.14

9

15

2

sigmoid

128

48.57

9

16

4

elu

768

10.00

9

17

4

elu

128

46.20

9

18

3

sigmoid

128

47.60
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43.16

9

19

2

sigmoid

128

49.77

9

20

2

elu

128

47.47

10

1

2

elu

128

51.45

10

2

2

sigmoid

128

51.07

10

3

3

tanh

128

51.06

10

4

4

elu

768

50.39

10

5

3

elu

128

50.09

10

6

2

elu

128

50.04

10

7

2

sigmoid

128

49.77

10

8

2

tanh

128

49.70

10

9

2

sigmoid

128

48.63

10

10

3

elu

128

50.05

10

11

2

elu

128

48.98

10

12

2

tanh

128

43.62

10

13

3

sigmoid

128

48.92

10

14

4

sigmoid

768

46.61

10

15

2

sigmoid

768

41.22

10

16

4

tanh

128

40.52

10

17

3

tanh

768

32.74

10

18

2

sigmoid

128

47.63

10

19

3

tanh

128

43.13

10

20

2

sigmoid

128

46.29
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43.07

47.10

