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Abstract

Artificial intelligence (Al) systemshave benefitted from the easy availability of
computing power and the rapid increase in the quantity and quality of data which has
led to the widespread adoption of Al technisjuscross a wide variety of fields.
However, the use ofcomplex (or Black box) Al systems such as Deep Neural
Networks support vector machinestc., could lead to a lack efansparencyThis lack
of transparency is not specific to deep learning or comple algorithms other
interpretableAl algorithms such as kernel machines, logistic regressions, decision
trees or rulesbased algorithms can also become difficult to interpret for high
dimensional inputsThe lack of transparency or explainabiliégdues the effectiveness
of Al models in regulated applications (such as medical, finaret@), where it is

essentiato explain the model operation and how it arrived at a given prediction.

The need for explainability in Atas led to a new line of reseh thatfocuses on
developingExplainableAl techniques There are three main avenues of research that
are being explored to achieve explainability; first, Deep Explanations, which involves
the modification of existing Deep learning models to exjolainability. The methods
proposed to do Deep explanations generally provide details about all the input features
that affect the output, generally in a visual format as there might be a large number of
features. This type of explanation is useful fakgasuch as image recognition, but in
other tasks, it might be hard to distinguish the most important features. Second, Model
induction, which involves methods that are model agnostic, but these methods might
not be suitable for use in regulated appligaioThe third method is to use existing
interpretable models such as decision trees, fuzzy logic, etc., but the problem with them

is that they can also become opaque for high dimensional data.



vi

Hence, this thesis presents a novel Al system by combinirg¢dective power of
Deep Learning with the interpretability of Interval Typd-uzzy Logic Systems.hE
advantages ofuch a system are, firsthe ability to betrained via labkded and
unlabelled data (i.emixing supervised and unsupervised learnii@gcond having
embedded feature selection abilities.(can be trained by hundreds and thousands of
inputswith no need for feature selection) while delivering explainable models with

smal | rul es bases composed o erpratdbity. t r ul es

The proposed model was developed with data from British Telecom (BT). It
achieved comparable performance to the deep models such as Stacked Autoencoder
(SAE) and Convolution Neural Networks (CNN). In categorical datasets, the model
outperfamed the SAE by 2%, performed within32 of the CNN and outperformed
Multi-Layer Perceptron (MLP) and IT2FLS by 4%. In the regression datasets, the
model performed slightly worse than the SAE, MLP and CNN models, but it
outperformed the IT2FLS with a 15%wer error. The proposed model achieved
excellent interpretability in a survey where it was rated within 2% of the highly
interpretable IT2FLS. It was also rated 20% and 17% better than Deep learning XAl
tools LIME and SHAP, respectively. The proposed eioshows a small loss in
performance for significantly higher interpretability, making it a suitable replacement
for the other Al models in applicationgith many featuresvhere interpretability is

paramount.
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Chapter 1. Introduction

Artificial Intelligence (Al) is the programmed ability of machines to mimic
cognitive functions such as learnimgoblemsolving, etc., that usually require human
level intelligence[1]. Al comprised of all the Machine Learning (ML) techniques such
as search and optimization, symbolic and logical reasoning, statistical learning methods
and behavioubased approaches. The necexplosion in computing poweroupled
with the rapidrisein the quantity and quality of data available for reseheleled to
the rapid adoption of Al techniques across a wide variety of fields. Therbugre
incentives for adopting Alsuch asproductprocesscost reduction consistency,
repeatability improved efficiency, enhanced decision making, as well as helping in th
development of new products and servifHs Al is a significant disruptor that is
transforming many industrie#t is also helping in spawning new technologies and

trends thatantransform our livessuch as sekdriving cars, Al assistantstc

As Al technology maturest can propel economic growttransforming the way in
which we work with computerfl]. Hence, regulators and participants hope that Al
will be inclusive and beneficial to everyone. However, the use of complex Al
algorithms such as deep learning, random forests, support vector machines,(SVMs)
etc, could result in a lack of transparency thus creating "black box" mddé&k This
lack of transparencig notspecific to deep learning, somplex Al algorithms, other
interpretableAl algorithms such as kernel machines, logistic regressions, decision trees
or rulesbased algorithms can also become very difficult to interpret for high
dimensional input$3]. The difficulty in interpretng theseAl modelscan be a huge
barrier in the doption of Al systems in regulated applications such as financial,

medical, justice etc., where the reliability of the model must be guaranteed.



There isa growing consensus that there is a need to develop technologies that
mitigate this probleifd]. The UK Parliament house of lords Al select committee, for
example, in their repothey mention that "We Heve it is not acceptable to deploy
any artificial intelligence system which could have a substantial impact on an
individual's life unless it can generate a full and satisfactory explanation for the
decisions it will take'{5]. The European Parliament has gone further by putting in a
clause in the General Data Protection Regulation to addeetscthof transparency in
Al systens. The clause emphasizes the right of all individuals to obtain "meaningful
explanations of the logic involved when automated decision making takes f@hce"
The National Institute of Standards and TechnolodyS. Department of Commerce,
has emphasised the needdgplainable Awhile putting forthfour principles that may

beused toestablish a framework to guidealworld applications of A[7].

The Financial Stability Board, which is an international agency that monitors global
financial systems, has warned that the use of opaque medels §<Deep Learning
techniques) can lead to the lack of interpretability or ‘auditability’ which can contribute
to macraelevel risks[8]. The financial stability board stressed that further progress in
the interpretation oflgorithms outputs and decision is essentiatondition not only
for risk management but also for engendering greater trust from the general public as

well as regulatorgs].

The IEEE Global Initiativéor Ethical Considerations in Artificial Intelligence (Al)
and Autonomous Systems (AS) Driyes program of the IEEE initiated to address
ethical issues raised hysing Al system,document on EthicallyAligned Design
me nt i o A Kkey ¢ohcarn ovdr aub@mous systems is that their operation must be

transparent to a wide range of stakeholders, for different reasons. For users,



transparency is important because it builds trust in the system by providing a simple
way for the user to understand what the eysts doing and why. For validation and
certification of an autonomous system, transparency is important because it exposes

the systembs pg9.cesses for scrutiny

The European Banking Authority, in its report on Bigadahd advanced analytics,
mentions that #ALack of explainability coul
AI/ML models developed by external third parties and then sold as opaque black box
packages. The institution acquiring the package needs ¢ceimawvigh means, including
explanations, to validate the results produced by the package without being strongly

dependent on t h[gdl.external provider o

The lack of transparency in Alas led to a new line of research which focuses on
developing Al techniques that are explaingl. Although a large bodgf research
has beenconductedthere are stillmany challenges in achieving explainable Al

techniquessuch as

1 The needo developexplainable modelthatwould adapt according tive
user profile (level of expertise, domain knowledge, cultural background,
interests and preferences and other contextual variables) and the explanation
request setting (justification, teaching, aueic) [12] [13].

1 The tradeoff between performance and interpréigb that is,
interpretabilityreduces as the performance of the system incr¢bges

1 Theneed to develop explainable models tbah deal with inputs with a
large number of featurems many otherwise explainable model falter in

these situationg3] [15].



To overcome the first challenggemantic representation of theedictions that use
natural language seaito bethe way forward16]. Furthermoreto overcome th&rade
off between performance and interpretabijlity hybrid modelling approach that
combineshigh-performance models with interpretable models has been sugfjetted
Embeddingeature selection within the modsilich as in Stacked autoencodeisich

can be considered agingone way to overcome the third problem.

From the discussion abovepmssible approach to solve these challenges is to
combine Deep Learningaining techniquesvith Fuzzy LogicSystemsKLS). Where
the Deep Learning will help improve the performance of the Al madel add
embedded feature selectjdhe FLS carbe used to model the uncertainties in the data
and express the logic behind themddel ahumanunderstandablég--Then rules with
linguistic labels Hence, his thesis will explorea possible method of achieving
explainable Al using a combination of Deep Learning diygpe2 Fuzzy Logic

Systems.

1.1 Aims of the Thesis

The thesisaimsto investigate and implemean explainable Al technigue to solve
realworld problems. The core aim is to combine the predictive paweérembedded
feature selection capabilityf Deep Learning techniques with the interpretability of

Fuzzy LogicSystemsThe renaining aims of this thesis are as follows

1 Toinvestigate the suitability of the modelsolverealworld problems
1 To investigate the most suitable training method for the new explainable Al

technique



1 To investigate the most suitaldptimization algorithm for the new explainable
Al technique

1 To investigate and develop local explanations that are understandable to all
audience that might use these explanations

1 To investigate and develop global explanatitimat can provide a holistic

understanding of the new Explainable Al Technique.

1.2 Thesis Layout

This thesis is structured as follows; Chapter 2 giile an overview of Explainable
Al and the three main methqdBeep Explanations, Interpretable Al and Model
Induction that are being expted to achieve Explainable Al. It will present the case
for combining Deep Learning and Fuzzy Logic. It will also explore the techniques that

have been used to combine these two Al techniques.

Chapter 3will give an overview of the Fuzzy logic systemdathe two major
subtypes typd fuzzy logic and typ@ fuzzy logic and the various operators and

components of these systems.

Chapter 4 will give an overview of optimization algorithms. It describes some of the
algorithms such as Big bang big crunch, Gengigorithms and gradient descent

algorithms.

Chapter 5 will give a list of problems or datasets used to evaluate the Al models
explored in this thesis. The problems were chosen with an emphasis on cheaking
world datasets with a large number of fgas. The problems are divided into
ClassificationrandRegression datasets based on the type of outptasgetsfor these

problems.



Chapter 6 presents thpoposedDeep Type2 Fuzzy Logic systendetailing the
training method used to train this Al maodee will also evaluate this Al model against
two deep learning techniquegVe will also evaluate some of the optimization

algorithms and training techniques that could be used to train the Al model.

Chapter 7 presents an alternative training methddato the Deep Typ€ Fuzzy
Logic System using Stacked autoencoders. It will also present Fuzzy Stacked

Autoencoders and evaluate them against the model presented in the previous chapter

Chapter 8 presents two methods for extracting locally interpretaplarmations
from the Deep Typ€ Fuzzy Logic system. It also evaluates these explanations by
conducting a survey where these explanations are compared against the explanations

provided by LIME and SHAP and an Interval Typ&uzzy Logic System.

Chapter 9 gpands the two methods presented in the previous chapter to provide
global explanations at the modular level. It will also present an enhancement to the

Deep type2 fuzzy logic system to extract global rules from it.

Chapter 10 presents the conclusion of the thesisliandssepotential future work.



Chapter 2. Explainable Artificial Intelligence

An Explainable Atrtificial Intelligence (XAlpr transparent Al or interpretable Al is
one which produces explanations or reason for its actions which can be clearly
understoodby its users Explainability will allow Al systems to provide increased
transparency and fairness by providing an auditable record of all factors related to a
given predictior[6]. Explainabilitywill alsoensure that algorithmic decision making

is fair and ethical while enabling businesses to meet compliance requirdfjents

XAl is at the intersection of several fields of active research with an emphasis on

the following.

1 Transparency: Al models ausedto suppordecision makingl4]; hence, it is
vital to ensure that all parties involved in the decision making and the people
affected by these decisions can understand them.

1 Fairness: Explainability allows us to provide a clear understanding of the
relations which affect the result, allowing for a fair analysis of the model by
highlighting any bias in the dataHence, XAl allows us to avoid unfair or
unethical use oAl models.

1 Interactivity: The modekhouldbeinteractive i.e, it allows theendusers the
ability to tweak and interact with the model to ensure sudtd$s

1 Confidence: Explanations provided by an Al system will allowousssess the
reliability of the Al system thereby gaining confiden@ndtrust in the system.

1 Causality: Since an Al model learns from data, it can discover correlations

among tliis data Although this might not be enough to unveil tewiseand



effectrelationships, it could provide a first intuition of the causal relationships

between the inputs and the outputs.

The transparency in Al rarely comes for free; there are often-tfésldetween

accuracy and transparency, and these todideare likely to gow as Al systems

become even more complex. Hence, the goal of XAl systems should be to create

explainable models that provide interpretability while maintaining high accufbcy

14].

The explanations provided by these systems should not be restricted to Al;experts

they should provide explanations that can be easily understood by the layhicder

will allow domain experts to test and augment the Al systems with their expert

knowledge. Empowering them to determine when to trust or distrust a given Al model

[1, 12][13].
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As we can see frorRigure2-1, complex Al models such as Deep Neural networks
have historically performed better than simple interpretable models such as decision
trees orule-basedsystemd14]. XAl is a DARPA program that is expected to enable
At hwawe Al [4].yllsetgeahoktide XAl program is to enable a new suite of
techniques that are more explainablgle retaining the high level of performance of
the Al models[4]. According to a DARPA repoifd], the XAl explainsindividual
decisions, enables understanding of overall strengths and vesaknand conveys an
understanding of how the system will behave in the future and how to correct the
syst emod s FromFgure2i,ehere are threenain methods suggested in the
report. In the following sectionsve provide an introductioto the three methods
suggested to achievAl as well as some of the representative works that use these
methods. We will also present a fourth method to achiedk i which we propose
to combine high-performance compleXAl systems such as Deep learning with

interpretable systesnsuch as Fuzzy Logic

2.1 Deep Explanations

Deep Explanations involwbe modification of existing Deep learning models to add
explainability The goal here is to increase the explainability of Dieep Learning
models without losing their accurac$everal approachdsave been proposed to
achieve deep explanatiofist]; these can be classified into two broad categaiesh

are presented below.
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2.1.1 Model Simplification

2.1.1.1 Rule Extraction
The most common method used to achieve maialplification is by rule
extraction one work that uses this method is Deep R&flwhere thebehaviour of the
neural networks modelled as decision rules. This method is based on (RED
which useghe C4.5 algorithm to induce rules in a shallow neural network with one
hidden layer. The authors of Deep Red extend the approachtectseCRED to Deep
neural networks by usirtheC4.5 algorithm to extract rules for each hidden layer based
on the preceding layer. Once the rules are extracted for all the layers, they are merged

to obtainthe rule set.

Some of the other methodsathuse rule extraction incletkxREN[19], wherg in the
first step insignificant neurons are removed from the network and rules are extracted
using the remaining neurons, [20] the neural network is trained using a Genetic
Algorithm[21]. The significant neurons atbenidentified and the rules are extracted
using these neuron@2], where rules are extracted using a samplingoaaly-based

approach.

One point to note here is that the rules can become complex as the number of input
attributes andhe number of layers increases. Pruning is used to simplify these rules
but if the rules araggressivelypruned the model behavigand the rules divergee.,

the rules can not accurately predict the model behaviour.

2.1.1.2 Interpreting Neural Networksvia Decision Trees
Another method that is used to achieve model sfiogtion is to extract Decision

Trees from neural networksn [23], for example the authors propose a method to
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construct a decision tre@lepicted inFigure 2-2) to explain the CNN predictions
semantically and quantitativelyThe rationale behind the CNN predictionss
summarised into decision modes (tree nodes on the decision tree). Each decision mode
representpredictions that trigger the same filters and have the same contribution to

the outpuf23].

The decision treeepresents all possible decision modéthe CNN in a coarse to
fine manner. Nodes near the tree rogresent the most common decision modes or
characteristics that are shared by many infMisst generic rationales ahown in
Figure2-2). Nodes near leaves represaetision modes that are shared by fewer inputs

(Most specific rationales as shownRigure2-2) [23].
To dothis, CNN is trained using filteloss functionghat push théilter to represent

Mode of standing birds

of various specieses
Most generic

Mode of a species ratlonales
with a specific pose C{ C{ (our target)
y=0.9

Most specific
oS © O _O OM d O Ly rationales
Ry

85, 'm
222 | s
8 oL | — \*A head filter Y 4 contribute 2.32% >
5w S y 4 sa
aZ® 1 A feet filter M contribute 0.72% - 8 &-
Y, Vi) 2
x A torso filter m contribute 1.21% =

Figure2-2: CNN explanation via decision treg3]

object parts of image3.hen, each filter is assigned a specific part name. Firthiy,
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decision modes are mined to explain how CNNsubeparts/filters for predictions,

and adecision trees constructed23].

1 Some of the other methods that use decision tteemterpret neural
networks are TREPAIR4] which uses queries to indudecision trees that
approximate the neural network

1 TreeRegularization25] is a regularisation technique tHatours models
whose decision boundaries can be approximated by decision trees

1 Soft Decision Tree$§26] is a techniquevherethe inputs and output of a

neural networlareused to train a decision tree.

One point to note here is thdiet decision tree only provides an approximate
explanationfor the neural networkpredictin. Furthermoreas the number of inputs
increases the number wbdes in the decision trégcreases rapidlywhich mightlead

to decisiontrees that are difficult to interpret.

2.1.2 Feature Relevance

Feature Relevance involves caldirlg the importance of the input features to the
final output. There are a variety of methods that have been proposed for calculating

feature relevance. Some of the most popular methods are presented below.

2.1.2.1 Deep Taylor Decomposition

Deep Taylor Decompositiof27] produces a decomposition of the neural network
output on the input features. &hdea here is to calculate how much each input
contributes to the output. This is done by redistributing the predicted output into the
input features by performirgbackward pass on the network using a predefined set of

rules[27, 28] i.e., by redistributing the output to the neuron in the previous layer, then
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1. forward computation

2. output redistribution

output

O"!%.,_
O =« @
O

O
@
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Figure2-3: Deep Taylor Decompositic28]

redistributing this value to its input neurons in the previous lagdrso on(depicted
in Figure2-3).
In Figure2-3, the output that can be redibtited from arbitrary neuror; to the

collection of neurongx;), that are inputs to this neuron can be definedfasteorder

Taylor expansion. Hence, the propagation rule for the Deep Teyp@nsion can be

expressed as follows.

[x] =8 —__

= - 2.1
Tl (2)

Where w; are the weights between the neuroris layer | and neurorj in layer
| +1, the + sign indicates that all the weights are forced to be positive.

One point to note here is that this method shows all the features and their

contribution. In cases where there are manwtfpaturesit can becomeough to
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distinguish the most important featur&se second point to note herghsitmethods
such aPDeepTaylor Decomposition whicliely on gradientswhichonly measure the
susceptibility of the output to changes in theuingnd might not necessarily coincide
with those areas on which the network bases its ded2&jnThe last point here is
that the algorithm can behallengingto undestand to a lay usendthey would need

the help of an expert to understand it.

2.1.2.2 Layer wise Relevance Propagation

Layerwise Relevance Propagation (LRF30] uses the idea of relevance
redistribution. It starts with a relevance score at the outputbaclpropagates it
through the network by calculating the relevance score for each subsequenttlager of
network using the relevance score and parameters from the previous layer. The formula

for calculating the relevance score is given below

R=8

_— (2.2
iaxw +€R

Where, xis the activation value of the neuron in layer w, weight of the
connection between neurdnin layers| and neuronj in layer I +1, R, is the
relevance score for each neuron in layed and R is the relevance score for each

neuron in layet .

Like the Deepraylor decomposition, LRP shows all the relevant input features and
their relevance scores. This means that it can become difficult to distinguish the most

important feature when there are many relevant input fedtlsgs
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2.1.2.3 Deep LIFT

Another example of feature relevance is Deep LI®I], where the activation of
each neuron is compared to a reference activatiod the difference between these
two values is usedb calculate a score. This score is used to calculate the feature
importance byackpropagatinghese values from the output to the input features. The
reference values for all hidden units are calculating during a forward pass of the neural
network, using a baseline input. The relevance values for each of the neuron layers is

calculaed using the following formula.

R (2.3)

Wherex is the activation value of the neuron in layeik is the reference activation
value of the neuron in layér w, weight of the connection between neutoim layers
| and neuronj in layerl +1, R is the relevance score for each neuron in layek

and R is the relevance score for each neuron in layer

One point to note here is that this method shows all the features and their
contribution. In cases where there are menput featuresit can become extremely
hard to distinguish the most important features. Another point here is that the algorithm
can be difficult to understand to a lay user and they would need the help of an expert

to understand it.
2.2 Interpretable Models

The second approacto achieving XAlis to use models that are inherently

interpretable oexplainable Some of these models are listed below.
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2.2.1 Linear/Logistic Regression

Linear Regression is used to predict the target output as a weigimedfdhe
feature inputs. Logistic Regression is an extension of linear regression for classification

model used to predict a dependent variable which is binary in jagjre

LinearRegression can be used to model the relationship between a targeghg and

input featuresxX = (x, %, ..., X, ). Thelearned relationship between them can be written

as follows[32] [33].

y=b, +f & (2.9)

Wher the predicted output is the weighted sum of fisinput features the

coefficients represent the learned feature weighits. example of linear regression

with a single independent variable €1) is depictel in Figure 2-4. For a single

independent variablequation(2.4) can besimplified to the equation of a line.

1

15

|- L PR L L L |- L L |

T B e

20

Figure2-4: Linear Regression with one independent varifkid
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For logistic regressioftlassification the right side of the equation is wrapped into
the logistic function. This forces the output to assume only values between (B&hd 1

[33].

P(y" =1) = -

Troxp(, 0 4 ) (25)

The model assumes that the input and the output variable have a linear relationship.
This makest easy to create explanations for these models as long as the size of the
inputs is limited.However, as the number of inpueatures increase# becomes
difficult to understand the explanations. Hentiegarlogistic regression models
require feature selectidior inputs witha large number of featureénotherproblem
with these models is that they can only be used to septdinear relationships.
Moreover,any nonlinear input or interaction must be handcrafted and provided to the

model.

2.2.2 Decision Trees

Decision trees are hierarchical structures where the data is split multiple times based
on certain cut off value®r the input features. Thessplit-off data are formed into
subsets which form the nodes of the decision tree. The final subsets are called,terminal
or leaf nodes and the intermediate subsets are called intermediate nodes (depicted in
Figure2-5). The average outcome of these nodes is used to predict the outcome of the

leaf nodes.

There are various algorithms that can be used to train a decisiohhteeggoithm
that is most commonly used to train decision trees is the classification and regression
trees (CART) algorithm[34]. In CART, the following formula desibes the

relationship between the output y and the input featuf82]x
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f=Fo Acix B 26

Where each instance falls into exactly one leaf node (=subjet{xi R} is the
identity function that returneneif x is in the subseR otherwiseit returns O If an
instancefalls into a leaf nodeR, the predicted outcome i§= ¢, wherec, is the

average of all training inahces in leave nodk [32].

Decision trees have been used in a variety of context due to their interpretability,
even experts from fields other than computation and Al are comfortable interpreting
theiroutputg35]. However, their poor generalization ability in comparison @Al
models makes them difficult to recommend in scenarios where predictive performance

is a design driver. Tree ensembles can overcome this problem, but they have poor

<3 >3
<1 >1
n =88 n=93 n=179
4 4 44 ==
3 3 31 =T

Figure2-5: Decision Tred32]
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interpretability which means post hoc models have to be ésexdher problem with
decision trees is that as the number of input features increases the number of nodes in
the tree increases, which means that decision trees can become very hard to interpret
for inputs with a large number of featui@s Hence, decision trees require feature

selection for inputs witlalarge number of features.

2.2.3 Bayesian Mode$

A Bayesian model represents the probabilistic relationship between a set of
variables. This means that Bayesian models can convey a clear representation of the
relationship between the input features and the target odfgljtsThey usually take
the form of a probabilistic acyclic graphical modethose edgegepresent the
probabilistic relationship between a set of varialpled. Formally, if an edge (A,B)

exists in the grapleonnecting random variables A and iBmeansthat P(B|A)is a

p(f=empty | §) = 0.05

p(b=bad | ) = 0.02

p(g=empty | b=good, f~not empty.£) = 0.04
p(g=empty | b=good, f~empty,&) = 0.97

p(g=empty | b=bad, f=not empty,&) = 0.10
p(g=empty | b=bad, f~empty,£) = 0.99

p(r=no | b=good.,£) = 0.03

p(t=no | b=bad.§) = 0.98 p(s=no | t=yes, f=not empty,&) = 0.01
p(s=no | t=yes, f~empty ,£) = 0.92
p(s=no | =no, f~not empty .£) = 1.0
p(s=no | r=no, f~empty .£) = 1.0

Figure2-6: Bayesian network fathe car start problef36]
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factor in the joint probability distributionBayesian networks also satistfiye local
Markovproperty, which means thatvariables conditionally independent of its non
descendent variablgdence, the Joint probability distribution can be written as follows

[36].

P % =0 POX [K0ky 0 =P O . @7)

i=1
Wherefor every variablex there will be a subsed, 1 {x,.., X} such thatx and

X, .., %, are conditionally independent.

For exampleFigure 2-6 represents a Bayesian network for the start problem.
WhereP (Turn Over | Battery, Gauge) = P(Turn Over | Battery) since Turnover is
conditionally independent of Gauge, given Batt&yStart Fuel, Turn Over, Battery,
Gauge) = P (StarHuel, Turn Over) since Start is conditionally indegent of Battery

and Gauge giveRuel and Turn oveletc

This means that Bayesidtetworks are easy to understand when the number of
variables is smalbut as the number of variablesreasesthe network becomes more
and more complex. This means teaplanationextractedirom very large Bayesian
networks can behard to understandHence, Bayesian networks require feature

selection for inputs witlalarge number of features.

2.2.4 K-Nearest Neighbarrs

K-Nearest Neighbours (KNN) deals with classification problems in a
methodologically simple way: it predicts the class of a test sample by voting the classes
of its K nearest neighbours (where the neighbourhood relatdadiscedy a measure

of the distance between samples). When used in the context of regression problems,
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the voting is replaced by an aggregation (e.g. average) of the target values associated
with the nearest neighbou#4]. The assumption here is that similar objextsst in

close proximity to each otheA commonly used metric for regression problems is
Euclidean distanceFor classification problesy other metrics such as the overlap

metric or Hamming distance can be uf&d.

For example, inFigure 2-7 we are trying to identify theclass of green
squaréunknown) assuming that k=4among the four nearesteighboursof the
unknown three memberareclass A and only one membe&ho belongsto class B is

close to the unknown. Hence, the unknown object is assigned to Class A.

In terms of model explainability, it is important to observe that predictions generated

by KNN models rely on the notion of distance and similarity between examples, which

40 k=4

3.0 - @

2.0 1

1.0

@ Class A
AClass B
Unknown

0.0 -

1.0

2.0 A

3.0

4.0 ‘ . . . ‘ . T
-4.0 -3.0 -2.0 -1.0 0.0 1.0 2.0 3.0 4.0

Figure2-7: K-Nearest neighour[37]
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can be tailored depending on the specific problem being tackled. One must keep in

mi nd that KNN6s ¢l ass of transparency dep
neighbours and the distance function used to measure the similarity between data
instanceg14]. A very high K impedes a full simulation of the model performance by

a human user. Similarly, the usage of complex featoreistance functions would

hinder the deomposability of the model, restricting its interpretability].

2.2.5 Fuzzy Logic

Fuzzy Logic systems arele-based systems which can be used to miogalecise
and uncertain data. They try to mimic human thinkaithough rather than trying to
represent t he bigdane withesneusalnetivorkt thee dotus is @ haws
humans think in an approximate rather than precisg¥jayhis is dondy modelling
uncertainty into #then rulesthat describe a given behaviourtina humanreadable

format

A good example woulthe a decision that a human might take while driving a car

which could be the following rulelf the distance to the car ahead is low and the road

-

is slightlyslippery Then slow dovinThe numer i cal meanings of
Asl ow do wn dromwdriverlto ddver.fFartharmore, if a drivewereto be

interviewed about the numerical valuassociatedvith these linguistidabels,they

[ RutEBASE | [ DEFUZZIFIER | P
T - Output
Crisp Input|
—*|__FUZZIFIER i
}
INFERENCE
ENGINE

Figure2-8: A Typical Interval Type2 Fuzzy LogicSystenm[1]
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would struggle toquantify them Amazingly, humans are nevertheless able to
communicate with these 4tlefined and vague linguistic labels and do not query the
exact values when they discuss them. In fact, these uncertain concepts allow humans
to be able to perform very gbisticated tasks such as driving cars or underwriting

financial application$l].

A Typical Fuzzy Logic System (FLS) is depictedRigure 2-8; it containsfive
components: fuzzifier, rule base, inference engine,-Bgaucer and a defuzzifier. A
T1FLS is very similar to the system depicted-igure 2-8, the aly difference being
that there is no typReducer in a T1FLS and it employs typéuzzy sets in the input

and output of the FLE8].

The IT2FLS works in the following way: the crisp inputs in the data are first
fuzzified into aninput type2 fuzzy set. A typ& fuzzy set is also characterized by a
membership functionbut unlike a typel MF, the type2 fuzzy sets are three
dimensional and include a Footprint of Uncertainty (FOU). An intervat®hezy
set[39], depicted inFigure 2-9, is used to represent the inputs and outputs of the
IT2FLS. As seen ifigure2-9, the membership for an Interval Tygduzzy set outputs

an interval, [0.6,0.8] rather than the crisp number produced by-Typzzy sets.

Primary
Membership cl
1 by

Secondary
b2 Membershipp---—-oo o _____ I
1 1

LMF —

0.8
0.6

o a2 d1 2 ol 0.6 08

Figure2-9: Interval Type2 Fuzzy Sefl]

Once the inputs are fuzzified, the inference engine then activatesdlhmmsa using

the input type2 fuzzy sets and produces the output {@pkizzy sets. There is no
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difference between the rule base of a T1FLS and a2ypeS except that the fuzzy

sets are interval typ2 fuzzy sets instead of tyfefuzzy sets.

In the find step, the output typ2 sets produced in the previous steps are converted
into a crisp number. There are two methods for doing thes first method is the
conventional twestep process where the output t#eets are converted into type
reduced interal typel sets followed by defuzzification of the type reduced sets. The
second method is the direct defuzzification process which was introduced because of
the computational complexity of the first method. There are different types of type

reduction and idect defuzzificatior{38].

It is important to note thahe number of rules and the number of antecedents per
rule have a bearing dihe interpretability of the model. As the number of rules and
antecedents increase the model becomes less and less interpretable and reducing the
number and size of rules by optintisa can improve the interpretability but
sometimes at the cost of accuracy. Fuzzy Logic will be discussed in much more detail

in Chapter 3

2.3 Model Induction

For Al models that are not inherently interpretaldee method to make them
interpretableis to use model induction through model agnostic methods. These
methods are designed such that any model can be plugged in with the intent of

extracting explanations.

2.3.1 Local Interpretable Model-Agnostic Explanations (LIME)

LIME [40] is a locally interpretable surrogate model, where an interpretable Al

model is trained to approximate the predictions oblack-box model. LIME
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explanations are locally interpretaplee., the model is trained to providgood
explanations for individualpredictions, but it doesnot have to provide good
explanatios globally. This kind of accuracy is also called local fidelif$2].
Mathematically, local surrogate models with interpretability constraint can be

expressed as follow82].
explanation(x)= argminL (f .gp, )+ 0% (2.8)
[¢]

Where f is theprediction of the original modéé.g. Deep Neural Netwoykg is

the prediction of thanterpretable modgk.g. decision treayith p, as the size of the
neighbourhood around instanee W(g)is the model complexitand L is the loss

function. LIME is used to optimize the loss part wite complexity andsize of
neighbourhood determined by the user. The complexity of the mogiehésally kept

low by using a lownumber of featuret® createhe interpretable model.

For training the local surrogate mod4¢ME models thdehaviour otheunderlying
black-box modelby inducing perturbations on the inpué., add small variation to the
input data LIME generates a new sample data@kpictedas black dots irFigure
2-10) using these new inputsr the correspondingriginal black box model prediction
(depicted as a yellow dot irigure2-10). The newsample dataset iseighted based
on the proximity to the original target inpin the figurethe sze of the dotancreases
as they get closer to thack boxmodel prediction. These weighted samples are then
used to train an interpretable modelprovide explanationsrhe interpretable model
can be anything such as decision trees, fuzzy |ag The interpretable model is

trained on aedued the number of feature® reduce thecomplexity of the model
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W

Figure2-10: LIME Algorithm: Generated sample data foaining local mode|32]

Increasing the number of features improves the fidelity of the local surtmgzdéethe

cost ofexplainability.

LIME uses an exponential smoothing kernel to define thetweigproximity of the
new inputs to the original target input. The kernel width defines the size of the
neighbourhoogd.e., the new inputs must be within the neighbourhood to influence the
interpretable model. Determining the kernel width is a desiganpeter that greatly
influences the fidelity of the model. Hence, it has to be chosen with care as changes to
the kernel width havagreat influence on the explanatidB8g]. The rextproblem with
LIME is that the explanations are not consisteat, when thesameprocess is repeated

the explanations provided can vary gref3].
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2.3.2 Anchor Local Interpretable Model-Agnostic Explanations

Anchor Local Interpretable Modéignostic ExplanationsalIME) [42] [41] is a
method wherenodel agnostic explanations are providedeagy to understantithen
rules andthese rules are called anchors. An Anchor is a rule that sufficiently "anchors"
the prediction locally, i.e changes to variables other than the anchorsmmehange
the preliction. Like LIME, the aLIME approachises a perturbatidbased strategy to
generateaf-then rules or anchors &scal explanationsor predicting the behaviour of
blackbox modelsThese rules are reusable since theysaoped: anchors include the

notion of coverage, stating precisely to which other, possibly unseen, instances they

apply[32]. An anchor can be formally defined as folloj82] [41].
Eo,anlLin=1a]2 £ AR 2 (2.9)

Th T nrt o
+ 5 MOVIE I5 UL Bdud

../’ This director is always bad. \
L This movie is not nice
| I'-y :I .-'I Th f ratner f':"'U-:!
| ini oL D3ad
ki y
p
hiksEATa This audio is not bad
| I Df.]4) This novel is not bad
| : This footage is not bad
N,

Figure2-11: Anchorsgenerated for keywordmot a n dad¥j41]

Where x represents the prediction being explainedl, representsa set of

antecedentds.e., a rule or anchors, such thafx) =1 when all thefeaturepredicates
of A correspond toxd feature values,f represents the Al model being explained,

which can be querietb get the predictions fox and itsperturbations D, (.| A)
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indicates the distribution of neighbouxsmatching A. 0<¢ < specifies a threshold

and only rules that achieve a local fidelity greater thaare considered valiB2].

ForexampleinFigure2-11, x= A Thi s mo v f(® =Positive,AX)=1b ad o
where A={" not,” bat} . Let D(.|A) denote the conditional distribution when the

rue Aapplies (e.g. similar textHlguelédre @Anot
bottom)[41]. ThenheanchorAi s easy to apply: 1 f words fn
then themodel will predict positive and if either (or both) words are not pretbent

the model prediabn is unknown.

Although anchors mathematical description may seem straightforward, generating

particular rules is infeasiblas it would require evaluating} ,,_;,, for all zi D(.| A)

[32]. Thereforethe authors propose totroduce a probabilistic definitioequation

(2.10)) where anchors satisfy the precision constraint with high probability.

P(pre A2 ¢) 2 -dvithpre€ A B mliix=1] (2.10)

If multiple anchors satisfthe criterion the anchor which describa larger part of

the search spadepreferredi.e., one with larger coveragél].

The main advantage of the aLIME apach over LIME is that it usés-Then rules
which are easy to interpret (even for laypersdB8)]. However,the IFThenrules
anchor model presented [#1], use crisp logic and thus will struggle with variables
which do not have cleacrisp boundaries, like income, ag#¢ Also, the approach in
[41] will not be able to handle models generatesm a big number of inputs.
Furthermore, explaining the prediction with just anfeamd~Then rule does not give

a full picture about the decision as for example in case of classification problems, there
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are always pros and cons which humans weigh in their minds and take a decision

accordingly[1].

2.3.3 SHAP

SHAP (SHapley Additive exPlanationg)3] ranks importance or relevance each
feature has to the prediction or output of the model to be explained. It is based on
calculating the contribution of input features to each prediction using Shapely values
(Game Theoryp44]. Shapely values tell us howdestribute the prediction among the

features fairly SHAP specifies the explanation [@gl]:
M
o(2)=1, 4 {2, (211
j=1

where g represents the explanation model| {0,1}" represents the simplified
feature vector,M represents the maximum feature size apbl R represents the

feature attribution for a featuje the Shapley values. The simplified features used here

could be individual features or groups of features depgnan the type of datdor

example, for image datauper pixelsare used as the simplified features.

To calculate the Shapley values, we simulate that only some features values are
playing ("present") and some are not ("absent") creating the simdiiaddre vector

[32]. A linear model isthentrained to represent these values, to calculatefthe

(shapely values)n the simplified featurgector, when the feature values are present
then the value of that feature is picked from the inpdor which the explanation is
being generated. When the feature values are absent, they are replaced by random

values from somefdhe other inputs to the original model.
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CQutput = 0.4 Output = 0.4
Age =65 B oo
Sex=F [ 02 | — Sex =F
BP =180 2 — BP =180
BMI =40 B — BMI =40
-

Base rate = 0.1 Base rate =0.1

Figure2-12: SHAP explanationpt3]

One method foralculating the shapely values is by using Kernel SHAP. Kernel

SHAP calculates the shapely values in 5 steps listed B8Rjw

A Sample simplified feature vector is creategi {0,3", ki {,....,K}(1 =
feature present in coalition, 0 = feature absent).

1 A prediction is generated for eacl) by first convertingz', to the original feature
space (16s are r eplranxcxe(aiginalynput forevhidheea t ur e v e
are generating the explanation), 006s are

input) and then applying the modél: f (h (z',))
1 Compute the weight for each, with the SHAP kernel.

1 Fit weighted linear model.

1 Return Shapley values, , the coefficients from the linear model.

The intuition behind this is: We can learn about individual features by studying their
effects in isolation. If a siplified feature vector consists of a single feature, we can
learn about that features' isolated main effect on the output prediction. If a simplified
feature vector consists of all but one feature, we can learn about that features' total

effect (main effetplus feature interactions). The SHAP kernel is defined as follows:
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M-1)
(Mchoosg z|)| z|( M | Z])

P (2)= (212)

Where M represents the maximum simplified feature vector size|zhd

representthe number of featurggesenin instancez'. Lundberg and Lee show that

alinearregression with this kernel weight yields Shapley vajd8§[32].

The linear model g is trained by optimizing the following loss function L.:

L(f.a.p)=a [f(h(2)) -d 2" A 2 (213

21z
where Z represents the training data. The estimated coefficients of the model, the

are the Shapley values.

The main advantage of SHARs that SHAP has aolid theoretical foundatiom
game theory. If the prediction fairly distributedamong the feature values, then we

getcontrastive explanatiorthat compare the prediction with the average prediction.

The disadvan@es of SHAP are that firgt takes a long time to calculate the SHAP
values, so it is impractical to use it foanyinstances. The second disadvantage is that
it ignores the correlation between the input featutes could leadt to put emphasis
on unlikely data pointg32]. Thethird disadvantage is thathen the inputs havaany
featuresit can become very hard to distinguish between the featisieg thefeature

importance scores
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2.3.4 Partial Dependence Plot

The partial dependence plot (PDP) shows the effect of one or two features on the
output of a machine learning mof#]. A partial dependence plot can show the
relationship betweean input featurand the outputFor example, when applied to a
linear regression model, partial dependence plots always show a linear relationship

between the selected featsiead the outpu32].

The partial dependence function for regression is definfgR$s

E(x)=E[ &, )] FfOEX de 3 (2.14)

The x, represents théeaturesthat are being plotted in the PRIRAd x_ represerd

the rest of the input featuredsually, only one or two featurese plotted in the PDP
represented by the set Bhe feature(s) in S are thoaturesfor which we want to
know the effect on the predictioRDPis drawnby marginalizing the outpyiredictions
over the distribution of the features in set C so thapkbieonly shows the relationship
between thénput features in set S and tbeatput precttions This allows us to create

plots that are only dependent on the input features represented in tH8ZXet S

The partial functionfi(xs) is estimated bgalculating averages in the training data,

also known asheMonte Carlo methoB2]:

Fo=1a 16 %) @19

Where x. represents thefeatures which are marginalised over the out

predictionsnis the number ofecords in the dataset
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In classification problemgshepartial dependence plot displays the probabitifya
certain classAn easy way to deal with multiple classes is to draw one plot per class

[32].

One of the drawbacks of the PDP is that we can only tineofeatures per plot.
This means that for inputs withanyfeatureswe will have to create a large number
of PDP pbts. This means that PDP becamgtremely hardo understand for inputs
with a large number of features. The second major drawback is that thedéature
which the plots are being created are assunmdo be correlated to the rest of the
features. Ifthe features areorrelated,then the plot might contain points that are

unlikely[32].

2.3.5 Individual Conditional Expectation

ICE (Individual Conditional Expectation}6] plots areequivalent to PDHor
individual instances. An ICE pldtepicted inFigure2-13) visualises each individual
instance or prediction as a limmmpared to one line overall in PD®PDP (depicted

as the Yelbbw line inFigure2-13) is the average of dihes of an ICE plot.

Thevalues for a line on the ICE plot can be computed by keeping all other features
the samecreating variants of this instance by replacing the valgeserally from a

grid) and fetching the predictions for the new input from the black®2}

PDPs can show the average relationship between a feature andothed
predictiors. This only works well if the interactions between the features for which
the PDP is calcalted and the other features are weakh&tase of interactions, the

ICE plot will provide much more insigh82].
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Figure2-13: ICE plot of survival probability by Agfs2]

The advantage dhdividual conditional expectation curvesthat theyare more
intuitive to understath than partial dependence plas one line represents the
predictions for onénstance if we vary the feature of interest. They can also uncover

heterogeneous relationshjpslike PDPH32].

The disadvantage of ICE plots is thiay can only display one feature meaningfully
because plottinghe third dimensionrequires the use of tareedimensionalplot and
we would notbe able tadistinguish the features of the pldtultiple ICE plot for each
feature can be drawbut as the number of features increagdsecomes increasingly

difficult to understand

2.3.6 Interpretable Mimic Learning

Another approach to model induction is Interpbd¢ mimic learningd7]. The idea
behind this approacfdepicted inFigure 2-14) is to use knowledge distillation to
transfer the knowledge of the DNd anotherblackbox modelto a simpler more

interpretable model. This is done by training the student/mimic mode¢é@othlabels
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generated from the outputs of the parent/base matel.soft label, in contrast to a
hard labefrom the raw data, is a real value output of the teacher metieke values

are usually in the range [0,[47].

O s ) (O

Learning
Model Model Output

Input

Figure2-14: Interpretable Mimic Learning

The authors note that a shallow neural netvimrot as accurate as a Deep network
when trained orthe same training data. Howevére accuracy of the shallow neural
network trained on soft labels is similar or better than the deep modd!7]. The
authors suggest thdtis is becauseosne potential noise and error in the training data
(input features or labels) may affect the training efficacy of simple m¢4iélsThe
teacher model may eliminate some of these errors, thus making learning easier for the
student model. Soft labels from the teacher model are usually more informative than
the original lard label (i.e. 0/1 in classification tasks), which further improves the

student mod€l7].

The authors choose gradient boosting trees (GBT) as thenstmdelel. Gradient
boosting machinesre a method which trains an ensemble of weak learners to optimize
a differentiable loss function by sta@®g]. This is done to ensure that the student

model retains the accuracy of the original DNN.

We must note here that GBT is an ensemble of decision trees. This means that,

although it retains some of the interpretability of the decision,titeiesa much more
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complex to interpret-urthermoreijt becomes more complex to interpret as the size of

the DNN increases.

2.4 Hybrid Deep Learning and Fuzzy Logic Systems

Semantic representation of the predictisash as thaseof natural language seam
to be thebestway of generation explanatioi$6]. One way of generating these types
of explanations is to usé-Then rules which are intuitive tohumansand usually
require low effort to comprehend and apg]. However |F-Thenrules thause crisp
logic will struggle with variablethathavenoisyboundariessuch asncome, ageetc
Furthermore, explaining the prediction with just arThen rule does not give a full
picture about the decision asexample in cee of classification problems, there are
always pros and cons which humans weigh in their minds and take a decision
accordingly. Also, another major problewth crisp logicis the inability to understand
the modebehaviourin theneighbourhooaf the instance and how the prediction can

changef certain featurearechangedetc[1].

From the above discussiaoffering users ifthen rules that include linguistic labels
appears to be an approach that can facilitate the explainabilaymafdel. The Al
technique that satisfies these conditions is the fuzzy logic system (Hb%kver,
when tlere aremanyfeatures in thénput dataFLS can become opagas modelling
such data will require many rule$here are of course methods to mitigate th
problemusing methods such §48, 49] but they stil require feature selection to be

effective[1].
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A good way to mitigate the problems mentioned about e®tobine connectionist
and symbolic paradmgs[14, 50] i.e., combining high performance Al models such as

deep learningvith fuzzy logic systems. There are several advantagésstapproach.

1 Since fuzzy logic systems use linguisticTRen rulesit makes the system
inherently interpretable.

1 The system can be trained using both labelled and unlabelled data.

1 The systentan handle the uncertaintiederentin the datasince it uses fuzzy
logic.

1 Since the system is composedim@insparentules and membershipnctions,
which can be relatively easily changéidthere are any problems.

1 There is no need for feature esetion for inputs wittalarge number of features.

Combining multiple machine learning algorithms to solve problems has been an
active branch of Al research for several yef8, 51. Deep learning has been
combined with many Al algorithms such as random fojg8jsdecision trees[53]
etc including with FLSs. In the following sectionsve introduce some of the
techniques or method that have combined Deep learning with Fuzzyitogie

literature

2.4.1 FuzzyRestricted Boltzmann Machine

A Fuzzy Restricted Boltzmann Machine (FRB]8#] is a neural network where the
connection weights and bias of the network are fuzzy paess{depicted inFigure
2-15). The FRBMs can then be stacked to create a Deep NetWwbik method
provides several advantages oveRestricted Boltzmann Machine (RBM). First, the

FRBM is better than RBM in modelling probabilitiepecifically, the RBM is treated
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Figure2-15: Fuzzy Restricted Boltzmann machiise]

as a special case of FRBM when no uncertainty exists in the FRBM model. Second,
the FRBM model is more robust when compare@n RBM as it has the inherent
ability to models uncertainfyit will be more robust when encountering noisy data.
These advantages spring from the fuzzy extension of the connection weights and bias
of the neural network laye[84]. The Interval type2 versions of the FRBM have been
proposed in[55, 56] These advantagespring from the fuzzy extension of the
connection weights and bias of the neural network lajEts which are shown to

outperform the FRBM.

The main drawback of this systeand its IT2 versiongs that itdoes noenhance
the interpretability of the Deep Neural Network and only uses the uncertainty
modelling capabilities of the Fuzzy logiThis means that the weights and biases
cannot bedirectly used to gain insight intthe relative importance of the inputs or
underlying relationships between the inputs and the predicted o{f@lita dditional
tools such as the methodsdabed in Section®.10r 2.3have to be used to gain insight

into themodeland provide explanations for the predictions

2.4.2 Fuzzy Deep Neural Network

Fuzzy Deep Neural Network (FDNN$8] is a method where the neural network

representation and a fuzzy representation are trained at the samagtidepicted in
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Task-driven layer

Fusion DR layers

Fusion layer

Fuzzy Rule layer

Membership
Function laye

Input layer

Figure2-16: Fuzzy Deep Neural Netwoifk8]

Figure2-16, The outputs of these two representations are combined and become the
input for the next set of layers called the fusion layer. According to the authors, there
are several advantages to using Fuzzy Deep Neural Network, first, since a fuzzy
representationf the data is used the uncertainties in the d&geond, since the nodes

in the various layers interact with each other in uncertain Mlag$uzzy representation

will be able to account for these uncertainties. Third, since the parameters that represent
the relationship between nodes from adjacent layers are fuzzy numbers and the learning
process of the fuzzy representation is extenddtig¢ovider network, it results in an
improvement in the fitness of the joint probability distribution. Thiken combined

with the inherent advantages of Deep learning, the authors have shown that the FDNN

has superior performance when dealing with norsynzertain datasefS8].

The main drawback diDNN is thateven though the fuzzy layers are interpretable,
the neural network layers adifficult to interpret. So, when the output of the two

different layerss combinedthemodel becomes opaque. Further, siteeFDNN uses
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fusion layers the methods dested in Sectior?2.1 cannot be used to providen
explanation for the output§&o the method used in Sectio.3 have tobe used to
provide explanations fahe FDNN Hence,this methodcan only be used to enhance

the performance of Deepdrning and not its interpretability.

2.4.3 Fuzzy Deep Learning

Fuzzy Deep Learng (FDL) (depicted inFigure 2-17) is a model proposed by
Seonyeong Park and colleaguefo@). In their paper they propose a fdayer system
where the first layetalculates the membership grades of the inputs usimembeship
functions, the second layealculates the firing level of the rules usitige thorm
operation, the third layer computes linear regression functions by normalizing weights
and finally, the fourth layer provides the output by summing the outcomesiaro
to all fuzzy ifthen rules[59]. The main difference between thichaique and the
neurcefuzzy techniques is the use of the linear regression function in the third layer.
The authors show that this new method outperforms other traditional methods in

predicting tumour movement during radiotherp9).

Fuzzy Deep Learning
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Figure2-17: Fuzzy Deep Learninfp9]
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There are multiple drawbacks to this methedch as it can only based for
supervised learningand there is no mention of how the output is connected to the
inputs. So, there are improvements required before this method can be used for XAl

applications.

2.4.4 Takagi Sugeno Deep Fuzzy Network

The Takagi Sugeno Deep Fuzzy Network (TSDFMpicted inFigure2-18), was
proposed by Shreedh#&umar Rajurkar and Nishchal Kumar Verma j0]. The
authors explain their concepts using a tHegered TSDFN where the layers are input,
hidden and output. They propose that the number of nodes idtlenHayer may vary
based on the applications and each node in the hidden layer is a Takagi Sugeno Fuzzy
Logic System (TS ES). Furthermorethe output layer is a single node or multiple
nodes depending on the desired outpnt these nodes are also TSSFsystems. This

system is trained using a backpropagation algorithm.

O —

Output layer

Hidden T.ayer

[nput Layer

Figure2-18: Takagi Sugeno Deep Fuzzy Netwddl]
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The system exhibits some level of interpretahiliytsince multiple layers are used
we do notknow whatthe output of the hidden layermor input of the output layer
represents. Ano#r problem is thaof rule explosioni.e., the number of rules and
membership functions increases exponentiafythe number of features in the input
increasesWhich means that becomes difficult to interpret as the number of input
features increaseslence,there are improvements needed before this system can be

used for XAl applications.

2.4.5 Fuzzy Deep Belief Network

The Fuzzy Deep Belief Network (FDBNdlepicted inFigure2-19), was proposed
by Shusen Zhou and keagues ir[62]. The authors propose a system where they first
train a Deep Belief Network (DBN) using greedy layase pretraining [61]. Then

two membership functions are created based on the mapping results of the trained

Supervised

.

Minimize
Loss

Figure2-19: Fuzzy Deep Belief Networ}61]
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DBN. Once the membership functions &na@ned,they are used to activate the i

layer of the DBN.

The authors claim that this method pa®s comparable performance to other Al
algorithms[62]. The biggest drawback of this methodhatit does notntroduce any
interpretability to the Deep Belief Network it uses fuzzy inputs to improve the accuracy

of the DBN. Hence, this system cannot be used for XAl applications.

2.4.6 Active Fuzzy DeepBelief Network

Active learning is a machine learning technique that selects the most informative
samples for labelling and uses them as training [8&h Active FDBN combines
Active learning with FDBN systemf$2]. Where first the FDBN is trained using a
labelled dataset and all the unlabelled dataceDthe first FDBN is trainedhe
unlabelled data set is analysethd some of the unlabelled data is converted into
labelled data based on a set of crit§8i2]. After that, the FDBN is retrained using the
newlylabelled and the unlabelled data. The authors have shown that using this method
improves the performance of the FNBThis method has the same drawback as the

FDBN methodli.e. it is not interpretable hence cannot be used for XAl applications.

2.4.7 Pythagorean Fuzzy Deep Boltzmann Machine

The Pythagorean Fuzzy Deep Boltzmann Machine (PFDBM), was proposed by Yu
Jun Zheng and his colleagugl]. In this system, the weights in a Deep Boltzmann
Machine are replaced with Pythagorean Fuzzy Num[@sk representecby the

weightsin Figure2-20.

The authors claim that this algorithm provides competitive performance when

compared to other algorithms in the field of passenger profilihgThey put forth
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three reasons for usirigzzy logic in their model. Firstukzified neural networks can
handle inputs with fuzzy (labled) orincomplete featurel66], which are inevitable in
passenger profilerg54]. Second, fuzzy parameters can improve the representation
ability of DBM by supporting fuzzy probability distributi¢f7] over crosdayer units,

as the principle of incompatibility asserts that high precision is incompatible with high
complexity in dealing with complex systems, such as passenger proftéadly, the
parameter learning of fuzzy DBM has a larger spaceithanisp counterpart and thus

will be more helpful in utilizing the merits of deep learn|6d].

Figure2-20: Pythagorean Fuzzy Deep Boltzmann MachGtg

Mathematically the PDBM can be represented as follows, givea[ W, », W]

denote the fuzzy parameters of the PFDBM showirigure 2-20, the fuzzy energy

state{v, h,» ,h } of the model is defined as follows.

- L
E(v,h,» ,h )= -V W,hg T,h ) (2.16)
1=2
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This method has a major drawback in that it dazutilize the interpretability of
Fuzzy models and only tries to solve the uncertaintyirmec@mpleteness of the training
data.This means that the weights and biases cannot be directly used to gain insight into
therelative importance of the inputs or underlying relationships between the inputs and
the predicted outpu{s7]. Moreover,additional tools such as the methods described in
Sections2.1 or 2.3 have to be used to gain insight inteetmodel and provide
explanations for the predictionblence this methodcannot be usedsis for XAl

applicationsand itwill need further research to input interpretability into the algorithm

[1].

2.5 Summary

This chaptedefines andxplains the need for Explainable Ahdit also explains
the three main methods that are being explored to achieve Explainable Al, Deep

Explanations, Interpretable Models and Model induction.

It explains thathe methods used to achieve Deep Explanations, provide details
about all the input features that affect the output and that there is no structure to these
details. This might be usefit image recognitionbut in other problem) it might be

hard to distinguish the most important features.

It explores the variousxisting interpretable models such as decision trees, fuzzy
logic etc and explains how they have lower performance wtmnpared to their
opaque counterparts and that they can also become opaque for inputs with a large

number of features.
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It exploresthe various model induction methoutsthe literature and explains that
these methods are not suitable for use in regulgiplications as they are generally

achieved using surrogate models.

It suggests an alternative to the above methods, combinipgetietivepowerand
embedded feature selectiofthe Deep Learning models with the explainability of
Fuzzy Logic Systemst lexplores the various methods that have been used in the
literature to achieve this. It highlights that these methods have primarily focused on
increasing the performance of Deep learning by taking advantage of the uncertainty
modelling capability of fuzg logic while not enhancing the explainability of the

system

The next chapter willlescribe thé&uzzy Logic Systemm detail.
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Chapter 3. An Overview on Fuzzy Logic

Fuzzy Logic (FL) was first introduced by Lotfi Zadeh in his 1965 seminal paper
0 Fu z z y[68]S Batleh @escribeBuzzy sets as ¢éhnonbinary classification of
elements to classese., instead of classifying an elemeasfta set as either beiging

to a class or not, there is instead a degree of membership to thf@]ass

An example of notbinary classification might bgheight f there are three classes
that define the term heighthort, averagandtall. One way to clasBi people as tall
could be to say that anyone over 1.9 meters isHallvever,what about someone who
is 1.89 meters? Should this person be classified as average? This classification would
also change based on the context such as gender, age, letatlorthesesituations,
we use a noibinary classificatiorr fuzzy setso determine the degree of membership

to class rather than use true or false to determine the class.

Zadeh goes on to state that such imprecisely defined classes exist throughout the
real world and play aressentialpart in human reasoning and decisioaking

particularly when it comes to pattern recognition, communication and abstrgg8jon

Fuzzy sets and systems are now widely used in many industries and fields to solve
practical problems and are subjects of intense research by academics all over the world.
FurthermoreFuzzy rulebased systems, which are derived from fuzzy sets, have been

demonstrated as a powerful design methodo[88Y.

A rule-based fuzzy logic systerfFLS) processes its inputsonlinearly and an
essentiafacet of FLSs is modelling imprecise and uncertain data and representing it

with a set of ifthen rules to describe a given behaviour in huneadable formA
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Fuzzyrulehas t he structure pibFcpl T Edhttcedgnd, r uh e &k

andgi s cal | ecdnsaquest r ul e0 s

An exampleof afuzzyruleigil| F s er v i cfad is delicigus ©HEN @pnsd
hi gHé&ére the terms fAgoodo, ndel ilabelsands 06 and
these values can be hard to deiseveryone has different ideas about what a linguistic
label constitutesSo, we usduzzy setsand membership functions that describe them
to definethese linguistic labelsTwo main types of fuzzy setge used in this thesis,
type-1, and type2. Typel fuzzy set are described ayjembership functionthat are
totally certain whereas typ€ fuzzy sets are described by membership functioais
are themselves fuzzy. The latter can be used to quantify the different kinds of

uncertainties thatan occuf38].

A FLS that is describeéntirelyin terms of typel fuzzy sets is called a tyfieFLS,
whereas a FLS that is described using at least one2typezy set is called a tyge
FLS. Typel FLSs are unable to directly handle rule uncertainties because they use
typel fuzzy setghat are certain. Typ2 FLSs, on the other hand, can be used in
circumstances where it is difficult tetermine the exact membership functions of a

fuzzy sef38].

3.1 Uncertainty

Fuzzy logic has been designed to handle uncertainty in many forms. In general,
uncertainty comes in many guises and is independé¢héekind of fuzzy logic, or any

kind of methodlogy, one uses to handld70] [38].

Thefollowing are the sources of uncertainty that can occ&lLiB[38].
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1 Uncertainty about theeaning of the words used in the rules.

1 Uncertainty about the consequents used in the rules.

1 Uncertainty about themeasurements that activate the FLS.

1 Uncertainty about the datag., missingr unreliabledatg thatareused to

tunethe parameters of the FLS.

Uncertainty about theneaningof wordsmight arise becauseords mean different
things to different peoplg’1], which means that FL. must somehow use this uncertainty
when it computes with wordf38]. Typel FLS handles uncertainties about the
meaning of words by modelling teords as type. membership functions. Once type
1 membership furimons arechosen, all uncertainty associated with it disappisais
On the other hand, Tyge FLS handles uncertainties about the meaning of words by
modelling theuncertainties. Althogh thisis also totally preciset includes a footprint
of uncertainty that provides new degrees of freetiwah allows type2 FLS to handle

uncertainty in new waygs8].

Uncertainty about theonsequents arises becausmsequents are sometimes
obtained fromexperts by means of knowledge mining, or are extracted directly from
data Because experts do not all agree, a suofexpertsusually leads to a histogram
of possibilities for the consequent of rules. This type of uncertainty can be handled by

a type2 FLS[38].

Uncertainty in measurement can ocdue to noiseas measurements are usually
corrupted by noise, they can also occur due tolithigation of the measuringfor

example, sensor resolution) syst¢d8] [72]. Uncertainty in measuremegan be
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handledwithin the framework of a FLS byodellingthemas fuzzy sets (either tyge

or type2) [38].

Finally, a FLS contains many parameters whose values must be set before the FLS
is operational. Omof the ways to do this is to make use of a set of alataining set.
This set usually contains inpattput pairs and if these pair are generated from
measurementshen theycontain the same uncertainty as the measurements that trigger
an FLS [38]. This means that the FLS must be trained using unreliable data. This type

of uncertainty can be handled by using tZoELS[38].

3.2 Type-1 Fuzzy Logic Systems

A fuzzy logic system (FLS) can be defined as a nonlinear mapping of an input
feature vector into a scalar output. In a fuzzy logic system (depictédure3-1) the
crisp inputs in the data are first fuzzified into an input fuzzy set; singleton fuzzification
is commonly used as it simplifies the computation. Once the inputs are fuzzified, the
inference engine then activates the rule base using thefugayt sets and produces
the output fuzzy sets. In the final step, the output fuzzy sets produced in the previous

steps are converted into a crisp numlienisp numbes are real numbers with no

RULE BASE
»| FUZZIFIER DEFUZZIFIER F%
. Output

Crisp Input

INFERENCE
ENGINE

Figure3-1: Typel Fuzzy Logic Systeri88]
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uncertainty associated with them. These numbers are essential for engineering
applications, as an example in control systems. For example, the speed of a motor in
Rotations per minute, the temperature in Celstasare all examples of crisp number

and tley are needed as either inputs or outputs to the fuzzy logic siE9¢[88].

3.2.1 Linguistic Variables

Zadeh describes linguisticvam b | es as fAvariables whose
words or sentences in natural or artificial language. The motivation for the use of words
or sentences rather than numbers is that linguistic characterizations are, in general, less

specificthannumesia | ¢6Ble s . O

This means that numerical values can be classified under certain linguistic variables
and still retain its caextual meaning. Given we use classification rather than true or
false in fuzzy logic, a numerical value may be classified into two or more linguistic

labels, but with different degrees of membergB.

In fuzzy logic systems, a linguistic variable is fully chaesised by a quintuple (

u, X,U, g, m), whereu is the name of the variable is the set of linguistic terms of
the linguistic variablau. g is the syntactic rule for generating the linguistic terms, and
m is the rule that assigns the linguistic texh X its meaningm(x), is the fuzzy set

on U , thatis, m: X- F(U), whereF(U) denotes the set of fuzzy setslf. u is

generally referred to as the linguistic varia38].

We can use an example to illustrate: Let presquréd interpreted as a linguistic
variable. One might interpret this linguistic variable as the following termsgxpre)
= [weak, low, okay, strong, high] each term in the variablenperaturg is

characterised by a set in the universe of discaursg100 psi, 2300 psi]. We might
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4 Degree of membership

weak low okay strong high

» Pressure (psi)

100 300 1200 2300

Figure3-2: Membership Functions for Press(i38]

interpret weak pressure as below 300 psi, low pressure as between 300 psi and 1000
psi, okay pressure as pressure between 700 and 1500 psi, strong pressure as between

1300 and 2000 psi and high pressure as above 1700 psi.

These terms can be characterised as fuzzy sets wharebearship functions are
shown inFigure3-2. Measured pressurp)(values lie along the-axis. InFigure3-2,
a vertical line from any measured value intersects at most, two linguistic labels or
membership functions (see Membership Functions). For example, when p = 300 psi
pressure can be describedtbg linguistic labels weak and low, but to different degrees

of membershi38].

3.2.2 Membership Functions
Membership functions are functions that quantify the degree of membership of a
numerical value to a linguistic term. Membership functions have the mathematical

notation /m (x) [38].

The most common geometric shapes used for defining membership functions are
piecewise linear functions such as triangular or trapezoidal, Gaubsitshaped,

some of these arshown inFigure3-3. Membership functions can be defined using a
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Figure3-3: Types of Membership Function a) Triangular b) Trapezoidal c) Gaussian d) Singl
[69]

variety of methods. Membership functions are sometimes chosen by the user based on

their experience. The membership functions chosen this way vary quite drastically
depending on the user 6s etz Qteermethoddnellsle per s p
polling a set of people, clustering using methods such as fuzzy ¢ means clyggring

designed usingaiimisation procedurgg§4], etc

Triangular Membership Functions are defined using the following forfB8la

é(x- a)/(b -9 fa & Ix
m(x)= n{xahag :i(c A/(c b ifb x¢ c (3.1
1 0 if x>corx <a

Trapezoidal Membership functions are defined using the following forf88]a

é(x- a/(b -9 ifa & Ix

1 .
~ ] 1 ifb¢x d
)= AABED Ty gid 9| e x o 52
i 0 if x>dorx <a

Gaussian Membership functions are defined using the following fori@8ja
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& a(x- m) %
mX= gxm ¥ =expe s ™ 8 (33)
@ g 25 -

Greater resolution is achieved by using more linguistic terms or membership
functions. Membership functions are designed to overlap with each other. By doing
this, we are able to distribute our decisions over more than one input classhelpsh
to make FL systems robu&9]. Membership functions are generally scaled between
zero and unity, to ensure that the variables are normdé®d The choice of
member ship functions gener alHowevegwegann d s
use the partition theory pdorward in[75] to determine the type of MFs to use,
generally larger number of partitions indicatesre degrees of freedom which might

meanbetter performance.

3.2.3 Fuzzy Set Theoetic Operations

Fuzzy set theoretical operations, union, intersection and complement, are defined in

terms of their membership functiof88] (depicted inFigure3-4).

Let A and B be two subsets of X. Taeionof A and B, denoted by * 0, contains

all the elements in either A or B, i[88].

81 if xi AorxIi B

X) =] - - 3.4
Mce(X) to if xI Aand xi B (34

The intersectionof A and B denoted Z 0O, contains all the elements that are

simultaneously in A and B.e.[38].

gl if xI Aand xi B

M (X) =]

T N (3.5
i0 if xI AorxI| B

Let A denote the complement of A; it contains all the elemeaatsin A, i.e.[38],
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oo 102
From these facts, it is easy to show {88f:
AG B Y m.q(X) =max] (), 4] (37)
AEB Y Me(¥) =min[ 7(3, J03] (38)
AY m(®=1 - g(%) (3.9)

In fuzzy logic, union, intersection and complement are defined in terms of their
membership functions. Let fuzzy sets A and B be described by rtteximbership
functions* 5(0) and’ (). One definition of fuzzy union leads to the membership

function[38]:
”l(;B(X) =max[ 7(x), Jix)] (3.10

Moreover, one definition of the fuzzy intersection leads to the membership function

[38]:
M (X) =min[ 72(x), )] (311)

Fuzzy intersectiorcan also be defined as the product of the two membership

function aq38]:

M (X) = 79 X (312
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M (X)
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1 1 1
1 1 1
1 1 [
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0.5 0.707 0.5 0.707 1

Figure3-4: Fuzzy set theoretical operations a) Fuzzy sets A and B b) A union B c) A intersec
B complemeni{38]

Additionally, the membership function ¢fiefuzzy compliment i$38]:
m()=1 - g(x) (3.13)

3.2.4 Rules

Fuzzy logic systems armile-based systems. There are two main types of rule
structures that are used in Fudegic, one structure is attributed to Zagdahd the
other is attributed to Takagi and Sug¢88]. In either case, the &8 are expressed as
a collection of IFTHEN statements. The {part of the rule is itentecedentand the

THEN part of a rule is itsonsequent

Suppose a fuzzy logic system hpsnputsx, I X,,...,x, I X and one outpuyi Y

. Let us suppose it hadl rules, where thé™ Zadeh rule has the forf88]:

R':IFxisF and..., andx isf THENyisGd1,..., ! (3.14)
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This rule represents a fuzzy relation between the input space., X . and the

output spaceY of the fuzzy logic syster{88].

It is possible to cast 0MB8.Bxbuchireaamed r ul es

summarised in the below section

3.2.4.1 Incomplete IF rules

Suppose we have created a rule base where theng emeuts, where some of the

rules have only a subset m antecedent®.g.[38].
R:IFxisFand..., andx isf, THENYyis (3.15

Such rules are called incomplete IF rules and apply regardlegs,of.,x . They

can be put into the format of the complete IF rule by treating the unnamed antecedents

(€.9., X35, X,) @s elements of the fuzzy set@OMPLETE (IN for short) where, by
definition‘ -oie=1 for all N &, i.e.[38].
(IF xisFand,..., and x isk, THEN yis(®

U (IFxisFand,..., andx isE andx, isIN.. and x isIN THEN yis)

(3.16)

3.2.4.2 Mixed Rules

Not all rules use the fAandod conneseti ve; s
a mixture of both. The latter rules are calledxed rules These rules can be
decomposed into a collection of equivalent rules, using standard techniques from crisp

logic. Suppose, for example; we have the [88]:

IF (xisFand,...,and¥ isF) of ¥, isF,.... andx isfj, THENyis (3.17)
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This rule can be expressed as the following two 38k

R':IFxisEand..., andx isfF, THEN yisG

, _ _ _ (3.18)
R*:IFX,.,,isF,;and... andx isE, THEN yis

Observe that both rules are Incomplete IF rules.

3.2.4.3 Fuzzy Statement Rules

Some rules do not appear to have antecedents; they are statements involving fuzzy
sets. Hence, they are callegzzy statement ruleBor examplew " QiQOis such a rule.
Clearly, this is an extreme case of an incomplete IF rule, and can therefore be

formulated a$38]:

IFxisINand....and x isIN THEN yis (3.19

3.2.4.4 Comparative Rules

Some rules are comparatiweg.[38]
YQYE G o d@Io Q0 QQODia

Such rules must first be formatted intc THEN rules; thepreceding rule can be

expressed as follow38]:
0OQYYOODND.

Where S is a fuzzy set representamgaller, and B is a fuzzy set representinigger

[38].
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3.2.4.5 Unless Rules
Rul es are sometimes sthmatsdopusismghthel esn
unless rulesand can be put into the required format by using logical operators. For

example, the rulg38]:

yisGunlessx isFand angdx is (3.20
can be expressed (88]:
IFnot(x isk and.. andx isF), THENYyis (3.21)
3.2.4.6 Quantifier Rules
Rules sometimes include the quantifiers

guantifier rules. Because of the duality between propositional logic and set tuéesy

with the quantifier fAsomeo means that we
antecedents or consequents to which the i
guantifier fAall o mean we have to apply the

consequents to which the fAall o applies [59]

3.2.5 Fuzzifier
The fuzzier maps a crisp point=(X,...,%,) | Xinto a fuzzy setA in U. There are

two types of fuzzifiers: Singleton and Nemgleton[38].

A Singleton fuzzifier is one in whichn (x';) =1 and /m () =0 for x I X and

x , X\ [38]. Singldgon fuzzifier is the most commonly used fuzzifier.

A nonsingleton fuzzification in one in which measurement X' is mapped into

a fuzzy numbef38]. For which ;3 (x';) =1 and /m (x) decreases from unity &s
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moves away fromx', [38]. Nonsingleton fuzzifiers are used in instances where the

inputs are noisy or uncertain.

Conceptually, the nesingleton fuzzifier implies that the given input vatiflis the
most likely value to be the correct one from all the values in its immediate
neighbourhood; however, because the uncertainty in the input due to noise,
neighbouring pints are also likely to be the correct, but to a lesser d¢8@gd-igure

3-5illustrates singleton and nesingleton fuzzification.

a. b.

Figure3-5: a) Singleton Fuzzification b) Nesingleton Fuzzificatiofi76]

3.2.6 Fuzzy Inference Engine

In the fuzzy inference engine (which is labelled inference engirkégure 3-1),
fuzzy logic principles are used to interpret fuzzyTIHEN rules into a mapping
between the fuzzy input setsdnl  é xylto fuzzy output sets in Y. Each rule is
interpreted as a fuzzynplication (Mamdani implicatiof77] is used here). We treat

the fuzzy inference engine as a system, one that maps fuzzy set into fuf3g]sets

When Zadeh rules and Mamdani fuzzy system is,ubed the fuzzy inference can

be expressed as follo&3]:

M ¢ %Y =[T5 m(0] * 46y (322)
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In (3.22), TLm, (x) is called the firing strength of the rule. There are¢hwidely

used connectives to calculate firing streni

the minimum(3.23) or the product membership degrees can be (&2d) (t-norm)

[38]:
m. 5(x)* min[ 7(x), )] (323
m. s(X) = 72X X (3.24)
I f all the rule connectives are fA0Oro ther
used(3.25) (t-conorm)[38]:
m, 5()* max[ 7(x), )] (325

3.2.7 Defuzzifier

Defuzzification produces a crisp output for FLS from the fuzzy sets that are the
outputs of the inference engif88]. One criterion we use for the choice of a defuzzifier
is its computational simplicity. Since we use populatimased optimization to optimise
the FLS the FLS is called frequently during the optimisation process. This means that
complex defuzzification will lead to much more computational resources beidg use

Some defuzzification methods are as follows:

3.2.7.1 Centroid Defuzzifier
The centroid defuzzifier combines the output fuzzy sets using union ¢(cenatm,

e.g. maximum) anthen find the centroid of this sg@8]. i.e.,

N ]

a i, Yy [x)

Y. (X) =—

1 (3.26)
a ., My [x)
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Unfortunately, the centroid defuzzification is usually difficult amde-consuming

to compue as we havio first compute the union of the fuzzy sets.

3.2.7.2 Height Defuzzifier
The height defuzzifief78], also called the centre average defuzzifier, replaces each
rul e output fuzzy set with a singleton ha
consequent membership set, then calculating the centroid of thé sgiecomprised
of these singletons. The output of a height defuzzifier is givgB&js
a.ym1x)

Ya(X) =—5 |
a.,m x)

(3.27)

This is very easy to use because the centres of gravity of commonly used
membership functions are known aheddime. For example, regardless of whether

minimum or product inferends used, the centre of gravity 6ffor [69]:

1 A symmetric triangular consequent membership function is at the apex of the
triangle.

1 A Gaussian consequent membership function is at the centre value of the
Gaussian function.

1 A symmetric trapezoidal membership function is at the midpoint of its support.

3.2.7.3 CentreOf-Sets Defuzzifier

In centreof-sets defuzzificatiorf79], each rule consequent is replaced set by a
singleton located at its centroid, whose amplitude equals the firing level, and then the
centroid of the typd set comprised of these singletons. The expression of the output

of the Centreof-sets defuzzifiers given ag§38]:
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4" coGB)f(x _&,tt(»

. o (3.28)
a._fo a.f'Mm

Yeos(X) =

3.3 Type-2 Fuzzy Logic Systems

Type-1 fuzzy logic systems have limited capabilities in modelling and minimizing
uncertainties in the daf@9]. As discussed, uncertainty comes innmguises and is
independent of the kind of fuzzy system or methodology one uses to handle it. Two
important aspects of uncertainties are linguistic and random. The former is associated
with words, and the fact thatords can mean different things to diéfiet people and
the latter is associated with unpredictability. Probability theory is used to handle
random uncertainty, and fuzzy systems are used to handle linguistic uncertainty, and
sometimes FLSs can also be used to handle both kinds of uncetiatdyse a fuzzy

system may use noisy measurements or operate under random distuf@@jnces

Adding uncertainty to the type membership functions means that the membership
grade is no longer a crisp numbigiis its own set in the range [0, 1]. Calculatingaall
N (0 creates a thredimensional membership function, a typenembership function

that characterises a ty2efuzzy set.

3.3.1 General Type2 FuzzySets

Consider the transition from ordinary sets to fuzzy sets. When we cannot determine
the membership of arleanent in a set as 0 or 1, we use fuzzy setgpef 1 Similarly,
When the circumstances are so fuzzy, we have trouble determining the membership
grade even as a crisp number [0,1] we use fuzzy sets e2fygpeoncept that was first

introduced by Zadeim 1975[38].
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d. b. C.

Figure3-6: a) Typel Membership Function b) Blurred TyyieMembership Function c) Footprint
of Uncertainty[38]

A type-2 set can also be described as a typeizzy set where theegree of
membership is fuzzyFigure 3-6 a. shows a typd membership function, where the
membership is blurred by shifting the triangle onxkeis, but not necessarily by the
same amount, this would generdaure 3-6 b. This means that the degree of
membership is no longer a single value but is represented by a fuzzy set; whose degree

of membership takes on values wherevenréical line intersects the blurs.

Calculating allxi X creates a thredimensional membership function, a type

membership function that characterises a¥pezzy set[38].

A type-2 fuzzy set denotedf , is characterised by a tyy®emembership function

m(x,u), wherexi X andui J, 1[0,1], i.e.,[80]
F={(xd, m(x9)| "x IX b § [0 (3.29)
In which m (X, u)i [0,1]. F can also be expressed[a8, 80]

F= A AW/ (xy 1[0,1] (3.30)

X XuiJ,
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Where fj |denotes union ovell admissiblex andu [38]. An example oigeneral
type-2 fuzzy set is depicted ifrigure 3-7 (a) and (b) J. is called the primary

membership okin F . At each value of say x = x', the twedimensional (D) plane,

whose axes argand m (x',u), is called a vertical slice of . Itis m(x=x,u), for

x'[ Xand"uiJ, 1[0,1],i.e.,[38, 80]

mx=x,u) *mx) 4 L(W/u J [0]] (3.31)

ul J,.

Figure3-7: (a) Side view of a general tyy2fuzzy set, with three zLevels on the third dimension |
Tilted read/below view of the same set, indicating the position of the three zSlices. (c) Side view
same zSlices version in (a), with I=3. (d) Tilted reeldfw view of the same set, showing the zSlic
[80].
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Where0¢ f..(U) @, and m (X)) is referred to as a secondary 6],

3.3.2 zslicesBased General Type2 Fuzzy Sets

Recentlythere have beerseveral methasl that have been proposed tmiti the
complexity of general typ@ fuzzy logicsuch as an alpha plane based representation
presented ifi81] or geometric representation presente{B]. One of these methods

azSlices based representat{80], is presented in this section.

Yé Upper Membershup Function (UMF)
Lower Membershup Function (1

Uy

Zh
1- 2y
b
s Y
£ N T
e | £y
J'.!F{X]/ | 5
/ i Re ||z
; - Z;
’ | 1 1 “
£ 1 1 1 -
y = e e e = W21
// I | I I | by
| | 1 [ I Moz
0- : 1 1 L 1 1 \zﬂ
[z Iy ly=ry, 71 rz N To

Figure3-8: (a) Front view of a general tygieset F. (b) Third dimension at 6f a zSliceshased
type-2 fuzzy set withi=4 [80]

A zSlice is formed by slicing a general typduzzy set in the third dimermi (z)

at level Z . This slicing action will result in an interval set in the third dimension with
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height Z, . As such, a zSIice7:i is afuzzy set with its membership gradg , ,in the

third dimension equal t&Z , where0¢z @ Thus, the zSIiceZ~i can be written as

follows [80]:

Z = i %/ (% y) (3.32

A Xy il].r]
Where at each x valuédepicted inFigure3-8 (a)), zSlicing creates an interval set

with height Z and domainJ;,, which ranges fronf to I, as shown ifFigure3-8 (b),

1¢i d , wherel is the number of zSlices (excludifg ) and Z =i/ | [80].

A general type2 fuzzy setF can be seen as equivalent to an infinite collection of

zSlices In a discrete universd discourseF can be represented as follof@9):
~ )
F=47Z (3.33

The summation sign i(8.33) does not represent tlaithmeticaddition butdenote

the set theoretical operatiamion If the maximum operation is used to represent the

union operationwhenever au value is attached to more than ode values, the

maximum Z; is chosen and attached to the giveralue. Hence, thm(X') at x' of

the zSliceshased general tyg@fuzzy setF shown inFigure3-8 (b) can be expressed

as follows[80]:

m(x)=a a zl/y
ET Y (3_34)
=4 max7)/ u JC[0,1]

ui 3t
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WhereO¢i d . Itis worth noting that ak', /72(X’) is a typel fuzzy set.

3.3.3 Interval Type-2 Fuzzy Sets
There are many possible choices for secondary membership fundtibresn
fX(U):1 u Ux ﬂO,l] in equatia (3.31), thenthe secondary membership functions

are interval sets, and, ifig true for" x | X, we havean interval type2 membership
function which characterizesanterval type2 fuzzy set(IT2FS)[83]. An IT2 FS is
said to be maximally uncertain becawdkits secondary membership grades are the
same value. A general Ty2efuzzy set is said to be less uncertdian an IT2 FS

because its secondary grades are nohalsame.

Since all thesecondarymemberships of an interval ty@efuzzy set araunity, an
interval type2 fuzzy set is represented by its domain interval, which can be represented

by its left and right engboints[l,r] [83]. The two endpoints are associated with two

type-1 membership functionthat are referred to as upper and lower membership

functions which are bound by a footprint of uncertainty F{833]. The upper

membership function and lower membership function are representégs(xésand

m(x) respectively.

It has been argued that using typ&uzzy sets to represent the inputs and outputs of
FLS has many adntages when compared to the glp&uzzy sets; some of these

advantages are as folloy\&#]:

1 Asthe type2 fuzzy sets membership functions are fuzzy and contain a footprint
of uncertainty, then they can model and handle the linguistic and numerical

uncertainties associated with the inpartsl outputs of the FLS. Therefore, FLSs
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that are based on tyy#fuzzy sets will have the potential to produce a better
performance than the typel FLCs when dealing with uncertajB8¢s

Using type2 fuzzy sets to represetne FLS inputs and outputs will result in
the reduction of the FLS rule base when compared to usingltjyezy sets,

as the uncertainty represented in the footprint of uncertainty ir2ypzezy sets

lets us cover the same range astybezzy sets wh a smaller number of labels
and the rule reduction will be greater when the number of the FLS inputs
increase$38].

Each input and output will be represented by a large number ofltyfpezy

sets, which are embedded in the t@oizzy set$38]. The use of such a large
number of typel fuzzy sets to describe the input and output variables allows
for a detailed description of the analytical control surface as the addition of the
extra levels of classification give a much smoother controfaserand
response. In addition, according to Karnik and Mef&g| the type2 FLS can

be thought of as a collection of many different embedded 1ypeSs.

It has been shown if86] that the extra degrees of freedom provided by the
footprint of uncertainty enables a ty@d-LS to produce outputs that cannot be
achieved by typel FLSs with the same number of membership functions. It has
been shown that aype2 fuzzy set may give rise to an equivalent type
membership grade that is negative or larger than unity. Thus,-2 typ8 can
model more complex inptdutput relationships than its tyyiecounterpart and,

thus, can give better contna@sponse
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Crisp Input ' 1 :
——— | FUzZzZIFIER | ! i
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Figure3-9: Type-2 Fuzzy Logic System
3.3.4 Interval Type-2 Fuzzy Logic Systems
A Typical IT2FLS is depicted ifrigure3-9; it containsfive components: fuzzifier,
rule base, inference engine, tyReducer and a defuzzifier. The main difference
between an IT2FLS and a tyfieFLS is that the output fuzzy sets oétimference
engine have to be typReducerto output acrisp value Furthermorejt employs IT2

fuzzy sets in the input and output of the HBS].

The IT2FLS works in the following way: the crisp inputs in the data are first
fuzzified into an input interval typ2 fuzzy set; singletofuzzification is commonly
used in IT2FLS as it simplifies the computation. Once the inputs are fuzzified, the
inference engine then activates the rule base using the input interv@l typey sets
and produces the output interval typéuzzy sets. Thers no difference between the
rule base of a TIFLS and a tyReFLS except that the fuzzy sets are interval 4pe
fuzzy sets instead of typkfuzzy sets. In the final step, the output interval {@s®ets
produced in the previous steps are converted antisp number. There are two
methods for doing thjshe first method is the conventional tstep process where the
output type2 sets are converted into typeduced typel fuzzy sets followed by

defuzzification of the type reduced sets. The seconbades the direct defuzzification
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process which was introduced because of the computational complexity of the first

method[38].

3.3.5 Type-Reduction + Defuzzification

In engineering applications, it is desirable to get the output of a fuzzy logic system
as a crisp number. In tygeFLS this is achieved by defuzzification of the output type
1 fuzzy sets. For Interval tygefuzzy logic systemthere are two main methods for
achieving this. (a) Map the 1T2 fuzzy set directly to a number also called direct
defuzzification. (b) Map the IT2 fuzzy sets into typduzzy sets and then map them
into a numberType-Reduction + Defuafication [38]. In this sectiopwe describe one

the method that can be used for TYReduction + Defuzzificatian

Typereduction + defuzzification musteduce to defuzzification when the
uncertainties of a T2 FS disappe&onsguently, the typeeduction methods are
extensions of typ& defuzzification methodsand once a typeeduction method is
applied to IT2 FSthen itis relatively easy to apply the same to general-8/fpezzy
sets.The starting point for typeeductionis for IT2 FSs for which each weighted

average is apecial kind of interval weighted averd§8].
Given
x| X XX, I £2,...,N (3.35)
wiWiww, i%2..,N (3.36)

Where X ¢ Xand W ¢ W, and X,and Wrepresent sets of intervals. We can

computethe interval weighted average as follows.
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A" X
AWy (3:37

i=1 1

Yiwa =

Where Y, is completely defined by its twendpoints ¥, and Y.. Because

X;(i=1,..,n) appear only in the numeratdhe smallest anthrgest value of eaci,

is used to findy, (Y.),i.e.,[38]:

Yy, =, min w (3.38)

"wi[g.d] a W

y, = max a'zn—lhw (3.39

wiladl J 7w
Where the notions under min and max i{8.38) and (3.39) mean thati ranges

from 1 to n and eacM ranges fromC, and di [38].

It is well known thathe equations in(3.38) and(3.39) can be rewritten a®liows

[38].
‘e |_ d + N
y = a‘lzlLa1q ?-nt lﬁ-@ (3.40)
a izldi + a- £ 1+q
yr = a i:lhq + a- R 1+bq (341)

é irilc:I + anﬂ 1+q

Where L and R are switch points. There is no closed form solutionlfoand R
, henceto calculate Y, and Y, , iterative algorithms such asakhik Mendel(KM)

algorithm are used.
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3.3.5.1 Karnik-Mendel Algorithm

The KM Algorithm for computing), is as follow$38]:

Step 1:Initialize W by settingW =(G d)/2,i £2,..n

y'=y(w,...w) @ aw/ gw (3.42)
(S

i=1

Step 2:Find ki {1,2,.....n - such thatg, ¢ y' @9,

Step 3:SetW = q wheni ¢k, andW =G wheni 2 k 4, and then compute

K T
a,.,3d+ a,.,3¢
k

. s (343)
a i:1di + a k 1+Q

(K=

Step 4:Check if ¥ (K) = ¥'. If yes, stop and sef (K) = Y (D and callk L. If no, go

to Step 5.

Step 5:SetY' = ¥ (K) and go to Step 2.
The KM Algorithm for calculatingy, is as followdq38]:

Step 1:Initialize W, by settingW = (G #d)/2,i £2,..n

V= YW ) bW .n'a'lV.v (3.44)

i=1

Step 2:Find ki {1,2,....,n -13such thath< ¢y ¢b<+1

Step 3:SetW =G wheni ¢k, andW =0 wheni2 k 4, and then compute
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y (k=9 " R4 (3.45)
ac+ g, .d

Step 4:Check if ¥, (K) = Y'. If yes, stop and seY. (K) = ¥ (R and callk R. If no,

go to Step 5.
Step 5:SetY'= Y.(K) and go to Step 2.

3.3.5.2 Centre of Sets Type Reduction
The Centreof-Sets type reducti¢B9] is described in this section. Regardless of
which typereduction method is used, the tyeluced set is also an interval set and

has the following structur@8]:

Y =[ ¥ W] (3.46)

Recall that the COSlefuzzifier for a typel fuzzy systemreplaces each rule
consequent TES by a singleton located at its centroigth an amplitude equal to the

firing level.

Similarly, in the COS typeeducereach rule consequelii2 FS, G', by the support

of its centroid, [6(G), ¢(G)], and assigns a secondary MF 1/[f'(x), f' (x)] to

it, where[ f'(x), f'(X)] are the firing intervaifor the i rule[38]. Hence, from(3.40)

, (3.41) and(3.28) COS typereduction is as followE38]:

o n_AGE) T+ F'L6(8) H(®
M (X)_ . L i M i
a_f'x)+a, fl&)

(3.47)
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_aLa @)+ 8,08 f(%

y::os(x.) - R =i, . M i
a. )+ g, .t

(3.49)

Where ¢ (G') and ¢, (G) are the left and right endpoints of the centroid of the T2

consequentfi and ji are the upper and law firing levels of thei™ rule[38], and the

switch points L and R can be calculated using the KM algorithm (described in section

3.3.5.).

COS

Please note thab compute they ">(X)and Y-*°(X) one must first compute the

centroid of each ([c(8)e6&)]. Whickcarche dosecbyjusiegnt s et ,

the below equation88]:

_a.xmo+ §, L x ()

(&=
TUTTAL MmO AL o)

(3.49)

Al xmx)+ &, X7

a,me)+ g, 7o)

c (G) = (3.50)

Where, /12(X) and 71Z(X) are the upper and lower membership function of

the IT2 consequent set & , and, the switch points andR can be calculated using

the KM algorithm (described in sectioB.3.5.). The centroids only need to be

calculated once as these centraldsotdepend on the input to the fuzgystem.

Next, the intervals calculatadsing (3.47) and(3.48) are averag#to get the crisp

output

Y. = Y (X)+ ¥y (X) (3.51)

cos —
2
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3.3.6 Direct Defuzzification

The main motivation for direct defuzzification is to avoid the iterative computation
needed to perform the typeduction. Another motivation is to obtain a formula for

crisp output of the IT2FL#at can be used in some sort of mathematical anfB&jis

Nie Tanmethod[87], is formulated using the vertical slice representation of an IT2
FLS from (3.31). For an IT2 FLS, each vertical slice is an embedded1yfezzy set
that can be easily type reducddhe intuition behind the Nie Tan method is that the
computational overhead of type reduction can be retliefirst type reducing
individual vertical slices, befordefuzzifyingthe resulting type fuzzy seta obtain

the centroid of the IT2 FLEB7].

Consider an IT2 FLS that is represented by a collection of vertical Bicgs.e.,

Fl= f1/mx) /% (352

ul J,.

where j denotes thd'th vertical slice inequation(3.30).

Suppose the continuousrtical slice is discretized intd; points, then the centroid

of each vertical slice can be computed as foll{&Vv3:

nj

mx)=—a hx) (353

joi-1

For IT2 FS, the average of a vertical slice that comprikediscrete points is the

mean of the upper and lower membership functj8rk

) =§(_ﬁ(n<,-) () (3.54)
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Similarly, the combined firesbutput set B can bedefuzzified by computing the

centreof gravity of the average of its lower and upper N#gj, i.e.,

(3.55)

«« N
: el _ 0 A, %myl x)+ gyl x)]
Yur(X) = COGLTm( ol %) gty 9] § S =B A4
| Yy a . [mylx)+zlyl x)]
The procedure for computing the crisp output of the IT2FLS using the Nie Tan

method is as followg37].

1. Interval type2 fuzzy consequent sets are reduced to the crisp output using
equation(3.55).

2. Thefiring set for each rule is then obtained using the meet operation as per
normal.

3. An IT2 FS representing the output of the fuzzy inference engine is constructed
using the extended sub start composition. Then the crisp output is calculated

using the equatio(3.55).

Mendel and Liu[88] prove that yNT(x') (3.55) is a first-order Taylor series

approximation of the actualefuzified value of B when using the centroid type
reduction + defuzzificatiofi38]. This means that the Nie Tan direct defuzzification
method gives a close approximation of the centroid-tgpdection+ defuzzification.

In addition, we can see that this direct defuzzification depends on only the upper and
lower firing levels and so we do not have to perform complex iterative computations.
In addition, when all IT2 MF uncertainties disappedi3ib5), it reduce to the correct
type-1 defuzzification formulaHence, n this thesiswe use Nigtan defuzzification for

all the regression datasets.
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3.4 FuzzyRule-Based ClassificationSystems

Classification problems involve assigning an input vedtor.., X, to a classC,

from a predefined set of classés=C,...,G,. In fuzzy rulebased classification

systems (FRBCS) these inputs are mapped to the output using rules. The fuzzy rule in

the FRBCS can be written as folloyd9].

RuleR: If xisA and.. andx igA thenyisClassC with(3.56)

Where X, ..., X, represents the input vectoé}f represents the linguistic label for

the antecedent pattefrand CF; is the rule weight.

3.4.1 Scaled Support and $aled Confidence

In FRBCS where the rules are generated from data and not from expert knowledge
many of the rules of the FRBCS system will have the same antecedents but the

conflicting consequen{89], to resolve this conflictwo measures are generally used.

1 Confidence:lt is the conditional probability that, if the antecedents are true,
then the consequent is tr[89].

1 Supportit is a measure of how general a given rule is and can be considered to
be the probability of occurrence of records with given antecedents and

consequent in a particular data $80].

The confidence and support measure can cause problems in sleasets,.e., in
datasetswhere the number of training records for one class vastly outnumber the
number of training records for the other classes. To overcome these prdbbahes!

Confidence and Scaled Supp[@1] are used in this thesis.
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To calculate the scaled confidence and suppaffirst need to calculate the scaled
firing strength of the rules. The scaled firing strength is calculated by dividing the firing
strength of a rule isalculated by dividing the firing strength of the rule by the sum of
firing strength of all the rules #thave differehantecedents but the same consequent.

The upper and lower scaled firing strergghe calculated using the following formulas.

— _
fs = 7 (357)
jl Class,
fl
- T
fs* "5 7 (359)
jiclass,

Where Wand f_Jt represent the upper and lower firing levels of the rules.

4 fitand g f" represent the sum of firing strength of all the rules that have
a a
ji Class, jl Class,

Clasg, as their consequent.

The scaled confidendd, - C,)for rules where the clads, is the consequent class

for the antecedentét1 (where there arél conflicting rules with the same antecedents

and conflicting consequents) could be wnttes followq89]:

8 f'(x)

C(A - C)=x==t (359
A a . fs"(x)
a (%)

c(A- C)=x=2= (3.60)

a1, fs"(x)
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Here The scaled confidence can be viewed as measuring the vali(lﬁ;y-ofcq)

[89].

The scaled support for the same can be written as fo[B&ys

& f'(x)

=( A - =xsl ClassG,

S(A- G) - (3.61)
a f'(x)

S(A- Q=== (362

Here the support can be viewed as measuring the coverage of training patterns by

(A,- C,)I89l.

These two values can then be used to calculate the scaled dominance or the weights

of the rules using the below formulg@9].
d(A- G)=UA - QXA- Q (363)
d(A- G)="A - QEA- Q (364)

3.4.2 Calculate Output Class
To determinethe output of theFRBCS the relative importance of each of the
possible output classes hase calculatedand the class with the highest importance

score is the output class for an input vector.

To calculate the importance of each output consequent or class. Thengjoever
importance score for each of the output classes is calculated using the below formulae

[89].
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&, 107 dA- G

Zclasg( X) = — =
Max;,(f'()* d A- Q)

(3.65)

a jihf_j(xp)*g( Aﬁ } Cq)

Zclasg( )E):Maxjih(f_j(f)*g(%- %)

(3.66)

WhereF(xp) and f_j(xp) represent the upper and loweing levels fortherule j

for input (x), Max;,(f/0€)* d A- Q) and Max,(f'(*)* d A- Q)
represent the maximum product of the upper or lower firing level and the upper or

lower weight for the rds.

Finally, the upper and lower importance sswéthe output classes are averaged
using(3.67) to get the class importance score.

_ Zclasg( X)+ Zclasg %

Zclasg( X) 5 (3.67)

The class with the highe€€las§will be the class predicted for the input vects)

3.4.3 Similarity Metric

In case the incoming input vectpf’) does not tgger any of the existing rules, we

need to decide the output class for the input. The first step in this process is to build all

possiblefrom the given input vectpusing the matched fuzzy s¢82].
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Figure3-10: An Example to lllustrate Similarity Metric

Suppose we have a classification problem with two inplutand X, , and thathe
input vector(X") will match the fuzzy sets as shownRigure3-10. Thenfrom Figure
3-10, we cargenerate foudifferent rules R ={ Small Mediur, R, ={ Small Large

, R, ={Medium Mediufr and R,={Medium Large. Each rule will have m

associated firing strength but no consequent.

To find the consequent of these rules need to findhe rule thats closestto each
of the generated ruletn order to do this, we calculatesanilarity measure between

each of the generated rules and each ofXtmeles stored in the rule badeet the
linguistic  labels that fit the input vector (X") be written as
Vinputr =( inputLr? \/inpuar,--,\/.nputnr) wherer is the index of the™ generated rule. Let the

linguistic label corresponding tawpgiven rule in the rule badee V; = (le, ViV )

. Then the similarity of the rule cam lsalculated using the beld®0]:

P : — é‘ Vinputlr - le 6
Similarity, . ; =gl —v |8
R 96 ; o (3.69)
V. -V v \t
* _ input2r j2 - * E; nputnr jn
E;él V, @ G { vn ‘
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Where V...,V represents the number of linguistic labels representing each

variable. Each rulen the rule base will have a similarity value associated with each of
the r generatd rules. For each of the generated ruleis similarity value is used to

choose the consequent or output c[89%.

To predict the outputlass. The upper and lower importance score for each of the

output classes is calculated using the below form@@le

&, 10 dA- G

Zclasg( X) = — -
Max;,(F'()* d A- Q)

(3.69)

a jihf_j(xp)*g( A- Cq)

Zclasg( *):Maxjih(f_j()@)*g AT Q)

(3.70)

Where F(xp) and f_j(xp)represent the upper and lower firing levefghe most

similar rule in the rule basand a(A4 - C)andd(A - GC) represent thepper and

lower scaledlominance of the most similar rulethe rule base.

Finally, the upper and lower importance score is used to calculate the total

importance score of the class.

¢ = Zclasg( X)+ Zclasg %

Zclass,
2

(3.71)

The class with the highe&Class, will be the class associated with the input vector

("),
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3.5 Design Methods for Fuzzy Logic Systems

This section describdasvo design methods that can be used to create fuzzy logic

systemausing examples.

3.5.1 Wang Mendel Method

Wang and Mendel developed a wietlown method for developing fuzzy systems
from examples, combining both expert knowledge and numerical data ex4d@djles
They proposed a fotstep generalised method for constructing fuzzy systems by
generating rules from examples. This method leads to a fuzzy system with the number
of rules smaller than the number of training data painsl it is widely used as it is

simple to implemen{38].

Given a set of desired inpautput data pairf38]:

(%7671 Y9), (4%, 67 7)., O 8 ) (372

Wherewand a» are inputs andois an output. This simple two inpohe output
example is used to explain the intricacies of the Wang Mendel method; extending this
to a multi inputmulti output system is straightforwardhe Wang and Mendel

approach consists of the following five st¢f83]:

Step 1i Divide the input and output spaces into fuzzy regions.

Let the domain interval¥;, %, : ¥; be represented 0y, X1, [%, %], and[Y ', ¥ ]

respectivelayn wmere vi@id@omof a variabl e mean
most probably be present in this interval (the value of the variable can lie outside the

interval). Divide each domain interval into 2N + 1 regions (N can be different for
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different variablesand the lengths of these regions can be equal or unequal), denoted
by SN (Snmall I( SNpal 1é€,1), CE (Centre), Bl (Big

each region a fuzzy membership functje8].

0.0 X

m(x;)

S3 S2 S1 CE B1 B2 B3
1.0

0.0 X
X3 x(%) x(%) x5 2

(b)

0.0 v
y- vy y@ y+

(c)

Figure3-11: Division of Domain Interval§93]

Figure 3-11 shows an example where the domain interval for the vari&bles

divided into five regions (N = 2), the domain region for the variablés divided into

seven regions (N = 3), and the domain interval of the ouypus divided into five
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regions (N = 2). The shape of each membership function in this example is triangular;
with one vertex at the centre of the region that has a degree of membership 1; the other
two vertices lie at the centres of the two neighbouringnsg respectively, and have

a degree of membership zero. Of course, other divisions and other shapes of

membership functions are possif88].

Step 2i Generate fuzzy rules from given data pairs.

First, determine the degree of membership for thergiinput X", X" : y* in
different regions. For examplegl(l) in Figure3-11, has degree 0.8 in B1, degree 0.2

in B2 and zero degrees in all other regions. Similamgl/),in Figure3-11, has degree 1

in CE, and zero degrees in all other regif@§.

Second, assign a givaq(l) , Xél) and y”’ to the region witlthe maximum degree

of membership. For exampleﬁl(l)in Figure 3-11, is assigned to be B1, anxﬁl) is

assigned to be CPR3].
Finally, we obtain one rule from the one pair of desired hopput datae.g.[93].

(X, X, yP Y [ X9(0.8in BL, max),%" (0.7in S1, max

(373
y®(0.9in CE, max)]
IF x1 is B1 and xis S1, THENGis CE[93].
) (@ DV [0 G i 2) (1i |
(X2, X2; ¥ ¥ [ X2(0.6 in BL, max),X” (1inCE, max (374)

y®(0.7in B1, max)]

IF x1is B1 and xis CE, THEN y is CH93].
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The rules generated in this way are fiando

IF part must be met simultamesly for the result of the THEN part to oc¢88].
Step 3i Assign a degree to each rule

After generating the rules using the method in Step 2, it is highly likely that there
will be some conflicting rules, i.e., rules that have the same antecédéntslifferent
consequent. One way to resolve this conflict is to assign a degree to each rule generated
from data pairs and pick the rule with the maximum degree from this group. In this
way, not only is the conflict resolved, but the number of ruleslse greatly reduced

[93].

We use the following product strategy to assign a degree to each rule: for the rule:
AldrisAandwisB, THENwi s CO0 the degree of this rul e

defined ag93]:

D(Rulg=m(x ra( ¥ nt » (3.75)

As examples, Rule 1 has degféa]
D(Rulet)= g, (x) (¥ m( ) (3.76)
=0.8x0.7x0.9=0.504
(seeFigure3-11) and Rule 2 has degr{gs]

D(Rule2)= g, (x) (¥ m( ) (3.77)

=0.6x1.0x0.7=0.42
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In practice, we often have some prioramrhation about the data pair. For example,
if we let an expert check given data pairs, the expert may suggest that some are very
useful and crucial, but others are very unlikely and may be caused just by measurement
errors. Therefore, we can assign a dedgoeeach data pair that represents our belief of
its usefulness. In this sense, the data pairs constitute a fuzzy set, i.e. the fuzzy set is
defined as the useful measurements; a data pair belongs to this set to a degree assigned

by a human expe[93].

Suppose the data p@cfl), Xél) : y“)) has degree fH, then we redefine the degree of

Rule 1 ag§93].

D(Rulel)=m, () ra( ¥ m( y M (3.78)

i.e., the degree of a rule is defined as the product of the degrees of its components
and the degree of the data pair that generates this rule. This is imponpaadtinal
applications because real numerical data have different reliabilities, e.g., some real data
can be very bad (fAwild datao). For good
data, we assign lower degrees. In this way, human experience abdataie used in
a common base as other information. If one emphasises objectivity and does not want
a human to judge the numerical data, our strategy still works by setting all the degrees

of the data pairs equal to un{§3].
Step 4i Create a combimkfuzzy rule base

The form of a fuzzy rule base is illustratedrigure3-12. We will fill the boxes of
the base with fuzzy rules according to thBolwing strategy: a combined fuzzy rule

base is assigned rules from either those generated from the numerical or linguistic rules
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B3

B2

Bl

S1

S2

S3

S2 S1 CE Bl B2

Figure3-12: The form of a Fuzzy Rule Ba§e3].

(we assume that a linguistic rule also has a degree that is assigned by the human expert
and reflect the experts belief ofettimportance of the rule); if there is more than one
rule in one box of the fuzzy rule base, use the rule that has maxmambership

degree.

In this way both numerical and linguistic information is codified into a common
frameworkit he combine fuzzy rul e base. I f a | i
only one box of the fuzzy rule base; but ,
for which the THEN part follows if any condition of the IF part is satisfied), it fills all
the boxes in the rows or columns corresponding to the regions of the IF part. For

example, suppose we have the linguistic rule:

AlcksSlorwisCE, THENwi s B20 for t heFighre3zlZzy r ul e

then we fill the seven boxes in the column of S1 and the five boxes in the row of CE
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with B2. The degree of all the B206s in thes

[93].
Step 5i Determine a mapping based on the combined fuzzy rule base.

We use the following defuzzification strategy to determine the output confool
given inputs (@, @): first, for given inputga, 6»), we combine the antecedents of the
i'" fuzzy rule using product operation to determine the degreég, of the output

control corresponding t(a, 63), i.e.[93],
my=m O m( ¥ (379

Wherel enotes the output region of Rilend | 'J denotes the input region of Rule

i for thej™" component, e.g., Rule 1 givi@s3].

Me = My (%) My( %) (3.80)

Then we use the following centroid defuzzification formula to determine the output

[93].
5 K
Y=—F« (3.81)

Where ¥2denotes the centre value of regioi®(the centre of a fuzzy region is
defined as the point that has the smallest absolute value among all the points which the
membership function for this region has membershipesequal to one), arlis the

number of fuzzy rules in the combined fuzzy rule Hasg
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3.5.2 Enhanced WangMendel Method

Wang[94] introducedthreerule extraction methods that are variations of the WM
method described in the previous section. The variations are used to solve different

problemsfor different purposef38].

Thefirst method is used to extract specific rules which target a spesgicn and

rules with different resolutions with flexible choices of the MB8]. Specifically,

given M input variablesX;, .-, X, ) selected fron{X,-.., X, ) fall into the fuzzy region
characterizethyfi | XyisAjand, é%,isafd where the member shij

for the fuzzy setd),,.., A, are giventhe problem is to determine the fuzzy &tin

the fuzzy IFTHEN rule[94]:

IF x,isA and..and ) isA, THEN yis (3.82)
Step 1:For each inpubutput pair (X";¥") ,p = 1,2, é, N, compute.
Jiq
wP =0 m, (% (3.83
j=1

Where Aj are the fuzzy sets i(83.82). If 3 ':zlwp =0, then no rule in the form

3.82) will be generated; the method stops. Otherwise, viévas a weight oiyp and
(3.82 g p g

compute the weighted average

a prp
av=>2 (3.89)
aw’

p=1
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Step 2: A fuzzy IFTHEN rule in the form of(3.82) is generated with $B$

determined according to the following two cases.

Case 1: Among th& fuzzy setsB',...,B‘ defined in the output spadR, find the

B’ such that

m.(av)2 m(ay (3.85)

For j=1,2,..K . The B is chosen a8/ .

Case 2: Compute the weighted Avarianceo
N
aly’-aviw
s= (3.86)
aw
p=1

And the fuzzy setB is the fuzzy set witlriangularmembership functian

m(y)= Ky av ¥ (3.87)

Step 3 Compute the degree of confidence(doc) of the rule generated in Step 2.

Specifically, in Case 1 the doc is defined as

g a S 0 (ay
oc= (a (3.89)
% max’;\)l,qzl |yp_ yq | géj
¢
And in Case 2 it is defined as
doc=1 s (3.89)

max’;,qzl |yp_ yq |
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The second methazhn be usetb extrapolatehe rules over regions not covered by

the dataThe details of the method are detailed bel@4y.

Step 1:For each extrapolating rule, determine how many neighbours it has from the
set of datagenerated rules. Find the group of extrapolating rules that have the

maximum number of such neighbours and call this group thegmoayp.

Step 2:For each rule in the ax-group, compute

b
q y.doc dis
=% (3.90
q doc dis
r=1
Wherel is the inax of the ruleb is the number of neighbours this rule has from

the datagenerated rulesy, and doc is the distance between the inpentreof this

rules and itsieighbourrule r . The extrapolating rules in thisax groupare generated

as
IF x,is A, and.. and x isA, THEN yis (3.91)

Where A'j are fuzzy sets corresponding to the entry of the extrapolating rule in the

rule table, andB' is a triangular fuzzy set} (Y) = ¥ Y., '3 with Y, given in(3.90)

ands' computed as

b
aly:- y.ldoc
s'=rl (3.92)
q doc

r=1

Step 3:Compute the degree of confidence of the extrapolating319é) as
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S
ma){,tq |yé< - yct: |

doc =1 (3.93

Wherek,t run over all the neighbour rules are the (3.90) and(3.92).

Step 4:View the extrapolating rules generated in Step 2 as the same of the data
generated rules and go to Step 1 to repeat the process until all the extrapolating rules
are generated. The extrapolating rules plus thegkxtarated rules form a complete

fuzzy rde set.

3.6 Summary

This chapterprovided an overview of th€uzzy Logic Systemexplaining the
different stages from the crisp input, to fuzzification, rule infererle various

defuzzification methods and the crisp output.

This chaptedescribe the Typel and Type2 Fuzzy setandpresentedhe many
advantages of using tygefuzzy sets to represent the inputs and ouipiutise FLS It
went on the describe the difference between the lyaed type2 FLS and explained
the additional steps required, suchtgpereduction.It thendescribed the Fuzayle-
basedtlassification systems built using scateshfidence and suppethat are required

in cases where the classification data is skewed

It also explained the similarity metribat allows the FLS to generate output in no
rules fired situations that might be caused because «fhitit rules and smatlle-

basethat are used to preserve the interpretability of the FLS.

The next chapter gives an overview of the optimisation dlgos
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Chapter 4. An Overview of Selected Optimization

Algorithms

Optimisation isaprocess P which a large number of feasible solutidos problem
are systematically examined until we find the best solution. An objectifigness
functionis used to determine the goodness or fithess of the soluindsbjectives

are often cost, distand@mne and other such factors.

We use stochastic search principles (where randomness is introduced into the
algorithms so that a given input can produce different outputs depending on the system
variables) to all the optimization algorithms to find globaijtimal solutions more

reliably [69].
4.1 Big Bang Big Crunch (BB-BC)

Big Bang Big Crunch methd®5] is based on the idea that randomness can be seen
as energy dissipating into the environment while convergence to an optimal point can
be seen as gravitational attraction. 3&a@deas are used as the basis forEEB
algorithm where randomness is used to create totally new candidate solutions by
creating disorder and convergence is used to pick the optimal solutions from this

disorder.

BB-BC is similar to a Genetic Algorithri®5] in that both of these methods use
randomness to generate their initial population. The creation of the initial population is
referred to as the Big Bang Phase where the candidate solutions are spread uniformly

across the solution space (depicte&igure4-1)



96

o w
¥y} L i =

=]

1.5

0.5

Figure4-1: 2D depiction of the initial population of candidate solutions irBB algorithm

The population size is generally kept fixed throughout the optimization process.
However, the population size can be increased or decreased agpendhe fitness

of the solutions or the number of iterations.

The Big bang phase is followed by a Big Crunclaggh The Big Crunch phase is
represented by a convergence operator which reduces the number of solutions to one,
which is termed as the centre of mass. The centre of mass can be calculated using the

following formula.

Q-

{1l
.y

I

(4.1)

<
1

!
=

IS

Where X represents the individual candidate squtiJn,is the fitness of the™

solution and is the population size of the Big Bang Phase.

After the Big Crunch phase, the algorithm will create a new generation of candidates
to be usd in the next iteration. There are various ways to achieveth@ssimplest

way to do this is t@enerate a new generation randondliiis method has no benefits
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as the knowledge gained in the previous step is lost. TRBGRBIgorithm retains the
knowledge from each generation by generating the new generation of candidate
solutions around the optimal point or centre of mass that was discovered in the previous
step. This is achieved by generating the new candidates using a normal distribution
operation arond the centre of mass and also by reducing the standard deviation of the
normal distribution function as the number iterations incref@&¢depicted inFigure

4-2)

Figure4-2: 2D depiction of the candidate solutions in the second Big Bang PhaseBCBB
algorithm

After the second Big Bang phase, the centre of mass is recalculated using the new
candidate solutions. This process Big Bang followed by Big Cruncghs repeated
until the stopping criteria are mdthe knowledge gained in each Big Crumttase is
transmitted to the next Big Bang Phasethe form ofthe centre of mass and the

standad deviationof thecandidate solutions

As the number of iterations increases the standard deviation becomes smaller and
smaller eventually reaching zero as the number of iterations reaches infinity. Thus, the

new generation candidatesho will be locatel far from the centre of mass livbe
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selected witldecreasing probability thus potentially moving the centre of mass towards
itself if it has higher fithess value than the remaining candidate soly&hsThus

ensuring the global convergence property ofBBeBC algorithm[95].
A summary of the BBBC algorithmis presented beloWd5]:

1 The initial generation of candidatess randomly generated while respecting
the limits of the search space.
1 Calculate the fitness of all the candidate solutgerserated in the previous
step.
1 Find the centre of mass using equaiid) or thebestfit individual among
the candidate solutions is chosen.
1 Calculate themew generation of candidate solutions around the centre of mass

chosen in the previous step using the below equation.

Xnew = Xc -% (42)

Initialise Population of -
[ Individuals (size N) ]——[ Evaluate Individuals ]
Locate Best
Individual

Generate Population by
mutating the Best
Individual

[ Evaluate Individuals ]

St i
Individual Individual

Met?

Figure4-3: Flow Chart for the Big Bang Big Crunch Algorithm
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where X; is the centre of mass,is the upper limit of the search spacés the

random number generated ands the number of iterations completed.

1 Return to step 2 if the stopping criteagenot met.

4.1.1 Implementation of the Big BangBig Crunch Algorithm

The flow chart for the BEBBC algorithm is show ifrigure4-3, and the pseudocode

is presenteth Figure4-4.

k=1 // Iteration count
Loop (until stopping criteria) {
Fori=1to number of individuals
For j=1 to dimensions
Xig = Pi-yya+ Ir/k //ris a random number, | is upper limit
Next j
If (Evaluate(Xi) > Evaluate(Py-1))) {

Pi=X //Piis best in current iteration
}
Next i
Pi-1) = Pi //Pii-1) best overall
k=k+1

Figure4-4: Pseudocode for the BBC algorithm

4.2 Genetic Algorithms

Genetic Algorithms ardased on the theory of evolutioie., the population of
individuals evolves ovetime to adapt to a given environment. This means that
individuals that are more suitable to the environment are more likely to survive and

reproducd96].

Genetic Algorithmis aniterative procedure that is implemented in the following

way:
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An initial population of individuals or chromosomes is generated either randomly
or by using some method to embed prior knowledge into the population. Included prior

knowledge is known to improve the rate of convergence of the genetic algorithm.

A fitness function is used to evaluate or determine the fitness of all the indssidual
in the population. The fitness function is designed based on the objectives of the

optimisation process.

Then a new generation of individuals is generated by first selecting certain
individuals from the population (usually depends on the fitness of the individual), and
then the next generation of individuals are generated. The next genegatieni
evaluated for fithesand if the stopping criteria are met, we stop the evaludiise,
these individuals are used to produce the next generatiorf of s p Thismprgogss

is repeated until the stopping criteagemet.

4.2.1 Genetic Operators

4.2.1.1 Selection

In genetic algorithms, selecting the individual or chromosome that will produce the
next generation of individuals is crucial. The selection process is geneogtyrfional
to the fitness of the individuals. There are many methods that are commonly used to
accomplish this, Fitness proportional selection and Tournament selection are the most

popular methodfg9, 97, 98]

1 Fitness Proportional Selection: In this methib probability that a particular

individual i is selected depends on the following equation
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p=r5 (4.3)

Where f represents the fitness of a particular individual. Therefore the

probability of an individual being selected is proportional to their fitfi2ks
Hence, the selection process involves randomly gengratinumber and
selecting individuals based on their fitness proportion and its correlation to the
random number.

1 Tournament Selection: The most common way in which tournament selection
takes place is by randomly selectikgndividuals from the populatigrand

the fittest individual from tesek individuals is selectef1].

4.2.1.2 Crossover
Crossover is the process in which the chromosomes of two individuals are merged
by cutting the chromosomes at some chosen pfti{s The most common crossover

techniques are below.

Crossover Point

ENEEEEEEEEN|EEEEEE

HEREN

Figure4-5:; Single Point Crossové69]

1 Single Point Crossover: In this method, a single point is chosen for the
crossover point. The chromosome after the chosen point is swapped between
the two parent chromosomes tageate the new individuals. The single point

crossover is illustrated iRigure4-5.
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Crossover Point Crossover Point

EEEEEEEEEEE[EEEEEEEEE)
1T

Figure4-6: Multi-Point Crossove69]

1 Multi-Point Crossover: In this method points are chosen for treossover
points. The sections of the chromosomes betweentbhosen points are
swapped between the chromosomes of the two parents to create the new

individuals. This process is illustratedrigure4-6.

4.2.1.3 Mutation

Mutation allows undirected jumps within the search sp@@f Mutation is used to
maintain the genetic diversity of the populatiand it is designed tacour very rarely
with a probability that is set to below %0 The mutation operator is generally
interpreted as flipping a bit or generating a randonfiil. In the case ofrealvalued
formulations, mutation is generally interpreted as randomly generating a value within

the search space of the problem to be sdléef

4.2.2 Implementation of Genetic Algorithm

The flow chart of a genetic algorithm is showrFigure4-7, and thepseudecode

for implementing a genetic algorithm is presenteBigure4-8
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Figure4-7: Flow Chart of a Genetic Algorithm

k=0

initialisePopulation(Py)

evaluatePopulation(Py)

Loop (until stopping criteria) {
Pk = selectParents(P)
Px = crossover(Pg)
P« = mutation(Py)
evaluatePopulation(Py)
Px:1 = newPopulation(Px)

k=k+1

Figure4-8: Genetic Algorithm Pseudo Code

4.3 Gradient Descent Optimization Algorithm

Gradient Descent is one of the most popular optimization algaittimich are used

for optimizing Neural Networks and Deep Learning algorithinsthis thesis the
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gradient descent algorithis usedo train the stacked autoencogehich isthenused
to pretrain theproposed Deep Tyg2 fuzzy logic systemThe training methodsing

gradient descems$ described ifChapter 7

Gradient descents an iterative algorithm that works on the principleeofor

correction learningand it is implemented in the following way:

In the initial stepthe weights and bias of the neural network are generated randomly.
The weight and bias values are either uniformly distributed between 0 anrd arof
1 based on the algorithm. Next, aglenor multiple training data pairs are presented to
the networkand an error is calculated using a cost function, which is chosen based on

the type of problem that is being solved.

The error values are then used to identify the gradient of the cosbfynehich is
then used to update the weights and bias of the network based on the learning rate using

the following equatiof99].

G.=g--hp() (4.4)

Where /1 is a constant that represents the learning r@ga](q) represents the

gradient of the cost function.

This process is repeated until all the training data pairs are presented to the network.

The presentation of all thieaining data pairs to the network is termed as an epoch.

After each epoch, the performance of the network is evaluated against a validation
dataset and then checked against the stopping criteria. The epochs are repeated until

the stopping criteria are $sfied.



105

4.3.1 Adaptive Learning Rate

The learning rate is one of the most difficult hyperparameters to set because it
significantly affects performand&00]. Using momentum in the algorithm somewhat
mitigates this problem but at the expense of adding another hyperparameter. The
solution to this problem is to automatically adapt the learning rate throughout the
training proces$100]. Oneof themostpopular algorithra that use adaptive learning

rateis described below

4.3.1.1 Adam

Adaptive Moment Estimation (Adanfi)01] is one of the most popular and recent
adaptive larning algorithms. It is designed to combine the advantages of two other
popular adaptive learning algorithms: AdaGrdd2] and RMSProp[103]. It is
considered the best overall choice among the gradient descent alg¢gginfsdam

stores the exponentially decaying average of the past gradients as follows.
m=bm, {1 -§ 8 ) (4.5)

Where bl is a hyperparameter and the authors suggest a default value of 0.9.

Adam also stores the decaying average of past squared gradients as follows.
V=bN, {1 -5 &) (4.6)
Where bz is another hyperparametemdthe authors suggest a default value of

0.999.

As the M and V, are initialized to zero, these values are biased towards zero. To

counteract this effecthe authors have suggedthe following correction.
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= m
= 4.7

=__\
= 4.8

This yields the final weight update function as follows.
h -

= g— 4.9
Gn= @ ,—E+€rﬁ (4.9)

Where the value s initialized to a small value such ag® to ensure tht there is

no divide by zero error.

4.3.2 Implementation of Gradient Descent Algorithm

m, =0,v, =0,t=0
f,=0.9,B,=0.999,e=10"
For i =1 to number of epochs
Random.shuffle(data)
t=t+1
For b in get_batches(data, 128) //get batch of size 128
grad = G(loss_function, b, p) //calculate gradient

m, =B,.m_, +(1—p,).grad //biased first moment estimate

v, =B,.v,_, +(1—P,).grad’ //biased second raw moment estimate
m, =m, /1—p! //bias corrected moment estimate
U,=v,/1-B} //bias corrected second raw moment
p=p-nm, /(v +e) //update weights and bias

Next b
Iflerror{(data_v, p_best)>error(data_v,p)}{ //store weight and bias if error

better p_best=p //is better than historic best

Next i

Figure4-9: Gradient Descent Pseudo Cdiie1]

Thepseudecode for the gradient descent algorithm used is presenkegure4-9.

The Adam algorithm is used for updating the weights and bias.
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4.4 Summary

This chapter gave an overview of the optimization algoritims are used in this
thesis These algorithms aiig Bang Big Crunclandgenetic algorithms (GAsyhich
are used to train thproposed Deep Typ2 Fuzzy Logic System. Th8tochastic
Gradient Descentvhich is used to train the stacked autoencauohet the outputs of
hidden lars of this model is then used to train the proposed algorithm as an alternative

training method

The next chapter gives an overvietwthe problems or datasets used to evaluate the

models examined in this thesis
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Chapter 5. Overview of the Datasets used in the

Research

In this chapterwe will introduceall the datasets we use to test our XAl models.
These datasetsere collectedvith the goal of finding large reaborld datasets with a
high number of attributé®aturego test the embedded feature selectiapability of
the proposed ndels presented in this thesWe also collected datasets with a large
number of instances anged a part of each dataset to-jpegn the proposed models
unsupervised, and then the models were retrained (supervised training) using the rest

of the dataset.

Another goal was finding datasets from a variety of fields to check the applicability
of our models to solve these problems. Hence, we collected datasets from a variety of

fields suchasCommunicationMedical, Financial, Automotive etc.

We collected six datasets thiatate toclassification. We also collected five datasets
thatrelate toregressionThese datasets were collected from a varietyoofces such
as BT, who provided us with two of these datasets one for classification and another
for regression problems. The second sourcetiw@dlCI machine learning repository

[104], where we were able to identifyur classification and threegression datasets

Table5-1: Summary of Datasets used in the Experiments

Dataset Type No of No of Records for | Records for
Attributes | Records | Unsupervised| Supervised

Training Training

BT Customer Classification | 500 100,000 | 50000 50000

Service

CLL Identification | Classification | 3000 100000 50000 50000

IDA 2016 Classification | 171 76000 16000 60000

Epileptic Seizure | Classification | 178 11500 1500 10000

PD Speech Classification | 754 756 110 646

Santander CTP Classification | 200 400000 200000 200000

Wi-fi Localization | Regression 522 21100 2100 19000

Swiss Premium Regression 199 53,000 25000 28000

CT Scan Region Regression 385 53500 8000 45500

Song year Regression 90 500000 50000 450000

BT PWA Regression 44 30000 5000 25000
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The third source was Kaggkhere we were able identify two of theiropensource

dataset$105] [106]. The datasets are summarisedamle5-1

5.1 Classification Problems

In this sectionwe presenthe list of datasets we used to perform classification to

test the performance of our modelclassification tasks

5.1.1 BT Customer Service (BTCS)

The dataset is supplied by Band the data is about predicting whether a customer
is contacting BTto reportproblems with their broadband connection or not. If the
problem is related to their connectjare., slow connection, broadband not working
etc then an engineer wibe sent to fix the issue. If the problem is not related to the
connection itselfthe problem could be about issues that could be solved over a phone

call without the neetbr an engineer visit.

Supposet he customer 0s probl em csechontihe predi
customershistorimlb e havi our or demographic i nformat.i
can be dealt with appropriately without the need fgr@amecessargngineer visk to
the customefgpremises. This would be a huge cost saving for both theroes and
BT as engineer visits are expensive. This would also lead to a more pleasant customer
experience as many trivial problems can be resolved more quickly over a phone call

leading to improved customer experience.

The data consists of 500 attributesluding anonymised demographic information,
services usage, previous fault details, broadband spetxswvith about 100,000
records. We used 50000 records for unsupervised training and 50,000 records for

supervised training.
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5.1.2 CLL Identification (CLL)

The dataset is about identifying Chronic Lymphocytic Leukemia (CLL) using
aberrant chromatin features. CLL is a type of canaed it has been identified that
there is a link between aberrant chromatin features and Bawever,how they are
related is stllan open question. So, they collected genomic sequence from a set of
healthy individuals and individuals with CLL. The goal of this analysis is to identify
how the aberrant chromatin features relate to CLL. XAl is one method that can be used
to identify his connection if the Al models can predict CLL using this datasdt
predictiors of the modetan be interpreted then the relationship between the inputs and
output can be explored using the explanations provided by the Al. Further experiments
would be meded to confirm that there is a relationship. This dataset points towards one

of the major uses of XAl systems.

The dataset has about 100000 records and 3000 iff@ity We used 50000

records for unsupervised training and 50000 records for supervised training.

5.1.3 IDA 2016 (IDA)

The data is collected from heavy Scania trucks in everyday usage. The data is
collected from the Air Pressure system (AR&)ich generates pressurised air which
is used in various functions on the truck, such as braking and gear changes. The data

consists of a subset of all available data, selected by experts.

The data consists of truck failuy@sd the goal is to identitye truck failures which
are related to the APS. i .e., the dataseto
for a specific component of the APS system. The negative class consists of trucks with

failures for components not related to the APS.
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The dataset has 76000 records with 171 attrib(i€gl]. We use 16000 of these

records for unsupervised training and 60000 records for the supervised training.

5.1.4 Epileptic Seizure (ES)

The dataset is a pprocessed dataset commonly useafoleptic seizure detection.
The data has 178 data poirdad each data point is the value of the EEG recording at

a different point in tim¢108].

The original dataset fro the reference consists of 500 files, with each file
representing a single subject/person. Each file is a recording of brain activity for 23.6
seconds. The files are then converted into t&®es by sampling the files into 4097
data points. Each dataipbis the value of the EEG recording at a different point in
time. So, we hava total of 500 individuals with each individual having 4097 data

points[108].

Everyoneds dat gartg sachpartcomtaine 178 data ppants BoB1
second, and each data point is the value of the EEG recording at a different point in
time. So now we have 23 x 500 = 11500 pieces of information(row), each information
contains 178 data points for 1 second(column). The last column represents the target,
where the positive class represents the list of recuindse therés anepileptic seizte,
and the Negative class represents the list of records whereigmerproblem[108]

[104]

We used 1500 records for unsupervised training and 10000 records for the

supervised training.
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5.1.5 PD Speech (PDS)

This dataset is gathered from a study where the data was gathered from 188 patients
with Parkinsondés Disease ( lghgfroomd3to8I.nd 81 w
The control group consists of 64 healthy individuals (23 men and 41 women) with ages
varying between 41 and 82. During the data collection process, the microphone is set
to 44.1kHz and following the physician examination, the sustaipleodnation of the

vowel fiado was collected from each subject with three repetitjdQ8].

Various speech signal processing algorithms includimge-Frequency Features,
Mel Frequency Cepstral Coefficients (MFCCs), Wavelet Transform based Features,
Vocal Fold Features and TWQT features have been applied to the speech recordings of
Parkinsm's Disease (PD) patients to extract clinically useful information for PD

assessment. The data has about 756 records with 754 attfifi@ps

We used 110 records for unsupervised training and 646 records for the supervised

training.

5.1.6 Santander CTP (SCTP)

This dataset is from Santandén this dataset, the goal is to identify which
cusbmers will make a specific transaction in the future, irrespective of the amount of
money transacted. The data provided has the same structure as the real data that
Santander has available to solve this probl®&mce the customers who are likely to
make daransaction are identifiesve can use this information in a variety of ways. For
example, if a transaction, that the model thinks is unlikely, happens then we might add
additional checks to make sure it is the customer making this transaction. This could

potentiallyidentify andstop fraudulent transactions. This could also be used in targeted
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marketing by approaching the customers who are likely to make a transaction, leading

to ahigherchance of groductsale etc

The dataset consists of around 400,0ecords with 200 featurfH05]. It is a binary
classification taskand the dataset is skewed with only 20098 posreg®rdswhile
the rest of the records are negative. We used 200,000 records for unsupervised training

and 200000 records for supemastraining.

5.2 Regression Problems

Regression is a statistical measure that attempts to determine the strength of the
relationship between one or more dependent variables and a series of independent
variables. Here we list a set of datasets we use for parfgrregression analysis for

testing the ability of our model.

5.2.1 Wi-fi Localization (WL)

This dataset is from an indoor user localization prob[@d0] [104]. Many
applications need to know the location of a user in the world to provide their services.
This means that autatic user localization has been a hot topic of research. The goal
of the Automatic user localizationtise estimation of the position of the user using an
electronic device, usually a mobile phone. This problem can be solved easily when the
user is outdoothanks to the availability of GPS sensors on most mobile phones.
However, this problem becomes much more difficult when the user is indaorly

due to the loss of GPS signal in indoor environments.

This database is focused on WLAN fingerptirisedsolutions(also known as Wi
Fi Fingerprinting). WA4Fi Fingerprinting can be characterized by the detected Wireless

Access Points (WAPs) and the corresponding Received Signal Strength iegensit
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(RSSI). The database was collected in 2013 at the Univetaiiéte | by 20 different
users using 25 android devices. This dataset consists of around 21,000 training records

with 529 attributes.

1 The first 520 of these attributes are theBWfingerprint of 520 WAPs.

1 Attribute 521 is the Longitude

9 Attribute 522 ishe Latitude

1 Attribute 523 is the Floor where the datum was collected.

1 Attribute 524 is the building (0 to 2)

1 Attribute 525 is the Internal ID number to identify the Space (office, corridor,
classroom) where the datum was collected.

1 Attribute 526 is the Relative position with respect to Spaecdr(dide, 2-
Outside in Front of the door).

1 Attribute 527 is the User identifier.

1 Attribute 528 is the Android device identifier.

1 Attribute 529 is the time when the datum was collected.

We wse 522 of the above attributes in our experiments and ignore attributes 523 to

529.

We used around 2100 records for unsupervised training and 19000 records for

supervised training.

5.2.2 Swiss Premium (SP)
This dataset is collected from the statistics publidhethe Swissgovernment.lIt
consists of information about insurers, regions, healthcare information and

demographic information. The goal of this data is to predict health insurance premiums
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that will be charged. This is valuable because the premiuntamunicated yearly

at the end of SeptembeHowever,if these figures could be predicted earlier, the
consumers would haveaore timeto plan for a possible chang&his is helpful as
Switzerl and has one of the wores Withghehi ghest
use of XAl we can also identify the features or factors that influence the premium

rates. This is helpful as it allows the consumers to be informed about their lifestyle

choices that could lead to higher premiums. For example, smokers @aualthtged

higher premiums as they are more likely to get respiratory diseases.

This dataset consists of around 53,000 records with 199 inputs. We used 25000
records for unsupervised training and the other 28000 records for supervised training.

For more detils about this datasgilease refer to the followind 06].

5.2.3 CT Scan Region (CTSR)

This dataset is about finding the relative location of computerized tomography (CT)

slices on the axial axis. This data wasdusg111][112].

This dataset consists of 53500 CT images frordiffdrentpatients. Each CT scan
is represented by two histogrartise first histogram describes the location of the bone
structure in the image, whiledhsecond histogram represents the location of the air
incursion in the body. These to histograms are combined to form the final data vectors.
The output was constructed manually by annotaenglifferent locations on the CT

scan with known locations.

There are 385 attributes for each recgdhek first 240 attributes are the histogram
that represents the location of the bone structure. The attributes from 241 to 385 are the

histogram that represents the air incursions. The output is a value in the tari@®0
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with O representing the top of the head and 180 representing the soles of thés patient

feet[104].

We used 8000 records for unsupervised training and the rest of the records for

supervised training.

5.2.4 BT PWA (BTP)

This datasets collected from British Telecom in the URKhe data was collected
from around 520 Work Areas (WA) over a eyear period. Each datum contains
performance information for each of the WA over a-ameek period. With the

following Attributes.

1 Rank: Relatie rank to the other WAs in the week where the performance was
measured

1 Missed Appointments: Number of tasks per day wiizhid notbe completed
within the appointed time period

1 Productivity: average productivity of the engineers working in the WA for the
particular week being examined

1 Service Level CL1: Percentage of high priority tasks completed on time

1 Service Level CL2: Percentage of low priority tasks completed on time

1 Travel: average travel time of the engineers

1 Contractors: average number of contivag employed in the WA per week

1 On day Utilization: Utilization of engineers per day measured at the end of each
day

1 Economic Utilization

1 Overtime: average overtime per day by engineers in the WA
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1 Loans: average number of engineers loaned per daydiioen WAS

To predict the future performance of the WA at time intetyalve use the
performance data at previous time interydls., ® o fo ho  where x
contains the 11 abovementioned performance measures. The target is to predict the

Rank of the WA at time interval

The data consists of arouB8000records and 44 attributesnd the data was used

in the following pape[48] [96].

5.2.5 Song year (SY)

This dataset is a subset of the roitlisong datasef104] [113]. The target is to
predict the year in which a somgsreleasedby analysingts audio features. Songs are

mostly western, commercial tracks ranging from 1922 to 2011.

There are 90 attributes, 12 of these attributes represent the timbre aapdilpese
features are extracted from the o6ti mbreo
owned by Spotify.These values arkigh-level abstractions of the spectral surface,
ordered by degree of importance. For completeneswever, the first dimensn
represents the average loudness of the segrtensecond emphasizes brightness;
third is more closely correlated to the flatness of a sound; fourth to sounds with a
stronger attack; etc. The average and covariance are taken over all segments of the
songs each segment is described by thedirdensional timbre vector. The resttbé

78 attributes are covariance over all the segments.

We used around 50000 records for unsupervised training and the other 450000

records for supervised training.

f
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5.3 Summary

The Chapter presents tlsex categorical and five regression datasets usebden
experimentsor the rest of the thesis. It explains that these datasets were tecseise
they are high dimensional and can be used to test the embedded feature selection
capability of the proposed modélexplains thateatworld datasets were chosen from

BT and other sources to test tiality of the modeto solverealworld prodems

The chapter alsexplains how a part of the datasets will be used for unsupervised
training while the rest of the data will be used for supervised training of the proposed

model.

The next chapter introduces the proposgstemin detail.
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Chapter 6. The Proposed Deep Type2 Fuzzy Logic

System

One of the problems of modellirdatasets with many features using Fuzzy Logic
Systems (FLS) is that the number or amount of rules required is very dady¢his
reduces the interpretability of the system. For example, for a system with 30 features if
we usethreeantecedents per rylthen the number of possible rules in the rule base
will be 3*° =2*10" rules. Suclalarge rule base presents us with two main problems.
Firstly, the computational complexity involved in calculating all the rules for each
prediction meanshiat such a system will be slow. Secondly, although the individual
rules will be intelligible to theendusers of these systenthe sheer number of rules

means that these models effectively become opaque.

One way to resolve this is to reduce the numbeulels. Some of the rules in the
full set will beredundant andeducing the number of rules will not impact the accuracy
of the model initially.However,as more and more rules are removed the accuracy of
the model will reduce. Another chafige is that given that the system is operating on
a reduced ruleset, there will be situations where none of theisidie=d, and thus no
output is produced. There are a few methods to mitigate this protmensuch method
is presented if48, 49] where the similarity of rules.e., for each of the rules in the
FLS, similar rules are created by checking if using the other membersbtphsor
linguistic labels of the antecedents trigger the ruded based on the distance between

the linguistic labelsthe firing levels are calculated. However, there will still be a need
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Figure6-1: A Deep Type2 Fuzzy Logic System Architecture
to perform feature selection for such systems to opeaateéthere is no way to learn

from unlabelled data (input data with no target outcome).

Hence, we propose a Deep TypEuzzy Logic System (D2FLS) (depictedHigure
6-1). This system comprises of two or more interval el Ss where the output of
the first FLS is used as the input of the second FLS and the output of the second FLS
is used as the input of the third FLS etc. This system is inspired dpkest
autoencoders (SAE) or mulayer neural networkg1]. The goal here is for each of
FLSs to aggregate the input features into more complex compound features that
become the outputs of the FL&erebyredueng the number of fdaresin the
subsequent FLS layers. This process is repeated by each of the FLSs in the D2FLS until
we generate the final output. The advantage of such a system is that the total number
of rules required to represent the whole model will be {@laich helps in reducing the
computational complexity of the systeRurthermoresince the number of rules will
be smallthe system will be more interpretablenian equivalent FLS which will have

a larger number of rules.
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Figure6-2: Layer Wise Training D2FLS

The training of the D2FLS presents a few problems, as there are multiple FLSs, we
cannot usesinglepass methods such as Wang Mender(W88) [93] described in
Section3.5.1to train the D2FL®ecauseave do not have a simple way of determining
the outputs of the hidden layer in advafwe only know the inputs and outputs of the
final layer in advance)For the same reaspmve cannottrain the hidden layer
separatelyHencewe propose to train the D2FLS using greedy layise training61]
similar to a Stacked autoencoder (depicteBigure6-2). In detail, for a D2FLS with
three FLS as depicted Figure6-1, we will train the first layer as a Fuzzy autoencoder

(FAE) (depicted irFigure6-3). Next, we discard the decoder and use the output of the
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Figure6-3: Fuzzy Autoencoder Architecture
encoder part of the FAE as the input for the second layer and traliayttiaas a FAE.
Finally, we will add the final layer to the encoders of the first two FAEs and train the
three FLSs in a supervised way to get the final output. Thebieleiad this approach
is to use unsupervised training of the FAEs to lesssentialfeatures or combine

features. Theletails of thearaining methodare presentenh the following sections.

6.1 Model Representation

A key issue in Genetic algorithms and B algorithm is the choice ofthe
encoding schemee., how to represemtsolution to the problem, in this case FLS,
as a chromoson|é9]. The toices are generally binary fioating-point. In our case
we use floating-point numbers to represent the D2FL&hd the details of the

representation are presented in the following sections.

6.1.1 Representation of the Typel models

We encode thparameters oditype-1 FLS asrealvalued numbersThere arghree

sets ofparameterdiatcan be used to characteribe typel FLS first the membership



123

functions or linguistic variables that represent the input or antecedents, second the
membership functions or thénguistic variables that represent the outputs or
consequents and the third set of values represent the rules of the FLS. The MFs for the

antecedents and the consequents are represented using the same encoding.

6.1.1.1 Membership Function Representation
The reresentation of thparameters of th@embership functions changes based on
the type of membership functiphence, belowwe show the representation for the

three types of membership functions.

6.1.1.1.1 Trapezoidal Membership function representation

A trapezoidaMF can be defined using the following formula

é(x- a/(b -9 ifa & Ix

1 .
B ] 1 ifb¢x d
M= a8 Ty gid 9| ifc x o ©
i 0 if x>dorx <a

Where xi X H0,1], then theparameters of thénguistic variableM, which is

defined byj trapezoidalmembership functioncanbe represerdd in the following

format.

M =B,G,b b, G 62

We can see fron(6.2) that each fuzzy set is represented by pevametersb, and
c. The parametera andc of the k™ membership function can be defineding the

parameterdy andc as follows

3 =G,

6.3
k = h@l ( )
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Figure6-4: Representation of a Trapezoidal Typ&embership Function
Whered,, 0 =0 andc;, dj =1 as depicted ifFigure6-4.

In other words,fom Figure6-4, we can see thawo values rpresent each fuzzy set
andthe start and endpoints of the B&re anchored to the previous and the mékt
respectivelyThestart of the first MF and the end value of the last MF are set to 0 and

1 respectivelySo, the first membership function is reggated by four values, it starts

at 0, the top two vertices are represented)pﬁnd C,, and the final vertex at the end
is represented b>bz. The four vertices of the seconthembership function are
represented by star€;, top=D, and C,, and end = etc.

6.1.1.1.2 Triangular MF Representation

A Triangular Membership Functions is defined gsihe following formulgd38].

é(x-a)/(b -3 ifa & k<
mX) = ntxahqg =11(C J/(c B ifb x¢ c (6.4)
1 0 if x>corx <a
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Figure6-5: Representation of a Triangular TyfpeMembership Function

Where xi X H0,1] then the linguistic variabl®l which is defined by Triangular

membership functions can be represented in the following format.

M =h,b,..b 65)

We can see fron6.5) that each fuzzy set is represented by one parantet€he
parameters andc of the k™ membership function can be defined using the parameter

b as follows.
a =h, (6.6)
Whered,, 0 =0 andbj ,C; =1 as depicted ifFigure6-5.

In other words, fronfigure6-5, we can see that each fuzzy set is represented by
one value and the start and endpoints of the €& anchored to the values of previous
and the next MF, respectivelgnd the start of the first MF and the endpoint of the last

MF are set to 0 and 1, respectively. So, the first membership function is represented by
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three valuesand it starts at 0, thtep of the triangle is represented by and the final

#,(x) -

Figure6-6: Representation of @aussiamype-1 Membership Function
vertices at the end is representedbgy Thethreevertices of the second membership
function are represented by stad= top=0, and end =, etc.

6.1.1.1.3 Gaussian Membership Function Representation

A GaussiarMembership functiors defined using the following formul88].

@ a(y. 2,
m(x) = nfx m )s:eng Zae(XZS—m) 8 (6.7)

Where xi X H0,1], then the linguistic variablel, which is defined by Gaussian

membership function&epicted inFigure 6-6), can be represented in the following

format.

M=m,s,m, §,...n, (68)
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We can see fror(6.8) that each fuzzy set is representedvog-parametethe mean

and standard deviation of the gaussian MF

6.1.1.2 Rules Representation
Each Ruleof the FLS has two components the antecedents of the rule and the
consequents of the rule. The antecedents and qoasts of each rule of the FLS are

encoded using the below representation.

R=b, 5l I3 E0G (6.9)

Where R represents thée rule of the FLS witha antecedentandb consequents

per rule. Each antecedent is represented by 2 ptiadirst point represents thé&

input featureor linguistic variable the second point represents t[hthe membership

function of thatlinguistic variable The consequents are represented by a single point
which represents thd'eth membership function of the" consequent.
6.1.1.3 FLS Representation

Finally, to represent thgparameters of ra FLS, we combinethe parameter

representationsf the MFs from (6.2), (6.5) or (6.8), based on the type of MF chosen

and rules fron{6.9) to get the following representation.
N:Mll"!Mi!"lMi+k !R!"IRl (610)

Where M, represents the membership functions for thénput features or

antecedents of the FLS ald,., represents the MFs for thé" outputor consequent

of the FLS usind6.2), (6.5) or (6.8).



6.1.2 Representation of IT2 Models

The representation tiie parameters ohdT2 FLS is very similar to the typg FLS

parameter representatienplained in the previous section the only difference is that

each of the fuzzy sets MFswill have a Footprint of Uncertainty (FOU) value. The

rules of the IT2 models and T1 models i@entical.

6.1.2.1 Membership Function Representation

6.1.2.1.1 Trapezoidal IT2 MF representation

An IT2 fuzzy set can be represented by its left and regidpoints The two

endpoints are associated with two tp#&1Fs that are referred to as upper and lower

membershipFor a trapezoidaMF, these two MFgan be definedy adding a small

FOU to(6.1) as follows.

ex-/(b -3 ifa & b
) o 1 ifb ¢ x @
X) = 7 b,C 3 q
M) = "x 3, b,c, d) 1@-%/@-® it x
i 0 ifx>dorx <a
éx-a)/(b -3 ifa & Ibx

; .
i 1 1 ifbe¢x dc
M= _mxabed Td-X/(d -9 ifc = b
i 0 if x>dorx <a

Wherexi X H0,1], M(X)is the upper membership functiod,=a +0U/2,

b=b +0U/2,C=c #0U/2andd =d +ou/2. M(X)is the lower membership

function,a=a +0OU/2,b=b #+0U/2,c=c #+0OU/2 andd=d +H0OU/2.
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b, | Cs
a, d, x

2 i s

o

Figure6-7: Representation of a Footprint of uncertainty (F@)Trapezoidal MFs

Hence, he parametersf the linguistic variableM, which is defined by IT2
trapezoidalMFs (depicted inFigure 6-7), can be represented by modlifg the

representation of thiype-1 Trapezoidal MF in(6.2) as follows

T2=Dh,q,b,¢,..b;, ¢, f, f,,...f; (6.13

Where fj representshe FOUs of thejth fuzzy set. Herewe add one FOU for each

of the fuzzy sets

6.1.2.1.2 Triangular IT2 MF Representation

An IT2 fuzzy set can be represented by its left and right endpoints. The two
endpoints are associated with two typ&Fsthatare referred to as upper and lower
membership. For IT2 Triangular MBepicted inFigure6-8) the twoendpoints can be

definedby modifying (6.4) as follows.
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éx-a)/(b -a ifa & b<
M) ="MxabT F(c J/(c B ifb xtc (6.14)
} 0 ifx>Corx @

éx-a/(b-3 ifa & ke
mX)= nxab9 q(c ¥/(c b itb xtc (619
} 0 if x>corx <a
Wherexi x =0,1], 7(X)is the upper membership functioa,=a +O0U/2,

b=b +0U/2 and T=c #0U/2. M(X)is the lower membership function,

a=a #0OU/2,b=b #0OU/2 andc=c #O0U/2.

Hence, the parameters of the linguistic varialllewhich is defined by T2
triangular MFs(depicted in Figure 6-8), can be represented by modifying the

representation of the tygeTriangular MF in(6.5) as bllows.

T2=0,b,.,b, f, fy.. f (6.16)

F’ F'F? F

Figure6-8: Representation of a Footprint of uncertainty (F@)Triangular MFs
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Where fj representshe FOUs of thejth fuzzy set. Here we add one FOU for each

of the fuzzy sets.

6.1.2.1.3 Gaussian IT2 MF representation

An IT2 fuzzy set can be represented by its left and right endpoints. The two
endpoints are associated with two tjp&Fs that are referred to as upper and lower
membershipThus,an IT2 Gaussian MRvith uncergin standard deviatiofepicted in

Figure6-9) can bedefinedas follows.

Q_)o
—~
=
1
=)
lo:of

m(xX)="nxm~Fp :expg
e

(6.17)

:

mx) = _pixm_) :expg (6.18)

e

Q_)o
—~
<
1
3
lo:of”

O
|

Figure6-9: Representation of the FOU of a Gaussian IT2 MF
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Wherexi X =0,1], M(X)is the upper membership functici,= s +O0U . M(X)

is the lower membership functi@md S = &.

Hence, the parameters of the linguistic variallewhich is defined by 1T2
Gaussian MF with uncertain standard deviation (depicteéigure 6-9) can be
represented by modifying the representation of the-ly@aussian MFn (6.8) as

follows.

M=m,s,m, $,...m, 5§, 5,..f (6.19)

In Figure 6-9 an input with three fuzzy sets is represented, we can see that the
standard deviation representedinis used as the standard deviation for the lower MF

and we add th FOU to this value to get the standard deviation of the upper MF.

6.1.2.2 IT2 FLS representation
To represent the IT2 FLSve combine the MF representation(6113), (6.16) or
(6.19) based on the type of MF and thepresentation of the rulés (6.9) to get the

following representation.
T:T211"1T21"1T2i+k1 F%)“) IR (620)

WhereT 2 represents the membership functions fori ihput features dinguistic

variables FLS andT2i+k represents the MFs for thé output or consequent of the FLS

using(6.13), (6.16) or (6.19).
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6.2 Layer Wise Training of The D2FLS

As discussed previously, we train the Membership Functions and thasalef the
D2FLS using a method similar tine greedy layewise training method used for
training Autoencoderg61]. This training methoddepicted inFigure 6-2) can be
divided into two jmasesin the first phasewe train the hidden FLSs as a Fuzzy
Autoencoders using unsupervised defa thentrain the FLSs one layer at a time until
we have trained all the FU&yersexcept the final output layer. In the second phase,
we add the final aput layer to the encoders of all the hidden layers and retrain the
whole D2FLS using supervised data. The details of the training are given in the

following subsections.

6.2.1 Fitness Function

6.2.1.1 Average Recall
We used Average Recall as the fitness function io &t the models for all the

classification datasets.

Recall .. + Recall .
R e Calng - l)osmve 2 rlegatlve ( 6.2 1)
tp
Recall .. =—"—
bosive o+ fn (6.22)

Where True psitive tp is the number of correct positive predictipasd False

negative fnis the number of incorrect negative predictions.

tn
RecaILegative = m (623)
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Where True Negativénis the number of correct negative predictiomsd False

Positive fp is the number of incorrect positive predictions.

6.2.1.2 Mean Absolute Error

We used Mean Absolute Error (MAE) as the fitness function or cost function for the

regression datasets.

al - %l
MAE = 1T (6.24)

Where y, is the desired outputy; is the atual output of the model anli is the

number of inputs.

6.2.2 Hidden Layer Training

A Fuzzy Autoencoder (FAE), depicted kiigure6-3, comprises of 2 FLSs that are
trained to attempt to map its input to its outpet, the output otte first FLS (encoder)

is the input for the second FLS (decoder) and the output of the second FLS is the

Training —
Data Optimize T1 MFs and Transform T1 MFs to
—r Rule Base I IT2 MFs

|

Optimize IT2 Rule
Base

Testing
Data l

ﬁ Test D2FLS

Figure6-10: Training Algorithm for IT2FLS

Results
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reconstructed input of the first FLS. The idea here is to provide a set of constraints to
force the FAE to prioritize and learn the most useful progeedf the input data and to
make sure the systedoes nomerelylearn the identity function. The constraints that

we add to the FAE are as follows.

1 Restrict the number of outputs of the encod&dwe will call it the hidden
layer.

1 We reduce the numbef consequents or outputs of #recodewhen compared
to the inputs.

1 We restrict the number of rules in the rule base oRth& S that comprise the
FAE

1 We force the FAE to use the same linguistic labels for the consequents of the
encoder and the anteeads of the decoder.

1 We force the FAE to use the same linguistic labels for the antecedents of the

encoder and the consequents of the decoder.

These constraints reduce the number of parameters that must be trained in the FAE
during the optimization procesThis simplifies the training process allowing it to be
trained much more quickly and efficiently. The intuition behind this idea is derived
from Autoencoders in neural netwoii90]. The two parts of the FAE are represented

as follows:

h=f(x) (6.29

Wherehis a vector that represents the output of the encodgy

£ =9(h (6.26)
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Where £ is the output of the decodée., the reconstructed input.

To optimize the FAEthe MFs and the rule baséthe FAEare optimized using an
optimization algorithm and the training is divided itthoeesteps, depicted iRigure
6-10. The goal of the optimization algorithm is to minimiaecost function such as

MAE (6.24), which is modified as follows

p -
a [t K
MAE:i:lT (6.27)

Where (& tis the reconstructed inpaf the k- 1" encoder p is the number of

instances in the training daad h° is the input vectoof the training dataset

6.2.2.1 Optimize Type 1 FAE

To optimize the typd FAE, we use a optimisationalgorithm such as BBC
(described in Chaptet.1) or Genetic algorithm (described in Chapte®). The first
step in these algorithms is to encatie paramirs (to be tuned)f the two FLS
(encoder and decoder) that comprise the FAE into indiwdughch individual

represents a possible solution to dptimizationproblem

Thereare threesets ofparameterso betunedfor each of the FL®f the FAE, the
MFs thatdescribethe input features olinguistic variablesthe MFs that describethe
output linguistic variablesind the ruleof the FLS In this step we train allthese

parametersvhich areencodednto the individualas real numbered keesas follows

foe =M,..M .M, R,..F R, R (6.28)
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WhereM, represents the membership functions foritimput features olinguistic
variablesof the FLS andM,,, represents the MFs for thé output or consequent of

the FLS using6.2), (6.5) or (6.8). R* and Rﬂrepresents théand M rules of the

encoder andecoderyespectivelyusing(6.9).

For example, if the BEBBC algorithm is used as the optimization algorithm, the

training of the AE is performedusing the following steps.

Step 1:N individuals aranitialisedby randomly generating values for each of the

parametersf [ ,er in (6.28).

Step 2: TheN individualsarethendecoded into FAEs usin®.28) , and the fitness

of theseindividualsis calculatedusingthe cost function i1§6.27).

Step 3: The besndividual among theseN FAEs s selectedand the stopping
criteria are checked against this solution. If this FAE satisfies the stopping ctitenia
the optimization algorithm is stoppednd further steps of the training process are

performed on thiSAE.

Step 4:Else a new generation oN individuals is generated by mutating this

individualusing(4.2) , and the steps from Step 2 are repeated.

6.2.2.2 Transform T1MFs to IT2MFs

In the second step, we train the FOU of #€s of the antecedents and the
consequentssing an optimization algorithm such as-BE (described in Chaptdrl)
or Genetic algorithm (described in Chap#e®). To do this we add a FOU to the

representation of the MFs of the antecedents and thequaergs of the FAE trained in
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the previous steplhe representation of thEAE in (6.28) is modified using (6.13),

(6.16) or (6.19) (based on the type of MJas follows
T.=T72,.72,.T72,,R ,.R R R (6.29)

WhereT 2 represents the membership functions fori ihput features or linguistic

variables FLS and 2, representshe MFs for thek output or consequent of the FLS

using(6.13), (6.16) or (6.19). Sincewe only train thgparameters of the MFs and their

FOUs in this stephie paramiersof the MFsare encoded into an individual as follows

Feaemra =T20,,T 2T 24 (6.30)

The FOUs of th&AE are then trained. For example, if the-B& algorithm is used
as the optimization algorithm, the training of the FOUs ofRAE is performedusing

the following steps.

Step 1:N- 1 individualsare generated byandomlygeneratingvzalueswithin the
search spader each of the parametersiﬁaAEm . The final individual iggenerated by

choosing the parameters frotine typel FAE, trained in the previoustep ofthe

training (the FOUs of this individual are set to zero).

Step 2: N individualsare then decodedto the MFs of the=AEs using(6.30), the
rulesare then added to theBAEs by choosing them from the tygeFAE trained in

the previous step.

Step 3: Te fitness of th& FAEs arecalculated using the cost functi{®27). The
bestindividual among theseN individuals s selectedand he stopping criteria are

checked against ihindividual. If this FAE satisfies the stopping criteria, then the



139

optimization algorithm isstopped, and further steps of the training process are

performed on this FAE

Step 4:Else a new generation di individuals are generated by mutating this

solutionusing(4.2) and the steps from Step 2 are repeated.

6.2.2.3 Optimizing the Rule Base of the IT2 FAE
In the third step, we retrain the rules of the Fgdherated in the previousdion.
Therules of the FAE are encodeding the representatiaescribed in Sectiof.1.1.2

using(6.9) as follows

fFAERuIes: Rf’---’RT’Ff’"-’F{ (6.31)

Where R°and Rirepresent the rulegencoded usind6.9)) of the encoder and

decodeyrespectively.

The rules of th&AE are then retrained using an optimization algorithm such as BB
BC (described in Chaptet.l) or Genetic algorithm (described in Chapde?). For
example, if the BEBC algorithmis used as the optimization algorithm, the retraining

of the rules iperformedusing the following steps.

Step 1:0ne individual is generated by encoding thkes of theFAE generated in
the previous stefinto a reatlvalued solution using6.31). Along with this, N- 1

individualsare generated by mutatingetfirstindividual.

Step 2:TheN individualsare then decodedto therules of the FAHIsing(6.31).

The MFs and their FOUgenerated in the previous sectioa lienadded to the FAE
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Step 3:The fitness of thesd FAESs arecalculated using the cost function($27).
The best solution among thed¢ FAEs is selectedand the stopping criteria are
checked against i solution If this FAE satisfies the stopping criteria, then the
optimization algorithm is stoppedand further steps of the trang process are

performed on this FAE

Step 4Else a new generation ®f Individualsis generated by mutating this solution

using(4.2) , and the steps from Step 2 are repeated.

6.2.3 Optimization Method for the Final Layer

To train the full D2FLSas depicted ifigure6-2, we start bystadking the encoders
of then FAEs trained in the previous phase. Wenadd another FLSvhich will act
as the final output layer of ti#2FLS. Theoutputof the D2FLScanthenbe represented

as follows.

y=f(&(€*(...(& X)) (6.32
Where e" represent the encoder of the FAE, f representghefinal outputlayer

and X; is the input vector

We use an optimization algorithm to retrain all the layers udiiegthreestep
training process depicted Figure6-10. The goal of the optimization algorithm is to

minimisea cost function such as MA.24), which is modified as follows

p .
aly- &l
MAE = lT (6.33)



141

Where ¥£is thepredicted outpubf theD2FLS from equatior{6.32), VY is the actual

output from the training datasetis the number of instances in the training data

6.2.3.1 Optimize the Type 1 D2FLS
In this step, we train the final layer as a TMpELS while at the same time retrain
the MFs and rules of the encodd¥fsst, theparameters aheencoders of th8 FAEs
trainedin the previous phase aemcoded using6.20) and theMFs and rules of the
final layerFLS areadded to these (depictén Figure6-2) andencoded in the following

format.

:'Tl

e

f To M. ML R LR (6.34)

D2FLS
Where T.'represents the membership functicasdthe Rules of then" encoders

created usingp.20), M‘Lp represents the membership functions foiathmput features,

p consequents of the final layer aﬁéjrepresents thg rules of the final layer.

The D2FLS isthen trained using an optimization algorithm such as-BB

(described in Chapte#.1) or Genéic algorithm (described in Chapteér.2). For

example, if the BEBC algorithm is used as the optimization algorithm, the training of

the D2FLS igerformedusing the following steps.

Step 1:N individualsare generated, the initial values of the three parameters of the

final layer of the D2FLSn (6.34) are randomly generated as real numbered values.

These values are thadded to thparameters of thencoders generated in the previous

phase
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Step2: TheN individuals are then decoded ifd@FLSsusing(6.34) , and the fitness
of these individuals is calculated using the cost functid6.88) and thebest solution

among theseN D2FLSis selected

Step3: The stopping criterignumber of generations and targénéiss)are checked
against tle individual selected in the previous stelp this individual satisfies the
stoppingcriteria, then the optimization algorithm is stoppeahd further steps of the

training process are performed on this D2FLS.

Step4: If the stopping criterignumber of generations and target fitnesms not
sdisfied, a new generation oN individualsare generated by mutating timelividual

selected in Step @sing(4.2) and then the steps from St2pre repeated.

6.2.3.2 Transform the T1MFs of the D2FLS into IT2MFs

In this step, we transform the tyeMFs of the final layer into interval tygeMFs
by adding a FOUa each of the fuzzy sets. This is similar to the way we added the
FOUs while training the FAEsindthe FOUs arelepicted inFigure6-7 or Figure6-8
or Figure6-9 based on the type MF. We also retrain the FOUs of the encoder created
during the training of the FAEs. The FOUs adeled to the MFs of the final layand

these parameters agacoded irthe following format.

fDZFLSITZ :T:""TQ ’T2.If. ""T 2[-} [ (635)

Where T.' represents the IT2 representation of MEs of theN encoders from

(6.30) and T2;+prepresents IT2 MFs for théantecedents an¢d consequents of the

final layer using6.13) or (6.16) depending on the type of MF used.
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The FOUs of theD2FLS arethen trained using an optimization algorithm such as
BB-BC (described in Chaptdrl) or Genetic algorithm (described in Chapted). For
example, if the BEBC algorithm is used as the optimization algorithm, the training of

the FOUs of the D2FL$s performedusing the following steps.

Step 1: N individuals are generatedby randomly generating theEOUs of the
antecedents and the consequeafitshe final layer of theD2FLS and added to the

D2FLS generated in the previous sectamdthar parametergncoded usingp.35).

Step2: Therealvalued representatioof theN individualsis thendecodednto MFs
of theD2FLSusing(6.35). The rules are then added to these D2FLS by choosing them

from the typel D2FLS trained in the previous step.

Step 3: he fitness othe N D2FLSs arecalculatedusing the cost function i{6.33)

and he besD2FLSamong these is selected

Step4: The stopping criterignumber of generations and target fis)ese checked
against thendividual selected in the previous step. If this D2FLS satisfies the stopping
criteria, then the optimization algorithm is stoppadd further steps of the training

process are performed on this D2FLS

Step5: If the stopping dteria (number of generations and target fitness not
satisfied a new generation of th&l candidate solutions are generated by mutating
realvalued representation tfe individual selected in Step 2 usif@R) and then the

steps from Stef are repeated.
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6.2.3.3 Optimizing the rule base for the D2FLS
In the final step, we retnaithe rulesof all thelayers. The parameters for this step

are encoded in the following format to create the candidate solutions.

fDZFLSRuIes: Rfl""’R?’"’an’Rf’---’% (6.36)

Where Reand Rgf represent thérules of the encoder argirules of the final layer

respectively.

The rules of the D2FLS are then retrained using an optimization algorithm such as
BB-BC (described in Chaptdrl) or Genetic algorithm (described@hapterd.2). For
example, if the BBBC algorithm is used as the optimization algorithm, the retraining

of the rules of the D2FLS serformedusing he following steps.

Step 1The rules of the D2FLS generated in the previous step are encodeshinto
valued solution using(6.36). And N individuals are generated by mutating this

solution.

Step 2: TheN individualsare then decodeito the rulesD2FLS then the MFs
and heir FOUsgenerated in the previous section are added to the D2FieSitmess
of theseindividuals is calculatedusing the cost function i(6.33) , and the best

individualamong these is selected

Step3: The stopping criterignumber of generations and target fithes®) checked
against thendividual selected in the previous stepthis D2FLS satisfies the stopping
criteria, then the optimization algorithm is stoppadd further steps of the training

process are performed on this D2FLS.
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Step4: If the stopping criterignumber of generations and target fithess not
satisfied anew generation of the N individuals are generated by mutatinge

individual selected in Step using(4.2) and then the steps from Step 2 are repeated.

6.3 Experiments and Results

To test the proposed Deep Typd-uzzy logic systepwe use the datasetsTiable
5-1 and compare the performance of our proposed system against the following Al
models Stacked Autoencoder (SAE), Convolutional Neural network (CNN), -Multi

Layer Perceptron (MLP) and Interval Tyge-LS (IT2FLS).

Next, we aim to compare the various types of Membership function and choose the
best MF typeWe will also compare the BBC algorithm against the GA to evaluate
the differences when using the two algorithms and the best algarfttime tvo will

then be used Iin the experiments. 0

6.3.1 Training Parameters

For the experimentsve used the following training parameters for the Categorical

datasetsand we used Average Rec@l21) as the fitness function

1. SAE was trained using gregethyerwise training[61]. We usedwo hidden
layers with 400 and 30 neurons each. Adam Algorithdi] was used for
training theSAE, and we set the learning rate as 0.001, be&as 09 and
betatwo as 0.999 and trained it for 200 epochs.

2. CNN was trained using the Adam algoritfiit®1]. We created a custom VGG
net[114] with six convolutional layers with 32 filters and kern&les3 in the
first two layers, 64 filters in the next two and 128 filters in the last two layers.

We added amaxpooling layer after every two convolutional layers. These were
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then connected to the output layer. We used Drodd&{ to reduce the chance
of overfitting. And we used the same parametersSA& for the Adam
algorithm.

3. We created a Mti-layer perceptron witenehidden layer with 65 neurons in
the hidden layer and an output layer. And we used Adam Algorithm for training
the MLP with the same parameters as the Sparse Stacked Autoencoder.

4. IT2FLS was trained using the thrstep trainingnethod proposed for training
the FAE. We used 200 rules atideeantecedents per rule. We used-BB
algorithm with500 generations and 30 candidates per generation.

5. D2FLS was trained using the propodagerwise training method. Withwo
layers andwvith each layer having 100 rules attleeantecedent per rule. The
hidden layer was trained with 50 consequents. We useB®BIgorithm with

500 generations and 30 candidates per generation.

Similarly, for the rgression datasetsve used the following training parameters

and we used Mean Absolute Error (MAE) as the fitness fun¢biad).

1. SAE was trained using gréye layerwise training[61]. We usedwo hidden
layers with 100 and 30 neurons each. Adam Algoriftaifil] was used for
training theSAE, and we set the learning rate as 0.001, be&as 09 and beta
two as 0.999 and trained it for 500 epochs.

2. CNN was trained using the Adam algoritfil@1]. We created a CNN with four
layers: the fist layer is a convolutional layer with 100 filters and a kernel size
of 5, The second layer is a Max pooling layer with a pool size of 3, The third

layer is &@ully-connected layer with 16 neurons and finally the output layer. We
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used Dropoufl115] to reduce the chance of overfitting. And we used the same
parameters aSAE for the Adam algorithm.

We created a MuHliayer perceptron witlonehidden layer with 65 neurons in
the hidden layer and an output layer. And we used Adam Algorithm for training
the MLP with the same parameters as the Sparse Stacked Autoencoder.
IT2FLS was trained using the #estep training method proposed for training
the FAE. We used 200 rules atideeantecedents per rule. We used-BB
algorithm with 500 generations and 30 candidates per generation.

D2FLS was trained using the propodagerwise training method. Withwo
layers and each layés trained with100 rules andhreeantecedent per rule.
The hidden layer was trained with 30 consequents. We usdgiB&gorithm

with 500 generations and 30 candidates per generation.

Table6-1: Comparisorof the performance of the D2FLS vs Stacked Autoencoder vs CNN
Categorical Datasets with Average Recall as Fitness function

D2FLS | 64.39 614 63.7 61.39 62.04 | 62.584 1.24

SagtT""Sder SAE 65 677 66.02 6234 6277 | 64.77 2.01
CNN | 6756 67.31 69.84 67.48 69.99 | 68.44 1.21

D2FLS | 62.8 5978 6125 62.37 63.31| 61.903 | 1.26

| den(t:h',;'gaﬁon SAE | 5721 5609 5842 57.65 57.02| 57.28 | 076

CNN 69 68.5 679 69.24 68.92 68.71 0.47

BT Customer

D2FLS | 73.53 71.82 72.63 7149 70.83 | 72.061 0.7
SAE 7595 75.06 76.51 75.84 72.03 75.08 1.59
CNN 7391 7585 8325 76.21 75.8 77.004 3.22

Data

PD Speech | SAE 70.13 66.56 68.2 67.75 64.48 67.43 1.87

D2FLS | 77.64 70.17 70.3 74.5 7451 | 73.425 2.84

CNN 77.08 7738 76.69 77.38 78.08 77.32 0.46

IDA2016 SAE 87.45 8854 86.72 87.81 8484 | 87.07 1.26

D2FLS | 92.07 9194 9256 92.73 93.5 92.559 0.55

CNN 80.29 83.36 84.37 7855 80.76 81.47 2.12

EpiSeizure | SAE 90.6 9122 89.8 89.48 90.32 | 90.29 0.61

D2FLS | 90.6 9245 91.34 90.78 91.46 | 91.325 0.65

CNN 94.03 92.68 92.48 90.73 89.03 91.79 1.73
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6.3.2 Deep Type 2 Fuzzy Logic system Vs Deep Neural Networks

The aim of these experimentstd compare the performance of the D2FLS against
two Deep Neural Networks, a Stacked Autoencoder and a Convolutional neural
network. The goal is to see if our D2FLS model performs reasonably well when

compared to the statd-the-art Deep Neural Networks.

We tabulate the performance of the D2FLS, SAE and CNN over five training runs
on the Categorical datasetsTiable6-1. The results of the training rerare presented
as Average Recall (equati¢®21)) in columns (37). The mean and standard deviation
of the five training runss displayed in theeighth and ninth columns of the table,
respectively. Where a result is in bold (column 8), it indicates that the row contains the

Al model with the best performance for the data

FromTable6-1, we can see that the CNN provided the best performance in four of

the six datasets and the D2FLS &#E provide the best performance in one each of

Table6-2: Comparison of the performance of the D2FLS vs Stacked Autoencoder vs CN
Regression Datasets using Mean Absolute Error as the Fitness Function

Al

Data Set Model 1 2 3 4 5 Average Std
o D2FLS | 0.106 0.116 0.1049 0.1022 0.098 | 0.105 | 0.005897
Wik SAE | 0.0558 0.0559 0.0479 0.0401 0.0463| 0.0492 0.006
Localization
CNN | 0.0494 0.037 0.0477 0.0422 0.0435| 0.044 0.0044
Swiss D2FLS | 0.0534 0.0413 0.049 0.0459 0.0447| 0.0469 | 0.004103

Premium SAE | 0.0277 0.0258 0.0274 0.0294 0.0269| 0.0275 | 0.0012
Prediction CNN | 0.0237 0.0259 0.0255 0.0271 0.0263| 0.0257 | 0.0011
CT Scan | D2FLS | 0.0945 0.0911 0.0885 0.0843 0.0899| 0.0897 | 0.003337
Region SAE | 0.031 0.0374 0.0298 0.0345 0.0298| 0.0325 | 0.003
Prediction | cNN | 0.045 0.045 0.0454 0.0451 0.0458| 0.0453 | 0.0003
D2FLS | 0.076 0.0741 0.074 0.074 0.079 | 0.075 | 0.002247
SAE | 0.072 0.072 0.0663 0.0658 0.066 | 0.0684 | 0.0029

CNN | 0.0745 0.0752 0.0745 0.0689 0.0691| 0.0724 | 0.0028
D2FLS | 0.048 0.057 0.0511 0.045 0.057 | 0.0519 | 0.004737
BT PWA SAE | 0.0384 0.0379 0.0374 0.038 0.038 | 0.0379 | 0.0003

CNN | 0.0381 0.0383 0.041 0.0374 0.0379| 0.0385 | 0.0013

Predict Song
Year
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the selected datasets. This is intuitivesidering that CNN is the statd-the-art Al
algorithm for a variety of classification problem. The relevant point here is that in four
of the datasetsS@ntander CTPBT Customer DataEpiSeizureand PD Speechthe
difference between the performancelsd D2FLS and the best algorithm is withib 4
percent.The D2FLSperformance is-3% lowerthanthe CNN and 23% better than

the performance of the SAHhis indicates that the performance of the D2FLS is

comparable to the performance of the best DNNrélyos.

Similarly, Table 6-2 shows the results of five training runs with Mean Absolute
Error as the fitness function(equati@?4)) in columns (37). The mean and standard
deviation of the five training runs displayed inthe eighth and nintbolumns of the
table, respectively. We have alsghlighted in bold the model with the best average

MAE for each of the datasets.

FromTable6-2, we can see that the SAE performs the best in three of the datasets

and CNN provides the best performance in the other two datasets. But the difference in

Table6-3: Comparison of the performance of the D2FLS vs Stacked Autoencoder vs CNI
Regression Datasets using Root Mean Sgjitaror as the Fitness Function

Al
Data Set Model 1 2 3 4 5 Average Std

D2FLS | 0.1546 0.1346 0.1486 0.1362 0.1222| 0.1392 | 0.0113

W'.'F'. SAE | 0.0726 0.0553 0.0607 0.0674 0.0592| 0.063 0.0062
Localization

CNN | 0.0644 0.0564 0.0584 0.0629 0.0671| 0.0618 | 0.0039

SiEs D2FLS | 0.0569 0.078 0.0681 0.0663 0.0708| 0.068 0.0068

Premium | SAE | 0.0398 0.0367 0.0356 0.0396 0.0366| 0.0377 | 0.0017
Prediction | cNN | 0.0395 0.0413 0.0391 0.0394 0.0413| 0.0401 | 0.001
CTScan | D2FLS | 01425 014 01262 0126 0.1397| 0.1349 | 0.0072
Region SAE | 0.0542 0.0577 0.0559 0.0576 0.0558| 0.0562 | 0.0013
Prediction | cnN | 0.0737 0.0737 0.0732 0.0732 0.0735| 0.0734 | 0.0002
D2FLS | 0.1095 0.1115 0.1088 0.1106 0.1094| 0.11 | 0.001
SAE | 0.1005 0.1029 0.1011 0.1009 0.1007| 0.1012 | 0.0009

Predict Song

Year
CNN | 0.1044 0.1028 01028 0.1022 0.1039| 0.1032 | 0.0008
D2FLS | 0.0749 0.0796 0.0687 0.0743 0.0844| 0.0764 | 0.0053
BT PWA 1 SAE | 0.0546 00538 0.0541 0.0544 0.0543| 0.0542 | 0.0003
Data Test

CNN | 0.0555 0.0559 0.0547 0.0543 0.0569| 0.0554 | 0.0009




Table6-4: Snapshot oRule basef the Hidden Layer of the D2FLS on the BT PWA Dataset

ID 1 2 3 HOO HO1 HO02 HO3 HO4
Mid CONTRACTOR VR Very
1 High MSLCL1 2 2 Low RANK O Low High Very Mid Low
Low
. Very Very
High MISSAPP Low ON DAY .
2 2 Low RANK O UTILISATION 3 Very Low High Low Very
Low Low
Low . Very
. Mid ECONOMIC Very . .
8 CONTRlACTOR High MSLCL2 3 UTILISATION 2 Low High \Ifgx Low High
. Very Very
High ON DAY Low ECONOMIC . . .
4 | UTILISATION 2 |  UTILISATION 1 Los WELELZD ) iy | eyl [l Al
Low Low
Low Very
5 | LowMSLCL21 | ON_DAY UTILISA | LOWECONOMIC 1\ | very | Mid | Mid | Low
UTILISATION 3
TION 1 Low
6 | LowMSLCL23 | High TRAVELO Mid MISSAPP 0 | High | Low | High \Ifgx High
Mid CALC . . . . :
7 PROD 1 Mid MSLCL2 2 Mid RANK 0 Low High High Low High
Very Very Very
8 Mid MSLCL2 0 Mid MSLCL2 3 Low LOANS 2 Low High Very L Very
Low Low

performance between the SAE and CiNmall The D2FLS has higher error on

average when compared to th&E and theCNN for theregressiordatasets.

To make sure that the Mean Absolute Error fitness function is not affecting the
results, we conducted another experiment on the Regredsiasets by retraining all
the data models using a different fithess function. In this, dasé&oot Mean Squared

Error (RMSE) represented below in equat{6:137).

RMSE= /%a (y -B)?

Where y. is the desired outputy, is the actual output of the model aflds the

(6.37)

number of inputs.

The result of five training runs using RMSE as the fitness function are tabulated in
Table6-3. With mean and standard deviation over these training runs angiign and
ninth columns of thetable, respectively. Where a result is in bold (column 8), it

indicates tht the row contains the Al model with the best performance for the dataset.
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Table6-5: Snapshot oRule bas®f the Ouput Layer of the D2FLS on the BT PWA Dataset

ID 1 2 3 PWA Performance
1 Low HO2 Mid HOO High HO3 Very Very Low
2 High HOO Mid HO3 Mid HO1 Low

3 Low HOO High HO1 Mid HO2 High

4 Mid HO3 High HO2 Low HO1 Very Very Low
5 Mid HO2 High HOO Mid HO3 Low

6 Low HO3 Low HO1 High HOO Very Very Low
7 High HO2 High HO1 Mid HOO High

8 High HO1 Mid HO2 High HO3 High

9 Low HO2 Low HOO Low HO3 Very Low
10 Mid HOO High HO2 Low HO3 Very Very Low
11 High H02 Mid HO3 Low HOO High

12 High HOO Mid HO1 Low HO3 Low

13 High HOO Low HO2 High HO3 Very Low
14 Low HOO Low HO3 Mid HO1 Very Low
15 Low HO3 Mid HOO Mid HO1 High

FromTable6-3, we can see that the SAE provides the best performance in four of
the datasetsand CNN has the best performance in one of the datasets. This is similar
to the behaviour seen when using the Bds the fitness functigthe only difference
is in the Swiss Premium Prediction dataset where the CNN outpeddyrihe SAE.

We can also see that the D2FLS hé#sgher error on average across the five datasets
which is very similar to the performankess when using MAE as the fithess function.
This means that changing the fitness function has only a small effect on the relative

performance of the three models.

A snapshot of the rule base generated by one of the runs on the BT PWA dataset is
shown inTable6-4 andTable6-5. Table6-4 contains a snapshot of the rules (8 out of
100 ruks) of the Hidden Layer of the D2FLS, it shows that the rules are short and
comprise of three antecedents and five consequents that form the five outputs of the

hidden layer (HOO, HO1, HO2, HO3, HOAlembership functions fahe first two of
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Low Mid High
1
0 1
Figure6-11: Fuzzy Set Generated by D2FLS TrainingBLCL1 2feature of the BT PWA
daaset
Low Mid High

o
=

Figure6-12: Fuzzy Set Generated by D2FLS Training for Contractor 2 feature of the BT PW
dataset

the antecedds of the first rule inTable 6-4 are depicted irFigure 6-11 and Figure
6-12. Table6-5 contains a snapshot of the rules of the output layer of the QS

the rulesof the output layerarealsoshort and comprise of three antecedents and one
consequent for the output. Theputs to the output layer (HOO, HO1, HO2, HO3, HO4)

of the D2FLS are synthetic variables created during the training.
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The rules of both the layers aeptshort (3 antecedents per rule) to maximise the
interpretabilityof the model while also maintaining the accuracy of the predictas.
can then use these rulasd membership functiorie interpret the predictions of the
D2FLS Compared to the SAE and CNWhich aredifficult to interpretusing just the
weight and biases used to define them. External tools and modifications such as the
methods described in Chapgtiand ChapteR.3are required to interpret the SAE and
CNN. But these methods have limitattosuch as difficulty in interpreting the
explanations in case of inputstiva large number of features. Hence, in cases where
the interpretability of the Al model isssentiglwe can choose D2FLS ovB8AE or

CNN without losingtoo much ofpredictive accuracy of the Al model.

6.3.3 D2FLS vs Shallow Neural Networks and an IT2FLS

In this experimentwe compare the performance of the D2FLS against a Multilayer
perceptron and an Interval Ty@d~uzzy Logic System. The goal is to see if our D2FLS

model performs reasonably well when compared to these two shallow Al models.

Table 6-6, contains the results of five training runs on classification datasets. The
results of the training runs are presented as Average Recall (eq6&ibhin columns
(3-7). The mean and standard deviation of the five training runs is displaybe in
eighth and nintltolumns of the table. Where a redslin bold (column 8), it indicates

that the row contains the Al model with the best performance for the dataset.

Table6-6 shows that the D2FLS provide¢he best performance in three of the four
datasetsand the MLP provides the best performance in two of the remaining datasets.
The D2FLS outperforms the IT2FLS in all the datgsetsd the performance

improvement is more than 4% in three of the datamedsabout 2% in the othéwo
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Table6-6: Comparison of the performance of the D2FL3Vdti-layer perceptrons IT2FLS
in ClassificationDatasets usingverage Recalas the Fitness Function

D2FLS | 64.39 61.4 63.7 61.39 62.04 | 62.584 | 1.24

Santander

s MLP |653 6241 59.88 641 6509 |63.36 |2.02
IT2FLS | 56.92 59.44 58.1 569 5814 |57.9 0.94

BT D2FLS | 73.53 71.82 72.63 71.49 70.83 |72.061 | 0.7

Customer | MLP | 75.63 74.34 73.44 7524 73.05 |74.34 |0.99

DEIE IT2FLS | 60.23 61 60.62 60.66 59.88 | 60.48 | 0.38
D2FLS | 77.64 70.17 703 745 7451 |73.425 |2.84

PD Speech | MLP | 66.37 66.87 61.81 60.12 63 63.63 | 2.61

IT2FLS | 69.41 636 71.85 61.83 68.11 |66.96 |3.71
D2FLS | 92.07 91.94 9256 92.73 935 | 92559 |0.55
IDA2016 MLP 83.32 85.23 8297 8148 8259 |83.12 1.22
IT2FLS | 89.64 91.54 90.05 91.33 89.84 |90.48 |0.79
D2FLS | 90.6 9245 91.34 90.78 91.46 |91.325 | 0.65
EpiSeizure | MLP 84.53 80.31 8216 79.97 8376 |8214 |1.81
IT2FLS | 89.73 88.76 88.54 90.67 89.11 |89.36 |0.77

datasets with an average improvement of about 5%. The D2FLS outperforms the MLP
in threeof the datasets with about 9% improvement in performance. In the other two
datasets where the MLP outperforms the D2Rh8 performance difference is only
about 2%.The D2FLSperfomsbetter tha theMLP overall withabout 5%increased

performance

Table6-7 displays the results of the five training runs on the regression datasets. We
display the MAE over the testing data on the regression datasgitmns (37). The
mean and standard deviation of the five training runs is displayed mighth and
ninth columns of the table. Where a result is in bold (column 8), it indicates that the

row contains the Al model with the best performance for the dataset

Table6-7 shows that the MLP provides the best performaand the D2FLS has
the next best fitnesshen compared to the MLHhe D2FLS outperforms ¢nT2FLS

in all four of the selected datasets. The D2FLS has at least 6% lower error rate when
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Table6-7: Comparison of the performance of the D2FLS vs Malgier perceptron vs IT2FLS
in Regression Datasetising MAE as the Fitness Function

D2FLS | 0.106 0.116 0.1049 0.1022 0.098 | 0.105 | 0.005897

Wi-Fi MLP | 0.0387 0.0367 0.042 0.0389 0.0377| 0.044 | 0.0044
Localization

IT2FLS | 0.129 0.1551 0.116 0.1188 0.1655| 0.1369 | 0.0199

S D2FLS | 0.0534 0.0413 0.049 0.0459 0.0447| 0.0469 | 0.004103

Premium | MLP | 0.0262 0.0258 0.0263 0.0265 0.0265| 0.0257 | 0.0011
Prediction | 172 5| 0.0507 0.0512 0.0582 0.0518 0.0515| 0.0527 | 0.0028
CTScan | D2FLS | 0.0945 00911 0.0885 0.0843 0.0899| 0.0897 | 0.003337
Region MLP | 0.0353 0.0352 0.0359 0.0355 0.0333| 0.0453 | 0.0003
Prediction | 17oF 5| 0.1048 0.0935 0.0904 0.088 0.1012| 0.0956 | 0.0064
D2FLS | 0076 0.0741 0.074 0.074 0.079 | 0.075 | 0.002247
MLP | 0.0749 0.0753 0.0691 0.0673 0.0671| 0.0724 | 0.0028
IT2FLS | 0.08 0.086 0.081 0.0793 0.0831| 0.0819 | 0.0024

Predict Song
Year

compared to the IT2FLS with the highest improvement in fithess seen in the Wi
Localization dataset with a 30% lower error. And the D2FLS has 15% lower error on

average when compared to the IT2FLS.

6.3.4 Comparison between theThree-Step Training process and Single Step
Training process

Table6-8: Comparison for the ThreBtep Training Process and the Single Step Trainingd3s
for training the D2FLS with Mean Absolute Error as the Fitness Function

— TS. 0.106 0.116 0.1049 0.1022 0.098 0.105 0.00589
Wi-Fi Training
Localization SS
Training 0.147 0.148 0.149 0.178 0.154 0.155 0.0115
Swiss T.S. 0.0534 0.0413 0.049 0.0459 0.0447| 0.0469 | 0.004103
- Training
Premium SS
Prediction - 0.067 0.082 0.065 0.069 0.081| 0.0729 0.0072
Training
CT Scan TS. 0.095 0.091 0.089 0.084 0.09 0.0897 | 0.00334
. Training
Region SS
Prediction - 0.117 0.136 0.13 0.126 0.126 0.127 0.0062
Training
Trz;l;ﬁin 0.048 0.057 0.051 0.045 0.057 | 0.0519 | 0.00474
BT PWA -
. 0.078 0.05 0.106 0.063 0.077 | 0.0748 0.0187
Training
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The aim of this experiment is the test #féectiveness of the thresep training
procesqTS Training) depicted inFigure 6-10, proposedas the training method for
training each layer of thB2FLS. We compare this training method to an alternative
by combining all the stepsf the TS trainingand train each layer in a single 48§
Training) by encoding the layer using the representatiq6.0) and training the MFs

and FOUs of the antecedents and consequents along with the rules in a single step.

For theTS training process, we use BBC as the training algorithm with 500
generations and 30 gicles per step. For tH&Straining process, we again use the-BB
BC algorithm with 500 generations and 90 particles to train the D2RleSusethese
parameters for the optimization algorithmensure that the two training methods use

asimilaramount ofCPU time.

The result of training the two methodser five training runson four regression
datasets is tabulatedTrable6-8. The results of the training runs are presented as Mean
Absolute Error (equatio(6.24)) in cdumns 37. The mean and standard deviation of
the five training runss displayed in theeighth and nintltolumns of the tabléVhere
a result is in bold, it indicates théte row containghe training method with the best

performance for the dataset.

Theresults presented fable6-8 show thathe D2FLS trained using the TS training
method performs better than the D2Flr&ned using SS training metthin all four
datasetsUsing theTS training method for the four datasegguces the MAE by7%
on average across the four datasgtss supports the choice tife TS Trainingnethod

and it is utilised in all the other experiments.
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6.3.5 Comparison Between D2FLS trained using the various Membership

Function Types

The aim of this experiment is to test the impact of the various types of Mteon
proposed2FLS model The MF typewhich provides the best resylis then used in

the rest of thexperiments

There are mainly three types of Membership functionsleaie testedthey are
Triangular MF, Trapezoidal MF and Gaussian MF (depictdeignre6-7, Figure6-8
andFigure6-9). Figure6-13depicts, examplesf thethree types ofT2 MFs generated
during trainirg. Average Recalland Mean absolute err@re used as the fitness
functionsthe categorical andegressioratasetsrespectivelyIn all the caseshe BB-
BC algorithm is used as the optimization algorittwith 500 generations and 30

particles per step

Table6-9: Comparison of performance of D2FLS for difference types of MFs on Categoric
Datasets with Average Recall as the Fitness Function

Trapezoidal| 64.39 614 63.7 61.39 62.04| 62.584 1.24

SagtT""Sder Triangular | 61.07 62.6 61.09 61.23 63.05| 61.807 0.84
Gaussian | 52.59 53.79 53.48 53.24 52.89| 53.197 0.42

BT Trapezoidal| 73.53 71.82 72.63 71.49 70.83| 72.061 0.7
Customer | Triangular | 68.24 71.87 70.99 70.56 71.98 70.73 1.35
Data Gaussian | 59.66 59.86 60.02 60.08 59.8 59.885 0.15
Trapezoidal| 77.64 70.17 70.3 745 7451 | 73.425 2.84

PD Speech | Triangular | 58.94 68.17 65.74 67.99 70.43| 66.253 3.95
Gaussian | 56.98 60.37 57.29 57.46 58.42| 58.103 1.23

Trapezoidal| 92.07 91.94 9256 92.73 93.5 92.559 0.55

IDA2016 Triangular | 91.73 89.17 92,98 94.4 92.78 | 92.213 1.58
Gaussian | 94.79 9234 91.73 9295 87.93| 92.954 1.32

Trapezoidal| 90.6 92.45 91.34 90.78 91.46| 91.325 0.65

EpiSeizure | Triangular | 87.68 87.32 80.7 86.004 88.22 | 85.983 2.74
Gaussian | 80.16 79.43 75.13 80 78.85| 78.714 1.85
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Table6-10: Comparison of performance of D2FLS for difference types of MAR&gression
Datasetsvith Mean Absolute Error as the Fitness Function

Trapezoidal| 0.106 0.116 0.1049 0.1022 0.098 | 0.105 | 0.005897

WIF | Trangular | 0.1105 0.1256 0.1486 0.1525 0.1477| 0.1369 | 0.0163
Localization

Gaussian | 0.2345 0.2393 0.2366 0.2474 0.2418| 0.2399 | 0.0045

Swiss | Trapezoidal] 0.0534 0.0413 0.049 0.0459 0.0447| 0.0469 | 0.004103

Premium Triangular | 0.0596 0.065 0.0659 0.0581 0.0543| 0.0606 | 0.0043
Prediction Gaussian | 0.1499 0.1499 0.1641 0.1579 0.1499| 0.1543 | 0.0058

CT Scan | Trapezoidal| 0.0945 0.0911 0.0885 0.0843 0.0899| 0.0897 | 0.003337
Region Triangular | 0.1101 0.1136 0.1184 0.1217 0.1361| 0.12 0.009
Prediction Gaussian | 0.122 0.1335 0.188 0.1359 0.1036| 0.1366 | 0.0281

Trapezoidal| 0.076 0.0741 0.074 0.074 0.079 | 0.075 | 0.002247
Triangular | 0.0797 0.0785 0.08 0.0752 0.0751| 0.0777 | 0.0021
Gaussian | 0.0987 0.0882 0.1553 0.0859 0.0903| 0.1037 | 0.0262

Predict Song
Year

Trapezoidal| 0.048 0.057 0.0511 0.045 0.057 | 0.0519 | 0.004737
BT PWA Triangular | 0.0642 0.0551 0.0556 0.0496 0.0625| 0.0574 | 0.0053
Gaussian | 0.0776 0.0856 0.0746 0.0788 0.0729| 0.0779 | 0.0044

We tabulate the plormance of the D2FLS when using the three types of MFs over
five trainingrunson theCategorical datasets ifable6-9. The results of the training
runs are presented as Average Recall (equéi@m)) in columns (37). The mean and
standard deviation of the five training runs is displayed ireitjeth and nintltolumns
of the table. Where a result is in bold, it indicates that the row containssihiés for

theMembership functiong/pewith the best performance fdre dataset.

We can see frorfiable6-9 that the Trapezoidal MFs provide the best performance
in four of the five datasets while the Gaussian MFs perform the best in one of the
datasetgIDA 2016). The Triangular MFs provide slightly worse performance than the
Trapezoidal MFs, about 3% lossperformance on average. While the Gaussian MFs
perform the worst in four of the five datasets, about 10% loss is performance on average

when compared to Tragoidal MFs.
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Figure6-13: Examples of IT2 Fuzzy Sets Generated for D2FLS during Training where (a) (d) ar
Trapezoidal MF, (b) (e) are Triangular MF, and (c) (f) are Gaussian MF for ContractoMGAr@L 1 2
features respectively of the BT PWA dataset
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Similarly, we tabulate the performance of the D2FLS for the Regression datasets in
Table 6-10. The esults of the training runs are presented as Mean Absolute Error
(equation(6.24)) in columns (37). The mean and standard deviation of the five training
runsis displayed in theighth and nintltzolumns of the table. Where a result is in bold,
it indicates that the row contains the results for the Membership functions type with the

best performance for the dataset.

FromTable6-10, we can see that the Trapezoidal MFs provide the best performance
for all the regression datasets. The use to Triangular MFs and Gaussian MFs led to
about 21% and 79% larger rateeyror, respectively. Examples of the membership

functions generated are depictedrigure6-13.

This result indicates that the Trapezoidal MFs is the best MF to use in D2FLS for
the selected datasets. This might be because Trapezoidal MFs generally provide higher
degrees of freedom coraped to the Triangular and Gaussian NIFg. Hence, we use

Trapezoidal MFs for the rest of the experiments.

6.3.6 Comparison of the performance of the BBBC against Genetic Algorithms

Table6-11: Comparison Between D2FLS Trained using-BB and Genetic Algorithm on
Categorical Datasets with Average Recall as the Fitness Function

Santander BB-BC 64.39 614 63.7 61.39 62.04 | 62.584 | 1.24
CTP GA 54.83 54.34 55.38 55.32 55.27 | 55.029 | 0.39
BT BB-BC 73563 71.82 7263 7149 70.83| 72.061 | 0.7
Customer
Data GA 67.46 67.39 73.48 7264 7435 | 71.062 | 3.02
BB-BC 77.64 70.17 70.3 745 7451 | 73.425 | 2.84
PD Speech
GA 6159 6153 605 55.78 64.68 | 60.816 | 2.88
ARG BB-BC 92.07 91.94 9256 92.73 935 | 92559 | 0.55
GA 89.29 90.98 90.28 92.3 89.13 | 90.394 | 1.17
. BB-BC 90.6 9245 91.34 90.78 91.46 | 91.325 | 0.65
EpiSeizure
GA 82.68 83.19 8284 828 84.43 | 83.19 | 0.64




161

Table6-12: Comparison BetweeD2FLS Trained Usin@®B-BC and Genetic Algorithm on
Regression Datasetgth Mean Absolute Error as the Fitness Function

Wi-Fi BB-BC 0.106 0.116 0.1049 0.1022 0.098 | 0.105 0.0058
Localization GA 0.2743 0.2221 0.2176 0.1837 0.1815| 0.2158 0.0337
Swiss BB-BC 0.0534 0.0413 0.049 0.0459 0.0447| 0.0469  0.004
Premium Pred GA 0.1406 0.1373 0.1365 0.1355 0.1273| 0.1354 0.0044
CT Scan BB-BC 0.0945 0.0911 0.0885 0.0843 0.0899| 0.0897  0.003
Region Pred GA 0.171 0.1772 0.1577 0.1676 0.1565| 0.166  0.0079
Predict Song| BB-BC 0.076 0.0741 0.074 0.074 0.079 | 0.075  0.002
Year GA 0.1085 0.1144 0.1136 0.0853 0.0963| 0.1036 0.0112
BT PWA BB-BC 0.048 0.057 0.0511 0.045 0.057 | 0.0519 0.0
GA 0.1086 0.1014 0.1391 0.102 0.1199| 0.1142 0.0141

The aim of these experiments is to evaluate the differences when using-B€ BB
algorithmor Genetic Algorithm (GA) for training the D2FLS. The best algorithm can

then be used for further experiments.

Average Recalis usedas the fitness function for all categorical datasets and Mean
absolute errors usedfor all the regression datasets. In thié casesvhereBB-BC
algorithm is used as the optimization algorithitsparameters a0 generations and
30 particles per steSimilarly, The GA was runfor 150 generationswith 100
individuals per generatiowith a crossover probability of 0.4 and a mutation rate of
0.1. Thesevalues are chosen to ensure that both theBBBand GA are trained for the

same amount of time.

We tabulate the performance of the D2Rt&ned using the BBBC and GAover
five training runs on the Categorical dataset$able6-11. The results of the training
runs are presented as Average Recall (equédi@d)) in columns (37). The mean and
standard deviation of the five training runs is displayed iritpeth and nintltolumns
of the table. Where a result is in bgteblumn 8) it indicates that the row contains the

optimization algorithnwith the best performance for the dataset.
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Table6-13: Impact of number of Generations on D2FLS trained using Genetic Algorithi

0.108567 | 0.118009
0.101369 | 0.138971
0.139087 | 0.129255
0.102 0.120627
0.119919 | 0.130588
Average 0.114189 | 0.12749

Standard Dev. 0.014123 | 0.007504

We can see fromhable6-11that the D2FLS trained using BBC algorithm perform
significantly better than the GA il five of thecategorical datasets with a 6% higher

average recall on average.

Similarly, we tabulatéhe performance of the D2FLS for the Regression datasets in
Table 6-12. The results of the training runs are presented as Mean Absolute Error
(equation(6.24)) in columns (37). The mean and standard deviation of the five training
runs is displayed in theighth and nintltolumns of the table. Where a resslin bold,
it indicates that the row contains the resultgtieroptimization algorithrwith the best
performance for the dataset.

From Table 6-12, we can see that the D2FLS trained using-BB algorithm
perform significantly orall five of the Regressiodatasetsvith a 49% smaller error on

average when compared to the GA.

We then investigated why the performance of the GA is lower than thRBBB
algorithm. First, we conducted an experiment to check if increasing the number of
generations will improve performance. We ran the GA for 150 and 200 generations
with 100 individuals in each generation on the BT PWA Data dataset. The results of

this are tablated inTable6-13. FromTable6-13, we can se¢hat running the GA for
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Table6-14: D2FLS optimized by Genetic Algorithm using a single step training with MAE
fitness function

100 0.1819 0.1886 0.1773 0.1791 0.1816 | 0.1817 [ 0.0038
200 0.1848 0.1671  0.168 0.1805 0.1713 | 0.1743 | 0.0071
300 0.1687 0.1782  0.181 0.1511 0.1691 | 0.1696 | 0.0105
400 0.1566 0.1544 0.1713 0.1482 0.1724 | 0.1606 [ 0.0096
500 0.1396 0.1594 0.1491 0.1677 0.1482 | 0.1528 [ 0.0098

longerdoes noimprove the performanc&his might be because of the multiple steps

used during the training.

Hence, In the next experimente checked the effect of training the D2FLS in a
single step. i.e., we trained the FOU along with the MFs and rules of the D2FLS at the
same time. The results of this training over a variety of generations are tabulated in
Table6-14. As we can se¢he performance of the D2FLS improves as we increase the
number of generations. This indicates that increasing the number of generations will
provide improvedperformance. But even after training for 500 generatioins
performance of the Single Step training process is lower than thestiegeéraining
process we used for other experimetitethreestepprocess is run for 100 generations
per stepi.e., 1M generations per step which gives us a total of 300 generations.
Therefore, we stopped any further investigation as the number of generations required
to get similar performance to the BBC from GA seems to b®o high. Hence, we

decided to usBB-BC algorithm for all the other experiment.

6.3.7 Deep Type2 FLS vs Deep Typel FLS

In this experiment, we compare the performance of a Deep-Z¥ieS against a
Type1 version of the same modek., the FOU of the D2FLS are not trained. The
goal is to sednow muchthe predictive accuracy of the D2FLS can be imprawed

adding Interval Type fuzzy sets.
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Table6-15: Deep Type2 FLS vs Deep Typé FLS on Classification Datasets

ST IT2 6439 614 637 6139 62.04 | 62.584 | 1.24

CTP Typel | 57.74 59.66 60.49 62.36 59.58 | 59.97 1.5
CLL IT2 62.8 59.78 61.25 62.37 63.31 61.9 1.26
Identification | Typel | 61.13 54.18 61.81 62.06 62.01 | 60.24 | 3.05
BT Customer| T2 7353 71.82 7263 7149 70.83 | 72.061 | 0.7
Data Typel | 59.8 59.98 62.07 61.36 58.31 60.3 1.31
IT2 7764 7017 70.3 745 7451 | 73.425 | 2.84

PD Speech
Typel | 62.77 68.85 5876 67.82 66.09 | 64.86 | 3.68
IT2 92.07 91.94 9256 9273 935 | 92559 | 0.55

IDA2016
Typel | 92.63 91.37 91.99 93.14 91.87 92.2 0.62
. IT2 90.6 92.45 91.34 90.78 91.46 | 91.325 | 0.65

EpiSeizure

Type-1l 89.7 8952 89.89 9231 89.48 90.18 1.08

The D2FLS and its Typé& counterpart are trained using H#, with Average
recall as the fitness function, five times. And the Average Recall on the tdatmgf
the categorical datasets along tabulatelhiple6-15. The mean and standard deviation
of the five training runs is displayed in teighth aml ninthcolumns of the table. Where
a result is in bold (column 8), it indicates that the row contain3ype of FLSwith

the best performance for the dataset

FromTable6-15, we can see that the Deep Typ&uzzy logic system outperforms
its Typel counterpart in &the selected classification datasets. This is logical as the
D2FLSis tranhedby adding FOUg$0 an optimisedType-1 systemhence, the D2FLS
system will perform at least as well as its tjpeounterpart. The main point tmte
here is the magnitude of the performance improvement when thelTwgrsion of the
system is converted into the IT2 version. As we can theee is almost 9 parent
improvement in thePD Speechdataset and 12 perent improvement in the BT
CustomerData dataset. With an average performance improvement of 4.3% by

switching from Typel to Interval Type2 system in Classification datasets.
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Table6-16: Deep Type2 FLS vs Deep Typé FLS onRegressioatasets

Wi-Fi IT2 0.106 0.116 0.1049 0.1022 0.098 | 0.105 | 0.005897
Localization | Typel | 0.119 0.1106 0.1343 0.1137 0.1366 | 0.1228 | 0.0107
Swiss IT2 0.0534 0.0413 0.049 0.0459 0.0447 | 0.0469 | 0.004103
Premium Pred
Typel | 0.1188 0.1361 0.1104 0.1156 0.147 | 0.1256 | 0.0138
CT Scan IT2 0.0945 0.0911 0.0885 0.0843 0.0899 | 0.0897 | 0.003337
Region Pred | Typel | 0.1215 0.1258 0.1114 0.0958 0.1081| 0.1125 | 0.0106
Predict Song IT2 0.076 0.0741 0.074 0.074 0.079 | 0.075 | 0.002247
Year Typel | 0.0747 0.083 0.0784 0.078 0.0812| 0.0791 | 0.0029

IT2 0.048 0.057 0.0511 0.045 0.057 0.0519 | 0.004737
Typel | 0.0579 0.052 0.0581 0.0833 0.0631| 0.0629 0.0108

BT PWA

Similarly, the D2FLS and its type counterpart are trained using B with MAE
as the fitness function five timeach. The MAE on the testing data of the regression
datasetss tabulatel in Table6-16. The mean and standard deviation of the five training
runs isdisplayed in theighth and nintltolumns of the table. Where a result is in bold
(column 8), it indicates that the row contains the Type of FLS with the best performance

for thedataset.

From Table6-16, we can see that similar to the classification datasets the D2FLS
outperforms its typd counterpart in all the selected regression datasets. The D2FLS
provides about 47% lower error when quamed to its Typd counterpart with the best
improvement in the Swiss Premium Prediction dataset where it has less than half the
error. This indicates that using Interval tyReFuzzy sets providea significant

improvement over typé fuzzy sets.

6.4 Summary

This chapter discussed the Deep TFgpEuzzy Logic System aralnovel training

method to train this Al model. It discussed the shortcomings of the IT2FLS system for
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datasets witha large number of features and the suitability of the D2FLS Hesé
datasets. To fully evaluate the proposed system, we compared it against SAE, CNN,

MLP and IT2FLS.

The results show that theclassification datasets the proposed D2FLS provides 2%
improvement when compared to the SAE on average and it was withiof 286
performance of the CNN. The results also show the D2FLS has &t&8athigher
performance compared to the MLP and the IT2FLS. This shows that the D2FLS is
competitiveagainst statef-the-art Deep Learning algorithms in categorical datasets

and ouperforms the MLP and IT2 FL#8 the categorical datasets

In the regression datasethe results show that the proposed D2FLS dtasvn
higher error on average when compared to the MAE of the, SAFP and CNN
respectively. The D2FL8as better performance wheompared to the IT2FL5%

lower error).

The chapter also shows the interpretability of the D2FLS in the forrtheof
membership functions armhapshaof the rules of the D2FLS he interpretability b
the D2FLS will be futher evaluated through a survey Chapter8.3. The D2FLS
comprises oahsmall number of rules witasmall number of antecedents per riltes
maximising the interpretability of the mod&he SAE, CNN and MLP modelsn the
other handrequire external tools or modificationspgoovide explainabilitybutthese

toolshave their own limitations and might reltvaysbe suitable.

Thischapter also discusst® impact of using IT2 MFs in the D2FLS ahd tesults

show that the use of IT2 MFs has a significsifecton the performance of the D2FLS.
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With about 5% improvement in performance in the categorical datasets and 47% lower

errorrate when compared to its Tyfiecounterparin regression datasets

This chapter alsexploredthe use of5A to train the D2FLSThe resultshow that
the D2FLS trained using BBC has a 4.3% higher average recall in the categorical
datasets and about%/7lower MAE in the regression datasetsen compared to the

D2FLS trained using a GA

In the next chaptemwe discuss an alternative training method for the D2FLS by

extending the training method used to train a Fuzzy Stacked Autoencoder (FSAE).
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Chapter 7. Deep Type2 FLS trained using a Stacked

Autoencoder

An alternative to the training methatescribedin section6.2 is to first train a
stacked autoencoder and use the outputs at the intermediate tdy¢hese
autoencoders to piteain the hidden layers of the D2FL& final output layer ighen

added to itand the whole model is trained.

The inspiration for this training method comes from the Fuzzy Stacked Autoencoder
(FSAE)[116], depicted irFigure7-1, in which the final layer of a stacked autoencoder
is replaced byraFLS. The way this is done is by first training the hidden layers of the
FSAE as SAEs using a greeldyerwisetraining algorithm[61]. Once the system is
trained the last layer of the stacked autoencoder is replaced by a Fuzzy Logic System
(T1/1T2 FLS) and trained using an optimization algorithm like B8 using the output

of n-1 layer of theSAE as the input.

There is one advantage to using this method over the training method presented in
the previous chapteBince, we use gradient descent algorithms to train the stacked
autoencodetrthe trainingis much faster than random seabased algorithms such as

BB-BC. The disadvantage is that this training method is much more complex than the
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Figure7-1: Fuzzy Stacked Autoencodgk16]
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method presented in the previous chaplédmns training method consists of three
phasesthe first phase is theaining of the SAEthe second phasepsetraining of the
hidden layers of the D2FLS and finally the third phasethe final or output layer is
added to the D2FL&nd all thehidden layersre retrainedThe details of this training

method are presented in the following sections.

7.1 Autoencoder Training

An autoencoder is a neural network that is designed to reconstmb@oximation
of the input at the outpuie., the target output of the network is the input. The idea
here is to constrain the network in such a way that the autoencoder is forced to learn

theimportant characteristics of the inputs. Some of the wawsioh wewill constrain

Final Layer | () O
1

Hidden Layer 3 O O O IO O O

encoder decoder
Hidden Layer 2 O O O O O O
encoder decoder

Hidden Layer 1 O O O O O O

encoder decoder

OO0

input

Figure7-2: Stacked Autoencoder Training
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the networkis by restricing the number of neurons in the hidden layetsch will
force the network to learn a sparse representation, add noise to the inputs etc. These
constrains are used to ensure that the autoeecddes noimerelylearn the identity

function of the input.

Mathematically the autoencoder can be represented as follows, given a set of

training sample$X;, %,.., >§)] where X, [ R, the autoencoder first encodes the ingut

to a hidden representatid’lp , then it decodes the hidden representatioﬁtas shown

below.

h =fWx, ) (7.1)
£ = g(Wh, +) (7.2)

WhereW, and b1 represent the weights and bias of the encoder I8eand bz

represent the weights and bias of the decoder layer. The weights and bias of the encoder
and decoder are shared in the autoencoder. Wethesddam algorithm[101]
(described iM4.3.1.) to train the autoencoder. It is a Stochastic Gradient Descent
algorithm which calculates the adaptive learning rates based on estimates of the first

andsecondorder moments of the gradiefi®1].

As depicted inFigure 7-2, once the first autoencoder is traingide decoder is
discardedand the output of the encoder is used to train the second layer of the neural
network as an autoencoder. This process is tegdar all the hidden layerand once
this is done the final layer is added to the network and the whole network is retrained

using supervised learning.
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7.2 Pretraining D2FLS

Once the SAE is trained tloeitputs of the hidden layeo$ the SAEareused to pre
train the hidden layersf the D2FLS. i.e., the inputs and outputs of the first hidden
layer of the SAEareused to train the first hidden layer of the D2FLS. Next, the inputs
and outputs of the second hidden layer of the SAdtised to train the secomiilden
layer of the D2FLS etc. This process is repeated until all the hidden layers of the D2FLS

arepre-trained.

Let F, be k" thelayer of the D2FLS tde trainedand given theraining samples

(X %,y >§3] where X, I R.The D2FLS SAE pretraining can be represented as follows.

h =F.(h.,) (7.3)

Where hk is theoutput of thek™ layer of the SAE trained in the previous phase,

h<_1 is the output of thek- 1" layer of the SAE. Wherk =1 and h_; = X, for the

training samples.

To optimize the hidden layers, the MFs and rule base are optimized using-the BB
BC algorithm and the training is divided iritoeesteps, this is similar to the way FAEs
are trainedand the process is depictedRigure 6-10. The goal of the optimization
algorithm is to minimize a cost function such as MgE24), which is modified as

follows:

an- ki
MAE:':lT (7.4)
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Where lEkis theoutputof the hidden layerof the D2FLS hk is the desired output

which is the output of the&™ hidden layer of the SAP is the number of instances in

the training data.

7.2.1.1 Optimize Hidden layer as Type 1 FLS
To optimize the typd Hidden FLS, we use an optimisation algorithm such as BB
BC (described in Chaptet.1) or Genetic algorithm (described in Chapde?). The
first step in these algorithms is to encode the parameters (to be tuned) of the hidden
FLS into individuals. Each individual represents a possible solution to the optimization

problem.

There are three sets of parameters to be tuned for the hidden FLS, the MFs that
describe the input features or linguistic variables, the MFs that describe the output
linguistic variables and the rules of the FLS. In this step, we train all these parameters,

which are encoded into the individual as real numbered values as follows.

fur =My, M M R GGR (7.9)
Where M, represents the membership functions foritingut features or linguistic
variables of the FLS anM,,, represents the MFs for thé output or consequent of
the FLS using6.2), (6.5) or (6.8). R representshe | rules of the FLS usin(p.9).

For example, if the BEBBC algorithm is used as the optimization algorithm, the

training of the FAE iperformedusing the following steps.

Step 1:N individuals are initialised by randomly generating values for each of the

parameters of ;.11 in (7.5).
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Step 2: TheéN individuals are the decoded into an FLS usi(@28), and the fitness

of these individuals is calculated using the cost functiqid.#).

Step 3: The best individual among thé$e-LS is selectednd the stopping criteria
are checked against this solution. If this FLS satisfies the stoppiega, then the
optimization algorithm is stoppednd further steps of the training process are

performed on this FLS.

Step 4: Elsea new generation di individuals are generated by mutating this

individual using(4.2) , and the steps from Step 2 are repeated.

7.2.1.2 Transform T1MFs to IT2MFs

In the second step, we train the FOU of the MFs of the antecedents and the
consequents using an optimization algorithm such aBB8Bdescribed in Chaptdrl)
or Genetic algorithm (described in Chapte?). To do this, we add an FOU to the
representation of the MFs of the antecedents and the consequents of the hidden FLS
trained in the previous step. The representation of the FI(B5nis modified using

(6.13), (6.16) or (6.19) (based on the type of MFs) as follows.

T=72,.72,.72,,R.. R (7.6)

WhereT 2, represents the membership funas for the input features or linguistic

variables FLS and 2., represents the MFs for thé output or consequent of the FLS

using(6.13), (6.16) or (6.19). Since we only train the parameters of the MFs and their

FOUs in this step, the parameters of the MFs are encoded into an individual as follows.

fHLITZ:Tzl""TZ ""T g—k (77)
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The FOUs of the hidden FLS are then trained. For example, if ti@@Blgorithm
is used as the optimizan algorithm, the training of the FOUs of the hidden FLS is

performedusing the following steps.

Step 1:N - 1 individuals are generated by randomly generating values within the

search space for each of the parametef$1Li|m2. The final individual is generated by

choosing the parameters from the tjplidden FLS, trained in the previous stép

the training (the FOUSs of this individual are set to zero).

Step 2: N individualsare then decodekito the MFs of the FLS using/.7), the
rules are then added to these FLSs by choosing them from thé typden FLS

trained in the previous step.

Step 3: Te fitness of the N FLSs are calculated using the cost functiGhdin
The best individual among thed¢ individuals is selected, and the stopping criteria
are checked against this individual. If this FLS satisfies the stopping criteria, then the
optimizaton algorithm is stopped, and further steps of the training process are

performed on this FLS.

Step 4: Elsea new generation dfl individuals are generated by mutating this

solution using4.2) and the steps from Step 2 are repeated.

7.2.1.3 Optimize the Rule Base of the Hidden Layer
In the third step, we retrain the rules of the hidden FLS generatib@ iprevious
section. The rules of the FLS are encoded using the representation described in Section

6.1.1.2 using(6.9) as follows.

fHLRuIes = Rl’ ] RI (7-8)
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Where R represent therules of the hidden FLS.

The rules of the FLS are then retrained using an optimization algorithm such as BB
BC (described in Chaptet.l) or Genetic algorithm (described in &jter4.2). For
example, if the BBBC algorithm is used as the optimization algorithm, the retraining

of the rules iperformedusing the following sps.

Step 1. One individual is generated by encoding the rules of the hidden FLS
generated in the previous step inteealvalued solution using7.8). Along with this,

N - 1 individuals are generated by mutating the first individual.

Step 2: TheN individualsare then decoded intbe rules of the hidden FLSs using
(7.8). Then the MFs and their FOdsnerated in the previous section are added to the

FLSs.

Step 3: The fitness of thedeFLSs are calculated using the chsiction in(7.4).
The best solution among thes¢ FLSs is selectedand the stopping criteria are
checked against this solutionthiis hidden FLS satisfies the stopping criteria, then the
optimization algorithm is stopped, and further steps of the training process are

performed on this hidden FLS

Step 4: Elsea new generation dl Individuals are generated by mutating this

solution using(4.2) , and the steps from Step 2 are repeated.
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7.3 Optimization Method for the Final Layer

To train the full D2FLSwe use the hidden layers trained gdiime method explained
in the previous section anddad another FLS that will act as the final output layer of

the D2FLS.The output of the D2FLS can then be represented as follows.

y= f(h" (W (..(F(x)..) (7.9

Whereh" represent the" hidden FLS f represents the final output layer aKg

is the input vector.

We use an optimization algorithm to retrain all the layers using the-stepe
training process depicted Kigure6-10. The goal of the optimization algorithm is to

minimise a cost function such as MA&24), which is modified as follows

p .
aly- &l
MAE:i:lT (7.10)

Where ¥zis the predicted output of the D2FLS from equafiff), Y is the actual

output from the training datasetjs the number of instances in the training dataset.

7.3.1.1 Optimize the Type 1 D2FLS

In this step, we stack the hidden layers trained in se¢tand add a final layer.
We train the final layer as a TydeFLS while at the same timee retrain the MFs
and rules of the hidden layers using the-B8 algorithm. In this steghe inputs and
outputs are extraadedirectly from the data. Thearameters of thiglFs and rules of the

D2FLS are represented in the following format.
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fDZFLSleTﬁ’Tﬁ""TE’le My F{f ,--,Rg (7.11)

g p?

WhereThn represent the MFs and rules of théidden layers created usif§20).
M;p represents the MFs for tHeinput features,p consequents of the finahyer

and Rgf represents the rules of the final layer.

The D2FLS is then trained using an optimization algorithm such a88®B
(described in Chapte#.1) or Genetic algorithm (described in Chapte®). For
example, if the BBBC algorithm is used as the optimization algorithm, the training of

the D2FLS igperformedusing the following steps.

Step 1:N individuals ae generated, the initial values of the three parameters of the
final layer of the D2FLS ir{7.11) are randomly generated as real numbered values.
These valueare then added to the parameters of the encoders generated in the previous

phase.

Step 2:The N individuals are then decoded intdD2FLS using (7.11) , and the
fithess of these individuals is calculated using the cost functibhli) and thebest

solution among thesdl D2FLS is selected.

Step 3: The stopping criterfaumber of generations and target fithes®) checked
against the individual selected in the previous step. If this individual satisfies the
stopping citeria, then the optimization algorithm is stopped, and further steps of the

training process are performed on this D2FLS.
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Step 4: If the stopping criterigaumber of generations and target fitness not
satisfied, a new generation &f individuals are generated by mutating the individual

selected in Step 2 usirfd.2) and then the steps from Step 2 are repeated.

7.3.1.2 Transform T1MFs ofthe final layer to IT2MFs

In this step, we add the FOU to the MFs of the antecedents and consequent
membership functions of the final layer generated in the previous steps and retrain
FOUs of all the layers using the BBC algorithm. The parameters for tR®Us are

encoded using and represented as follows.
fDZFLSTZZTﬁ’ThZ’“’TE’T%f vaZ} . (7.12)

Where T." represents the IT2 representation of the MFs ofhtrencoders from

(6.30) and T2;+prepresents the MFs and FOUs of thantecedents and thgd

consequentés.20).

The FOUs of the D2FLS are then trained using an optimization algorithm such as
BB-BC (described in Chaptdrl) or Genetic algorithm (described in Chapted). For
example, if the BEBC algorithm is used as the optimization algorithine, training of

the FOUs of the D2FLS igerformedusing the following steps.

Step 1: N individuals are generated by randomly generating the FOUs of the
antecedents and the consequents of the final layer of the D2FLS and added to th

D2FLS generated in the previous section and their parameters encode@ ugng

Step 2: Theealvalued representation of theindividualsis then decoded into MFs
of the D2FLS using7.12). The rules are then added to these D2FLS by choosing them

from the tym-1 D2FLS trained in the previous step.
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Step 3: he fitness of thé&l D2FLSs is calculated using the cost function(in12)

and the best D2FLS among thessatected

Step 4: The stopping criterfaumber of generations and target fithes®) checked
against the individual selected in the previous step. If this D2FLS satisfies the stopping
criteria, then the optimization algorithm is stopped, anther steps of the training

process are performed on this D2FLS

Step 5: If the stopping criteri@aumber of generations and target fithesms not
satisfied a new generation of th&l candidate solutions are generated by mugatin
realvalued representation of the individual selected in Step 2 @i?)gand then the

steps from Step 2 are repeated.

7.3.1.3 Optimizing the Rule Base of the D2fS
In this step, we retrain the rules of all the hidden layers and the final layer using BB
BC algorithm. The parameters for this step are encoded in the following format to

create the candidate solutions of the-B8 algorithm.

fDZFLSRuIes: thl’"'il'—‘ﬁll""l:im’l:g ""’Fé (7.13

Where Rh” represents the rules of tfiehidden layer anngf represents thg rules

of the final layer.

The rules of the D2FLS are then retrained using an optimization algorithm such as
BB-BC (described in Chaptdrl) or Genetic algorithm (described in Chapted). For
example, if the BBBC algorithm is used as the optimization algorithm, the retraining

of the rules of the D2FLS gerformedusing the following steps.
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Step 1: The rules of the D2FLS generated in the previous step are encodeatinto
valued solution usind7.13). And N individuals are generated by mutating this

solution.

Step 2: TheN individualsare then decoded intbe rules of thd2FLS, then the
MFs and their FOUgenerated in the previous section are added t©8.S. The
fitness of these individuals is calculated using the cost functiGhliB) , and the best

individual among these is selected.

Step 3: The stoppingriteria(number of generations and target fithes®) checked
against the individual selected in the previous step. If this D2FLS satisfies the stopping
criteria, then the optimization algorithm is stopped, and further steps of the training

process arperformed on this D2FLS.

Step 4: If the stopping criterig@aumber of generations and target fithess not
satisfied a new generation of tNe individuals are generated by mutating the

individual selected in Step 2 usi(j2) and then the steps from Step 2 are repeated.

7.4 Experiments and Results

7.4.1 D2FLS vs Fuzzy Stacked Autoencoder

In this experiment, we compare the performance of the D2FLS against the FSAE.
In [96] FSAE is shown to have performance that is between an IT2FLS and an SAE,

So, this is an interesting comparison as we can use this mohlearthe D2FLS stacks

up against the IT2FLS and SAE models trained using the methods descii®&ld in



181

Table7-1: Comparison between D2FLS and FSAE on Categorical Datasets with Average F
as Fitness Functien

Santander | D2FLS | 64.39 61.4 63.7 61.39 6204 | 62584 | 1.24
CTP FSAE 7839 774 7692 7828 78.05 77.81 | 0.56
CLL D2FLS 62.8 59.78 61.25 62.37 63.31 61.9 1.26

Identification | FSAE 56.19 56.33 86.94 86.61 87.28 | 74.67 | 15.03

BT Customer| D2FLS | 7353 71.82 72.63 7149 70.83 | 72.061 | 0.7
Data FSAE 70.79 72.66 7213 65.04 64.24 | 68.97 3.6

D2FLS | 77.64 70.17 703 745 7451 | 73.425 | 2.84

PD Speech
FSAE 73.13 6485 73.73 76.1 79.85 73.53 4.94
AL D2FLS 92.07 91.94 9256 92.73 93.5 92.559 | 0.55
FSAE 93.64 94.74 96.47 9492 96.58 95.27 1.12
. D2FLS 90.6 9245 91.34 90.78 91.46 91.325 | 0.65
EpiSeizure

FSAE 95.32 95.13 96.34 96.51  95.87 95.83 0.54

The D2FLS modelis trained on the classification datasets usingEBBalgorithm
with 500 generations and 30 particles per stpe FSAE model is trainegsing a
greedylayerwise training[61]. We usedwo hidden layers with 400 and 30 neurons
each. Adam Algorithnj101] was used for training th8AE, and we set the learning
rate as 0.001, betmeas 09 and betavo as 0.999 and trained it for 200 epochike
final layer of the FSAE is traineasingBB-BC with 500 generations and 30 particles
per step.

Table7-2: Comparison between D2FLS and FSAEReygression Datasets with Mean Absolut
Error as the fitness function

Wi-Fi D2FLS | 0.106 0.116 0.1049 0.1022 0.098 | 0.105 | 0.005897
Localization FSAE | 0.0384 0.0457 0.0658 0.0577 0.0438| 0.0503 0.01
Swiss D2FLS | 0.0534 0.0413 0.049 0.0459 0.0447| 0.0469 | 0.004103

Premium Pred
FSAE 0.0534 0.0767 0.0629 0.0584 0.0652| 0.0633 0.0078

CT Scan D2FLS | 0.0945 0.0911 0.0885 0.0843 0.0899| 0.0897 | 0.003337
Region Pred FSAE | 0.0561 0.0486 0.055 0.06 0.0581| 0.0556 0.0039

Predict Song| D2FLS | 0.076 0.0741 0.074 0.074 0.079 | 0.075 | 0.002247
Year FSAE | 0.0738 0.0727 0.074 0.0775 0.0763| 0.0748 | 0.0018

D2FLS | 0.048 0.057 0.0511 0.045 0.057 | 0.0519 | 0.004737
FSAE | 0.0436 0.04 0.048 0.046 0.0455| 0.0446 0.0027

BT PWA




182

The results of training the twmodels with Average Recall as the fithess function
overfive training runs orthe categorical datasets is tabulatedrable7-1. The mean
and standard deviation of the five training runs is displayed ireitfieh and ninth
columns of the table. Where a result is in bold, it indicates that the row contakis the

modelwith the best performance for the dataset.

We can see fronfable 7-1 that the FSAE performance better than the D2FLS in
five of the datasets while the D2FLS outperforms it in only one of the datasets. The
highest performance difference is in the Santander Gid® GLL Identification
datasetswhere the FSAE performance the best. The FSAE also outperforms the CNN
andthe SAE(hidden layers of the model used as inputs to the F8AtBese datasets
(from Table6-2). If we do not consider these two datastte performance difference

is small within 23 % of each other.

Similarly, the results of training the two models with Mean Absolute Error as the
fitness function over five training runs on the regression datasets is tabuld@tduen

7-2. The mean and standard deviation of the five training runs is displayedeiglthie

Table7-3: D2FLS Pretrained using FAE B2FLS Pretrained using SAE on Classification
Datasets with Average Recall as the fithness function

Santander | D2FLS FAE | 64.39 61.4 63.7 61.39 62.04 | 62.584 | 1.24
CcTP D2FLS SAE | 62.93 58.91 60.18 61.71 61.53 61.05 | 1.38
CLL D2FLS FAE | 62.8 59.78 61.25 62.37 63.31 61.9 1.26

Identification | D2FLS SAE | 62.47 62.96 62.3 6223 57.12 | 6142 | 2.16

BT Customer| D2FLS FAE | 73.53 71.82 72.63 71.49 70.83 | 72.061 | 0.7
Data D2FLS SAE | 60.34 64.43 59.93 65.19 60.28 | 62.04 | 2.28

D2FLS FAE | 77.64 70.17 703 745 7451 | 73.425 | 2.84

PD Speech
D2FLS SAE | 70.21 7255 77.03 65.79 72.14 71.55 3.64
(B D2FLS FAE | 92.07 91.94 9256 92.73 93.5 92.559 | 0.55
D2FLS SAE | 94.69 92.28 95.27 9499 9531 94.51 1.14
. D2FLS FAE | 90.6 92.45 91.34 90.78 91.46 91.325 | 0.65
EpiSeizure

D2FLS SAE | 90.71 89.76 90.39 92.11  90.25 90.64 0.79
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and ninth columns ofthe table Where a result is in bold, it indicates that the row

contains theesultsof the Al model with the best performance for the dataset

Again, we seeimilar results irthat the FSAE outperforms the D2FLS in four of
the five datasets. But the average increase in error when using the D2FLS is only about

14% which is a relatively safl performance difference.

The small loss in performance between the D2FLS and FSAE is reasonable
considering that the FSAE hdswer interpretability than the D2FLSand that we
generally get better performance if we use the Deep learning counterphrés SKE

and CNN.

7.4.2 D2FLS Comparison between The Two Training Methods

In this experimentwe compare the performance of the D2FLS when it igrpieed

as & FAE (D2FLS FAE) against a D2FLS when it is fprained using the hidden layers

Table7-4: D2FLS Pretrained using FAE vs D2FLS Pretrained using SAE on Regression dal
with MAE as the fithess function

D2FLS
Wi e | 0106 0116 01049 01022 0.098 | 0.105 | 0.0059
Localization DSZKES 01241 0.1127 01073 01231 0.1075| 0.115 | 0.0073
. D2FLS
Swiss e | 00534 00413 0049 0.0459 0.0447| 0.0469 | 0.0041
Premium Pred D2ELS
oAl | 00474 00533 0.0503 0058 0.0586| 0.0535 | 0.0043
D2FLS | 10945 0.0911 0.0885 0.0843 0.0899| 0.0897 | 0.0033
CT Scan FAE : : : : : : :
Feglen P DSZKES 0.0932 0.0803 0.0906 0.096 0.0883| 0.0897 | 0.0053
D2FLS
predictSong| | PAE. | 0076 00741 0074 0074 0.079 | 0075 | 0.0022
izl DSZKES 0.0731 0.0746 0.0728 0.0747 0.0768| 0.0744 | 0.0014
D2FLS | 5048 0057 00511 0045 0.057 | 0.0519 | 0.0047
FAE
BT PWA ==
CnL | 0.0476 00523 0.0468 0.0644 0.0646| 0.0551 | 0.0079
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of an SAE (D2FLS SAE).The goal of this experiment is to find the bpsttraining

method forthe propose®2FLS model

We tabulate theesultsof the D2FLStrained using both the training methddse
times on the classification datasets using-BB in Table 7-3. The results of the
training runs are presented as Average Recall (equ@i®1) in columns(3-7). The
mean and standard deviation of the five training ngrdisplayed in thesighth and
ninth columns of the table, respectively. Where a result is in bold (column 8), it
indicates that the row contains tB2FLS training methodavith the best pedrmance

for the dataset

FromTable7-3, we can see that the D2FLS FAE outperforms the D2FLS SAE in
five of the six of the datasefBhe D2FLS SAE performs betteronly one dataet, but

the performance difference between the two methodsa&l The biggest difference

Table7-5: Snapshot of Rule base of the Hidden Layer of the D2FLS trained using SAE on th
PWA Dataset

ID 1 2 3 HOO HO1 HO02 HO3 HO4
1 Mid LOANS 1 Low MSLCL2 2 High MSLCL2 3 |Very High High High Low Very Low
: ; Low ECONOMIC . . . . .
2| Mid MSLCL1 0 Mid MISSAPP 3 UTILISATION 3 Very High  Mid High High  Very High
High ECONOMIC ,. . . .
3 UTILISATION 2 Mid CONTRACTOR 1 Low TRAVEL 1 Mid Low Mid High  Very Low
Low ON DAY Mid ON DAY . . . .
4| LowMSLCL11 UTILISATION 2 UTILISATION 1 High Very HighVery Low Very High Very High
5| Mid MSLCL1 2 High TRAVEL 3 High CALCPRODJ Low Very Low Very Low Very High  Low
: . Low ECONOMIC Very . .
6 | High MSLCL2 3 Mid MISSAPP 3 UTILISATION 0 Low Very Low High Mid High
7 | Mid MISSAPP 3 Low OTHOURS1  Mid MSLCL2 2 |Very HighVery Low \Ag% Mid Low
. High ON DAY . . Very .
8 High RANK 3 UTILISATION 1 Low MSLCL2 0 (Very High High High High Low
. High ON DAY . . . .
9 | High OT HOURS 3  Low MSLCL2 0 UTILISATION 2 Low High High Mid High
Mid ON DAY . . . .
10 UTILISATION 3 Low MISSAPP 0 Low MSLCL2 2 |Very High Low High Very High  High
. Mid ECONOMIC . . . .
11| Mid TRAVEL 3 UTILISATION 3 Low MSLCL2 2 Mid Mid High Very High Very Low
12 |High CALC PROD ( Low TRAVEL 2 High OT HOURS 1 Mid Low Low Very High Mid
High ON DAY ; . .
13 UTILISATION 0 Mid MISSAPP 2 Low TRAVEL 2 |Very Low Low Low High  Very High
14 Mid RANK 1 Low MSLCL2 3 Mid TRAVEL 3 |Very Low Mid High High High
Low ECONOMIC n " . .
15 UTILISATION 3 Mid RANK 2 Mid CALC PROD 3Very Low Very Low High Low Mid
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Low Mid High Low Mid High

(a) (b)

Figure7-3: Fuzzy Sets Generated by D2FLS SAE Training for (a) Loans 1 feature and (b) MSLCL
feature of the BT PWA dataset

between the two training methods is in the BT Customer Dataset where the D2FLS
FAE outperforms the D2FLS SAE by about 1,084t the difference in performance

between the two training methods is only about 2% performance on average.

We tabulate the results D2FLS trained using both the training meth&ds times
on the regression datasets using-B® is tabulated inTable 7-4. The results of the
training runs are presentedMsan Absolute Errofequation(6.24)) in columns (37).
The mean and standard deviation of the five training runs is displayedeigkthle and
ninth columns of the table, respectively. Where a result is in bold (column 8), it
indicates that the row contathe D2FLS training methodith the best performance

for the dataset

Table 7-4 shows that like the classification datasets the D2FLS FAE outperforms
the D2FLS SAE method in four of the five regression datasets. The D2FLS FAE has

only about 6% lower error rate compared to D2FLS SAE on average.

A snapshot of the rule base generdted2FLS trained using SA&n the BT PWA

dataset is shown ihable7-3 andTable7-6. Table7-3 contains a snapshot of the rules
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(150ut of 100 rules) of the Hidden Layer of the D2FLtShows that the rules are short
and comprise of three antecedents and five consequents that fdiine tbhatputs of

the hidden layer (HOO, HO1, HO2, HO3, HO4). Membership functionthédirst two
antecedents of the first rule Trable 7-3 are depictd in Figure7-3 (a) and (b) Table

7-6 contains a snapshot of the rules of thgpatulayer of the D2FLS, and the rules of
the output layers aralso kept short and comprise of three antecedents and one
consequent for the output. The inputs to the output layer (HOO, HO1, HO2, HO3, HO4)

of the D2FLS are synthetic variables created dutie training.

Comparing théD2FLS FAE rules infable6-4 andTable6-5, and the rules of the
D2FLS trained usg both the methods provide similar interpretability and the small
performance difference between the two training methods means that both the training
methods are viable and can be chosen based on the user preference. As an example, the

alternative traimg method presented in this chapter outperformed the training method

Table7-6: Snapshot of Rule base of the Output Layer of the D2FL$raireed using SAE on the
BT PWA Dataset

Rl\llj(;e ! 2 : Per?ovrvn?ance
1 High HO1 High H02 Mid HO3 Mid
2 Low HOO Mid HO1 Low HO3 Mid
3 Low HO1 Mid HOO Mid HO2 Low
4 Mid HO2 Mid HOO High HO3 Very Low
5 Low HO1 Mid HO3 Low HOO High
6 High H02 High HO1 Mid HOO Mid
7 Mid HOO High HO1 High HO3 Very Low
8 High HO2 Low HO3 High HO1 Very Low
9 High HO1 Mid HO2 Mid HO3 Mid
10 Low HO2 Mid HO1 Low HOO Low
11 High HO02 Low HO1 High HOO Low
12 Mid HO2 Low HO1 Low HOO Low
13 Low HO2 Mid HO1 Low HOO Very Very Low
14 Mid HO3 High HO1 Mid HOO Mid
15 High HO1 Mid HO3 Mid HOO Low
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presented in the previous chapter by 2% in the IDA 2016 dataset, the change in average
recall was from 92.5 to 94.5%. While the D2FLS FAE outperformed the D2FLS SAE

in the BT Customer daset by about 10% in the BT Customer dataset.

The performance of the FSAE is better than the D2FLS and since the alternative
training method is an extension of the FSAE we believe there is scope for further

improvement in the performance of the D2FLS wiramed using SAE.

7.4.3 Effectiveness of Preraining on the D2FLS

In this experimentwe aim to verify the effectiveness of pretraining on the D2FLS
for the selected datasetdisraisesan interestingjuestion, viny do we need to pretin
the D2FLS?as we can train the D2FLS without any pretraining and directly train the

D2FLS as a multilayer Fuzzy Logic System.

We tabulate the results of the D2FEBE anda D2FLS trainedwithout any pre-
training, trainedfive times on the classification datasets usingBB in Table 7-7.

The results of the training runs are presented as Average Recall (eq6&hin

Table7-7: Comparison of D2FLS with hidden layers pre trained using &gd&inst D2FLS
without pretraining on Classification Datasets with fitness function Average Recall

Santander | D2FLS 64.39 61.4 63.7 61.39 62.04|62.584 | 1.24
CTP No Pretraining| 60.06 59.66 61.53 60.86 60.75| 60.57 | 0.65
CLL D2FLS 62.8 59.78 61.25 62.37 63.31| 61.9 1.26
Identification | No pretraining| 59.4 59.78 61.85 61.55 61.8 | 60.87 | 1.06
BT Customer| D2FLS 73.53 71.82 72.63 71.49 70.83|72.061 |0.7
Data No Pretraining| 59.9 60.8 59.23 60.41 60.43| 60.15 | 0.54
D2FLS 77.64 70.17 70.3 745 7451|73.425 |2.84
PD Speech
No Pretraining| 71.92 68.85 70.78 71.49 64.33| 69.48 2.78
ST D2FLS 92.07 91.94 9256 92.73 93.5 | 92.559 | 0.55
No Pretraining| 91.37 91.99 90.45 92.74 92.81| 91.87 0.88
e D2FLS 90.6 92.45 91.34 90.78 91.46| 91.325 | 0.65
Epi Seizure
No Pretraining| 88.87 87.07 87.44 90.14 87.02| 88.11 1.22
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Table7-8;: Comparison of D2FLS with hidden layers pre trained using FAE against D2F
without pretraining orRegression datasets with MAE as the fitness function

Wi-Fi D2FLS 0.106 0.116 0.1049 0.1022 0.098 | 0.105 0.005897
Localization | N® 151157 01106 0.157 0.1563 0.2003 | 0.148 0.0326
Pretraining
Swiss D2FLS 0.0534 0.0413 0.049 0.0459 0.0447| 0.0469 | 0.004103
Premium N
Pred SO 0.0429 0.0607 0.0538 0.0658 0.0527| 0.0552 | 0.0078
Pretraining
D2FLS 0.0945 0.0911 0.0885 0.0843 0.0899 | 0.0897 | 0.003337
CT Scan =
Region Pred o 0.0935 0.1014 0.0968 0.0961 0.0999 | 0.0976 | 0.0028
Pretraining
. D2FLS 0.076 0.0741 0.074 0.074 0.079 | 0.075 0.002247
Predict Song N
Year o 0.0822 0.083 0.0751 0.0755 0.0747| 0.0781 | 0.0037
Pretraining
D2FLS 0.048 0.057 0.0511 0.045 0.057 | 0.0519 | 0.004737
BT PWA No
. 0.0629 0.0668 0.0528 0.064 0.0455| 0.0584 | 0.008
Pretraining

columns (37). The mean and standard deviation of the five training runs is displayed
in the eighth and nintlcolumns of the table, respectively. Where a result is in bold
(column 8), it indicates that the row contains the D2pt&training method with the

best performance for the dataset

From Table 7-7, we can see that the D2FLS grained using FAE always
outperforms the D2FL®&ith no pretrainingin all the sele@d classification datasets.
The best improvement is in the BT Customer Datagkére pretraining provides a
12% improvement in performance. In PD Speech 3&mureand the Santander CTP
datasetspre-training improves the performance by aboud%2 In the IDA 2016
dataset pretraining improvesperformanceby less than 1%While the overall
improvement in performance in the selected classification datasets is about 4% on

average.

Similarly, we tabulate the results of the D2FLS FAE and a D2FLS trained without

any pre-training, trained five times on the Regression datasets usinB@B Table
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7-8. The results of the training runs are presented as MAE (equéi24l)) in columns
(3-7). The mean and standard deviation of the five traimums is displayed in the
eighh andninth columns of the table, respectively. Where a result is in bold (column
8), it indicates that the row contains the D2FRu@ training method with the best

performance for the dataset

From Table 7-8, we can see thagiretraining improves the performance in all the
selected regression datasets. With the most improvement seen infné@élization
dataset, about 40% lower error rate in pretrained mode The nextsignificant
improvement is in Swiss premium prediction and BT PWA datasets with about 17%
and 12.5% lower error rate in the grained model. The improvement is smaller in the

other two datasets with averallaverage improvement of about 1T8eser error rate.

This indicates thapretraining provides significant benefits over a simple multi

layer fuzzy logic system.

7.5 Summary

This chapter presented the Fuzzy Stacked Autoencoder and an alternative to the
D2FLS training method we presed in the last chapter. It demonstrated that the two
training methods perform similar to each other. With the D2FLS FAE outperforming
the D2FLS SAE in classification dataset by an average of 2% and in the regression
datasets the D2FLS FAE has about 6%dperror on averag&Vith both the methods
providing similar interpretability the choice of the training method depends on the
dataset that is being used. As an example, the alternative training method presented in
this chapteoputperformedhe training method presented in the previous chapter by 2%

in the IDA 2016 dataset, the cha average recall was from 92.5 to 94.5%. While
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the D2FLS FAE outperformed the D2FLS SAE in the BT Customer dataset by about

10%.

The chapter also shows that pretraining offers significant benefits. The chapter
shows that pretraining improves the perfarmoe of the D2FLS by 4%a classification

datasets. Angre-trained D2FLS ha%7% lower error rate in regression dataset.

The next chapter discusses the proposed methods for achieving local interpretability

in the D2FLS.
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Chapter 8. Local Interpretability Enhancement for

Deep Type2 Fuzzy Logic System

The D2FLS proposenh the previous two chapters ig@e-basedsystemand can
be considered interpretablélowever, the intermediate variable®nnecting the
various modules or layers of the D2Flagewith only limited semantic supparthat
is, they aresynthetic variabled-or example, consider one of the rules ofdhgut or

final layer of a D2FLS fronTable7-6 (displayed in(8.1)).

IF H 02is Mid and HOOis Mid and HO3is HiIghTHEN PWA PerfaranceisVery Lo

(8.1)

The rule itself isquite simplewith only three inputshowever, given that the user
does not know whati02, HOO and HO3 mean they cannotinterpret such a rule in
isolation, so the user will need to analyseM2-LS system as a whol€he usemwill
haveto inspect the rules of all the layers of the D2Eh8nderstanéi02, HOO or HO3.

Consequently, the ruled the D2FLScouldbechallengng to understand for a lay user.

Hence, there ithe need tgprovide linguistic meaning to thetermediate variables
such as102, HOOandHO03. This isrelated tahe idea of cointensigeointension refers
to a relation between concepts, such thatdtamcepts are cointensive if they refer to
the same objedtk17-119]. Therefore, a knowledglease will be interpretable if its
semantics are cointensive with the knowledge that a user builds in his/her mind after

reading the knowledge representation, expressed in natural larjd@aZgel 9].

Hence, n this chapter, we propose a methogtovide linguistic meaning to the

intermediate variabtgfor individual predictionsWe note that interpretability is a fluid
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concept and depends on the target audi¢h8f For example machine learning
experts may be able to interpret the output based on the firing levelsrofegdut a
layman may be more comfortable with a small number of weighted features as an
explanatiorf40]. Hence, wealso propose to creatnother set aéxplanations for each

of the inputoutput pairs. We designate these two explanationsusbased
explanationsand featureimportance respectively The algorithms for creating these
explanations are for a twlayer D2FLS, but they can beasilyextended for multiple

layers.

Additionally, since ve use the algorithm of the model itself to generate the
explanationsthese explanations are more accurate when compareddel agnostic
methods such as LIMB2] and SHAP[43] where the algorithms are independent of
the model usedsince simple algorithms are used to generate t#vgdanationsthey
are much easier to understand &edfy when compared to complex algorithms used

to generate explanations for DNN such as LI[BJ, Deep Lift[31] etc.

8.1 Rule-BasedExplanations

As explained previously,ne of the problems with ZFLSrules is that the linguistic
variables or labels of thatermediate variables that connect #aious layers of the
D2FLSaresynthetic variable (created usidgta) This results inncreased complexity
in interpretingtherules of theD2FLS as the rules of all the layemsistbe analysed as

a whole

One way toreduce this complexitis by naming the intermediate variables dhe
outputsof each layer based on the features that contributed mtsttoutput these

namesare termedompound inputsThis is doney finding the rule which contributed
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((ow ranvi o, Low on paY umisanion 3, tow wsiciz 2 [N ) roo |10
Low_ON_DAY_UTILISATION_3, Low_MsLCL1_3, Low_TRAVEL 2 [N 45
4

Low_ON_DAY_UTILISATION_3, Low_MsLL1_3, Low_TRAVEL 2 [l 20 HO2 76 /’

Low_HOD, Low_H03, Mid_H02

PWA Performance is High(0.86)

[ Low_RANK_0, High_MISSAPP_0, Low_ON_DAY_UTILISATION_3 -E o3 s / Low_H01. Mid_H02, Low_Hoo [l 22
((tow rank o, mia rank 2 tow mstct 2 [Nz )~ |-

PWA Performance is High(0.86) because of Low_ON_DAY_UTILISATION_3 and Low TRAVEL 2 and Low_MSLCL2 2 and Low_MSLCL1_3 and Low_RANK_0 and High_MISSAPP_0 and Low_ON_DAY_UTILISATION_3

Figure8-1: Rule-Based Explanation depicting the Rule contributions to the outputs of the D2F
layers

the mosto anoutputand theantecedentsf this ruleareused tcnamethis vaiable As
the rule contribution can change based on the inthé linguistic label for the
intermediate variablewill also change based on the predictiodence, these

explanations are locally interpretable and might not be valid at a déoehl

The contributiorof the rulego theoutputis calculated based on tpeoduct of the
firing level andcentroid of the consequeof the rule This calculation changes based
on thetype ofproblem for regression datasets the rule contribwgiare described in
Section8.1.1 In the case of classificatiafatasetstherule contributionsare described

in section8.1.2

For example, irFigure8-1, we depict a local explanation for a thayer D2FLS
with the first layer havindive outputsor intermediate variabledesignated HOO, HO1,

HO2, HO3 and HO5.

The output HOO of the first layer is a compound input consistingoaf Rank 0,

Low on Day Utilisation 3 and Low MSLCL2 Because this rule contributes the most

[ Low_RANK_0, Low_ON_DAY_UTILISATION_3, Low_MSLCL2_2 -E

High_CONTRACTOR_3, Mid_OT_HOURS_3, High_ON_DAY_UTILISATION_O I 8

Low_ON_DAY_UTILISATION_3, Low_MSLCL1_3, Low_TRAVEL 2 | 4
Hoo | 10
Low_RANK_0, High_MISSAPP_0, Low_ON_DAY_UTILISATION_3 | 2

Low_RANK_0, Mid_RANK_2, Low MSLCL1_2 | 2

Mid_MISSAPP_0, Low_MSLCL1_2, Low_OMN_DAY_UTILISATION_3 0

Figure8-2: Rule Contributions for the Intermediate Variable HOO
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(84%) to this output or consequent. There sibeother rules that contribute to this

output (eepicted inFigure8-2), but their contribution isnuchsmaller.

Similarly, all theoutputs of the first layer can be nanmssicompound inputsising

the contributions depicted Figure8-1, as follows.

1 HOO=Low Rank 0, Low on Day Utilisation 3 and Low MSLCL2 2
1 HO1=Low on DayUtilisation 3, Low MSLCL1 3 and Low Travel 2
1 HO2=Low on Day Utilisation 3, Low MSLCL1 3 and Low Travel 2
1 HO3=Low Rank 0, HighiMISSAPPO and Low on Day Utilisation 3

M HO4=Low Rank 0, Mid Rank 2 and Low MSLCL1 2

Thesecompound inputare then used tiind therelationship between the first and
second layers of the D2FLS. For exampleFigure 8-1, thefirst rule of the output
layer, which contributes 7% to the outputhas three antecedents or inputs HO03 HO
and H@. Which can beinterpreted as compound inputofv Rank0, Low on Day
Utilisation 3 and Low MSLCL2 2, (Low Rank 0, High MISSAPP 0 and Low on Day
Utilisation 3 and (ow on Day Utilisation 3, Low MSLCL1 3 and Low Travel)2

respectively.

We can use the same method for the second2g¥é ¢ontribution) whicthas three
antecedents HO1, HO2 and HOIhese three inputs to the second rule are naamed
follows (Low on Day Utilisatior3, Low MSLCL1 3 and Low Travel)2(Low on Day
Utilisation 3, Low MSLCL1 3 and Low Travel)zand (Low Rank O, Low on Day

Utilisation 3 and Low MSLCL?2 2¢tc.

Therule that contributed the most to the final output can then be used to determine

the input fatures that contribute the most to the outpstdepicted inFigure8-1, we
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can say that theutput(PWA performancgis High becausef Low Rank 0, Low on
Day Utilisation 3 Low MSLCL2 2 Low Rank 0, High MISSAPP 0, Low MSLCL1 3

and Low Travel 2

The aboveexampe illustrates how theule contributions can be used to provide a
simple explanatiofor the outpubased on the rules of the wars layers of the D2FLS.
In the following sectionswe describe the algorithm used to calculate the rule

contributions.

8.1.1 Regresion Datasets

To calculate these rule contribution values for regression datasets, we use the

following equations.
RI=F*q (82)
R=FE*q 83

Where |En and F, represent the upper and lower firing levels ofrifieule andC,?

represents the centroid of tlgg consequent of the" rule of the fuzzy layer.
R = (R +R)/2 (8.4)

Rr?val = I:\1’gavg/ a. Qavg*loo (85)
n=1

We use Equatio8.5) to calculate the rule contribution values for each of the rule

and consequent combinations for all the layers.
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8.1.2 Classification Datasets

To calculate thes rule contribution values for classification datasets, we must

modify the equation€8.2) and(8.3) for the final layer to the following.
RI=F*CG* S (8:6)
RI=E*C* S (87

Where |En and F, represent the upper and lower firing levels ofrifieule, (_33 and

C/represent the upper and lower confidence ofﬁfptsonsequent of the" rule of the

final layer, ég and S’ represent the upper and lower support of@fqeonsequent of

then'" rule of the final layer. All other equations remain the sdratween regression

and classification problems.
8.2 Feature Importance Explanations

Interpretability is a fluid concept and depends on the target audamteday user
might not be comfortable with the rut®ntributionbased explanations provided in the
previous section anthay be more comfortable with a small number of weighted
features as an explanatiptO]. Hence, in this sectigmve detaila method to generate
asimple explanatiomvhich shows the relationship between the input features and the

outputasFeature importancgcores

Essentially, we would show how much a feature influences the output. For example,
in Figure 8-3 we see that the most important featuréasv Travel 2 (i.e., Travel 2
feature having Low Linguistic Label) and the second most important input feature is

Low MSLCL1 3 (i.e. the featurdlean Service Level CLL(MSLCLZ13 having aLow
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Cutput : PWA Performance is High(0.86)
I Name Low Mid High Importance
0 TRAVEL2 v B
2 ON_DAY_UTILISATION_3 v B
3 RANKD v
4 MISSAPPD
5 COMTRACTOR 3 -42
6 MSLCL2 2 v | u
7 ON_DAY UTILISATION_O v -35
8 OT_HOURS_3 v ::
9 MSLCL1 2 v -25
10 RANK_2 v B
11 MISSAPP_O v 4

Figure8-3: Feature Importance Scores

Linguistic Label) and théhird most important input featurelisw on Day Utilization

3 (i.e. the featur®©n Day Utilizationhaving aLow Linguistic Label) etc.

From thee feature importance scorén Figure 8-3, it becomes immediately
apparent which features are the most importard particulaoutput These feature
importance scores are similar to the Diplanation methodsuch as LRP30], Deep

Lift [31] etc (detailed in Chapte2.1.2

The advantage of the proposed method is that the feature importanpeoaiges
linguistic label along with the importance scateat is,from Figure8-3 we caneasily
deduce that low traveLow MSLCL1 3or Low on Day Utilization 3eads to High
PWA Performancewhile the methods described in Chapglf.2 only provide an
importance score for each of tredevantfeaturesand the featuresiustbe examined

in detail to understanidow changes to the input affect the output
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Another advantage ihat these feature importance scores are generatedthsing
Al model algorithmitself, which allows the users tuickly verify the validity of the

generatedgcoreby using thelgorithmsdescribed in the next two sectigifgequired.

The calculation of these feature importance scores changes based on the type of
problem being sol For Regression and Classification tagke calculatbbns are

described in the next two sections.

8.2.1 Regression Datasets

To calculate the feature importance ssofior regression datasetge useAlgorithm
1. Theidea here is te@alculate the contribution afach iput featureto the outpuby
using the rule firing levels and tineembership grades wérious layers of the D2FLS
In the case of two-layeredD2FLS, tis is donéy finding the rulehatcontribuesthe
most to the outpun the output layerThen thecontribution of the feature to each of
theoutputsin the hidden layes calculatedThe max of the product of these two values

gives us the feate importance score

The algorithm is used to calculate the feature importance score for each feature for
each of the outputs of the D2FLS, that is, in casasifgle output systerthere will
be a single importance score featurex, and, in casef a system with two outputs
there will be two importance scores for featuréxce the feature importance scores
are calculated for all theatureswe normalize the values between 0 and fbd@ach

outputand display thermas shown irFigure8-3.
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Algorithm 1: Simplified Explanations, our proposed algorithm for calculating the feature
importance score. This algorithm is valid for Regression problems
For g = 1 to number of consequentstioéfinal layer

For i=1 to number of inputs

|ig,Lg « 0 (upper and lower feature importance scores)
For b = 1 to number of antecedents/inputsheffinal layer

Rra Rracc 0

For n=1 to number of rules
If nrule contains antecedent b

R:J = I_:n*‘qf’ (Upper firing level, centroid)
_R:) = _Fn*_chg (Lower Firing Level, centroid)
Rhe =max(Rl,,, R)
Riax=Max (R, §)

next n

For I=1 to number of rules of hidden layer
If 1 rule contains input feature i

R=F¢* R 7f X
R=F* ¢ B, nf X
2 =max(* R)

—_ |
12 =max(;* R")
next |
next b
lawg = (17 4,°)/2 (feature importance score per output)
next i
next g

Return |

8.2.2 Categorical Datasets

To calculate the featurémportance scores for categorical datgsets use
Algorithm 2.Like the previous sectionh¢ idea here is to calculate the contribution of
each input feature to the output by using the rule firing levels and the membership
grades of the input feature<hi$ is done by finding the ruighose voteontributes the
most to thecategory of theoutput in the output layer. Thelike the regression

algorithm,the contribution of the feature to each of twputsin the hidden layer is
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calculated. The max of thproduct of these two values gives us the feature importance

Score.

The algorithm is used to calculate the feature importance score for each feature for
each of the outputs of the D2FLS, thatfds,eachoutputof thesystem there will be a
andimportance score for eadtf thefeatures. Once the feature importance scores are
calculated for all théeatureswe normalize the values between 0 and aé0output

and display themas shown irkFigure8-3.

Algorithm 2: Simplified Explanations, our proposed algorithm for calculating the feature
importance score for Classification problems.
For g = 1 to number of consequentstioéfinal layer

For i=1 to number of inputs

|ig,Lg « O(upper, lower feature importance scores)

For b = 1 to number of antecedents/inputsheffinal layer

Riaw Rrac 0

For n=1 to number of rules
If n rule contains antecedent b

I:_{? = l_:n* C* S’ (upper firing level, confidence and support)

B? = _Fn* _Cr?* _ﬁ’ (lower firing level, confidence and support)
Riac=Max(R..,, )
R =Max (R, K

next n

For =1 to number of rules of hidden layer
If 1 rule contains input feature i

R=F ¢ R 7f X
R=F* ¢ B, nf X
2 =max(* R)

—_ |
17 =max(® R')
next |
nextb
Lo = (1° 4,%)/ 2 (feature importance score per output)
next i
next g

Return |
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8.3 Survey

In the previous sectionge examinedwo methods of extracting locakplanations
from the D2FISdescribed irChapter 6In this section, wevaluate these explanations.
To evaluate the eXxginabiity of an Al systemwe mustconsider the audience that will
consume or examine these explanations. Hence, in this segdaronduct a survey
with participants divided into three different setach representing differenttype of

audience.

1 Al Experts: The first set gdarticipants is experts with experience in researching
Al algorithms. So, these participants are able to understand the intricacies of
how the underlying Al algorithms work.

1 Domain Experts: The second set of participants are experts in one or more of
thefields from which the datasaised to build the Al modetse selectedrhey
areexpertswho have experienand examining@nd taking decisions based on
the dataused to build thed\l models So, thesearethe audience thas most
likely to use these expiations.

1 Lay Users: The third set of participants are individuals with no experience in

the Al algorithms or the datasets.

We surveyedsix individuals or subjects who are Al experts amd subjectswho

are Domain experts a@lo more subjects who are lay users

';Ih-E_' : _Io-_'.'-:'
- ..__..-_.: - ;-.-:;“.”u.s;;';ff_';_
oo (U

MSLCL2_3=06356 | MSLCL1_3 = 0.6149 | RANK_2 = 0.6033 | CONTRACTOR_3 = 0.6278 RANK_3 = 0.626 RANK_0= 05826 RANK_1=10626 TRAVE

Figure8-4: SHAP explanation for Sparse Stacked Autoencoder
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Predicted value negative positive

0.31 <RANK 3 ==0.76
005 NN ] 095 017
(min) 0.63 (max) CONTRACTOR_3 »...
0.00

Feature Value

RANK 3

MSLCL2_3 <=0.72 CRAIEIL 2
0.05

CONTRACTOR 0>...
0.05

0.51 <RANK_2<=0.76
Jloos RANK 2

MSLCL2 3

CONTRACTOR. 0

MSLCL2_2<=0.72
0.02 MSLCL2 2

MISSAPP 1<=093
0.02 MISSAFP 1
0.34 <CALC PROD_...
- 0.02 CALC PROD 0
MSLCL2Z_1==072

0.02

MSLCL2_1

MSLCL1 3 ==0.78
0.01

Figure8-5: LIME explanation for Sparse Stacked Autoencoder

We used SHAR43] (depicted inFigure8-4) desribed in Chapte2.3.3and Lime
[40] (depicted irFigure8-5) described in Chapt&r.3.1, for generating the explanations
for the SAE. Then we use the methods described in this chapter to generate the
explanations for the D2FLS (depictedRigure 8-1, Figure 8-2 and Figure 8-3) and

IT2FLS.

We generatethe explanations for a small set of data using the 3 Al modeld
then we asked the participants of the survey to examine the explanations provided by
thefour XAl methods. And then rank them based on how good they are on a scale of 1

to 10 (10 being the best and 1 being the worst).

IT2FLS SHAP(SSA) LIME(SSA) D2FLS

| o T e L i - < Y |

L= I

Figure8-6: Survey Plot
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Table8-1: Survey Results

Al Expert 8 8 9.5 9
Al Expert 8 6 9
Al Expert 7 6 9
Al Expert 6 7 8
Al Expert 3 6 10 10
Al Expert 8 9 10 10
Domain Expert 4 4 5 3
Domain Expert 8 9 10 9
Lay User 7 7 7 8
Lay User 4 4 6 6
Average 6.3 6.6 7.95 8.1
Standard dev. 1.9465 1.7764 1.8326 2.1318

The results of the survey werabulated inTable 8-1, and the average of these
responses are plotted fiigure8-6. We can see from the results that the explanations
provided by the D2FLS are comparabhthin 2%)to the explanations provided by a
highly interpretable Al model, IT2FLSAt the same timethe performance of the
D2FLS model is about 5% better than the IT2FL$dtegorical datasets (Frohable
6-6) and15% lower errothan the IT2FLS models in regression datagatsm Table
6-7). And the explanations provided by tHe2FLS are better than the explanations
provided by popular model agnostic methods such as LIME and S8Pand 17%
respectively At the same timethe performance of D2FLS model is omligout 45%
lower than the SAE model in categorical dataseter( Table6-1) and 40% higher

error in the regression datas@fsom Table6-2).

This shows that the D2FL&odel| in conjunction with thee x p | a nraethode n 6 s
detailedin this chaptemprovides asignificant improvemendver DNN modelsn terms

of interpretability while showing only a small loss in performance.
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8.4 Summary

This chapter introduced two methods of extracting locally interpretable explanations
from the D2FLSto decrease the congplity of interpreting the rules of the D2FLS
This is to ensure that the D2FLS explanations are accessibleré@aderaudiencelt
alsodiscusses #need to tailor the explanations based on the audience who are likely

to examine these explanaticasd fow this is accomplished using the two method

This chapter also evaluated the explanations provided by the D2FLS against popular
Deep learning XAl tools LIME, SHARo interpret SAEand against explanations
provided by an IT2FLS. This was done by condugtrsurveyin whichthree different
sekof theaudiencavere asked texamine the explanations provided by thesthods

andrank them according to how ea$yeyareto understand.

The results of this survey show that the explanations provided HY2RES are
comparable to the explanations provided by the IT2Rki#h only about 2% lower
interpretability)while the performance of the D2FLS5%0 in categorical datasets and
15% lower error in regression datasets. It also prowaptanations which areetter
than the explanations provided by the tools LIME and SH##®ut 20% and 17%
better interpretability, respectivelkt the same timahe performance of D2FLS model
is only about 4% lower than the SAE model in categorical datasets and 40% higher
error in the regression datasets. This is a small loss in performance compared for
significantly higher interpretability making D2FLS a suitable replacement for the other

Al models in applications where interpretability is paramount.

In the next chaptewe extend the explanation extraction mestodorovide Global

Interpretabilityto the D2FLS.
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Chapter 9. Enhanced Deep Type Fuzzy Logic System

for Global Interpretability

In regulated applications such as financial, medical, justice etc., where the reliability
of the model must be guaranteed it might be necessary to build and use globally
interpretable Al models. An Al modeis Globally Interpretable if the user can
comprehend the entire mod@]. To explain the global model output, you nded
understandhe tained model, knowledge of the algorithm and the data. This level of
interpretability is about understanding how the model makes decisions, based on a
holistic view of its features and each of the learned components such as rules,
membership functions et@vhich features aressentiabnd what kind of interactions
between them take place? Global model interpretability helps to understand the

distribution of your target outcome based on the features.

Global interpretabilitycan, of coursebe achievel by using interpretable models
such as decision trees, Bayesian rules, fuzzy logi¢1 2L However, these models can
be less accurate when compared to the black box maaelsthey can also become

opaque for high dimer@al inputg[3, 14].

The D2FLS proposed in the previowgo chapters is a ruleased system and can
be considered globally interpretable. Basg discussed i@hapter 8the intermediate
variables connecting the various modules or layers of the D2FLS are without any
semantic supparthat is, they are synthetic variableariables created using the data)
This means that the rules afsingle layer othe D2FLS cannot be examined in
isolation andthe rules of all the layers of the D2FLS system have to be examined

together to gain an understanding of the model at the global level.



206

For example, consider oré the rules in of the output or final layer of a D2FLS

from Table7-6 displayed in(9.1), where the output PWA performance is High.

IF HO1 is Low and HO3 is Mid and HOOlmw

o A
THEN PWA performance is High (01)

IF MSLCL2 3 is High and MISSAPP 3 is Mahd Eco Util Ois Low
THEN HOO is Low and HO1 is Very Low ahtD2 is Very High (9.2)
and HO3 is Mid and HO4 is High

If we examine the rules of the hidden layer frdmable 7-5, we see that the rule
which most closelymatches thdéinguistic termsof the antecedents of the rule(fhl)
is the rule displayed i®.2). So, from these two rulewe can say that when MSLCL2
3 is High and MISSAPP 3 is Midand ECONOMIC UTILISATION 0 is Low then the

PWA performance is High.

All therulesof the D2FLSn all its layershave to be examindd check for matching
linguistic termsto gain a global understanding of the D2FD®is procesan be a
time consuming and difficufor a lay userEven if the user is able to analyse thies,
they might not be able to rememkal the complex interactions within tH22FLS

modelwell enouglto be able to predict the behaviour of the model inimdlmstances.

Such problems are encountered in a lot of algorithms which are Globally
interpretable wherthere aremany features in the inputThis means thaglobal
interpretability ischallengingo achieven practicefor inputs withmanyfeatures. This
has led to a decline iresearch omglobally interpretable modeknda focus on local
interpretability[12]. A new set oimethods ha& been proposed to gain global insight
into models by examining multiple instances of local explanations. One such method

is SRLIME [40] where the input features which explain many different instances are
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scored higher and based on these scores instances which are not redendahich
share fewer features are picked and shown to the user. This method is described as

Local Interpretability for a Group of Predictiof82].

Hence, n this chapter, wpropose to extract simple interpretable explanations at the
modular level to provide a holistic assessment of the D2FLS model, i.e., provide a
gualitative understanding of the relationship between the input features and the output
for the model at a moduldevel. The modulein this caseis determined by using the
linguistic termsof the antecederdr consequent MFs of the inputs and the outputs of
theD2FLS modelvhich arethenusedto create a set afiput-output pairsWe propose
to extend thewo locd explanationamethods forD2FLS describedn Chaper 8 by
calculating the average rule contributiamd average feature importance sdorehe
input-output pairs of anodule The users of these models can then use the linguistic
labels to generate the explanations at a modular level and use these explanations to

make an informed decision on the feasibility of the model.

Another problem wencounter while trying to analyse thdes of the D2FLS is
that thelinguistic terms of outputs of one layer and the linguistic terms of the inputs of
the next layemight not match. The solution to this is to examine the membership
functions that definéhese linguistic terms. But this is another layer of complexity for
alay user to analyse. Henage propose a method émhanceghe D2FLSto simplify
the process of analysing the rules of the D2RA8 do this by constraining the D2FLS
during training tause the sammembership functionfor the consequents of a hidden

FLS in the D2FLS and the antecedents of subsequent FLS.
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9.1 Global Interpretability at Modular Level

9.1.1 Modular Rule-Based Explanation

The Modular Rule-Based Explanation propose (depictedFigure 9-1) is an
extension ofthe Rule-Based explanation discussed in Sect®f As explained
previously,to gain a global understanding of the D2FLS, all its rules across various
layers have to be examined. This process can becom&uming and difficult foa lay
user. Even if the us@ananalyse the rule, they might not be able to remember all the
complex interactions within the D2FLS model well enough to be able to predict the

behaviour of the model in all circumstances.

One way to reduce this complexityby extracting simpleule-basedexplanations
at the modular levelThe modulein this caseis determined by using the linguistic
labels of the antecedent or consequent MFs of the inputs and the outputs of the model.
For example, for aategorical modethat does binary classification depicted in
Figure9-1, there could be two modules based on the output categavies positive

for broadband faults and another negative for when the output is not a broadband fault.

To calcubte the rule that contribigethe mosto amodule aset ofinput-output pairs
is selected based on the linguistic variable of the input and output membership

functions. And the rule contribution is calculated for each rule for alhina-output

Low_ILU_HHACTUAL, Low_NPS_INTERACTION_SAT_SCORE, Low_ILU_HHRESIDENTNUM - 53 HOO I 26

Low_H00, Low_Ho19, Mid_Hos7 [l 28
Low_ILU_HHACTUAL. Low_NPS_INTERACTION_SAT_SCORE, Low_ILU_HHRESIDENTHUM [ 25 ™ B
Low NP5 INTERACTION SAT 5cORE. Low 1LU HHACTUAL Low cALLs P4 [N =
([T == EE e wots | s Low_H048. Low_H047, Mic_Hoo [l 25
Low_ILU_HHACTUAL, Low_NPS_INTERACTION_SAT_SCORE. Low_ILU_HHRESIDENTNUM [l 25 rozo s+ Output is Negative
Mid_H00. Low_H048, High_Hozs [ 21
Low_ILU_HHACTUAL, Low_NPS_INTERACTION_SAT_SCORE. Low_ILU_HHRESIDENTNUM [l 33 ros7 31

Low_ILU_HHACTUAL Low_ILU_HHRESIDENTNUM, Low_ILU_KIDS 43 HO47 28
= =il = | ] Mid_Ho48, Mid_H0o, Low_Hot [l 19

Low_ILU_HHACTUAL, Low_NPS_INTERACTION_SAT_SCORE, Low_ILU_HHRESIDENTNUM . 24 HO48 I 30

Output is Negative because of Low_CALLS_P4 and Low_ILU_HHRESIDENTNUM and Low_ILU_HHACTUAL and Low_NP5_INTERACTION_SAT_SCORE

Figure9-1: Rule-Based Explanation
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Low_ILU_HHACTUAL Low_NPS_INTERACTION_SAT_SCORE. Low_ILU_HHRESIDENTNUM [N 53
Low_NPS_INTERACTION_SAT_SCORE, Low_ILU_HHACTUAL Low_cALLS_P4 [l 38

Low_VISION_SILVER, Low_CONTACT_COUNT_TYPE_REPEAT_3M, Low_AV_EVE_CALLS_12M IA

roo [ 26
Low_NPS_INTERACTION_SAT_SCORE, Low_NPS_INTERACTION_LTR_SCORE, Low_BTI_TIMES_USED_1M | 4

Low_ILU_HHACTUAL, Low_ILU_HHRESIDENTNUM, Low_ILU_KIDS | 1

Low_ILU_HHACTUAL, Low_NPS_INTERACTION_SAT_SCORE, Low_NPS_INTERACTIOM_LTR_SCORE | 1

Figure9-2: Rule-Based Explanation for one hidden output

pairs and the average of these values is calculated for each rule and consequent using

(9.6).

For example, ifFigure9-1, we generated Modular Detailed Explanations for all the
input-output pairs where the linguistierm of the output is Negative. And we can see
that the output HO®f the first layer is named Low ILU HH actual, Low NPS
Interaction Sat Score, Low ILU HH num d#sidents becaughis rule contributes the
most (53%) to this output, there asex other rules that contribute to this output

(depicted inFigure9-2), but their contributions are much smaller.

We can then use these compound inputs to find out the relationship between the
input features and the output. For exampléerigure 9-1, the rule which contributes
28% to the output is composed of 3 compound inputs (Low ILU HH Actual, Low NPS
Interaction Sat Score, Low ILU HH Resident Nuifiow NPS Interaction Sat Score,
Low ILU HH Actual, Low Calls P4) and (Low ILU HH Actual, Low NPS Interaction

Sat Score, Low ILU HH Resident Num).

Low_NPS_INTERACTION_SAT_SCORE, Low_MISSED_ENG_APT_ORDER_3M, High_ILU_HHACTUAL - 36 HOO I 19
Low_ST_NATIONAL_GEO_CALLS_P1. Low_NPS_INTERACTION_SAT_SCORE, Mid_ILU_INCOMES l 16 HO1 I 30 Low_HO0O. Mid_HO36, Low_HO1 - 2
Low_NPS_INTERACTION_SAT_SCORE, High_ILU_HHACTUAL, Low_NPS_INTERACTION_LTR_SCORE . 17 H036 . 40 >
Low_NPS_INTERACTION_SAT_SCORE, High_ILU_HHACTUAL, Low_NPS_INTERACTION_LTR_SCORE I 14 HO47 . 46 Low_HOO, Low_H048, Mid_H047 - 30
Low_NPS_INTERACTION_SAT_SCORE, High_ILU_HHACTUAL, Low_NPS_INTERACTION_LTR_SCORE . 18 HO48 I 20

Output is Positive because of High_ILU_HHACTUAL and Low_MISSED_ENG_APT_ORDER_3M and Low_NPS_INTERACTION_LTR_SCORE and Low_NPS_INTERACTION_SAT_SCORE and Low_ST_NATIONAL_GEO_CALLS_P1 and Mid_ILU_INCOMES

Figure9-3: Rule Base Explanation for ILU HH Actual is High module
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The above example illustrates how we can use a set of local interpretable
explanations to find out which inmitontribute to the output of a module. In this case,
the output is Negative because input feature ILU HH Aatuabw, ILU HH Resident

Num is Low,NPS Interaction Sat ScoieLow and Calls P4 is Low

We could examine this further by restricting theunpeature ILU HH actualat
High. Therule-basedexplanation for thisnoduleis depicted inFigure9-3. From this
explanationwe can see that when ILU HH actual is hitiften the output is generally
fAiPositived which confirns the idea that Low ILU HH Actual leads to an output of

A Mgativein this D2FLS model.

The above example illustrates how the average rule contributions can be used to
provide a simpleule-basedexplanation for the output ofraodulebased on the rules
of the various layers of the D2FLS. In the following sectiaresdescrile the algorithm

used to calculate theverageule contributions

9.1.1.1 Regression Datasets

For regression datasetse calculate the rule contributions by using the below

equations
— =
Rie=aFR*c/ | (9.3)
k=0
. :
&vg = a. —Fn*_cn/ J (94)
k=0

Where lfn and F, represent the upper and lower firing levels of theule andC,

represents the consequent of thie rule. j represents the total number of inputs

selected.
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We calculate the average rule firing strength across all the inputs in the dataset for

both the upper and thewer membership functions using the below equations.

&?vg = ( rQvg +_F§vg) /12 (95)
gvaI = @vg/.arj. R:]lvg*loo (96)

9.1.1.2 Classification Datasets

For classification problem we modify eations(9.3) and(9.4) as follows.

j — ey .

Rw=aFR*G*S/ | (9.7)
k=0
i

Re=aE*G*S/ | (9.8)
k=0

Where |En and F, represent the upper and lower firing levels ofrifieule, Eg and

C’represent the upper and lower confidence ofgfpmonseqent of then" rule of the

final layer, ég and S’ represent the upper and lower support of@ﬁeonsequent of

then' rule of the final layer. All other equations remain the same lestwegression

and classification problems.

9.1.2 Modular Feature Importance Explanations

In this sectionwe propose to extend tireature Importancexplanations provided
by the D2FLS from sectioB.2 Similar tothe Feature Importancexplanations, we
propose to show the relationship between the inputs and the outputs. But in this case
the inputs are a set ofputoutput data pairs seled based on a set of filter criteria
that can be selected by the user. These filter criteria are linguistic labels of the input

membership functions or the output membership functions. Essentially, we are trying
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to find the features that contribute to adunle of the model and assign importance to
these features. These modules are determined using the linguistic labels of the input

and output membership functions.

For example, ifrigure9-4, we generated Modul&eature Importandéxplanations
for input-output pairs where the linguistic label of the output is positive. We see that
the model is accurate about 67% of the time and Number of Visits is Higinof
the inputs, Downloads is Medium in 99% of the inpatsd these two inputs are the
most important features. Similarly, Figure 9-5, we generaté the explanations for
input-output pairs where the linguistic label of the output is negative. We see that the

model is accurate 73% of the tinad ILUHH actual is the most important feature

When we compare th&vo explanations irFigure 9-4 and Figure 9-5, we cansee
Number of Visits ihighin 77% of the inputsvhen the output ipositive,and it islow
in 68% of the inputsvhen the output is negativ&his indicates that the number of
visits is avital input feature and that a high number of visits indicates that the output is

likely to be positive (We are trying to determine if thera lsoadband fault).

1. Importance Low Mid High 110
1 I« c:° 9.0

2 [ s
3 MONTHLY_CHARGE_VIS | & 76.0% -
4 ILU_HHSTOCKS I 55.0% = o
5  MOB_USAGE_IN_M3 I 99.0% ;3

6 AV | 81.0

7 v K -45 86.0%

8 contact_countTvee rere.. [ 95.0%

9 asTourney nunv oe sus IR 90.0%

10 LOCAL GEQ_REV_P1 | 79.0%

0
)_ REV_P1 26 093.0%
- - Negative Fositive

12 | 2 08.0% Buckets

B | [ SENE M Wiodel Output I Actusl Qutout
4 _nongeoRev Pt [ 99,0%

15 CONTACT_COUNT OTHER 3M i3 97.0%

16 ILU_P1AGEF |

Figure9-4: Modular Simple Explanation for Positive Outputs
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L= Name Importance Low Mid High 110
0 ILU_HHACTUAL I o o 90 00
1 AV DAY REV_12M _BQ 830% 00%  00% o
2 VISION_SILVER _s? 86.0% 22.0% 00% o
3 DOWNLOAD_1M_MB_YV _ss 97.0% 990% 00% o
4 JNUM_OF_VISITS -ss 68.0% 00%  30.0% I & o
E

5 contact count_Tvee reee. | 970% 309 0.0% S;L “
6 NATIONAL GEO_REV_P1 -38 040% 24.0%  00%

40
7 LOCAL.GEO_REV_P1 -35 80.0% 39.0% 0.0%

30
g Lastourney nunv oesvs [ 99.0% 00%  00%

20
9 ILU_SKING -26 09.0% 00%  00%

10
10 naTionaL nonGeo Rev Pl [ 00.0% 10%  00%

0
11 TOTAL BiLL AMOUNT_INCVAT.. [Jfi3 00%  99.0% 3.0% Nagative pasitive
12 OTHER_CALLS P2 I 000% 00%  0.0% Buckets
13 CONTACT COUNT CUSTRES.... [J6 95.0% Il Model Output [l Actual Output
14 BTS_VIEWS_1M_APP k 00.0%

Figure9-5: Modular Simple Explanation for Negative Outputs

The above example illustrates how we can use the mddalare importance score
to understanavhich inputs contribute to the output at the modular level.
To aalculate these values, we use the algorithms in se8tito calculate thel_ig

andLgvaIues foreach of the input features. Once we get these values, we use the below

eqguations to calculate the average upper and lower importance score.

T S
iagvg = ao. Iig / J (99)
A
Lavg=a}L /j (9.10)

In the final stepwe calculate the final importance scéoe the modul€or each of
the features by taking the average of the upper and lower importance score using the

below equation.
Iziivg = (I_iavg -'._iavg) / 2 (9.11)

After calculating thel ;Vg value for all the featurese normalize the values and display

them as shown irFigure 9-4.
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To calculate the feature linguistic label values, we use the below equations

P =& 7(¥ (9.12)

EJi f(x) (9.13)

Where, ﬁﬁ(x) and /_7{7(x) are the upper and lower membership function for the

linguistic labelkof the i™" input feature.jis the number ohput-output pairs. Finally,

we use the below equation to calculate the percentage value.

«_(R*+R9/2

7100 919

9.2 EnhancedDeep Type2 Fuzzy Logic System

i E i
22 FLS hy FLS | _’@ | FLS
Layer 1 3 Layer 2: iLayer 3 Y
X3 ha 1 |®)| L
Xg A ' Final
Layer

Figure9-6: Enhanced Deep Tyg2 Fuzzy Logic System. The Dotted Rectangles indicatéeatbe
FLSs thatare constrained tose the same Linguistic Labels for the Consequents as the Antecedel
subsequent FLS

As discussed earlier, one thie problems we encounter while trying to analyse the
rules of the D2FLS is that the linguistic terms of outputs of one layer and the linguistic
terms of the inputs of the next layer might not match. The solution to this is to examine
the membership funicins that define these linguistic terms. But this is another layer of

complexity for a lay user to analyse.
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Hence, n this sectiopwe propose tenhancehe D2FLS(asdepicted inFigure9-6)
by constraining the D2FLS during training to use the same linguistic labels for the
consequents of a hidden FLS in the D2FLS and the antecedesubsaiquent FLS.

There are severaldvantages to this system.

1 It reduces the number of parameters tiesd tdbe trained

1 Itimproves the readability of the rules of the various layers of the D2FLS

The disadvantage of such a system i¢ theeduces the degree of freedavith

likely consequences to the performant¢he model.

To achieve this, we modify the training metbad the D2FLSas follows We still
use the twestage layerwise training method proposed fBection 6.2 with the

following modifications

9.2.1 Hidden layer training

In the hidden layetraining, we still use the samthreestep training with the

following modifications to theepresentation of the FAE in thieree steps

9.2.1.1 Optimize Type 1 FAE
In the first step, wetill train the Membership functions and rules of the two FLS
that comprise the FAE as a Typd-LSsusing the same procedure that is described in

section6.2.2.1 But theencoder part of thEAE is modifiedas follows
NI =M™, MMM R LR (9.15)

Where th1 represent thantecedent MFs which are thensequenMFs of the

encoder of the preceding FAEnd the FAE representation is moddias follows
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E=N,R,.R (9.16)

Where Rirepresents the rules of the decoder. We only train the rules of the decoder

as we add a constraint to share the linguistic variables between the encoder and decoder.

Note that we do not train the antecedent MFs, if there are any preceding hidden

layers,asthey arethe same as the consequent MFs of the preceding hidden layer

9.2.1.2 Transform T1MFs to IT2MFs
In the second step, watill train the FOU of the membership functions of the
antecedents and the consequents using an optimization algorithm. And the FAE

representatiochanges as follows.

=T T2*72,. T2, R,..R (9.17)

WhereTZi”'1 represents thE'2 MFs of thei™ input of FAE, whichis shared with

the i™ consequent of tha- 1 FAE.

E2,=T.\R'...R} (9.18)

WhereTen represents the parameters of the encofiéne n" layer. Only the MFs

and FOUs are optimized in this st@gile the rules of the FAE are not modified.

Note that we daot train the antecedent MFnd FOLU, if there is a preceding
hidden layer, in this step as they have been trained dinengaining of the preceding

hidden layer.
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9.2.1.3 Optimizing the Rule Base of the IT2 FAE
In the third stepthere are no changes to the representation of the FAE in this step.
We retrain the rules of the IT2 FAlSing the same procedudescribed insection

6.2.2.3

9.2.2 Optimization Method for the Final Layer

Similar to the methodescribedn Section6.2.3 to train the full D2FLSwe start
by using the encoders of the FAE systems trained in the previous phase. We add another
FLS that will act as the final gorit layer of the FLS. We usa optimization algorithm
to retrain all the layers and like the optimization method used for training the FAE
depicted inFigure6-10, i.e., we train it in 3 steps. In this part of the trainomgcess,

we use supervised training.

9.2.2.1 Optimize the Type 1 D2FLS
In this step, we train the final layer as a TMpELS while at theame time retrain
the MFs and rules of the encoders using an optimization algorithm. The MFs and rules

of the two FLS are encoded in the following format.

Eall = Nl"" NQ’Mf M;+p1Rtf ’--,F\j. (919)

e ofl 1"
Where Nen represents the membership functioasad Rules of then encoders
created using9.15), M;p represents the membership functions forglensequents

of the final layer and?nf represents the rules of the final layer-or the0 inputs of the

final layer, we use the&onsequent MFs of the preceding hidden layer.
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9.2.2.2 Transform the T1MFs of the D2FLS into IT2MFs

In this step, we transform the typieMIFs of the final layer into interval tyg& MFs
by adding a FOUo each of the fuzzy sets. This is similar to the way we added the
FOUs while training the FAEsnd it is depicted ifrigure 6-7. We alsoretrain the
FOUs of the encoder created during the training of the FAES. €ffitoded in the

following format.

T, =T..T.72,,.72,, R ..R (9.20)

. f
WhereT, represents the IT2 representation ofttencoders fron9.17) and T2,.,

represents IT2 MFs for thgd consequents of the final layahich are builtusing

(6.13), (6.16) or (6.19) depending on the type of MF uséar the0 inputs of the final

layer, we use the consequent MFs of the preceding hidden layer

9.2.2.3 Optimizing the rule base for the D2FLS
In the final step, we retrain the rulestibé encoder and final layer using the-BE
algorithm. The parameters for this step are encoded in the following format to create

the candidate solutions.

RL,=R'....R,...R" K, R (9.21)

Where R°and R]f represent thérules of the encoder amdrules of the final layer

respectively.

9.2.3 Extracting rules

To extract rules from the Enhanced D2FLS, we use the fact that the linguistic

variables of the inputs of a layer of the D2FLS are constrained to use the linguistic
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variables of the preceding laydrhis means that the rules of the two layers can be
combinedby replacing each the linguistic variables of the antecedents of a layer of the
D2FLS with the antecedents of the rules of the preceding layer with a consequent that

matches the linguistic variable.

This can be explained more clearly using an exampl€abte 9-3 and Table 9-4,
we have the rules of the hidden and final layer ovalayer D2FLS sysm. The
hidden layerin this casehas five outputs or consequents and the linguistic labels of

the consequents of the hidden layer and the antecedent of the final layer are the same.

In this casefor the first rule inTable9-4, thefirst antecedent of the rutdigh HO3
represents the fourth input of the final layer with the linguistic label high. Since the
linguistic label is shared with the consequseoft the hidden layewye can replace the
High HO3 with the compound input created from the rules that have a High consequent
for the fourth output or consequent of the hidden layer. In this case, there are seven
rules (fourth to seventheleventh, twelfthand fourteenthrules) that have the High
consequent fathe fourth output. We can choose tiferdle in Table9-3 to create the

compound input.

High HO3 = (Mid MSLCL2 0, High CALC PROD3, Low RANK)(9.22)

Similarly, for the second antecedent, Low HO2, we can replace it with the compound
inputs created from the rules that have Low linguistic label for the third output of the
hidden layer. In this case, there #imeeerules 6ecand, third andninthrules fromTable

9-3).

LowHO02= (Low CONT 2, High MSLCL1 1, Low MSLCL3) (9.23)
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In a similar fashion for the third antecedent, Mid HO1, we can replace it with the

compound inputs created from"1and 13" rules of the hidden layer.

Mid HO1= (Mid MISSAPP 0,Low OT HOURS 3,High RANO) (9.24)

When we combine the three together we can rewrite the first rule of the final layer
as IF (Md MSLCL2 0,High CALC PROD 3Low RANK 0) and (Low CONT 2High
MSLCL1 1,Low MSLCL2 3) and (Mid MISSAPP @,ow OT HOURS 3High RANK

0) THEN y is Very High.

Similarly, we can use the same method to rewrite all the rules of the final layer.

9.3 Experimentsand Results

9.3.1 Comparison between &2FLS pre-trained as anFAE vs EnhancedD2FLS

pre-trained as anFAE

In this experimentwe compare the performance of the Enhanced D2FLS with the
D2FLS pretrained as an FAEThe goal of this experiment is to find the loss in

performance of the Enhanced D2FLS duthadditional constraints that were added.

Table9-1: Comparison of the D2FLS with the Enhanced D2FLS on Categorical Datasets w
AverageRecall as the fitness function

D2FLS FAE| 64.39 614 63.7 61.39 62.04 | 62.584 | 1.24

Santander Enhanced
CTP
D2ELS FAE 60.6 59.32 58.03 59.42 60.12 59.5 0.87
D2FLS FAE| 73.53 71.82 72.63 71.49 70.83 72.061 0.7
BT Customer Enh q
Data nhance
D2FLS FAE 60.16 63.23 62.95 60 60.6 61.39 1.41

D2FLS FAE| 77.64 70.17 70.3 74.5 7451 | 73.425 | 2.84

PD Speech | Enhanced
D2FLS FAE

D2FLS FAE| 92.07 9194 9256 92.73 935 92.559 | 0.55

IDA2016 Enhanced
D2FLS FAE

D2FLSFAE| 90.6 9245 9134 90.78 91.46 | 91.325 | 0.65

Epi Seizure | Enhanced
D2FLS FAE

64.16 675 7594 701 73.8 70.3 4.23

89.89 94.04 91.37 9296 90.51 91.75 1.54

91.48 9059 89.65 91.16 90.24 90.63 0.65
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Table9-2: Comparison of the D2FLS with Enhanced D2FLS on the Regression dataset with |
average error as the fitness function

D2FLS
FAE
Enhanced
D2FLS 0.1166 0.1054 0.1315 0.1167 0.1063| 0.1153 | 0.0094
FAE

Swiss D2FLS | 50534 0.0413 0.049 0.0459 0.0447| 0.0469 | 0.004103

; FAE
PO Enhanced
Pred

D2FLS 0.0709 0.0641 0.0601 0.0469 0.0552| 0.0594 | 0.0081
FAE
D2FLS
FAE
Enhanced
D2FLS 0.1105 0.1039 0.0949 0.0938 0.0951| 0.0997 | 0.0065
FAE
D2FLS
FAE
Enhanced
D2FLS 0.0785 0.0822 0.1038 0.0804 0.0781| 0.0846 | 0.0097
FAE
D2FLS
FAE
BT PWA Enhanced
D2FLS 0.0554 0.0541 0.0452 0.0589 0.0558| 0.0539 | 0.0046
FAE

0.106 0.116 0.1049 0.1022 0.098 0.105 | 0.005897
Wi-Fi
Localization

0.0945 0.0911 0.0885 0.0843 0.0899| 0.0897 | 0.003337
CT Scan
Region Pred

0.076 0.0741 0.074 0.074 0.079 0.075 | 0.002247
Predict Song
Year

0.048 0.057 0.0511 0.045 0.057 | 0.0519 | 0.004737

We tabulate the results of the D2FESE, and Enhanced D2FLSAE trainedfive
times on the classification datasetsngsBB-BC in Table 9-1. The results of the
training runs are presented as Average Recall (equ@i®i) in columns (37). The
mean and standard deviation of the five training runs is displayed igighth and
ninth columns of the table, respectively. Where a result is in bold (column 8), it

indicates thathe row contains thAl Model with the best performance for the dataset

From Table 9-1, we can see thahé D2FLS performs better than the Enhanced
D2FLS with about 3.6% higher performance on average in the classification datasets.
With the Enhanced D2FLS performing the wordhie BT Customer Data dataset with

about 10% lower performandéwe ignore the performance in the BT Customer Data
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Table9-3: Rules of the Hidden Layer of a D2FLS wfthe outputs

ID (1 2 3 HOO HO1 HO02 HO3 HO4

1 High MSLCL2 0 Low MSLCL1 3 Low TRAVEL O | High High High Low High
2 Low CONT 2 High MSLCL1 1 Low MSLCL2 3 | High High Low Low Low
3 Low TRAVEL 1 Low OT HOURS 3  High MSLCL1 0 | High High Low Low High
4 Mid MSLCL2 0  High CALC PROD 3  Low RANK O Mid Low High High Low
& High CONT 2 Mid OT HOURS 3 Low RANKO | High  High High High Low
6 High LOANS 2 High RANK 3 High ECO UTIL O | High High High High Mid
7 Low LOANS 0 High RANK 0 High MSLCL1 0 | High Low High High Low
8 High MISSAPP0O Low ECOUTIL1  High ECO UTIL 3| High High Mid Mid Low
o Low ECO UTIL 3 Low CONTRACTOR : Low OT HOURS 3| High Low Low Low High
10 Low CALC PROD C Low OT HOURS 3 Low RANK O Mid High High Low Mid
1| Mid OTHOURS 0  HighLoaNs1 HIONONDAYUTIL oy 10w high  High i
12 | Mid MISSAPPO  Low OTHOURS 3  High RANK 0 Mid Mid Mid High High
13 High MSLCL10 High OT HOURS 3 Low ECO UTIL 3 | Low Mid High Low Low
4| Highmissapp o Highmsiclzo  MIONDAYUTILL wig 10w High  High  High
15 High MSLCL1 3 Low RANK 0 Low TRAVEL 1 Mid Low High Low High

datasetthen the averagperformance loss when using the Enhanced D2FLS is only

about 2%.

We tabulate the results of the D2FLS FAlBd Emanced D2FLS FAE trained five
times on the regression datasets usingEBis tabulated imTable9-2. The results of
the training runs are presented asavl Absolute Error (equatidf.24)) in columns
(3-7). The mean and standard deviation of the five training runs is displayed in the
eighth and nintltolumnsof the table, respectively. Where a result is in bold (column
8), it indicates that the row contains the D2FLS training method with the best

performance for the dataset

From Table 9-2, we can see thahé¢ D2FLS performs better than the Enhanced
D2FLSin all the datasetwith about 13% lower error on average across the regression

datasets.
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A snapshot of the rule base generatedEiohanced2FLS trained using-AE on
the BT PWA dataset is shownTiable9-3 andTable9-4. Table9-3 contains a snapshot
of the rules (15 out of 100 rules) of the Hidden Layer of EmdhancedD2FLS
Membership functions fahefirst two of the antecedents of teeventhrule in Table
9-4 are depicted ifrigure9-7 (a) and (b)Table9-4 contains a snapshot of the rules of

the output layer of the D2FLS.

If we observe the seventh ruleTiable9-3 and compare the consequents of this rule
with the antecedents of the seventh rul@able 9-4. We can see that the linguistic
terms of theéhreeantecedentdHigh HOO,Low HOland High HO2, match thieguistic
terms of the consequents. From this exampecan observe thathen LOANSO is
Low and RANK 0 is High and MSLCL1 0 is Higthe output of the Enhanced D2FLS
(PWA performance) will be High. To come to thlaenclusion,we only needed to
observe the ruledf we do the same exercise for the rules of the D2FLS FAHRle
6-4 andTable6-5. We need talo an additional check to ke sure that the membership

functions of the linguistic terms in these tables are similar.

Low Mid High Low Mid High

Figure9-7: Fuzzy Sets Generated by Enhanced D2FLS FAE Training for (a) Loans O feature
(b) Rank 0 feature of the BT PWA dataset



Table9-4: Rules of the Final Layer of a D2FLS

No

Rule

1

2

3

0

© 00 N o o A~ W N P

[ ~ S S S S S T
a A W N B O

High HO3
Mid HOO
Low HOO
Low HO3
Mid HO3
Mid HO3
High HO2
High HOO
Low HO3
High HO3
Low HOO
High HOO
High HO3
Mid HO1
Low HOO

Low HO2
Mid HO1
Low HO3
Mid HOO
High HO2
High H02
High HOO
High HO1
High HOO
Low HO1
Low HO1
Mid HO2
High HO2
Low HO2
Low HO1

Mid HO1
High HO2
High H02
Mid HO2
Low HOO
High HOO
Low HO1
Low HO3
Mid HO1
High HO2
Low HO2
High HO3
Low HO1
Low HOO
High HO2

Very High
Mid
Very Low
High
Very High
High
High
Very High
Low
Very High
Very High
Very High
Very Low
Very Low
Very High

From these observationse can see thahe improved interpretability provided by
the Enhanced D2FLS comes at the cost of about 3% loss in performance in the

Categorical datasets and about 13 % higher error in regression dataset when compared
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to the D2FLS. The Enhanced D2FLS could be an ogborsituations in which the

global interpretability of the Enhanced D2FLS is very important. And the Global

Interpretability at the modular level provided by the D2FLS is insufficient.

9.3.2 Comparison between a D2FLS prdrained as FAE andEnhanced D2FLS

pre-trained using SAE

In this experimentwe compare the performance of the Enhanced D2FLS trained

using SAE with the D2FLS pgained as an FAE. The goal of this experiment is to

find if using SAE to prérain the Enhanced D2FLS allows us to close the pedaoce

gap between the two models
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Table9-5: Comparison of the D2FLS pteained using FAE with the Enhanced D2FLS-pened
using SAE on Categorical Datasets with Average Recall as the fithess function

D2FLS FAE | 64.39 61.4 63.7 61.39 62.04 62.584 1.24
Santander

CTP Enhanced

D2ELS EFAE 60.93 5792 6051 60.35 63.62 60.67 1.82

D2FLS FAE| 7353 7182 72.63 7149 70.83 72.061 0.7
BT Customer

Data Enhanced

D2FLS FAE 61.29 62.01 61.46 61.39 60.27 61.28 0.36

D2FLS FAE| 77.64 70.17 70.3 745 7451 | 73.425 | 2.84

PD Speech | Enhanced

D2ELS FAE 7461 7729 7046 7111 68.14 72.32 3.24

D2FLS FAE| 92.07 9194 9256 92.73 935 92.559 | 0.55

IDA2016 Enhanced

D2ELS FAE 91.64 94.18 94.65 93.44 93.28 93.44 1.02

D2FLS FAE| 90.6 9245 9134 90.78 91.46 | 91.325 | 0.65

Epi Seizure Enhanced
D2ELS FAE 91.23 90.96 91.83 91.01 91.48 91.3 0.32

We tabulate the results of the D2FLS FABd Enhanced D2FLSAE trained five
times on the classification datasets using-BB in Table 9-5. The results of the
training runs are presented as Average Recall (equ@i®1) in columns (37). The
mean and standard deviationtbe five training runs is displayed in tiegghth and
ninth columns of the table, respectively. Where a result is in bold (column 8), it

indicates that the row contains the Al Model with the best performance for the dataset

From Table 9-5, we can see that the D2FLS performs better than the Enhanced
D2FLS with abouR.5% higher performance on average in the classification datasets.
With the Enhanced D2FLS performing tlerst in the BT Customer Data dataset with
about 10% lower performance. If we ignore the performance in the BT Customer Data
datasetthen the average performance loss when using the Enhanced D2FLS is only
about0.5%. This shows that fo€ategoricaldatases, the Enhanced D2FLS provides
an alternative that performances well as the D2FLS with slightly improved

interpretability.
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Table9-6: Comparison of the D2FLS FAE with Enhanced D2FLS SAE on the Regression da
with Mean average error as the fitness functio

D2FLS FAE | 0.106 0.116 0.1049 0.1022 0.098 | 0.105 | 0.005897

Wi-Fi
Localization Dggtasngi‘é 0.1538 0.1278 0.1373 0.1199 0.137 | 0.1352 | 0.0114

Swiss D2FLS FAE | 0.0534 0.0413 0.049 0.0459 0.0447| 0.0469 | 0.004103
Premium

Pred Enhanced
D2FLS SAE 0.0564 0.0501 0.056 0.0555 0.0524| 0.0541 | 0.0025
CT Scan D2FLS FAE | 0.0945 0.0911 0.0885 0.0843 0.0899| 0.0897 | 0.003337

Region Pred Enhanced
g D2ELS SAE 0.1009 0.0944 0.0865 0.1071 0.0875| 0.0953 | 0.0079
Predict D2FLS FAE | 0.076 0.0741 0.074 0.074 0.079 0.075 | 0.002247

Enhanced

SongYear

g D2FLS SAE 0.0785 0.0822 0.1038 0.0804 0.0781| 0.0846 | 0.0097

D2FLS FAE | 0.048 0.057 0.0511 0.045 0.057 | 0.0519 | 0.004737

BT PWA Enhanced
D2ELS SAE 0.0581 0.0599 0.0577 0.0638 0.0592| 0.0598 0.0022

We tabulate the results of the D2FLS FAlBd Enhanced D2FLS SAE trained five
times on the regression datasets usingEBis tablated inTable9-6. The results of
the training runs are presented as Mean Absolute Error (eqéta#)) in columns
(3-7). The mean and standard deviation of the five training runs is displayed in the
eighth and nintltolumns of the table, respectively. Where a result is in bold (column
8), it indicates thathe row contains the Al Model with the best performance for the

dataset

From Table 9-6, we can see that the D2FLS performs better than the Enhanced
D2FLS with aboutl6% lower erroron average in theegressiondatasets. With the
Enhanced D2FLS performing the worst in ¥Me-Fi Localisation datasewith about
28% higher error If we ignore the performance inishdatasetthen theD2FLS has

about12% lower erroivhencompared to th&nhanced D2FLS

From these observationsve can see that in categorical datasstdeastthe

Enhanced D2F§ trained using SAEight be a viable alternative to tB2FLS FAE
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even with the additional complexity of training an SAEe to its slightly higher

interpretability

9.4 Summary

This chapter discussed global interpretability arglained that it i€hallengingto
achieve in practe when there are a large number of features in the.ilfpliscussed
alternatives such aSPLIME, put forward to achievglobal interpretability at the
module levelHence, hetwo local interpretability methods for extracting explanations
from D2FLS proposed in the previous chapter were extenegrovide Global
interpretabilityat the module levelThe modules are created by filtering the input or
outputs using the linguistic variable that repres#drm to create a set of inpotitput

pairs.

It also discussednother problenthat might beencounter while trying to analyse
the rules of the D2FLSThe problem ishat the linguistic terms of outputs of one layer
and the linguistic terms of the inputs of the next layer might not mitphopose a
methodto enhance the D2FL8ith the goal okimplifying theprocess of analysing the
rules of the D2FLSThis is doneby constraining the D2FLS during training to use the
same membership functions for the consequents of a hidden FLS in the D2FLS and the

antecedents of subsequent

The D2FLS was copared against this enhanced verdi@ined using FAEThe
results show thahe enhanced version$@3% lower average recall in the categorical
datasets. And a 13% higher errortire regression dataseThe D2FLS was then
compared with the enhanced sien trained using SAH he results of this comparison

show that the enhanced D2FLS SAE performith 0.5% of the D2FLS in the
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categorical datasets, with one exceptibhnis shows that the Enhanced D2FLS SAE is
a viable alternative to the D2FLddie toits superior readability of the rulessen with

the more complex training process.
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Chapter 10.  Conclusiorns and Future Work

In thisthesis we presented a novel Deep Typ&uzzy logic systerby combining
the predictive accuracy and feature selection capabilities of Deep Learning with the
interpretability of Interval Typ® Fuzzy Logic SystemTlhe proposed model is built
using easy to understand-THhen rules that include linguistic labels #an to an
Interval Type2 FLS. This is one of the main benefits of the proposed mtusilis,
we could easily modify the system by changing the rulsxt, we presented two
methods of training the moddhe first training methodses greediayerwisetraining
to train the model using both supervised and unsupervisegtdataecond training
method uses a stacked autoencoder terpie the hidden layers of the model. Next,
we proposed two methods for extracting local interpretable explanationsttieom
model as the D2FLS rules might not be comprehensible to all audiences. Finally, we
extended the local interpretability methods to provide global explanations at the
modular level and enhanced the D2FLS by adding a constraint during training to

improvethe readability of the rules of the D2FLS.
10.1 Conclusions
The aims of the thesis were as follows

1 To investigateand build an explainable Al model that is suitable fborgh

dimensional datasets

This was achieved bluilding a deep algorithm usingultiple layers ofinterval
type-2 fuzzy logic systemwhich aretrained usinghe deep leening principk of
greedylayerwise learning. Thenodel was then trainexh eleverhigh dimensional

datasetsand its performance was compared against several other Al models such
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as Stacked Autoencod@AE), Convolutional neural netwoCNN), Multi-Layer

Perceptror{MLP) and Interval typ& fuzzy logic systenli T2FLS).

In the experiments, it was found that thedelachievedcomparable performance
to the deep models such®AE and CNN It outperformed the &£ by about 2%
on average and performed wiit2-3% of the CNNin the categorical datasets
also outperformed both the MLP and IT2FLS by about 4% incttegorical
datasetsin the regression datasets, the model perédl slightly worsethan the
SAE, MLP and CNN modeldt outperformed the IT2FL®ith a 15% lower error

in the regression datasets.

The interpretability/explainability of the model was evaluated by conducting a
survey where several subjects were asked to compare the explanations provided by
the proposed model with the IT2FLS explanations, LIME and SHAP explanations
for the SAE model. Theesults of the survey show that téxeplanations provided

by the proposed model are highly interpretabiel the explanations angthin 2%

of theIT2FLS explanationsWhen compared to the LIME and SHAP modeé

explanations were found to éout 2% and 17% better respectively.

The simple explanations provided by the model on the high dimensional datasets
suggests that the model was ableirtberently make feature selection thereby

reducing the number of features in the explanations.

1 To investigate tB most suitable training method for the new explainable Al

technique

This was achieved by examining two methods of training the D2FLS. The first one

using a Fuzzy Autoencoder to grain the D2FLSusing a Greedy Layer wise training
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method The second methl usel Stacked autoencoders to frain thehidden layers
of theD2FLS.In the experiments, it was observed thati¥2-LS FAEachieved 2%
higher average recall when comparedhi® D2FLS SAE in classification dataskt
the regression datasetee D2FLS FAE has about 6% IowgtAE on averageThe
D2FLS SAE only performed better the IDA 2016 datasewhereit had 2% higher

average recall

Two types of training processes were also investigatedhe first training process
the D2FLS parametefor each of the layeraere trained in three steps. In the first
step the D2FLSlayeris trained as a Typ& FLS, in the second step the FOHare
added to the MFs of the D2FU&yerand in the third and final step the rules of the
D2FLS layer are retraned In the second training procesal the parameters of the
D2FLSlayersaretrained in a single step. In the experimeiitajas observed that the
threesteptraining processeduced the MAE by 47% on average acrossejesssion

datasets.

Hence, theD2FLS was trained as a Fuzzy Autoencodera threesteptraining

processs the most suitable training method.

1 To investigate the most suitable optimization algorithm for the new explainable

Al technique

This was achieved by investigatingetaheuristic methods used to find near optimal
solutions. The methodtestedwere Big Bang Big Crunci{BB-BC) and Genetic
Algorithms (GA). A BB-BC and a GA were implemented to train the D2FIlcSthe
experiments, it wakund that théd2FLS trained using BBBC achieved 4.% higher

average recall in the categorical datasets and about 47% lower MAE in the regression
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datasetsFurther investigation revealed that GAquiresa much larger number of
generations to achieve giar fithess to the model trained using #. Hence, the

BB-BC algorithm is more suitable for training the D2FLS.

1 To investigate and develop local explanations that are understandable to all

audience that might use these explanations

Two methods of extraing locally interpretable explanations from the D2FLS were
presented. One methabuilt around the rules of the D2FL.Benceit is termedrule-
basedexplanationsThe method involvecalculating the contributiaof each of the
rules in the D2FLS to the outpuand based on these contributions, an explanation of
how the output was predicted will be put forth. Thisvides a view into the inner
workings of the D2FLS anahight be suitable for expert§he seconanethodis built
around feature importance scores, whereettidanation is aimple set ofweighted
valueswhich show the relationship between the inpesituresand the outpuytusing
linguistic variablesThe simple formulas used to generate these expiausatnake it

easy to verify the explanations provided by the model.

These explanations were evaluated by comparing them against popular Deep
learning XAl tools LIME, SHAP and against explanations provided by an IT2FLS.
This was done by conducting a suryeywhich three different audiences were asked
to examine the explanations provided by these methods. The results of this survey show
that the explanations provided by the D2FLS are comparable to the explanations
provided by the IT2FLS (with only about 2%wer interpretability). It alsshows that
the explanationgrovided by D2FLSare better than the explanations provided by the
tools, LIME and SHAP, about 20% and 17% better interpretability, respectiketiie

same timethe performance of D2FLS modslabout 2% higher than the SAE model
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in categorical datasets and 40% higher error in the regression datasets. This is a small
loss in performance for significantly higher interpretability making D2FLS a suitable
replacement for the other Al models in apptions where interpretability is

paramount.

1 To investigate and develapglobal explanation that can provide a holistic

understanding of the new Explainable Al Technique

The two local interpretability methods for extractingalexplanations from D2FLS
wereextended to provide Global interpretability at the madievel. The modules are
created by filtering the input or outputs using the linguistic variable that represents
them to create a set of inpotitput pairsThesemodulescan be used to quetiyemodel
and determine its behaviobased on the linguistic terms selecté&dis is a powerful
tool for examining the behaviour of the model in a variety of situations. It is also helpful
in analysing bw changes in the input affect the output. Thgising a holistic

understanding of the D2FLS model.

D2FLS was also enhanced create combined FHEN rules to represertl the
layers This was done by constraining the D2FLS to use the same linguistic labels for
the consequents or outputs of the hidtiyer and the input features of the subsequent
layer. The D2FLS was compared against this enhanced version. With the enhanced
version having 3% lower average recall in the categorical datasets Aigtererror
in regression datasethen trained as aRAE. And the enhanced version had about 2%
lower average recaih the categorical dataset and higher error in regression datasets

when the hidden layers are trained using an SAE.
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10.2 Future work

In future work | will explore extending the D2FLS to solve age, speech, and
video classification problems. This could be achieved by combining convolutional
neural networks with the D2FLS as CNNs are some of the best algorithms for image
classification tasks. There is also the potential for extending the D2FLg&xor

classificationusing the method.

Next, | will explore method$o improve the D2FLS SAE training methed a
similar training method used to train Fuzzy Stacked Autoencoders showed higher

performance than the best D2FLS.

Next, | will explore the use foexplanations provided by the D2FLS to determine
how business functions can be improved/changed to get the desired outcomes. For
example,f the model predicts customer satisfaction based on some business metrics.
An analytical model can Hauilt to analyse the global modular explanatibmgrovide
details about the input business metrics that can be improved/changed to get the desired

level of customer satisfaction.

Additionally, there is a potential for examining single pass training methodsrio tra

the D2FLS to simplify the training process.
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