Automated Assessment on Clinical Drawing Test for
Diagnosis and Analysis of Parkinson & Diseaseusing

Evolutionary Algorithm

Tian Xia

MSc by research

University of York

Electronic Engineering

August 2019






Abstract

The deadly0 AOEET 011860 AEOAAOA EO Al xAUulO A A& A
even as today there is no cure for such diseadeatient does not have any vivid

symptoms until the late stage of the disease when the conditiohas been
threateningD A OE ATaleadp.# DB EAT O AEACI 1 OET ¢ ADPDPOT AA
disease at early stage often includes testets in questionnaire form with

verdicts from clinical examiners. Such conventional approach has subjective

assessment standard as well as verdisx EOE A @AI[T E bljudyénGentb AOOIT 1
which inevitably may contain human erros. In addition, such assessment

method often takes several days for one patient, making it very inefficierikhis

research project proposed an objective approach by using machine learning to

assess onef the testsfrom the questionnairez the clinical drawing test, which

AAT Al AOGOEAZAU DAOGEAT 008 A GeAdidvéryeffi@eAtO £l Of AT |
This approach also allowsthe algorithm to catch the smallest detail in the

drawing whilst minimise human errors from human-orientated assessments.

The result proves that given the same assessment, the algorithntends to

perform better than human verdicts in terms of distinguishing patients in

different stages. WEAOG6 O 11 OAh OEA Al Cl OEasah D OT BT ¢
overall advantageover some conventional algorithm models, which not only

optimised the computational effort, but also can allow clinical experts to

understand how the fgure data are used by the algorithm and assist them in

~

AOOOEAO OAOAAOAE ET OAOEET OI 160 AEOAAOAS






List of Contents

P 0o 1 = (o1 TR |

LISt Of TabIeS. ..o L

LiSt Of FIQUIES ....ceeiiic e ceeeeen e seeeenmmmr e e e e e e e s emmmmmra e e e e e e LD
ACKNOWIEAGEMENTS.....uuiiiiiiiiiii s ceeeeeeime e e e e s eeemmmmmmee e e e e e eeeessmmmmnnes e e L L,
AUthOr DeCIAration.............covvieiiiiiiiiccce e emeeeeens e eeeeeeeeree LD
1. INtrOAUCHION .o eeeeeeeei e e e e s e e e e e e 2l
1.1. Clinical Requirements on Diagnosing Neurological Disorder.......... 22.
1.0.0. OVEIVIEW. ...ttt eeeeeeemssbeseeee e e e e e s semeemmme e e e e et e e e e e e e s smmmmmmmme e s 22

O $.EQAAQA........22..

Du

p8p8c8 O0AOEELQI.I.
1.2. ProjeCt MOtIVAtION.........cceuviii e eeeccc e e e e oD
p8c8p8 0AOEIEfead.1.8.0...8.EQAAQA............23
1.2.2. Current Diagnosing Approach...........cccoeeeeviieeemmccciieeeeeeeimea 23
1.2.3. Proposed Diagnosing Approach and Advantages.................... 24....
2. Background Literature...........coooviiiiiiieemmmmnen e eeeeeeceeeveeeeeeene e e e 20,
21.0 AOEET OT 1.6.0..8EQAAQA .. 26...
2.1.1. MOtOr SKillS.......cceeiiiiiiiiiii e e eee e 20

2.1.2. COogNItive DISOITEIS......ciiiiiiieeeeeieieeeeeeeer s eeeeeeeenn e 200

2.1.3. MemMOry FUNCHON.........ciiiiiiiieie e eeeereeem e 200

2.1.4. Disadvantages of Conventional Diagnosing Methad................. 27...

2.2. Artificial IntelligencCe...........oovviiiiiiiieee e 28

2.2.1. Machine Learning...........ccccuvvveimimmmmmmmmeeeeeeeeeeeeeevemmmenmmeeeeeeeeeennnn 290000
2.2.2. Support Vector Maching.............cooovvvviemmmmmemneeeeeeeeeeeeeeeeeeeenee. 29,

2.2.3. Artificial Naural Network .......ooeveeeiieie e eeemeee . 32



2.2.5. Evolutionary Algorithm.............ccoooi oo e . 33
2.2.6. Genetic Programming..........cccvueiieeiieemmmmmmeeeiiineeeeeeesinmmmmene e 34
2.2.7.Cartesian Genetic Programming..............ceeeeevieemmmmmmeerenneeeeeennn 36...

2.2.8. Previous Studies on Medical Engineering using Machine Learning
...38

3. MethodOlOgy........uiiiiiiiiiei e ereereeeen e eeeeeeeeen e AL
3.1. Data ColleCtioN.........cccoeeeeiiiiiieeeeeeeeie e eeeeeeeemss e eneeeeeen D0
3.2. TeSt SUDJECES ... .o eeeeeeme e rrreeree e AL

3.2.1. Demographics Information.............ccccevvvvimmmmmmemeeeeeeeeeeeeiiiieeeeee 4l
3.2.2. Previous Experiment R@8t .............ccceviiiiiiicccceeeeciieeee a4
08¢808 O0AOEET 01.1.6.0..$.E.QAAOQA...3.0A8RA0
3.3. Clinical Drawing TeSL.......uuuiiiieiiiiiiicmceeeie e eeeeeene e e 43...
3.3.L.OVEIVIEW. ..ceiiiiiiiieeeee e ecccmmme e eeeeesem e eeeeeeeene e DD
3.3.2. Benson CompleX FIQUE..........coeeeeiiiiiemccceeee e emmeeeen . A4
3.3.3. Comparison with other Clinical Approved Drawing Test........... 44
3.3.4. Correlation with Cognitive Test Sel............ccuviiiiicceeeeemee e 47...

4. Algorithm Model Implementation..................cccoiicceeeeemeeeeeiiiee e eeeeeeneen.. 03

4.1. Cartesian Genetic Programming.................ccovieemmmmeiiieeeeeeeeevvvieeenss D3
4.1.1. Implementation...............uiiiieiiieeeemcee e ee e mmmmeer e e e e D30
4.1.2. Configuration and Parameter Tuning...........ccooeovvvviemmmceeieeeeene. 53.
4.1.3. TrainiNg SrategY......cccuuuiiiiiii e ieremmeer e e e e sreenmmmr e e e e e DD
4.1.4. FItNESS FUNCLONS........uuutiiiiiiiisimmmemeeeerbiii s smmmmmemme e DD

4.2. SUppot Vector MacChiNe...........uuuiiiiiii i eeeereen s D
4.2.1. Kernel FUNCHON.........oiiiiii im0 D8

4.2.2. Principal Component ANalySiS..........cccovviiiiiieeeeeeeeiiinineee e D8



5. Data PrePrOCESSING. .. .t ieiiiiiiii i e e s eeeermmmmeeeiee e e e e eesmmmmmms e e e e eeesten smmmas
5.1. Feature EXIraCtion.............couuuuuuiimmmmmmmmieiiiieeeeiiiiiemmmmmmme e eeeeeeeaeanines
5.1.1. General FEAtUIES...........uuuuuumiiccmeeeeeeieiieii s smmmmmmmme e eeeeeeanes
5.1.2. Structural FEAtUreS...........uuuuuuumiieeeeeeiieeiiismmmmmmmmeeeeeeeeees
5.1.3. Dynamical FEatUres..........coeeiiviiiiiceeeer e e e et eeeeeeenme e e e
5.2. ClasSifiCation.............uuuuuuuimimmmi ettt mmmmmmmme bbb mmmmmman s

5.2.1. BENSON FIQUIE SCOLE......cciieiiiii e ceeeeemmme e e e e e e emmmmmr e

v8c8¢8 O0AOEET O1.1.6.0..$.EQAAOA

6. Experimental Strat@gy..........oooeiiiiiiiiieeeeerren e
6.1. MOl ValidatioNn ...........uuuiiuiiiiie s e
6.1.1. OVEIfittiNG......ceiieeiiiiiiitiii oottt e
6.1.2. CGP Selfalidation................uuuumicceeeeiiiiii o
6.1.3. KFold Cross Validation..............coooieiiieeeeeeeeeie e
6.2. Cartesian Genetic Programming...........oooeeeeiiieeeeeeemnnneee e
6.3. SuppOort Vector Maching............cooiiiiiiieememmeen e

7. EXPeriment RESUITS..........uuuuuiiiie e e

60
B0.
B1....
64...
75...
84
84...
..3..0A.8A
87
.87
87
.87...
89.
91

99...

7.1. Cartesian Genetic ProgrammingDual Classification Result......... 103

7.1.1. PBNC/MCI Copy/Recall classification result.............

7.1.2. PDNC/D Copy/Recall classification result.....................uceee.....

7.1.3. PBMCI/D Copy/Recall classification result................

7.2. Cartesian Genetic Programming Overall Classification Result......107

7.2.1. Overall Copy Classification Result.................ccoemmeeees

............. 107.

7.2.2. Overall Recall Classification ReSult...........covvveicececaeieeenn 110.

7.3. Support Vector Machinge...........c.ooviiiiiiccceee e

A O V=] - || TP



8. FUINEr WOTKS. ... .uuiiiiiiiiiiiii et mm e
8.1. Deep Learning and Cartesian Genetic Programming
8.2. More Accessible Option for Test Subject for Sé&l§sessing

9. CONCIUSION. ...ttt e e e reeeei bbb eeeenneer e e e e et e e e s smmmmmmme e e e e e e
9.1. ProjeCt Management............ieeeiiiiimmmcccee e ee e et smmreeeee e e e e
9.2. Medical Practicability...............c.uuuiiicceeeeeee s eeeeeemmme e
9.3. Machine Learning Development...............cooe i ieeeeeemmeeeiiiieeeeeeeeeeee
9.4. Research Programme............ooiiiiiiiimmmmmmmme e eeeeenene e

Appendix A.Complete PairWise Training Result..............cccooviiieeeeeeeennn.
Pair 1. PDNC/PD-MCl....ccoiiiiiiiiie it rmeeeenns e e

Drawing MOAE: COPY....cevvrrrrrrrrnnnnnnimmmmmmmeeeeeeeeeei s smmmmmmmme e eebeee e
Drawing mode:recall ............ooooiiiiiiieeeereee e
Pair 2. PDNC/PD-D.....uuiieiieii e eeeeeemmme e emmmmcse e s
Drawing MOAE: COPY....cevverrrrrirrnniniimmmmmmmeeeeeeebeni s smmmmmmme e
Drawing mode: recall.............oooiiiiiiioeemeeee e
Pair 3: PDMCI/PD-D.....ccoeeiiiiii e emceeees e eeeeeenme e s e e e e e emees
Drawing MOAE COPY....covvrrrruuiiiiniiimmmmmemeeeseeebee s smmmmmmme b
Drawing mode: recall............ooooiiiiiieeeeeeee e

Appendix B. Complete MultiClass Classification Result
Drawing MOUE: COPY....couvuuiiiiriieiirtieeenmmrei e eeetn e e s emmmeeneeeeeneeeesan s anaes
Drawing mode:recall............coooiiiiiiicoieee e ereee e e

Appendix C. Implementation of Softmax Function.....................ccceeeeme.n.

Appendix D. Implementation of NWC Fitness Functian

Appendix E: Benson Figure IMages...........ooveivviieeeemmceieneeeeie e e vmmeeeeee.

Stage: PENC. ... et emermmet e e e n————

120..

121.

121

122.

124

124

124.

129..

133

133.

138..

142

142.

e 147..

152

152

156

160

162

164

164



Stage: PEMCI ... .o cermmeeme et sermmenme e e s anmmenenme s LOD
StAgE: PED ... eeemceeeme e ernmermme s nmmenmmee e LD
Appendix F: MOCA Exam Sheet, taken from [73]..........ccoooviiiiiceeeene. 171

Appendix G: Instruction to SetUp Parameter Extractor and CGP Training
Y5157 [0 PP UPPPPRN A

(€101 7= 1 /PP TRPPRRPRPPPR I 41 4

R (=] (=] (o < TP EORPRRPRR O 4.° I






List of Tables

Table 1- List of cognitive tests carried out on the test subjects.................42...

Table 2- Criteria of PD stage classification [50, 51].........cccovvvviiiiiccceeeene..e. 42

Table 3- Tasks from MoCA test set for investigating its correlation with Benson

LSS PP PPPY o
Table 4- Description table for raw data columns................coovvviccceeeeeeenne. 60..
Table 5- Definition of horizontal, vertical and oblique lines........................ 70
Table 6- NACC Benson marking scheme [S57]........coovvviiiiiiimmmccceceeeeeiaennd 85....

Table 7z Number of data in different classes for different drawing task....86

Table 8- Comparison in softmax output of two matching data entries with CGP

Classification reSUIt.............oooviii i ereeeeeee e eeeeeeeene s D
Table 9- Confusion matrix to demonstrate T/F P/N [70]...........cccoeeeeeenee. 101
Table 10- PD-NC/MCI Copy dataset classification result, K = 10............ 104
Table 11- PD-NC/MCI Recall dataset classification result, K = 1Q.......... 104
Table 12 PD-NC/D Copy dataset classification result, K = 10................. 105.
Table 13 PD-NC/D Recall dataset classification result, K = 10................ 105
Table 14- PD-MCI/D Copy dataset classification result, K = 10............... 106
Table 15- PD-MCI/D Recall dataset kassification result, K = 10............... 106

Table 16z Training score analysis of multiclass classification, K = 10, Copy

...107



Table 17z Validation score analysis of multiclass classification, K = 10, Copy
...108

Table 18z Testing score analysis of multclass classification, K = 10, Copy
...108

Table 19z Confidence score analysis of multlass classification, K = 10, Copy
...109

Table 20- Overview of classification result from all attributes, Copy........ 109

Table 21- Training score analysis of multiclassclassification, K = 10, Recall
...110

Table 22- Validation score analysis of multiclass classification, K = 10, Recall
...110

Table 23 - Testing score analysis of multclass classification, K = 10, Recall
LA11

Table 24- Confidence score analysis of muklitlass classification, K = 10, Recall
LAl

Table 25- Overview of classification result from all attributes, Recall...... 112

Table 26z SVM classification result on overall copy data set, PCA 3, K AR

Table 27z SVM classification result on overall recall data set, PCA 5, K13

Table 28 z Comparison between SVM and CGP classification result......115



List of Figures

Figure 1- A linear, binary SVM classifier and the optimal hyperplane, taken
FrOM [BO] e e eee e eeee DO

Figure 2- lllustration of ANN's layer model [43]...........cooorrimiiiimmmmcceeeeee 32..

Figure 3- Example for a perfect walfollowing robot program in LISP [47].35

Figure 4 - Example of GP chromosome uses crossover to generate offspring
with the model expands [47]......ccoooviiiiii i rmmeeeeen e 3B

Figure 5z Sample of CGP structure, taken from, [48] and illustration of CGP

evolution, notice the size of the model remains unchanged..................... 31...

Z A N £ oA s oA

Figure6z) 1 1 OOOOAOQCET T 1T &£ AAOA AT11 AAOGET I

FIOM [A8] oo et st e e A

Figure 7- Device that used to collect drawing data from patients.............. 40..

Figure 8- Smiling person by a 4.5/ear-old child [54] ............ccceviiiiiieeeen 43

Figure 9z Rey-Osterrieth Complex Figurgleft) [56] and Benson figure (right)

Figure 10 - Clock drawing test result varying in different drawing quality,
taken fromM [58] .....uviiiiiiii e ADL

Figure 11 - lllustration and disassemble of ReyOsterrieth complex figure,
1€ 1= TR 0] 1 T 5 PSS Lo T8

Figure 12 - Copy and Recall result of ROCF, showing figure complexity, taken
L1000 T 150 US4

Figure 13- Distribution of MoCA cube test in all PD categories................49...

Figure 14- Distribution of MoCA clock test in all PD categories................: 49...

AAOE



Figure 15z Distribution of MoCA tail making test in all PD categories......50

Figure 16- Distribution of MoCA recall test in all PD categories............... 50..

Figure 17- Distribution of MoCA drawing related test score in all PD categories

...01.
Figure 18- Distribution of UPDRS scores across three PD stages............ 52.
Figure 19- lllustration of Simple Threshold Classifier [51]............cccccu....... 56...
Figure 20- lllustration of Node Weighting Classifier [51].............cccvvvivvuens 5.

Figure 21- Demonstration of dimension rediction by PCA, taken from [65%8

Figure 22- Screenshot of raw data sample............cccccciiiiccceeeeer e 60...

Figure 23- Distribution of size in different PD group from copy task......... 62

Figure 24- Measurement of the standard Benson.....................cceeeeeeeen. 83

Figure 25- Aspect Ratio distribution across all PD stages' figure test....... 64

Figure 26 - Comparison of Bason drawing between PBNC (top), PBMCI
(middle) and PD-D (bottom) from copy task.........cccoouvviiiiiieeceeemcecee 65...

Figure 27 - Figure length valuedistribution in all three PD stages from copy
162 1S SR UUPUPPPRRRINY oo

Figure 28- Decomposition of standard Benson in thredine groups............ 68

Figure 29 - Real Benson drawing sample by a test subject in control group
(0] o ) U PUPPUPSRY 4 O

Figure 30- Data separation of horizontal part of previous figure................ 71.

Figure 31- Data separation of vertical part of previous figure.................... 71..



Figure 32- Data separation of oblique part of previoudigure...................... 71..
Figure 33z Distribution of portion from three angles across all PD stages73

Figure 34- Comparison of pen direction change over time between RPRC (top)

and PDD (bottom) patient drawing data...............coovvvvrimmmmmmemneeeeeeieieeeenieenn D,
Figure 35z Distribution of total time spent on drawing across all samples76

Figure 36- Velocity and its SD graphofaPD# DAOEAT 08 O AOAxET C
162 1] OSSR PUUUPPPPPPPRRRRRRRRRRY £ o

Figure 37- Velocity and its SD graphofaP® DA OEAT 08 O AOAxXEITI C A
122 1] SRR SURUPPPPPPPRRRRRRRRRY A |

Figure 38- Distribution of total time spent when pen is on the tablet across all

samples, copy and recall.............ccooviiiiemmmmm e 81

Figure 39- Copy figure from control group test subject with hesitation marked
..82..

Figure 40 - Recall figure from control group test subject with hesitation
0=V 2= o PSPPI - ¥24

Figure 41- Copy figure from patient group test subject witthesitation marked
..82..

Figure 42 - Recall figure from patient group test subject with hesitation
=T =T o ST UUPUSPPPPRI - &

Figure 43- Hesitation value distribution across all three PD stages in both copy

AN FECAIINTASK ... e e B0
Figure 44- lllustration of K-fold validation for CGP [S51]...........ooeeeiiiiiienn. Q0

Figure 45 z lllustration of K-Fold to ensure the balance of class number..91



Figure 46- Screenshot of CGP data eXporter............ccuvvvviiccveenreeeeeevnnnnnn. 92...

Figure 47- Screenshot of CGP parameter tuner..............coovvvieemmmmenneeeeeenn. 92..
Figure 48- CGP Training interface, showing the CGP parametets........... 93.
Figure 49- CGP Training progress interfa@..........ccoovveevivviimmmcceeii e 94....

Figure 50- Example of detailed output from CGP for individual figures in test
(0 o1 = ST PO P PP PPPRPOUPPPPRN. © o

Figure 51- An SVM model with an AUC of 0.58, classification accuracy 53.1%
..102

Figure 52- An SVM model with and AUC of 0.49, classification accuracy 38.8%
...102

Figure 537 Data clustering situation of PD Recall data set...................... 113.

Figure 547 An SVM model showind AEAAOET C8 A wClehtie® OET C Al 1
114

Figure 55- An original figure regenerated from the raw data for demonstration

...116
Figure 56- 64x64 compressed version of Fig.55........ccccevvviiiiiiececeeennnnn . 117
Figure 57- One of the 8x8 suHigure presented in numerical form........... 117

Figure 58- Overall conwersion process of an image file to numerical forni17



Acknowledgements

First of all, I would like to thank my supervisor Prof Stephen Smith for his great
effort on supporting my academic life since the final year of my undergraduate
programme, who introduced me to the world of researching inmachine
learning and medical engireering, as well as providingimpeccable support
during my short but unforgettable research careerEverything | haveachieved

so far would be impossible without him.

The author would also want tothank the Department of Neurology, Leeds
General Infirmary for their role in investigating neurodegenerative disease
AT A OEAEO Af£EAI 00 ET AT 11 AAOET ¢ AOAxEIT ¢ A

This thesis would be impossible without their support.

| would like to show my appreciation to my parent Weilong Xia andianhua
Wu who provided impeccable support in everyaspectthroughout my whole
University life for these four years. would also want to dedicate this thesis to

them as my final work during my whole aboard studying period.

| also want to thank Dr. Amir hsarvi for providing me with impeccable
suggestions and encouragement since my undergraduate programmehis

research programme would been much more difficult without your assistance.

Special thanks to Dr. XinweiGao for giving me valuable advice on
programming and his generous effort on my career adviceand congratulation

on his Doctoral graduation.






Author Declaration

| declare that this thesis is a presentation of original workluring 2018/19 MSc
by Research periodand | am the sole author. This work has not previously
been presented for an award at this, or any other, University. All sources are

acknowledged as References.

Parts ofcontent in this thesis have been published ithe following conference

proceedings:

1 48 8EAh *8 #1 OCOi OAR *8 ''1 OUh 38 *AlI EAOIT AT,
figure copying test in Parkinson's disease diagnosis by using cartesian genetic
programmingh 6 GEETO '19 Proceedings of the Genetic and Evolutionary Computation

Conference Companigipages 18551863, Prague, Czech Republic, 2019






1. Introduction

PAT D1 A6 O AAET U AAEAOET OO0 AOA ATT 60T 11T AA A
by the nervous system in our body. However, we often ignore the importance of

our nervous system untilit is compromised. Any disorder of our nervous system

will affect both our health and safety severely. According to the World Health
Organization, as of 2006, neurological disorder and their sequelae has affected

around one billion people in worldwide [1]. Neurological disorder hasa life-

AEAT CET ¢ EIiPAAO 11 DAOEAT 606 i Al OAI AO01
intellectual disability. Clinical research has been carried out on this topic to study

how neurological disorder can be detected at its early stagesuch as
questionnaires to measure® A O E Bogridi@dmpairment, and figure drawing

task, whichrequires patients tocomplete a specific drawing taskn order to assess

their cognitive functions. However, the strategy to judge those results is

considered subjective as those tasks are ofterassessedby OEA A @Al ET AOBd
prospective which may include human error by only observing the patients

manually.

This project purposes an objective, nonET OAOEOA ABPDPOI AAE O AOGO
AEOAAOA bAOEMNg @D Esuldky guplyng mdckinklearning, which

is a subdivision of artificial intelligence, to learn the pattern of the figure
categories by using supervised learning. Hence, afgorithm which can classify

those test results fairlycan begeneratedandimprove its performance by training

the algorithm as more drawing samplesvill be generatedfrom such drawing task
assessment. In addition, such algorithm can capture small details from the figure,
whichmay notbel AOAOOAAT A O1 E bu chdlddb®a vitahsigdarkof AUA O
neurological disorder at early stagesVisualisation of the algorithm can also assist

clinical researchers to understand how the algorithm uses the drawing data, to

further investigate different aspects of the cause and the inget of neurological

disorder.

21



1.1. Clinical Requirements on Diagnosing Neurological Disorder
1.1.1. Overview

Neurological disease can be very deadly. In 2015, neurological disorder caused

9.4 million death globally in 2015, and the death rate reached itsgak in 1990, at

36.7%, making it the secondeading cause of mortality[2]. The symptom of

neurological disorder varies by the disorder type but no other than mental

disorder, memory loss, motor disorder, cognitive impairmentetc., all of which has

1T ACAOEOA EIi PAAOO 1 AmoiyAldEHeindidlayicdl disatdersNOAT EOU
OEA ET £AT T 600 0 ARDEdkiadisialloboOattehtio®witA ©2Amillion

affected [3] and 117,400 fatalities in 2015[4]. The average life expectancyis

around 7 to 14 yearg[5]. The impactof PDon several celebrities such as Olympic

cyclist Davis Phinney[6] and boxer Muhammad Ali[7] has raised public

awareness on this disease.
1.1.20 AOE E Digehsk 6 O

The definition of PD is a group of conditioa in motor dysfunction [8], which
includes primary symptoms such as tremor, stiffness, bradykinesia and postural
instability [8]. PD is a longterm neurodegenerative disease as early stage
symptoms are verysubtle, and it develgps gradually over time [8]. Victims of PD
are usually over 60 years old [8]. As the condition of PD worsens, nomnotor
symptoms, such as memory loss and cognitive impairmestart to develop|[8, 9].
Apart from those symptoms, what makes PD notorious is there is no cureso
current treatment methods tend to focus on improving symptomsAT A DAOEAT 006
life quality, usually with levodopa combined with carbidopd8, 10]. However, due
to the short life expectancy of PD, the allowed time for symptom improvement
may not be enough if the patient is in very late stage of PDherefore, a method
to diagnosis and monitor PDat early stageis very essential, whichcould provide

more time for further treatments as well as taking precautions.

22



1.2. Project Motivation

This section gives a description of the clinicaequirementT T 0 AOEET 01 180 AE

and how such disease requires the assistaadrom artificial intelligence technique.
L8@8u38 ODsentdEecBT 1 60

In general, PD has three categories of symptomg motor skills, cognitive

dysfunction and memory lossMotor skills impairment may include slowness of

movement, muscular stiffnesssuch as in limbs and trunk and trembling in

common part of the body such as hands, legs and fd&. Cognitive impairment

i AU AEZEAAO DPAOEAT OO6 AAEI EOUWndEetognsiAgel U OAO
items. Memory loss cases patientsto forget various items such as people, even

close relatives procedures for simple actions and locations, which may further be

developed into dementia, a neurological disease thatcaused thousands of

elderlies to lose their way home. Such menory loss may beirreversible. All of

OET OA OEOAA AOPAAOO AAT EAOA EOGCA EI PAAO
quality. To minimise the effects of PD, we need to diagnosis and monitor PD from

early stagesto gain enoughtime on improving their symptoms and life quality,

even though the symptoms of PD at early stage are very subtle.

1.2.2. Current Diagnosing Approach

Currently, there is no definitive test for PD diagnosis, so PD must be diagnosed by
certain clinical criteria [11]. In general, there are twocommon ways to diagnose

PDgz Pathological examinationand questionnaire-basedtest set.

Research on pathological examination of PD has been carried out for decades with
several clinical criteria were proposed.However, most of them are very complex
with the involvement of sophisticate medical instruments. In addition, it is
believed that pathological examination cannot decisively classify the clinical
syndrome [12]. Although it hasa complete set of clinical criteria to diagnosis PD
at early stage, such diagnosing approach is too complicated to carry out and time

consuming for such disease that develops over time.

23



Questionnaire-based test set is a notnvasive approach that usually contains

OAOAOAT Oi A1l OAOOO O AOOAOO OAOO OOAEAAD
function. These tests are designed to exposepeE AT 006 AAOI U OOACA OUI |
are usually very subtle.The downside, however, is the rating of the tests are

usually completed manuallyNormal procedure requires an examiner taate the

test according to a predefined criteria-set. Both the criteria and themanual

assessment method are subjective and possibly contains human error or
misjudgement.For example, even though the patient can perform a memory test
DAOZEZAAOI U AAAT OAET Cstifd thaDdpdnt oA diekind @y Ah DAOEA
contribute to potential threat of PD, while both the criteria and examiner may not

be able to asses® A O E Ainking-time. Such test sets are simple, nemvasive,

which can be carried out even in homebut the assessment method is not

convincing.

1.2.3. Proposed Diagnosing Approach and Advantages

The aim of the new diagnosing approach that being proposed in this research is

to be simple, noninvasive, but also has an objectivapproachO1 AT AOOE AU DAOE /
PD stage.This approach adapts a clinicadrawing test, which is common in
guestionnaire-basedtest set.In general, it requires patient to copy a certain figure

by hand on adigitsed OAAT AO OI OAOO DPAOEAT 060 Al Ccl EOE
amount of time, it requires patient toredraw that figure without any hint and

OAEAOAT ARG O1 OAOO PAOGEAT 080 i1 Ai1Tou &£01 AOCEIT
through hand-drawing.

I FOAO OEA OAOOh DAOEAT 0860 AOAxET ¢ EO OOl OAf
the form of data stream, which record p@ EAT 08 O OOUI OO bHI OEOEI T h
and penpressure at certain timestamp.This data stream will further be used to

produce a data set, which will describe the figure by its feature$his data set will

be used to train a machine learning algorithm ¥ using features as data input,

while PAOEAT 0860 0$ OOACAh xEEAE EO #AROAOI ET AA
training algorithm will adapt supervised learning strategy. With this strategy,

algorithm will be provided with inputs and their correspondence ouput. This will
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allow the algorithm to find the pattern for all the data set, which enables the
Al ¢cT OEOEI O1 AAAT T A AT AOOI i AOGAA Al AOOE 4

objectively.
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2. Background Literature

This section expands the content from thentroduction section and provides
theoretical evidence on the practical aspect of applyingartificial intelligence

technologyon medical areawith background knowledge
(8p8 OAOEET OIT60 $EOAAOA

Historically, PD is widelyrecognisedas a motor disorderwith out any other side
effects[13].However, itis increasingly consideredhat PD will affect patientswith

cognitive impairment, eventuallyleads todementia[13]. In this research project,
we assess three main symptoms of a PD patieptnotor skills, cognitive disorder
and memory function, and discuss the downside of currentliagnosing method

and the counter measurements to compensate this downside

2.1.1. Motor Silis

The definition of motor skills is the ability to initiate a muscular movement with
total control from the initiator , which is further divided into gross and fine motor
skills [14]. There are four basic motor symptoms whichare inducted by PD:

tremor, bradykinesia, rigidity and postural instability [11].

2.1.2. Cognitive Disorder

Cognitive disorders are a category of mental health disorders that affect cognitive

abilities such as visual percegbn, memory, recognition, etc.Physical diseases

such as genetics, brain trauma, etc. can cause cognitive disorders. In the meantime,

1T AOOT AACAT AOAOEOA AEOAAOAO OOAE AO !'1 UEAEI A
cognitive impairment. Therefore, cognitive dsorders alone cannotbe a decisive

factor in diagnosing0 AOEET 01180 AEOAAOAS

2.1.3. Memory Function

Memory is one of the key functions inthe brain that can store and retrieve
information from the external environment. Memory loss, or Amnesia, is an
26



impairment in memory functions which may be caused by brain damage or
disease[15]. Memory is important to experiences and therefore, information
storage can influence the future actiom and decisions[16], including skill
developments, daily tasks and social relationshipld7]. Several factors could lead
to memory loss, including physical brain damage and atrophy, a symptom that
part of the complete shrinkage of part of the body, which may present with PR0,
18]. Memory impairment may also ke caused by dementia, which in PD, iis very
late stage.Therefore, memory loss is not the solsymptom of PD, but PD may

cause memory loss at late stage.

Those three symptoms alone cannot be used to identify PD alone; however, the
combination of those tree symptoms can exclude some common

T AOOT AACAT AOAOEOA AEOAAOGA8 &1 O AgAI Bl An
share the symptoms of movement difficulties and cognitive impairment, but A3

less related with memory loss[19]. PD patients may not have both motor skills

deficit and cognitive dysfunction comes together, but AD patients often shows
visuospatial and constructional ability deficit with the sign of movement
difficulties as those two symptoms are hard tdve isolatedfrom AD patients.[20,

21, 22, 23]

2.1.4. Disadvantages of Conventional Diagnosing Method

The mainstream of PD diagnosing can be divided into two trackg Imaging and
Questionnaire assessment.In imaging, one of the most commonly used
technology, computed tomography (CT), usually appears normal when scanning
PD patients[24], while magnetic resonance imaging (MRI) is more accurate in
diagnosis of PD over timg25]. Current research has been investigating on the
method of using evolutionary algorithm on classification of fMRimaging of PD
patients [26]. However, imaging requires professional clinical equipment and
often companied by potential health risk on the patients by the exposure to
radioactive beam and, in some scenarios, not applicable to certain patients with

exceptional circumstanceghat exclude them from using radioactive beam
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Questionnaire-based diagnosis addressedhose issues by asking patients to
answer and/or perform certain simple questions and tasksFamous assessments
method such as Montreal Cognite Assessment (MoCA)an8 T EAEAA OAOEET OT 1
disease rating scald UPDR$are widely recognisedby clinical experts worldwide
and are proven that they can distinguish patients and normal cognitive. In MoCA,
with 30 marks available, people without cognitivempairment scored an average
of 27.4 while mild cognitive impairment hasa lower average of 22.1, with even
lower average of 16.2 by AD patient$dowever, concerns raised over the difficulty
and the final marking of the testsin January 2018, then President of the United
States Donald J. Trump has taken a MoCA test during regular healtieck-up and
scored full marks of 30/30 [27, 28]. However, the difficulty of the MoCA is
guestioned with the speculation that Trump has shown some symptoms of early
stage of dementia when he claimed that his father, Fred Trump was born in
Germany while Fred is actually born in théJS[29, 30, 31], and stumbling on word

I £ O OECET @1]xEOE Ol OAT CAS

Another concern on such test is thdairness of its marking scheme Because the

result fully relies on the acumulative marks which is usually done by clinician

according to a set of criteria, this marking method is considered subjective, which

is under discretion of the marker.The criteria itself is considered incomplete in

testing cognitive disorder patients @ most ofthe components in the test have

marks ranging only O or 1, with maximum range of O to 5, which is highly

ET AAAOOAOGA ET OAOI O T &£# AAOGAAGET ¢ AAOGAEI O 1 E
memory function as those are developed graduallylTherefore, based on current

diagnosing method, a simplen-form but with certain difficult y to complete and

objective assessment criteria method is needed to compensate current diagnosing

approach.

2.2. Atrtificial Intelligence

The definition of artificial intelligence (Al) is the intelligence manipulated by
machines, mostly computers Key point of Al is the demonstration of properties
AOT 1T EOI AT ETOATTECAT AARO AU 1 AAEET AOGh OOAE
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[32]. Al research is divided into subfields based on technical considerations or
particular tools. Problem-solving Al may be in the form of automation, using a pre
set program to solve a set of problem automatically. Learning Al requires Al to
find a solution for a problem by learning by itselfone of thefundamental concepts

of learning Al research is machine learning33].

2.2.1. Machine Learning

Machine Learning (ML) is a research topic on the algorithms and statical

iTAAT O xEEAE Al11Tx0 A I DOOAO OUADAIT EIOE S 8A /
When implementing ML, people only need to define the learning target by
providingOEA Al CT OEOEI xEOE OAIl Pl AsoAbatGheh ET T x1
algorithm will attem pt to generate a mathematical model that can fit as many of

those training data as possiblewithout explicitly interfere the programming of

the algorithm for specific task[34].

In ML, there are two training stratedges z supervised and unsupervised learning.

Supervised learning requires all training data are labelled for the ML algorithm to

find pattern to classify all those data according to théabels. Each sample data is

a pair with inputs and expected output value { O OOOPAOOETisS OU OEC]
training strategy allows the ML algorithm to predict the output value from an

unseen data pair, therefore, reaching th®1 A A ©lhjeEtive®fihe algorithm. The

counterpart of supervised learning in human and animal psycholjy is concept

I AAOTET Ch xEEAE EO AAEET AA AO OOEA OAAOAE
used to distinguish exemplars fromnon-exemplarsT £ OAOET 00 AAOACT C
Bruner, Goodnow & Austin in 1967.

2.22. Sypport Vector Machine

This section introduces the concept of support vector machines and its features
as well as the application on the realife problem. It also discusses the
disadvantages of the support vector machine and possible approach to

compensate its disadvantages.
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2.2.21. Overview

Supoort Vector Machines (SVM), also suppottector networks [35], are
mathematical models that can perform supervised learning in machine learning.
SVM is mostly used to analyse data for classification and regressianalysis. To
realize data classification, duringthe algorithm training, SVM builds the model
which can assign new data to one or another category. SVM can also be used for
unsupervised learning when the data is not labelled by using the suppevtector
clustering algorithm [36]. This algorithm applies the statistics of support vectors

to categorise unlabelled data.

The formal definition of SVM is a constructed hyperplane or a set of hyperplanes
in amulti -dimensional space, which this hyperplane can be used for classification
and/or regression [37]. The performance of one SVM model is defined by the
maximum distance from the hyperplane to the nearest training data point ainy

class. The larger margin indicates lower generalisation error of the model, which
means less overfitting[38]. Fig.1 shows a sample of a simple SVM model with

clearly distinguishable data points.
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Figure 1 - A linear, binary SVM classifier and the optimal hyperplane, taken frof@9]

Application of the SVM ranges widely for realorld problems. Hypertext
categorisationis one of the key areas of SVM application as thetning instances

are labelled with their text content. In natural language processing (NLP), a
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process called semantic role labelling, or shallow semantic parsintabels the
semantic role of words or phrases in one sentenc&uch processs entirely based
on support vector machines[40, 41]. Classification of images, handriting

recognition and classification for biological researches are also using SVA2].

2.3.22. Advantages

As a popular and efficient machine learning algorithm, there are large amounft
development toolkits that allows people without any knowledge of SVM to
implement SVM, and very fast on generating resultBecause SVM uses a
EUDAODPI AT A O GranAdifdrénidoladsés, ithill idld gredt @sult
for data sets with distinguishable features. The model structure is also easy for
researchers to optimise current model by several techniques, such as observing
the position of the hyperplane and the mininum distance between data point and
the plane.This model structure canalso be used to investigate the clustering in

the selected features, which can be used f&®D disease research.

2.3.23. Disadvantages

Because thanain taskof the SVM isto find a hyper-plane inn-dimension that can
maximise the minimum distance between the plane and the data poinvherenis

the number of features from the dad, the modelvisualisation of the final result is
very difficult for people without any background knowledge & algorithms and
mathematics to understand, while one of our main objectives is to assist clinical
AgbAOOO O OOOAU OAOEET O1I 1860 xEOE OEA
SVM can be easy to use and fast to generate result, it may not be amlideol for

a non-computer expert to assist their research.

In addition, clustering in the data point is not essential for SVM to find a
hyperplane butis one desired characteristicin this research, clustering is not a
guaranteed characteristic from theextracted features. Therefore, SVM may not be

suitable for this project. However, SVM wiltill be used toverify those hypotheses
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2.2.3. Artificial Neural Network

Artificial Neural Network (ANN) is a bio-inspired model that uses computational
TTAAO O bid6ykEd GelrdsOidn ANN model, there are three basic
layers z input, hidden and output. Input layer simulates any biological part that
take information from the outside world, in Al, thiscorrespondsto the features
from the data.Hidden layer simulates biological brain, to process the information
from the input layer, and finally, output layer simulates the behaviour from
biological creatures, in ANN, thiscorresponds tothe result from the model.Fig. 2

illustrated a simplified ANN structure with three basic layers.

Input layer Hidden layers i Output layer
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Figure 2 - lllustration of ANN's layer model[43]

A branch of ANN, Deep Learning, is derived as the requirements of Al increases.
Instead oftaking features as input, deep learningisesmultiple layers to process
raw input in each layer and extract higher level features from thenThis gives the
possibility for deep learning to discover rich, hierarchical model§44, 45] that can
perform very complex task with high accuracy, such as image recognition, natural
language processingéd5] etc.However, to reach this performance for an Al model,

a very large scale of datasetnd high-performance computation (HPC)is required

to sufficiently train the algorithm. The author considers current researclprogress

of this projectis still in the preliminary stageand is not capable of providing such
scale of data setTherefore, we reed to usea light-weight ML algorithm set and

using severalvalidation proceduresfor this research project
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2.25. Evolutionary Algorithm

Evolutionary algorithm (EA) is a subset of evolutionary computatiorj46]. EA is a

metaheuristic optimisation algorithm which is based on generic populationEA is

inspired by biological evolution. Mechanisms in biological evolution, such as
reproduction, mutation, crossover and elimination are all simulated in EAEA is

evoved OEOT OCE 1 O0i AROO 1 £ CAT, hAewAgdrieratiordis 1T £ OAE
CAT AOAOAA AU AOI 1 OET ¢ OEA OPAOAT 608 AEOT I 1

The main mechanism to produce offspring is crossover and mutation.

Crossover, or recombination, is a technique tacombine parts of parental
chromosomes, to form a new chromosomeSuch technique attempts to keep the

OCi T A8 DPAOO &EOiI i OEA PAOAT O AEOIiITO1IiIAOG O
combine them, so that the offspring isexpected to be more superiorfrom its

previous generation However,the possibiity OEAO OEA OAAAG DPAOO E(

new offspring still exists.

Mutation is alsoinvolved during the offspring generation processThe crossover
mechanism may have issue where the parent and the offspringabe a limited
maximum performance, or local maximawhich limits the general evolution
performance of the algorithm. Mutation allows a very small portion of the
offspring chromosome randomly changes to different valuso that it allows the
performance of the algorithm is not compromised by the maximum limit.
However, mutation cannot guarantee that mutant is better than original
chromosome, so mtation can also lead to drop of performance, but this can be

compensated by further evolution.

The form ofthe chromosome is not limited, but often defined by the specific type
of EA, those forms include but not limited to binary, mathematical equation and
encoding of the visualisation of the algorithmThe process of an evolution of EA

is as follows:
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1. Generate initial population of chromosomes with a random seed;

2. Select the chromosomes as parent by evaluating their fithess against a pre
set fitness function;

3. Offspring is generated through crossover and mutation from parent
chromosomes;

4. New individuals replace the leastfit population;

5. The remaining chromosomes form a new generation;

6. Repeat Step 5 until the optimum chromosome is generated or the

maximum generation number is reached.

Apart from the general form of the EA, there are many subsets of EA that is
designed for various type of problemsOne of them, genetic programming, are

designated for computer programgo solve computational problem.

2.26. Genetic Programming

This section introduces one forms of evolutionary algorithm Zz genetic
programming, and its advantage on data classification problems as well as its
disadvantags A OA O1T OEA CAT AOEA DPOIT COAITETCB8O 1 AOC

2.26.1. Overview

Genetic programming (GP) is a suidlivision of evolutionary algorithm. The name

I £ OCAT AGEAS AiI 1T A0 &EOT 1T OEZXKeatnhay@ihdAl OACET 1
model is represented as a chromosomeA group of chromosomes form a
generation. This algorithm is evolved by crossover and mutation. Crossover
indicates the combination of two parent chromosomes to form an offspring
chromosome, while mutation means a random change in one sole element in the
chromosome. Conventional genetic programming is represented in the form of
binary tree, which will expand as tle algorithm model evolves. Each tree node
indicates either value data or mathematical operation indicator, therefore, each
chromosome can be described as a mathematical equation as wEIh. 3 shows a
simple robot logic that represented in binary tree, wiich can be used as a GP

model as well.
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Figure 3 - Example for a perfect walfollowing robot program in LISP[47]

2.2.6.2. Application on Data Classification

Snce each element in the binary treenode is either data or mathematical
operation indicator, the output node must be a data value. The number of output
nodes is not limited as it should accommodate with the fitness function. This
property of GP makes it applicable in data classification prdéms due to its input
output form. Input nodes are data inputs and the output can be used for
classification. The standard for classification is called fitness function where it will
decide whether the output matches the expected class, hence evaluate titress,

or the performance of the chromosome.

2.2.6.3. Downside

As mentioned in section 2.6.1, the binary tree for a chromosome will expand
along with algorithm evolvement. Realife evolutionary mathematical problem
may require thousands of generations A OT 1 OOET 18 4EA AEEOTI AOO

chromosome may improve as the number of nodes increases, but the
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computational effort for such chromosome increases dramatically. Also, not all
nodes are necessary used, but unused data will still use computer skst 6 O
memory. In conclusion, the evolution speed drops along with the evolution, which
leads to more nodes are created and more time on reachitige final result. Fig.4

shows an offspring that has more complexity than its parental chromosomés

.....

west J | south { north ) west S¢ (NOT

rogran ather progran hild program

Figure 4 - Example of GP chromosome uses crossover to generate offsprimigh the model
expands[47]

2.27. Cartesian Genetic Programming

This section introduces another form of genetic programming Cartesian Genetic

sz A N AN~ A A~ N

001l COAi T ETch AT A Eix EOO OIENOA OOOOAOOO!
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2.27.1. Overview

Cartesian Genetic Programming (CGP) is an alternative form of GP. The name

O#AOOAOGEAT 8 EO AAOEOAA &EOI T EOO COEA A& O 1
issue from GP, which will bdurther discussed in section 2.7.2 # ' 0evdiution
strategy isdifA OAT O AO0T 1 "'080h #'0 AOI 1 OAO 1171 U OEC

rate is configurable, typically ranging between €1.0%. The arity of each nodeor
the number of connections allowed for each node, is also configurable. Each

chromosome in CGP indicates thereangements and connections between each
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node as well as the content in those nodes, which can also be represented as a
mathematical model. The unique grid form of CGP compensates the major issue
from the GP.

2.27.2. Advantages over Conventional GenetiogPamming

As the GP expands along with the evolution, CGP sisefixed number of nodes,
which also accommodate that it evolves only through mutation. The chromosome
evolves by changg its nodes arrangements, connections and content, as well as
the allocation of input and output nodes. The content in the node is mathematical
operation indicator only, and the calculated values travel through the nodes. In
the end, the computational resources of CGP never increases as no new elements
are being addedto the model along with evolution. This allows CGP to be trained
for almost unlimited amount of generations without memory usage issue as well
as computational speed issue, which potentially leads to better training result
with much more chromosomes are generatedzig.5 shows a simple illustration of

CGP structure and actual CGP model that comes from a training session.

Figure 5 z Sample of CGP structure, taken frorf48] and illustration of CGPevolution, notice
the size of the model remains unchange
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2.28. Previous Studies oNledical EngineeringusingMachine Learning

Preliminary research has been done on applying machine learning on medical
engineering, especially diagnosis and monitoring afeurodegenerative diseases.
In 2018, Gaoet al. [49] conducted a study on using evolutionary algorithm to
AAOEOA A Al AOOEZEAO OEAO AAT 1 AAOOOA OEA OA
potential to differentiate early staCA 0$ A£OT [ [49].InQNeiA studyO & 6
finger-tapping test was conducted on PD patients which requires PD patients to
tap their thumb and index finger as quick as possible. A pair of simple
measurement devices was instéed on the two fingers to measure the altitude
between them as shown in Fig. $49]. The outputdatafrom the devices was used
to evolve a classifier using EA to measure the PD severity along with existing
OAOEET O1 1680 AE O Are®dhult Anov@ithatGich simpld &S aral
classifier achieved at least 89.7% accuracy in bradykinesia severity téetion [49].
Fig.6 is the device that used from that research project and sample illustration of

data measurement.

Tap 1 Tap 2 Tap 3

/Maximum separation
(finger and thumb apart)

/
/" Minimum separation
(finger and thumb together)

opening
closing

Figure6z) 1 1 OOOOAOETT 1T &£ AAOA AT 11 AAOEiom[48JAOEAAO T 1 (

In this thesis,a similar approach is used to adapt a simple test that can assess PD

DAOGEAT 0068 EAAOOOA AAEI EOEAO AT A Al AOGOEEU (
classifier and the raw data from the testThis thesis will also study thecorrelation

between the test and some existing cognitive test set¢o prove the effectiveness

of the proposed test on detection of PD severitythe proposed test in this thesis

will also assess PD in different aspectom explicit symptoms to the function in

the central nervous system.
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3. Methodology

This section discusses the methodology for this research project, including how
the data from the patients arecollected and how recruited test subjects are
evaluated This section also covers the test that conducted on the test subjects

the clinical drawing test, which is the core of this research project

3.1. Data Collection

Data collection is performed by usingdigitised tablet which can track the
movement of the stylusand record datawith a certain sampling rate Test subject
is required to perform a certain figure drawing task by using the stylusand
drawing on the tablet. In addition tominimise environmental impacts, such as the
handling of the stylus and tabled €fects onOA OO OOAEAAO8 O PAOAI O Al
sheet of paper on the tablet, as well as a modified stylus which can feed ink onto

the paper, to give the closest feeling of actual drawing whilst the data can be
collected.Fig. 7 shows the equipmentusedtA AD OOOA OAOO OOAEAAOQ

data.

O E

Qu

Figure 7 - Device that used to collect drawing data from patients
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The tablet can capture following data: stylus position, stylus tilt information, and

pressure from the stylus to the tablet. Each drawing will generate approximately

4,000 ~ 5,000 lines of raw data, from which we can extract features which can

reflect seveal neurological disordersthatarecaO OAA AU OEA OAOEET O1 1

3.2. Test Subjects

Test subject includes 29 people for control group witi T OECT AT O | £ 0AOE
discash AT A vy OAOEET OI 160 AEOAAOGAGO PAOEAT O¢
PD-NC (Normal Cognitive), PEMCI (Mild Cognitive Impairment) and PBD

(Dementia), in the order of severity.The classification is done by using several

cognitive questionnaires, which will be explained in sectior3.2.3

3.2.1. Demographics Information

Inpril OAAOCETT 1T &£ OAOO OOAEAAOOGG DOEOAAUR Al
collected when this research carries out. The only knowdemographicdata are

age, sex, dominant hand and disease duration. Hand preference is disregarded as

the motor skill impairm ent from the PD will affect both hands. Gender is also not

AT T OEAAOAA AO OEAOAS8O 11 ETAEAAOEIT OET xO
trend in certain gender. However, age and disease duration are important

information as the research is aiming for PD 201 U OOACA60 AAOAA

monitoring.

Control group consists people from 50 to 79 years old, with an average of 66.01
yearsold.PDPAOEAT 008 ACA OAT CAO &O0Ti 1t O yguv U
years old. Among them, the shortest disease duration@s5 years while the longest

is up to 20 years, with an average of 6.2 years.

3.2.2.PreviousExperiment Result

Before the project is carried out, several cognitive tests have been done on both
patient group and control group. Tablel shows the list of tests that performed on

patient and control group.
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Table 1 - List of cognitive tess carried out on the test subjects

Test

Description

Benson Figure Copy/Recall

Pentagon

Unwired Cube

Total Trails

Montreal Cognitive Assessment
(MoCA)

51T EAZAEAA O0AOEET C
Rating ScalfUPDRS)

Clinical Dementia Rating CDR)

A figure task which consists copy and recall

A figure taskwhich requires subject to draw a pentagon

A figure task which requires subject to draw a non
transparent cube structure

Afigure task which requires subject to trace a certain
figure

A test set which includes tests on motor skills, memory anc
cognitive.

A questionnaire-basedtest set which tests the subject in
several aspects

t 100 AOEA OAAT A O 1 AAOOGOA

323ParkeT 0T 180 $EOAAOA 30ACAO

Patients were classified into three stageg PD-NC (NorrCognitive Impairment),

PD-MCI (Mild Cognitive Impairment), and PED (Dementia), in the order of

AOAAT AET ¢ EI

OAOGAOEOUS

score, the classificatio scheme idefined by M. Emre et a13], and I. Litvan et al

[50], and is furthersummarisedby J. Cosgrov§sl] in table 2.

Table 2 - Criteria of PD stage classificatiofb1, 52]

Criteria Classification
MoCA > 26 PD-NC
MoCA <=26 && CDR <1 PD-MCI
MoCA <=26 && CDR >=1 PD-D

In table 2 MoCA is used to distinguish normal cognitive patients and patients with

cognitive impairment, while PDMCI is distinguishedfrom dementia patients by

CDR interview.
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3.3. Clinical Drawing Test

This section will introduce the clinical drawing test, which § widely used by
clinical experts in neurological dysfunction diagnosing, and a certain type of

drawing test 7z the Benson Figure Test.

3.3.1. Overview

The first available source on application of drawing test for healthcare is in 1958

by E.F. Hammer[53]. According to Hammer, projective drawings were widely

used on children for various purposeg53]. For example, Drawa-Person test

(DAP) was developed by FGoalenough in 1926 and later involved by K.

Machover in 1948[54]h &1 O AOA1I OAOET ¢ AEEI AOAT 80 ET O/
the possibility on applying those projecthd A OAxET ¢ OAOEO &I O Al
AEACT T OOEA AEA AT A AO [ 53] Fi4BEMOWSAN® inili BDBOUAE
idea of drawing testthat illustrated a smiling person shape using minimal number

of segments taken from[54].

Figure 8 - Smiling person by a 4.5¢year-old child [55]

The backbone of clinical drawing test is to provide an assessing method that can

be performed naturally by the €st subjects, in the meantimethis certain method

AAT AAOEI U AEOOET COEOE OAOO OOAEAAOOG DHAO,
addition, we need a test thatanassess some key aspects fAOEET O1T 1 6 0 AE O/

specifically, which may be consistd by several geometric shapes.
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3.3.2. Benson Complex Figure

Figure drawing task is often used for visuospatial assessment for dementia
evaluation, but the effectiveness and performancearies on multiple factors, such
as target test subjects, figure complasy and structures etc.[56]. Benson figure
was developed by F. Benson, it is a simplified version of R@gterrieth Complex
Figure (ROCF) which is widely used for visuospatial ability and memory test for
neuropsychological ewaluation since 1944[57] and standardised by theNational

' T UEAET AO86 O #1 158 Aig.19 AhOvis th€ samplelfighidk ©f ROCF and

Benson figure.

/Ozliﬁ 04

Figure 9 7 Rey-Osterrieth Complex Figure (left)[57] and Benson figure (right)[56]

3.3.3. Comparison with other Clinical Approved Drawing Test

This section compares the Benson figure test with other two idlical drawing test
that are widely recognised by clinical expertsz Clock Drawing Test and Rey
Osterrieth Complex Figure. Through comparison, this section discussed the
difference and common point across all three figures and the reason to choose

Benson fgure test for this research topic.

3.3.3.1. Clock Drawing Test

Qock Drawing Test (CDT) is widely recognised and applied by clinical experts in
assessing neurodegenerative disease. During the task, examiner provides a time

to the test subject when asking the test subject to draw a clock with that time
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provided. Becauseahe clock shape is widely knowno everybody, a singletest is
AT 1T O6CE Oi OAOO DPAOEAT 0860 Ai Cl EOEO&StOEEI T h
needs two separated tasks to test all three aspect$ig. 10 showsan example of

the classification standardof clock drawing test based on the drawing quality.
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Figure 10 - Clock drawing test result varying in different drawing quality, taken from[59]

This test meets the requirementof assessing neurodegenerative diseasdut it

comes across various difficulties in combining it with figure digitisation and

feature extraction. Firstly, the clock figure is mainly composed by curves and

I 0l AAOO8 ) 060 OAOU Adugmraaik @atbes Dt extehtéd AOE OAC

from those curves, while the number shape ia combination of different curves.

The scond issue on applying CDT with digital data is themportance of

component position. Component position is very important in cloclkdrawing test

as each clock should have a universal template. With the mixtures of curves, and

potential worse scenario where the figure is distorted, which is highly possible as

ITA 1T /£ OEA 1T AET OUIiBPOIIT O T &£ 0% EO 11010
recognise individual components and calculate its relative position with regard to
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the outer circle of the clock. Given the limited timeframe of this research, this

drawing test isdisregarded.

3.3.3.2. ReyOsterrieth Complex Figure

7EEI A #$ 48 Onofelrelateddi dath exBiadtion ReyOsterrieth complex
figure (ROCFhas a disadvantage due to its complexity. ROCF is mainly composed
by line segments and small portion of curves, which is similar from Benson
structure. The method to extract features froma digitised Benson is also
applicable for ROCF. However, test difficulty and data complexity are main issues
of ROCFFig. 11 shows the three core layers of the ROCFose three layers not
only play an important role in constructing the ROCF figure, butlso a good

reference for both tester and examiner to draw and assess the ROCF figure.

©

I
+-

Complete Figure Configural elements

Clusters Details

Figure 11 - lllustration and disassemble of ReyOsterrieth complex figure, taken from60]

Being similar toBenson test, ROCF also requires two separate copy and recall test
to fully assess the patient. One of the main issues is the figure is too complex for
both control group and patient group, even normal young people will find
difficulties in complete this task set especially in recall task. Even without
applying figure digitising for ROCF, the test itself cannot distinguish patients with

different stages efficiently. Fig.12 shows a sideby-side comparison between

46



drawings from two children with cognitive impairment and normal cognitive
abilities [61].

Copy Immediate Recall Delayed Recall
Control

Experimental

Figure 12 - Copy and Recall result of ROCF, showing figure complexity, taken fr{g]

We also estimate that due to its complx structure, the data complexity may cause

underfitting, meaning the algorithm will face difficulties in finding patterns to

classify all the data, which will lead to failure of algorithm training. The test

difficulty also contributes to the potential underfitting as the figure will be
OEI EIl AOT U AEOOI OOAA AAOxAAT 11T o1l Al PATPBI A

data is not significantly different between control group and patient groups.

T AT TAI OOETTh "AT OI 180 OEI PI E £Etd lne O0O00OA O
segment structures compares with CDT addresses both downside of current two
popular clinical drawing test pattern, and it is ideal for this specific research

project.

3.3.4. Correlation withCognitive Test Set

This section compares Benson figurgest with some recognised cognitive test set,
the relationship between those and how Benson figure test can substitute or

compensate those test sets.
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3.3.41. Montreal Cognitive Assessment

Montreal Cognitive Assessment (MoCAvasdeveloped as a tool to assess patients
with neurodegenerative diseas€g62]. The main target subject for this tool is for

those who present with mild cognitive impairment (MCI) and has a normal
performance rating in another caognitive test called MiniMental State

Examination (MMSB [62]. MoCA was conducted on the 58 PD patients for this
research topic prior to this research.MoCA tests the test subjects from eight
disciplines: visuospatial ability,naming, memory, attention, language, abstraction,

delayed recall and orientation[63] .

For this research topic, we only focusn three disciplines from PD: motor skills,
memory and cognitive function.Full MoCA was applied orall test subjects, with
few MoCA tasks are separately picked out to investigate its correlation with

Benson test.

Table 3 - Tasks from MoCA test set for investigating its correlation with Benson test

MoCA Task Description Marking scale

Cube copying Patient will copy a cube figure which is given on the forn 0~1

Clock drawing Patient will produce a clock figure with a specific time | 0~3

Trail making Patient will connect numbers of dot in specific order 0~1

Delayed recall Patient will recall a set of words without any instructions | 0~5

Because one of the criteria to define PD stage is MoCA total score, it is meaningless
to observe thetotal test score distribution within the patient group. However, if
we separate individual test items from the MoCA test, we can observe thdtet
distribution of the individual test result scores acrossall PD patients with
different stages shows thathose testscandetect® A O E RD s&v@rdyvery well.
Fig. 1316 shows the experiment resulfprior to this project from individual MoCA

components, which shows vivid correlation between MoCA test and PD condition.
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6 MOCA cube
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o < 8& <1
00% - 89.47% =1 J
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PD-NC PD-MCI PD-D
PD Stages
Figure 13 - Distribution of MoCA cube test irall PDcategories
7 MOCA clock
100% 100,00% Bl<-
1 <&&<2
90% . -=2
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70%
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30%
20%
10%
0% -
PD-NC PD-MCI PD-D
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Figure 14 - Distribution of MoCA clock test in all PD categories
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Figure 15 z Distribution of MoCA trail making test in all PD categories
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Figure 16 - Distribution of MoCA recall test in all PD categories
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Across all four tests, lower mark indicates poorer performance, and vice versa.

The portion of the number of test subjects with lower performance increases as

the PD stage adances.MoCA cube, clock and trail making tests all assess test
OOAEAAOOG Ai Ci EOEOA OEEIT O AU OEOOiI OPAOEA
subjects to draw a specific shape, while MoCA recall and MoCA clock test their

memory function. Because MoCAube, clock and trail making all requires test

subject to perform drawing action, the score from those three tests can be

combined, the distribution result shows similar result from the individual tests.

11 MOCA item 1
T

T
0,
100% | 100,90% <
1 <8&&<4
90% |- |:|>: 4 i
80% - .
70% - b
60% 57.14% ]
—C

50% |- 7

40%

Portion in each stage(%)

30%

20% [

10%

0%

PD Stages

Figure 17 - Distribution of MoCA drawing related test score in all PD categories

With maximum score of 5Fig. 17shows thatall PD-NC test subjects scored 4 or
more, while less than 50% of PEMCI test subjects achieved score 2 or 3. More
than a third of PDD test subjects achieve 1 or O from the combination of three

test scores.
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scale consists various other rating scale that used to measure PD severity. UPDRS

is made up of six sections, from interview owlaily life basis, theoryevaluation,to

compilations of rating scales.n this project, DPAOE AT 06 0 " AT 011 OAIl OA >
to compare with their UPDRS score, to find its correlatiowith UPDRS. Fig. &

shows the overall distribution of UPDRS score acrosdl three stages.

15 UPDRS
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Figure 18 - Distribution of UPDRS scores across three PD stages

However, as UPDRS consists test from various disciplines,s very hard to find

the trend from Benson total score on total UPDRS score as different PD stages has

different performance on different discipline.From Fig. B, portion of higher tier

test result in PDD is even higher than PENC which further showsthe necessity

of asimple, nonOOAEAAOEOA 1 AGET A O AEACT T OEO O0AOEE
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4. Algorithm Model Implementation

This section discusses how CGP and SVM are configured for the upcoming

classification task.

4.1. Cartesian Genetic Programming

This secton describes the practical aspect of CGP, including implementation,

configuration, training strategy and fitness function.

4.1.1. Implementation

The implementation of CGP is mostly based from the CGP Library, developed by
Andrew J. Turner [48]. It includes all basic functionality that CGP requires.
Because the CGP Library is written from C, therefore, the main program for

algorithm training uses C as programming language for easier implementation.

4.1.2. Configuratiorand Paraneter Tuning

CGP Library is a highly customisable program API. For this research project, the

following parameters will be set prior to each training session:

Number of Input/Output Nodes

This parameter set will define the number of input and output nodesThis is
usually determined by the number of features extracted from the raw data, and
the number of outputs is determined by the applied fithess function in a

classification session.

Nodes

This parameter defines the maximumnumber of nodes that exiss in one CGP
model. Each node hathe samenumber of arities, but the node functionand their
connection nodesmay differ. The model may not use every single node, each

chromosome may decide the arrangement of active and inactive nodgypical
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value for number of nodes is ranging from 20 to 100. This usually is defined by
the complexity of theproblemandi AU T AAA O AAAT i i 1T AAOA OEA

specification.
Arity

This parameter defines the number of inpus that each node has. Botthe number

of node and arity will affect the number of possible arrangements in CGP structure

of a chromosome. However, the effect from the number of arities is limited by the

TTAA £OT1 ACET 160 AAOGECTI AA 101 ARO T &£ EITDPOOOS
only accept up to two inputs, so that three or more arties will not affect the

behaviour from this node.
Node Function

This parameter set defines the availabléunction options for CGP nodes. These

usually are numerical operations such as adding, subtractiomultiplying and

dividing, logic operation such as AND, OR, NOR, XOR etc. Custom node function

AAT A1 01 AA AAEET AA OPi1T OEA AAOGAI T PAOGO OA
Mutation Rate

This parameter defines the possibility thateach node in &CGPmodel canmutate

throughout each generation. Because the evolution of CGP relies on mutation

completely, mutation rate needs to be set carefully to ensure that the CGP can

stably evolve whilst has the ability to jump out from local optimaTypical value

for mutation rate should be lesghan 10%.
Random Number Seed

This parameter is used to randomly generate the first generation of chromosomes
of CGP. The random seed is widely used for data cross validation as it defines the

evolution behaviour rather than the basic properties of CGP. €hefore, different
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random number seeds are used to verify the parameters that describes a CGP

model.

As most of the parameters are determined by the data model and problem
requirement, it is very difficult to list an accurate range of numeric value fathose

parameters. In Chapter 7 and appendix where the detailed training result is
presented, the exact parameter value will be presented for reproducing those

results.

4.1.3. Training Strategy

Before the algorithm training, all data will be preprocessed wth class labels
marked for each data. The whole dataset will be divided into three pargstraining,
validation and testing data set. Training dataset will be used for the algorithm
training, validation and testing dataset will test the chromosome with a®lind-

foldedGscenarioto the training chromosome.

Because of the small amount of data weaveacquired for this study, kfold cross
validation will be applied throughout the training to ensure that each data will be
usedin training, validation and testingat least oncein the CGP training. Different
number seed with the same CGP configuration wibe used for multiple training

as well, as a measurement of data validation.

Multiple fitness functions will be applied for the same dataset and CGP
configurations to compare performance of different fithess functions, which will

be covered in sectiord.1.4.

4.1.4. Fitness Functions

This section introduces several fitness functions that can be applied to the CGP

and their main features.
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Simple Threshold Classifier

Simple Threshold Classifier (STC) is based on number comparing. STC requires
CGP to be conjured as single output. Usually all data are classified by different
integers if STC is applied. STC requires a threshold array that includes-IN
integers, which forms an arithmetic sequence in an N class scenario. STC will
compare the output of the CGRvith the integer array, to get which range the
output belongs to. Next, it compares whether the range matches its expected class.

z A X £ A

&EC8 pw EI 1 OOOOAOAA EIl x 34# x| OEO xEOE #' 06

Mismatch

Threshold Array A[4]

A(l) |

=

Mismatch &

CGP A(2) |3
ot

Match B

Output Node A ( 3 ) %

Expected Class 3 |ui.nacen E

=1

A(4) |8

Mismatch

Figure 19 - lllustration of Simple Threshold Classifier]52]

The advantage of STC is it gives more configurable parameters, in this case, the

threshold integer array, which improved the configurability of the CGP. This

would give more possibility in terms of CGP evolution, which can result in more

optimised CGP. Howver, the threshold array exposes a problem that the
performance of the CGRnay be rely on the array. Theoretically, the larger the

OAT cA AAOxAAT AAAE OEOAOEI |1 Ah OEtis EECEAO
feature enables STC may cover the overfittingf a CGP modela CGP model may

be overfitting, but the STC has better accuracy as the threshold is relatively lenient.

Hence, a better fitness function that the result only relies on the CGP mabde

required.
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Node Weighting Classifier

Node Weighting Clasifier (NWC) requires CGP to be configured with multiple
outputs, the number of outputs must matctwith the number of available classes.
Given N classes in a dataset, the CGP will have N output nodes with different
values, which are calculated by the CGlpom the input data. Afterwards, the
output node with the maximum value will be used to compare it®utput node
index and expected class. If a class two data has the maximum output node to be
its second node, then it is a matchrig. 20 demonstrate a simm@ assessment from
the NWC.

—)O
—)O

. maximum output node

sepou 3ndino

expected class 3

Figure 20 - Illustration of Node Weighting Classifie[52]

4.2. Support Vector Machine

As the main objective of this research project is to study the ability ofnaEA-

evolved classifier in detection of PD severity, as well as how it can asgibhicians

in medical research, SVM is used as a benchmaokcomparereadability of model

visualisation with CGPto non-computer researcher. The implementation of SVM

in this projectisdone byusing ! 4, ! "8 O Al AOOEZAZEAAQEI.T 1 AAOI
Parameter tuning for SVM classification task in this project include different

kernel function and using principal component analysis (PCA)to simplify

classification taskfor the model
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4.2.1 Kernel Function

There are six available kernel functions for SVM in this software package: linear,
guadratic, cubic, fine gaussian, medium gaussian and coarse gausdisath kernel
function represents the different structure of the hyperplane. As this project
involves a multi-dimensional SVM classification problem, each kernel function

will be used to assess theiperformance.

4.2.2. Principal Component Analysis

In general, Principal Component Analysis, or PCA, is @ocedure that used in

statistical to simplify data set. It uses a statistical procedure called orthogonal
transformation, it will take observations of a set of possibly related variables and
attempt to convert them into a set of linearly uncorrelated variables, which is
called principal components. By doing this,the dimension of the data set can be
reduced, hence reducing the difficulty for a classificatiotask. Fig. 21 shows a

sample dimension reduction that done by PCA.

Principal Component Analysis (PCA) algorithm

\!, W)
s *
N

Reduce data f{om 2Dto 1D Reduce data frorh 3Dto 2D
_20\ *L“ em - ?(9 &\V-\
~N

>
Lam ? 2,

Figure 21 - Demonstration of dimension reduction by PCAtaken from[65]

In SVM, the dimension of the SVM model is normally determined by the number
of input data provided to the model.Normal classification task often contains
three or more features as input foran SVM training task, which not only increase
the difficulty for SVM to find the optimal hyperplane, but alsodifficult for

researchersto observe the model through modevisualisation if the dimension is
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too high. By applying FEZA, principal components will be extracted from the
features, so that the actual SVM model can handle less dimensional datt and

simplifying the result of model visualisation.
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5. Data Pre-Processing

This section introduces how the raw data from the dblet is processed for the
algorithm training session,as well as the howto determine the PD stage for each

patient and label the data seaccordingly.

5.1. Feature Extraction

Raw data of a figure is traced and recorded by the tableluring the drawing
session with the patient Table 4 shows the formatfrom the raw datafile, with a

snapshot of sample data in Fig. 22

Table4 - Description table for raw data columns

Pen
Data Timestamp PenX PenY PenTilt-X | PenTilt-Y

Pressure
Pressure

) o o Tiltin X TiltinY applied

o Time of the X-coordination | Y-coordination » .
Description position position from the
data created of the pen of the pen

of the pen | of the pen | pento the

tablet

Figure 22 - Screenshot of raw data sample
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Each figure will generateup to 15,000lines of dataline that are similar to Fig. 22
which means the raw data cannot be used directly for the algorithm. The
motivation of feature extraction is to calculate values from those thousands of
data line that could represent this figure. In total, 17 features are designed and
extracted from those raw data. Those features are categorised into three

categoriesz General,Structural and Dynamical.

5.1.1.GeneralFeatures

General features include features that exists in every figure, no matter the shape
or initial purpose of the shape designThose features will distinguish distorted
images, which will highly occurinPE6 8 O OAAAI 1T OAOE AOAxET CO8

Size

The size of the figure will be calculated by multiplyng the height of the image with
the width of the image.From the raw data, we can extractour vertex point of the
image, which can be used to calculate the height and the widtA. clear, high
quality drawing should have a reasonable size. Too small or too largeimage size

often indicates distortion in drawing.

To calculate the size of the figureye need to obtain the height and the width of
the figure. Assume the PetX column in the raw data is array, and PerY column

in the raw data is arrayy, we can obtain:
0 W w S 0 wWw w S

Equation 1 - Weight and Height calculation

Wherew is the maximum width of the figure, andh is the maximum heightof the
figure, thus, the size of the figure ithe rectangle than can just surround the whole

figure:
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Equation 2 - Size calculation
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Figure 23 - Distribution of size in different PD groupfrom copy task

Fig. 23 shows the distribution of the figure size in each PD grou@hough there is
no clear standard for the proper size, too small in size will make the figure
readable and possibly suggest difficulty in visuospatial ability from the test
subject, while too laige may indicate the test subject cannot control their hand
movement. Fig. 23 alsoshows a decline of portion inthe number of figures with

normal size as the PD stage advances.

Aspect Ratio

The size of the figurdas not sufficient to represent the distortion situation of the
whole figure as some patients may tend to draw small or large figurger a heavily

distorted figure may have the same size of a normal figurAspect ratio is another

1 At the top-right corner of the figure, ® Q @ &he placeholder which represents the data point. This applied to all other figures in this thesis.
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feature with the figure size to show the distortion situation As stown from the

standard Benson figurein Fig. 24 the sample figure has an aspect ratio of 2.36:1.

381 px O

900 px

Figure 24 - Measurement of the standard Benson

Variation is acceptable but should not be too far away from this standarés we
have the height H and width W from previous equation, we can calculate the

aspect ratio by:

v, U
Wl =
Q

Equation 3 - Aspectratio calculation
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Figure 25 - Aspect Ratio distribution across all PD stages' figure test

Fig. 25shows the distribution of aspectratoET OEOAA 0$ OOACAOG8 AECCE
Due to the system used for data capture in the digitised tablet, figusethat

generated from the raw data is different from the original drawing in regard to

the aspect ratio.Therefore, the expected aspect ratio for figures that regenerated

from the data is between 3.3:1 and 3.7:1Any value that out of this range is

considered distorted in terms of aspect ratio.

According toFig. 25,47.37% and 71.43% of the figures from PENC and PEMCI

test subject performs well on controlling their scale of the figue in the copy test,

while the portion in PD-D is only 34.62%4 EA BT OOET 1T 1 &£ OOAI 1 A0S
as the PD stage advances, while FDIChas the maximum value for the portion of

O x E A A O dhis Aety §eliiGeRo the fact that the originfh OAXx ET ¢ EO A OxEAAS

5.1.2 Structural Features

Sructural featuresrepresentthe visual characteristic ofthe figure, including the
portion of lines in different angles, the straightness of line segments and the
completeness of the figureVisually, structural features are easy to distinguishrig.

26 shows great visual variancecrossall three different drawings.
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Figure 26 - Comparison of Benson drawing betweeD-NC(top) , PDMCI(middle) and PD
D (bottom) from copy task?

Total Length

Total length is literally the length of all line segments in one figurdt further
compensates theSizefeature which is only indicative on the position of vertex
points. Total length roughly represents the amount of line segments in the given
figure area.Given that there are N timestamps in theaw data, PerX column is
array x and PenrY column is arrayy, the calculation of total length is done by
summing upthe distance between points from neighbouring timestampEquation

4 shows themathematical representationof this feature:

2 All figures are proportional to their original size and scale
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Equation 4 - Calculation of total length of the figure

From the value of the pen movement distance, thigeature can provide a rough

indication of the completeness of the figure.
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Figure 27 - Figure length value distribution in all three PD stages from copy task

Fig. 27 shows the distribution of the pen travel length of the figure drawn by the

test subjects in all PD stage#\s the stage advances, the portion of the drawing
with less lengthincreases, which may indicate missing or distorting components
in the figure. The portion of normal length drawing also decreases while the stage

advances, indicating the relevance of this feature and figure data representation.

However, total length does not show the composition of the figure, which is a
crucial part in terms ofthe figure structure. Another set offeatures are neededto
compensate this.
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Figure Composition

As Benson figure is consisted by several basic geometrical shapes, data of figure
composition will be very representative to show the structure of the figureTwo

solutions are proposed to calculate data for composition representation:

First proposal is to separate the figure with line segments, then combine groups
of segments accordindo their length and position, to identify Benson components
from the NACC form.The procedure of separate line segments from the figure

follows:

1. Separate the raw data according to the pen pressur&hen the pen
pressure reaches 0, it means the testubject has lifted the pen, thus
generate a segment break;

2. Combine all segments according to their length, direction and position into
NACCcomponents;

3. Extract features from those components.

However, this method comes with limitation that the calculated amber of
segments varies a lot as people have different drawing preferences. Some of the
test subjects tend to draw different line separately, while others draw lines that
are connected togetheronce. Thus, a standards very difficult to establishto apply
this method across all figuresas it may consume too much time resources for this
research project In this casethe author choosesto compromise the detail and

aiming for a complete standard for separating the figure.

Second and the adapted method is to group all drawings into three categories by
their gradient: horizontal, vertical and oblique.The reasonable Benson structure

should have a fair distribution of these three liness shown in Fig. 28
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Horizontal: 1782 px
Vertical: 1473 px

(excluding circle)

Figure 28 - Decompositionof standard Benson irthree-line groups

However, Benson figure is not purely composed by line segments. Curve also
exists in the form of circle.Therefore, additional work is needed to decompose
curves from the circleto line segments.t is worthy to note that a circle can be
divided into 360 equal parts with each part contributes to 1/360 of its
circumference.According to the previous definition, lines with angle of 0~10 are
classified as horizontal line, and 70~90 arelessified as vertical line, the rest are
classified asoblique. The diameter of the circle in Fig28 is 74px, therefore the

circumference isshown in equation 5:
0 AzZXDOD cogxbO

Equation5 - Length in pixel of the circle component in the figure

For a 90-degree range, horizomal, vertical and oblique part of the curve should

have the portion offollows:

p ST p
wnCC
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Equaion 6 - Portion of horizontal, vertical and oblique from the circle

Hence the length of the circle in pixel should be:

a 0z b C QP W
a 0z b U QW
a 0z b PLIP®

Equation 7 - Length of horizontal, vertical and oblique in pixels

Instead of using 232.478 px as the circumference of the circle, we suap
a , anda , then get 234 px and thus, 5400 px for the total
length of the standard Benson. Hence, we can get the portiorhairizontal, vertical
and oblique part of a standard Bensoras.

a
b pquoﬁwb
UT TTTT
a PTXO
b UT TTTT Cﬁp
a pwpp
P UT TTTT OlﬁljJD

Equation 8 - Portion of horizontal, vertical and oblique lines in the universal figure

Although this standard is not as precise as previous one, this one is easier to
implement to across all figures and extract features from those line#t is also
worth noting that realistic drawing is not as precise as the standard figure. During
the drawing, no ruler was given to the test subjects. Therefore, in terms of
implementing this method, error allowanceis given when calculating the gradient

from the raw datato accept normal vibrationduring drawing as well as general
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orientation of the whole figure. The technical definition of the line group as

follows in table 5:

Table5 - Definition of horizontal, vertical and oblique lines

Line Group | Definition Description [Hlustration

Line with )
Line segments that
the angle _ 18°

forms a horizontal

BO
Horizontal | between o -1@°
0-10 direction, 10-degree

error is allowed. range of horizontal

degree

9@°

Line with ]
Line segments that
the angle _ 109 78°

forms a vertical

Vertical between o
direction, 20-degree
70~90 )
error is allowed
degree
______________ pe
range of vertical
BT 700
|
Line with :
the angle Line segments that |
|
Oblique between forms an oblique !
. . |
10~70 direction. ! 10°
degree :
__________________ a°

range of oblique

Fig. 29- 32 proves that the definition of line grouping in table 5is applicable in

terms of data separation as those figures are generated by those separated data:

O
o \

Figure 29 - Real Benson drawing sample by a test subject in control grougCopy
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Figure 30 - Data separation of horizontal part of previous figure

l.l \l\ \'J f

Figure 31 - Data separation of vertical part of previous figure

Figure 32 - Data separation of oblique part of previous figure

After the separation of the figure, we then calculate the portion of each line group
in terms of length. The algorithm to calculate each portion of the line group is

givenin equation 9

Equation 9 - Calculation of portions of each line group
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Wheren is the total timestamp in each line group, ana andy are there relative

coordinate data from the raw data column and is the total length of the figure.
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Line Straight ness

"AAAOOA 1101 O OEEIT EO I1TA T &£ OEA |1 AET
skill by assessimy the straightness of lines from their Benson figure result as this
figure is mainly composed by linesThe straightness othe line is measured by the
stability of the gradient between the coordinates of the stylus in different
timestamp. Standard deviaton is applied to measure the stability becausé is
often used in statistics to quantify the variation of a set of valug66] . For example,
an ideal straight line will have a constantgradient across the drawing period,
therefore the standard deviation for this line is O, representing best drawing
stability. Given the xcoordinate column of the raw data is arrayx, and y
coordinate column of the raw data is arrayy, the measurement algrithm for
Bensod O | ET A GOOAECEOT AOO

YO

™o
€

Equation 10 - Calculation of standard deviation of degrees across lines in the figure

Where n is the size ofthe x-y array, which is the number oftimestamps that
included for the stability calculation. The lower value indicates a better

performance in motor skill assessment.

However, one inevitable downside is thgotential wrong value of this feature. It

is possible that change of direction during a line drawing will affect the calculated
value since the combined segment is not considered as a straight line by this
algorithm, but in fact, it is combined by two straight linesCurve also exist in the
Benson figure. However, since it is a designated part of the whole figure, we
should expect small variation in terms of the overall gradient. But regional
gradient, such as data in horizontal and vertical part of the figure, as shavn Fig.

4 and 5, should has less variation than oblique part as shown in Fig.Terefore,
both overall and regional part of the figure will be used to calculate the standard
deviation of the gradient.
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Figure 34 - Comparisonof pen direction change over time between PIDC(top) and PBD

(bottom) patient drawing data

Fig. 34compares a PENC(top graph) and PDD (bottom graph)y DA OE AT 08 O A OA X E
test by their pen direction change against timel-rom Fig. 34we can see that PB

NBO AOAxET C COAPE EAO A OAI AGEOA Oii1106E O
is a significant instabilityinPD$ 8 © AOAxET C COADPES

5.1.3 DynamicalFeatures

Dynamical features represent the performance of the test subjecin the
movement aspects, for example, the tim#hat spent on drawing and thinking, the

stability of their drawing speed, the hesitation performance during the drawing,
etc.
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Total Time

The measurement of total drawing time is determned by the number of
timestamps, regardless of the pen pressurdhe conversion between timestamp
gap and real time in unknown, but the number of timestamps igirectly
proportional to the actual time.Fig. 35 stows the distribution of drawing time
among all patients in different categories.
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Figure 35 z Distribution of total time spent on drawing across all samples
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Velocity Stability

Velocity is a vital part of motor skill. However, the reflection from velocity on the
motor skill is not measured by the speed rateA fast drawing may indicate a
confident drawer, but also may showthe test subject failed to control the pen
steadily. On the contrary, slow drawing could show long hesitatiotime, or simply
because the test subject is careful on what he was doinbherefore, similar to
what we did on the line straightness, we use standard deviation to measutiee
stability of the velocity. With normal motor skills, we expect the test subjeauill
minimise their change in drawing speed, to provide a stable generation of pen
trace. Because the samhg rate of the digitised tablet is consistent when all the
figures are captured, timestamp can be used as a unified time unit. Therefore,
velocity calculation can be represented by the distance. The equation used for
calculating the stability of the velocity is based on standard deviationFirst, we

need to calculate the distance between certain points:

QQ 0we W W W

Equation 11 z Calculation of distance between points

where x is the horizontal coordinate of the pen at timestamp andy is its vertical

counterpart. The stability in terms of drawing velocity can be represented as:

vo
3

Q Qi ow%wle OWE WAQ

Equation 12 z Calculation of velocity stability

where n is the number oftimestamps used by ths test subject.Figure 36 and 37
shows the comparison of velocity stability between a PINC and PED patientd O

drawing result.
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Velocity-Time graph of p15310314, drawing mode copy
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By comparingFig. 36 and 37, we can see a difference in terms of velocity stability
during drawing between a PBDNC and PED patients. Fig.37 shows as the stage
worsens, the velocity stability tends to descentrig. 37 shows greatr instability

compared with Fig. 36.
Time on Drawin g

Apart from the total time that spent for the entire drawing process, another
potential feature is the timethat the test subjectspent while the pen has direct
contact with the tablet. Therefore, it will only count the number of timestamps
when the pen pressure is not zercAdditionally, it can reflect the portion of time
that test subject was spending on thinking next step, which contributes to
hesitation assessmentsHowever, hesitation can also occur during the drawing,

so addition features are needed for hesitation assessment.
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Figure 38 - Distribution of total time spent when pen is on the tablet across all samples
copy and recall

Hesitation Analysis

The movement impairment that inducted by the PD is defined as bradykinesia
meaning slowness innitia ting voluntary movements[67], which in combination
with one of three physical signs: rigid muscle, vibration when resting and lence
disorder. Such impairment in movement can be detected in Benson figure test

through hesitation.

The definition of hesitation in this project is the stylus is in a same position for a
period of time while the test subject is not moving the stylus awafyom the tablet.
This action from test subject indicates a pause of movement for a period of time.
There is an allowance of time limit for unintended movement pause for a short
period of time, in which case this will not contribute towardshesitation. Fig. 39-
42 shows samples of hesitation marks in some drawing samples, larger mark

indicates longer pause time.
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Figure 40 - Recallfigure from control group test subject with hesitation marked

Figure 41 - Copy figure from patientgroup test subject with hesitation marked
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Figure 42 - Recallfigure from patient group test subject with hesitation marked
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Figure 43 - Hesitation value distribution across all three PD stages in both copy and recall
task
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Fig. 43 shows a clear indication ofhow hesitation can distinguish patient in
different stages.In the hesitation assessment, less value indicates better cognitive
and motor skill performance. As the PD stage advances, the portion of drawing
with less hesitation significant drops. Incopy task, this value drops from 71.43%
to 46.15% from PDMCI to PDD while the portion of figures with higher
hesitation increases as the stage advancérhis feature can only be identified by
using data extraction along with evolutionary algorithm.Both traditional visual
computation and conventional manual observation cannot compare the figure

with the consideration of hesitationperformance.

5.2. Classification

This section discussed howthose figures collected are initially classified for

supervised karning. In general, there are twanethodsto classify those figuresg

"AT OIT EECOOA OAT OA AT A OAOO OOAEAAOBO AT T AE

Qu

5.2.1. Benson Figure Score

Along with the standard Benson figure, a standardised marking sheet is also
provided on the NACC form. Thissheet rates the Benson according to its
composition, which is 8 components. Each component is rated against its
placement andaccuracy. One extra point is available for the universal component
placement for the figure. A total of 17 marks is available. Thefore, there are two
ways to produce a classification schemélable 6 shows the complete marking
sheet from the NACC form.
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Table 6 - NACC Benson marking schenjé8]

Component Description Available Marks

Accuracy | Placement

:l Four-sided, 90°angles, width > height, any gaps or overlaps < 8mm 1 1
Accuracy | Placement

> Reasonably straight lines; any gaps or overlaps < 8mm 1 1
Accuracy | Placement

‘h Connects at middle third, no overlap with diagonals 1 1
Accuracy | Placement

O 2AAOTTAAI U Of 61 AR AT AOT S| L
Accuracy | Placement

Vertical lines > 1, 2 distance to diagonals, width > height, 90°angles 1 1
Accuracy | Placement

|:|7 Connects below #3, top of square above bottom 1 1
Accuracy | Placement

> Vertex corresponds to middle third; any gaps or overlaps < 8mm 1 1
Accuracy | Placement

J Gap b, w #7 < 5mm, angle at end of stem = 90° 1 1

Overall component placement and accuracy 1

First approach is to classify those figures intd 7 classes with each score indicates
one class, the drawing quality improves along with the increase of clasasmber.
However, this will encounter an issue where each class will have too few samples
for the algorithm to understand the features for each clss. In total we performed
this test on 58 patients, meaning the number of data is up to 58 for each copy and
recall task, which is used to train the algorithm separately. That indicates an

average of 3 samples per class, whichtiso few for data classifiation problem.

Alternatively, we can regroup those figures into few groups but larger number of
samples in each group. We can either average the maximum marksrégroup,

for example, 4 marks range provides a new group, or we can develop new scheme
based m the unique feature from different groups. Either way caraddressthe
lack of sample issue from previous scheme. However, this classification method
will encounter marginal marks problem, which means two similar drawing
quality figures are put into two different neighbour groups.Figures in the same
group may varies a lot in terms of drawing quality as well. Because the original

marking scheme is based on each componeiat) 8-score drawing may indicate 4
85



perfectly drawn component with the remaining missing or 8 poorly drawn but

recognisable components. In this case the latter should have betteating, but

both falls in the same group.

50898 O0OAOEET O1T 180 $EOAAOA 30ACA

This classification scheme will classify all drawing by the stages of patients.

According to table 2, we can then classify all 58 patientinto three PD stages

Among them, 19 are classified as RNC, 7 are classified as RBICIl,and 26 are

classified as PED. The remaining 6 patients have not completed CDR and MoCA

yet, therefore, their data will not be included for algorithm training. Among the

52 valid entries, we expect 52 data for copy test, and Fhtries for recall test.

However, data corruption affected part of the sample. In copy test dataset, 7 data

were lost, making thelossrate 13.5%, while recall test dataset has lost 2 entries,

with aloss rate of 3.8%.$ OA OI

OEA OEI A

I EIl EOAOQEIT I

intended plan to regenerate those lst data and complete the test on those who

hasnot yet. Table 7 shows the final count of valid data entries for this project.

Table 7 Z Number of data in different classes for different drawing task

PD Stage Copy Recall
PDNC 18 19
PDMCI 7 7
PDD 23 24
Total 48 50
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6. Experimental Strategy

This section discusses the experimerdl strategy that applied during the
experiments on CGP and SV\Nhcluding the approach to prevent overfitting and
validate those trained models as well as general procedures to train and select

the fittest model for each training session.

6.1. Model Validation

This section discusses the strategies that applied to deess the overfitting issue

that may exist during the algorithm training session.

6.1.1.0verfitting

Overfitting is an issue where a mathematical model is only applicable to a
particular set of data andmay fail to fit additional data or future set of dah [68].
This terminology is widely applied in statistics and can be used in machine
learning for performance analysis.In machine learning, the difference in
complexity between the hypothesis and the functiormay decide if themodel is
overfitting or not. If the hypothesis is too complex for the function, then the
machine learning model tends to be overfitting and vice vers$9]. In this
research project, overfitting can be addressed in two ways, ens specific for CGP

and another one is applicable to all algorithms.

6.1.2.CGPRSelfValidation

For each chromosome in each generation of CGP, each chromosome, or the
mathematical model, has to perform three operations on three different data set:
traini ng, validation and testing. These three data sets are derived from the overall

data set that is used as the prediction reference for the supervised learning of CGP.
Training
Training is the core part of the CGP evolution. During training, CGP will feedl al

data from the training data set and attempt to produce the output that matches
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the expectation as good as possible. However, this is the stage where the
overfitting will occur. At this stage, the only data set that CGP is aware of is the
training data se, which normally is 60% part of the original data set. As CGP
adjusting its behaviour to match the expectation of the training data set, the
model may fail to be applicable to any other data set and futurpredictions.

Therefore, more operation will follow to attempt to suppresspotential overfitting.

Validation

The chromosome with the best fitness rating during training will be selected for
the validation process. The purpose of validation process is to assess the
chromosome by using a small portion of da set, to check if it is overfitting omot.
This small portion of data set is referred as validation data set, it typically takes
20% of the original data set. The validation data set wilbe used to execute the
selected model.The fithess score along wth the score from the testing data set

will decide whether this chromosome is overfitting.

Testing

The remaining 20% of the original data set will be used for testing. This data set,
along with the validation data set, simulates the scenario d&lind-folded data set
to the model, which is inevitable in reallife application where new data will be
generated in daily basis. The fitness score from the testing will be compateaith
validation fitness score to decide whether the model is overfittingd training and

validation data set.

After all three processes are completed, the best chromosome from each
generation will have three fitness scores as a referenc® choose the best
generation from the whole evolution process. The process for selecting éh

optimal model as follows:

1. Select the first generation.

2. 2ACEOOAO 1T A@O CAT AOAOEI T8O OOAETET Ch
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3. Any of two conditions below will mark the generation as a
better generation and will go through validation process:
a. The training scae is higher than previous high, or
b. The training score remains the same but any of
validation or testing score are higher than previous
respective high
4. Validation process is done by calculating the difference
between the training score and validation or tsting score.
Either one of the scores is lower more than 3 samples
percentage of training score will mark as overfitting and will
not use this generation.

5. Go to next generation and jump to step 3.

The process above will continue until the amount of generain reaches the pre
configured maximum generation number. Most of the results produced from this
procedure are the best generation among the whole evolution process, in rare
cases, less optimal generation is selected, in which case we need to manually pick
the best generation. Itis alsoa good practice to run the best generation to

investigate the actual output.

6.1.3. KFold Cross Validation

In addition to CGP validation, Kold cross validation is applied as well in the
scenario that the sample size isery small. In this case, all three data sets are
partitioned into two parts z keep and swap. This validation approach uses a
conveyAAT O T EEA [ AAEAT EOI OEAO OxAb OEA
indicates an algorithm training session with shifted @ta set. Data shift operation

will be executed after each fold, so each fold will use data set with same overall
content but different arrangement. In terms of the whole training session, every
single data in the data set will be used for training, valid&in and testing for at

least once.
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The number of data shift is determined that the training dataset is thoroughly
OPAAOGAA 11 AA AO OEA EAI £ 1T £ OEA 101 AAO
training session, the training data set is updated twice. Thealculation for the
number of data shift is shown in equatiornl.3:

0 z¢

0 —
Q

Equation 13 - Calculation of number of data shift per fold

in which 0 is the number of samples in thetraining data set. The

illustration of the data shift mechanismis shown in Fig. 4.

l }Nda tashift

Training Validation Testing

Figure 44 - lllustration of K-fold validation for CGH52]

However, such convoy belt mechanism is only applicable for pawise
classification as it ignores the amount of data for each class in each data set. If not
handled properly, this mechanism will cause imbalance of number of data in each
class across all da set, a more delicate data transfer is needed for multlass

classification task.

Each data set will be separated according to the data class. Assume-eass
problem, each data set will be separated into n parts. Each part will be used to
conduct the similar data transfer between training, validation and testing, the
number of data transfer is the same as in equation 13. After data transfer,
multiple parts will merge again to form the new training, validation and testing
dataset, as a new fold.
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Class 1

Class 2

Class 3

Training Validation Testing

Figure 45 z lllustration of K-Fold to ensure the balance of class number

6.2. Cartesian Genetic Programming

Training sessionwith CGP will be divided intofour parts: CGP set uptraining,

testing, and verification.

CGP set up canéfurther divided into two parts: data parsing and parameter
setting. Data parsing requires the data set satisfies the format requirement for

CGP. A program written in Java is developed for automatic data parsing:

1. Circulate the raw data to provide the numier of datg

N

Generate CGP data set header with features count, output numbers and

number of datg

Select first Benson figure raw data

Calculate its 17 features and convert all value data type to string

#1 1 AAOAT AOA px OOOEIT C; OIl CAOEAOh ODPI E

Select next Benson figure and repeat step 4 until all figures are

o o kM w

processed.

91



Parameter setting is also done by usingn external program written in Java to
avoid unnecessary compiling, to improveoverall experiment sufficiency.
Tradition al parameter setting requires developer to adjust the parameter written

in the CGP main programand recompile to apply the new parameter This
program can set the parameter within a comprehensive Ul, then export a text file
for the CGP main program. The CGPRam program can import the text file to the
program and assign all parameters to the CGP function. Such method can train
the CGP with different configuration without any unnecessary code alternation

and recompile.Fig. 46 & 47 show the sample interface ahis program.

% Exporting CGP compatible data set ] x
Ratio for training data (in %) ’60— Export
@ Copy O Recall @ Single Output O Four Qutputs @ Visual (O condition O UPDRS
PD-NC M PD-MCI PD-D M Control OsTC OFTC OTs O SRE
Tier definition
0 F o [t2 [ Enable k-Fold 10
Class 1 Class 2 Class 3 Class 4 O old @ New
4 |9 ‘14 |17
Feature selection
[/ Total Time [ Total Length [ Size [¥] Aspect Ratio [ Velocity SD
Angle SD Pen-Up Portion Horizontal Portion [ Vertical Portion Oblique Portion
Horizontal SD Vertical SD Oblique SD Hesitation Counts(down) [#] Hesitation Counts(up)

Hesitation Portion(down) [] Hesitation Portion(up)

Figure 46 - Screenshot of CGP data exporter

% Set CGP Parameters - m| x
Threshold Initial |10
Threshold Increment ‘10
Class Numbers ‘4
Nodes ‘20
Arity ‘3
Max Generations ‘100000

Update Frequency 500

Random number seed|1234

Mutation Rate ‘0- 08
Fold Index ‘0
Save parameter Launch CGP (in YARCC) Launch CGP (in local)

Figure 47 - Screenshot of CGP parameter tuner
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In the training process, chromosome will be generated on generation basis
this project, we used (1+4) Evolution Strategy (ES), in whickach generation will
produce 5 chromosomesz one parent chromosome and four children
chromosomes which are the mutant of the parent chromosome.Each
chromosome isadescription of the structure of aCGP, including node connection,
node function, input/output node etc. Fitness of each chromosome will be
calculated, the fittest chromosome is selected as the parent chromosome of next
generation, and four newmutants of this chromosome will be generatediogether
forms a new generationsuch process will repeatuntil the maximum generation
number is reached.Fig. 48 shows a sample CGP task executes, with parameters

listed at the beginning of the executable.

B | BEEM:ABenson\Algorithm_Training\Algorithm_Training.exe

Connection weights range: +/- 1.600000
Mutation Type: probabilistic
Mutation rate: 0.080000
Recurrent Connection Probability: 0.000000
Shortcut Connections: 2]

Fitness Function: supervisedlLearning
Target Fitness: 8.100000

Selection scheme: selectFittest
Reproduction scheme: mutateRandomParent
Update frequency:

Threads: 1

Function Set: add sub mul div (4)

Figure 48 - CGP Training interface, showing the CGP parameters
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After the training process is completed, the fittest generation will be selected to
inspect its output reault. In the training process, the CGP program will only print
the fitness value rather than its output result, so iis essential to observe the
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Figure 49 - CGP Training progress interface
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capable of classify most of the da correctly, different parameter will be used to

generate another CGP model and assess its classification ability.
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Entity 1 | Entrant ID p55300914

CGP OQutput: -0.01 22.32 -0.05 1.08

Softmax Probability: ©.00% 100.00% ©.00% 0.00%
Expected Class: PD-D Softmax: ©.00%
CGP Output Class: PD-MCI Softmax: 100.00%

Entity 2 | Entrant ID O

CGP Output: ©.32 -8.23 108.65 -0.02

Softmax Probability: 0.00% 0.00% 100.00% 0.08%
Expected Class: PD-D Softmax: 100.00%
CGP Output Class: PD-D Softmax: 100.00%

Entity 3 | Entrant ID O

CGP OQutput: ©.42 0.65 -2.79 -0.00

Softmax Probability: 33.95% 42.52% 1.36% 22.17%
Expected Class: PD-D Softmax: 1.36%
CGP Output Class: PD-MCI Softmax: 42.52%

Entity 4 | Entrant ID p27020614

CGP Output: ©.74 1.56 63.01 -0.00

Softmax Probability: 0.00% 0.00% 100.00% 0.08%
Expected Class: PD-D Softmax: 100.00%
CGP Output Class: PD-D Softmax: 100.00%

Entity 5 | Entrant ID p31230614

CGP Output: ©.17 -1.82 5.00 -0.06

Softmax Probability: @. 0. 98.35% 0.62%
Expected Class: PD-D Softmax: 98.35%
CGP Output Class: PD-D Softmax: 98.3

Entity 6 | Entrant ID p6e3e314

CGP Output: ©.21 9.34 -103.61 -0.03
Softmax Probability: 34.26% 38.95% ©0.00%
Expected Class: PD-MCI Softmax:
CGP Output Class: PD-MCI Softmax:

Entity 7 | Entrant ID p18070414

CGP Output: ©.30 0.85 108.88 -9.01

Softmax Probability: ©.00% 0.00% 100.00% 0.00%
Expected Class: PD-NC  Softmax: ©.00%
CGP Output Class: PD-D Softmax: 100.00%

Entity 8 | Entrant ID p21280414

CGP Output: ©.13 0.42 -604.56 -0.02

Softmax Probability: 31.33% 41.90% 0.00% 26.77%
Expected Class: PD-NC  Softmax: 31.33%
CGP OQutput Class: PD-MCI Softmax: 41.90%

Entity 9 | Entrant ID O

CGP OQutput: ©.64 0.80 34.48 -0.00

Softmax Probability: ©.06% 0.00% 100.00% 0.80%
Expected Class: PD-NC  Softmax: 0.00%
CGP Output Class: PD-D Softmax: 100.00%

Entity 10 | Entrant ID O

CGP OQutput: ©.89 -1.50 -1.14 -0.00

Softmax Probability: 42.39% 8.68% 12.36% 36.57%
Expected Class: PD-NC  Softmax: 42.39%
CGP Output Class: PD-NC  Softmax:

[Accuracy = 50.6000 (5/18)
Data set: Fold 7

Figure 50 - Example of detailed output from CGP for individual figures in test data set

Due to the difficulty ard limited time on recruiting and testing all PD patients, the
size of the data set is relatively small for a machine learning taskherefore, k
fold cross validation is applied for verification.Each foldis formed by swapping
a fixed number of data acros all three data setsFor this project, verification is
split into two part z same fold with multiple random number seed, same random

number seed with different fold.Each random number seed will train 11 data sets
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Z one original and ten folds.Same procelure will be repeated for 10 timeswith
10 different number seeds. At the end of the verification process, the mean and
the standard deviation of the fitness will be calculated to give an overlook of the

performance of this CGP model.

The procedure of parameter tuning of CGP and evaluating the performance of a
CGP modeas follows:

1. Supply CGP APWith compatible data setwhich contains extracted
features

2. Setup CGP parameter

3. Train the algorithm

4. Select the fittest generation, if the overall fitness ibwer than 70% or
the CGP cannot produce generation with fithess over 70% consistently,
alter the CGP model by setting different parameters and repeat step 3

5. Use next foldof datato train the algorithm, repeat step 5 until the fold
runs out

6. Set another ramdom number seed, repeat step 5 untiten random
number seeds are all used

7. Calculate the overall fithess by using the mean of fitness from all folds

and random number seeds.

To lower the difficulty for the algorithm, each PD stage will be paired for initia
training, therefore, the classification task for CGP will be simplified from three
class classification task to tweclass task.Three PD stages will provide three
possible pairs to train the CGP. Then the CGP will be trained using overall data to

observeits performance.

Because Benson copy and recall tastocuses ondifferent principle of PD
symptoms, they are treated as separate tasks. Therefore, data from copy and
recall will be trained separately to not confuse the algorithm as the main objective
does not include distinguishing results from different tasks. Although the

workload is doubled as a consequence of separating data set.
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As the Node Weighting Classifier will give multiple outputs to determine the

maximum output node index as the output classoftmax function will be used to
AAl AOI AGA OEA AT 1 £E A ASofindax fun@iorn#willséald allil OO D OC

vector elementsto (0, 1) range so thakeach individualnumeric value can be used

as probabilities. In this project, this function is used b determine the confidence

of the CGP on certain classification result. The softmax function can be expressed

asin equation 14:

Equation 14 - Softmax function

in which @ is the element of the input vector, N is the number of outputs for i =

p h  8Forfexampe, table8 shows the example of CGP output confidence.

Table 8 - Comparison in softmax output of two matching data entries with CGP

classification result.

Output 1 Output 2 Output 3 Output 4
CGP Output 7.95 0.16 9.72 7.95
Q 2835.575 1.174 16647.245 2835.575
Q 22319.569
Softmax Output 12.70% 0.07% 74.56% 12.70%
Expected Class PD-D (Maximum output value at Output 3
CGPResult PD-D (Maximum output value at Output 3

3 Qutput 4 is intended for HC entry whileOEE O OOAET ET ¢ OAOOEI 1
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Output 1 Output 2 Output 3 Output 4
CGP Output 2.28 0.14 2.10 2.28
Q 9.777 1.150 8.166 9.777
Q 28.87
Softmax Output 33.89% 3.99% 28.22% 33.89%
Expected Class PD-NC(Maximum output value at Output J
CGP Result PD-NC(Maximum output value at Output )

Both tables show the output details from two data sets with matching
classification result. The first sample shows a 74.56% output confidence while
the second one hasnly 33.89%.In real life applications,this output result shows
the accuracy of the algorithm model along with its confidence on a particular

classification result.

Confidence calculation can also be applied with STC fitness function with a
simpler approach.The essence of confidence calculation is to evaluate the free
space between the output value and there-defined range margin.In STC, this
can be simplified as the distance between the output value arahy one of the
threshold margins. The confidence levéfrom STC is related with the position of
the actual output within its threshold interval. The closer the distance between
the output value and the threshold interval margin indicates lower confidence.
Maximum confidence is expected when the data point i the middle of the
interval. Therefore, the confidence level is proportional to thevalue delta
between the output and the middle point.Assume the threshold margin are

"Y® & Y, the middle point can be represented am equation 15:

VR

“y

Equation 15 - Threshold middle point calculation

Assume the CGP output of samplds 0 , the value difference between the CGP

output and the middle paint is:
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Y € "Ys

Equation 16 - Distance between CGP output and threshold middle point

Therefore, the confidence level can be represented as:

y
L T

Equation 17 - STC confidencedvel calculation

In this equation Y can be either’YT Oy asthe lower part of the equation is the

value difference between the middle point and any one of the thresholdargins.

6.3. Support Vector Machine

For SVM training task, only two data set will be used PD-NC/MCI/D copy and
recall. Pair-wise classificatin is used for feature verification and is applied on
CGP onlySVM training session will apply kfold cross validation only, as the self
validation is included in the MATLAB classifier learner packagd@he validation

mechanism in the software package foll@s:

1. Specify the number of k

2. Scramble and plit the whole data set into k equal parts.

3. Combine random small parts of data set into one data set. The number
of small parts is (k1)

4. Train the SVM with (k1) data set

5. Test the SVM with the remaining 1 data se&b simulate unknown data
prediction scenario.

6. lterate step 2~5 for k times.

After the training session, accuracy is presented with the best modeiich uses
the overall data set.Model can be further investigated by using scatter plot,

confusion matrix and ROC curve.
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Result representationis consisted by five parts: SVM kernel function, accuracy,
true/false positive rate and area under curve which will all be explained in this

section.

SVM kernel function

As explained in section 4.2.1, for this projecsix SVM kernel functions will be

used to compare their performance under the same configuration.

Accuracy

This will represent the classification accuracy of each trained model against the

overall data set.

True/False Positive Rate (T/FP Rate)

This feature is used to observe the detailed accuracy in each class, rather than

overall accuracy.

True/False positive rate is used to present the accuracy distribution for a dual
classproblem but can also be adjusted for multiclass classification Assume a
dual-class problem, there will be two classes, labelled as positive and negative.
The number of true positive (TH indicates the correct number of predictions for
a positive class data. False positive (FP) indicates the incorrect number of

predictions for a negative class datalable 9 shows aconfusion matrix that used

to demonstrate the concept of true/false positd A7 T ACAOEOA O -AUI E®ET ¢ A

(,

scenaridi OAEAT AOT 1 ' 11 ClAs@O AAEETA 1 AAOTEIC O
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Table9 - Confusion matrix to demonstrate T/F P/N[70]

True Positive (TP): False Positive (FP):
Reality: A wolf threatened X Reality: No wolf threatened
EADPEAOA OAEAd O71 1 A4

Qutcome: Shepherd is a hero

Shepherd said: "Wolf."

Outcome: Villagers are angry at shepherd for
waking them up.

False Negative (FN): True Negative (TN):
Reality: A wolf threatened. s Reality: No wolf threatened.
Shepherd said: "No wolf." X Shepherd said: "No wolf."
Outcome: The wolf ate all the sheep. X Outcome: Everyone is fine.

With the concept of T/F P/N explained, we can then usthem to calculate the

T/FP rate to indicate the prediction accuracyin equation 18:

4 0 2 ':'Y
Yy nO 3
& 0 2 ~“ '
“OO "Yl’j

Equation 18 - Calculation of True Positive Rate (TPR) and False Positirate(FPR)[71]

These two values can be used to plot Receiver Operating Characteristic Curve
(ROC Curve), which is a graphhat demonstrates the model classification
performance at all configurations[71], which is used to select the best modélhe
best model should have TPR as high as possible with FPR as low as possithle.
performance across all model configuration can be measured/lthe area under
the ROC curvg71], or Area Under Curve (AUC).

Area Under Curve (AUC)

This value gives and overaltepresentation of the ROC curve that generated from
each training sessionFig. 51 & 52demonstrate how T/FPRforms the ROC curve
and how the AUC can be used to represent the overall performance across all

models in one training session.
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Figure 51 - An SVM model with an AUC of 0.58, classification accuracy 53.1%

Model 1.3
1 b
0.8
&z
® 06
o)
=
£
]
a
g
= 041
= (0.48,0.39)
021
ROC curve
oF ) Area under curve (AUC)
® Current classifier
1 1 Il Il 1 Il

0 0.2 0.4 0.6 0.8 1
False positive rate

Figure 52 - An SVM model with and AUC of 0.49, classification accuracy 38.8%
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7. Experiment Results

This section presents the test result from various tests, idading dual
classification by CGP, mulclass classification by CGP and SVWVhis section
introduces how extracted features areverified through simple CGP execution
with multiple validation strategies andusing multi-class classification tayenerate
the overall classification result In the end, the classification result and
implementation method will be compared for SVM andGP andaonclude which
model suites best for such research projecfThe parameter used to generate

those results and full result shets can be found imMppendix A and B.

7.1. Cartesian Genetic Programming z Dual Classification Result

The objective of training the CGP with only two classes at a time isadothenticate
the features extracted from the raw data, toensure that those features are
capale of representing the all necessary aspects of the original figureBy doing
dual classification, we can minimise the workload of feature authentication as the
classification problem for the algorithm is significantly simplified. Howeverdue
to the decrease of sample numberwith less classes additional validation must
be applied to ensure the consistency of the classification resuliable 10-15 are

the detailed classification result with verification using duaiclassification.
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7.1.1.PDNC/MCI Copy/Recall classification result

Table 10 - PD-NC/MCI Copy dataset classification result, K =10

Pair: PD-NC/PD-MCI

Drawing Task Copy

Dataset Training (14 entries) Validation (5 entries) Test(6 entries)
Mean S.D. Mean S.D. Mean S.D.

Iteration 1 99.351% 0.0205 83.637%  0.0771 | 84.846%  0.0857
Iteration 2 99.351% 0.0205 89.091%  0.0996 | 80.301%  0.0642
Iteration 3 100.00% 0 83.636%  0.0771 | 89.393% 0.1071
Iteration 4 100.00% 0 81.818%  0.0575 | 83.331% 0.0711
Iteration 5 100.00% 0 83.636% 0.0771 | 86.361%  0.0643
Iteration 6 100.00% 0 85.455%  0.0891 | 83.332%  0.1005
Iteration 7 99.351% 0.0205 85.455%  0.0891 | 83.332%  0.1005
Iteration 8 100.00% 0 87.273%  0.0962 | 83.329%  0.1005
Iteration 9 99.351% 0.0205 83.636%  0.0771 | 83.332%  0.1005
Iteration 10 100.00% 0 85.455% 0.0891 | 81.817%  0.1113

Mean 99.740% 0.0082 84.909%  0.0829 | 83.937%  0.0906

Table11 - PD-NC/MCIRecalldataset classification result, K = 10

Pair: PDNC/PD-MCI

Drawing Task Recall

Dataset Training (15 entries) Vadlidation (5 entries) Test (6 entries)
Mean S.D. Mean S.D. Mean S.D.

Iteration 1 100% 0 87.273%  0.0962 | 81.816%  0.0857
Iteration 2 100% 0 85.455%  0.0891 | 86.362%  0.0958
Iteration 3 100% 0 87.273%  0.0962 | 84.847%  0.1113
Iteration 4 100% 0 90.909%  0.0996 | 83.331% 0.0711
Iteration 5 100% 0 90.909%  0.0996 | 86.362%  0.0958
Iteration 6 100% 0 85.455%  0.0891 | 84.847%  0.1113
Iteration 7 100% 0 85.455%  0.0891 | 86.362%  0.0958
Iteration 8 100% 0 89.091%  0.0996 | 81.817%  0.1113
Iteration 9 100% 0 83.636% 0.0771 | 84.847%  0.1113
Iteration 10 100% 0 89.091%  0.0996 | 83.331% 0.0711

Mean 100% 0 87.455%  0.0935 | 84.392%  0.0961
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7.1.2. PENC/D Copy/Recall classification result

Table12- PD-NC/D Copy dataset classification result, K = 10

Pair: PDNC/PD-D

Drawing Task Copy

Dataset Training (24 entries) Validation (9 entries) Test(9 entries)
Mean S.D. Mean S.D. Mean S.D.

Iteration 1 93.939% 0.0544 77.78%  0.0947 72.73%  0.1097
Iteration 2 95.454% 0.0278 74.75%  0.0958 | 69.699%  0.0958
Iteration 3 95.074% 0.0429 77.78%  0.0821 69.7% 0.0958
Iteration 4 93.184% 0.0647 70.71%  0.0857 | 68.689%  0.1143
Iteration 5 94.696% 0.0667 69.699%  0.1169 | 64.649%  0.1325
Iteration 6 93.94% 0.0761 72.73%  0.0989 | 66.669%  0.1254
Iteration 7 94.696% 0.0438 75.76%  0.1143 70.71%  0.0857
Iteration 8 93.94% 0.0448 69.695%  0.1429 65.66%  0.0998
Iteration 9 93.56% 0.0625 74.75%  0.0958 67.68%  0.0881
Iteration 10 95.834% 0.0355 73.74%  0.0979 | 63.638%  0.1069

Mean 94.432% 0.0519 73.739%  0.1025 | 67.982%  0.1054

Table 13- PD-NC/D Recalldataset classification result, K = 10

Pair: PDNC/PD-D

Drawing Task Recall

Dataset Training (25 entries) Vadlidation (9 entries) Test (9 entries)

Mean S.D. Mean S.D. Mean S.D.
Iteration 1 96.364% 0.0317 73.74%  0.1088 | 67.679%  0.1000
Iteration 2 95.636% 0.0577 70.71%  0.1088 65.66%  0.1000
Iteration 3 96.727% 0.0333 74.75%  0.0833 67.68%  0.0880
Iteration 4 93.818% 0.0313 69.7% 0.1169 | 66.669% 0.1254
Iteration 5 96% 0.0566 67.679%  0.1204 64.65%  0.0639
Iteration 6 92.364% 0.0648 68.689%  0.1040 | 65.658%  0.1378
Iteration 7 94.909% 0.0420 73.74%  0.1089 | 63.643%  0.0833
Iteration 8 95.273% 0.0445 67.679%  0.1107 | 66.667%  0.0947
Iteration 9 97.818% 0.0262 73.74% 0.1278 72.73% 0.0728
Iteration 10 97.455% 0.0192 73.74%  0.0857 | 63.639%  0.1429
Mean 95.636% 0.0408 71.417%  0.1075 | 66.468%  0.1009
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7.1.3. PEMCI/D Copy/Recall classification result

Table 14 - PD-MCI/D Copy dataset classification result, K = 10

Pair: PDMCI/PD-D

Drawing Task Copy

Dataset Training (18 entries) Validation (6 entries) Test (7 entries)
Mean S.D. Mean S.D. Mean S.D.

Iteration 1 99.495% 0.0160 92.423%  0.0830 | 84.414%  0.0954
Iteration 2 96.968% 0.0495 90.907% 0.0830 | 81.817% 0.1071
Iteration 3 97.978% 0.0267 84.846%  0.0857 | 85.712%  0.0861
Iteration 4 99.495% 0.0160 92.423% 0.0830 | 87.011%  0.0954
Iteration 5 99.495% 0.0160 89.392%  0.0802 | 85.712%  0.0861
Iteration 6 98.485% 0.0343 92.423%  0.0830 79.22%  0.0936
Iteration 7 100% 0 92.423% 0.0830 | 84.415%  0.1132
Iteration 8 99.495% 0.0160 86.362%  0.0958 88.31%  0.1023
Iteration 9 99.495% 0.0160 89.392%  0.0802 | 83.115%  0.1190
Iteration 10 99.495% 0.0160 90.907%  0.0830 | 89.607%  0.0636

Mean 99.040% 0.0206 90.150%  0.0840 | 84.933%  0.0962

Table 15 - PD-MCI/D Recall dataset classification result, K = 10

Pair: PDMCI/PD-D

Drawing Task Recall

Dataset Training (18 entries) Vadlidation (6 entries) Test (7 entries)
Mean S.D. Mean S.D. Mean S.D.

Iteration 1 99.495% 0.0160 86.361%  0.0643 | 81.816%  0.1232
Iteration 2 98.989% 0.0214 83.331% 0.0711 | 81.816% 0.0123
Iteration 3 98.485% 0.0343 81.816% 0.0857 | 77.921% 0.0711
Iteration 4 97.474% 0.0495 86.362%  0.0958 | 76.622%  0.0687
Iteration 5 99.495% 0.0160 83.331% 0.0711 | 81.816%  0.0881
Iteration 6 100% 0 86.361%  0.0643 | 83.115% 0.1022
Iteration 7 98.989% 0.0214 87.876%  0.0742 | 76.622%  0.1259
Iteration 8 98.485% 0.0343 81.815% 0.0479 | 79.219% 0.0711
Iteration 9 99.495% 0.0160 84.845%  0.0479 | 83.115%  0.1337
Iteration 10 99.496% 0.0160 86.361%  0.0643 | 74.025%  0.0821

Mean 99.040% 0.0225 84.846%  0.0687 | 79.609%  0.0989
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7.2. Cartesian Genetic Programming z Overall Classification Result

This section presents the overall classification result from the CGP by applying all
feature data that extracted from the raw dataThis section will present the result

in the way which will list four attributes z mean, best, worst and standard
deviation of four aspects from a modey training, validation & testing accuracy as
well as its confidence rating.Due to the equation of softmax function and the
actual output value from the CGP, some of the confidence rating is uncalculatable
by the computer as it ceeds the 64bit binary limit. In this case, the presented
data will be marked and notethe amount of data that are emitted due to this
inevitable error. Table 1625 presents the detailed classification result from CGP

overall classification training.

7.21. Overall Copy Classification Result

Table 16 z Training score analysis of multiclass classification, K = 10Copy

Training
Mean Best Worst SD.
Iteration 1 85.895% 100% 65.52% 0.1013
Iteration 2 84.955% 96.55% 75.86% 0.0611
Iteration 3 84.326% 96.55% 75.86% 0.0741
Iteration 4 84.639% 96.55% 72.41% 0.0711
Iteration 5 88.088% 100% 72.41% 0.1044
Iteration 6 89.341% 100% 75.86% 0.0798
Iteration 7 89.029% 100% 65.52% 0.0951
Iteration 8 89.342% 100% 65.52% 0.0991
Iteration 9 90.282% 100% 72.41% 0.0962
Iteration 10 89.03% 93.1% 82.76% 0.0355
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Table 17 z Validation score analysis of multiclass classification, K = 1@opy

Validation
Mean Best Worst SD.
Iteration 1 64.545% 80% 50% 0.0988
Iteration 2 59.091% 80% 40% 0.1083
Iteration 3 60% 70% 40% 0.0953
Iteration 4 63.636% 90% 50% 0.1149
Iteration 5 57.273% 70% 40% 0.0962
Iteration 6 63.636% 80% 40% 0.1367
Iteration 7 58.182% 80% 40% 0.1267
Iteration 8 62.727% 90% 40% 0.1543
Iteration 9 65.455% 70% 40% 0.0891
Iteration 10 61.818% 80% 40% 0.0935

Table 18 z Testing score analysis of multclass classification, K = 1,0Copy

Testing
Mean Best Worst SD.
Iteration 1 64.545% 90% 40% 0.1157
Iteration 2 63.636% 80% 50% 0.0881
Iteration 3 60.909% 70% 50% 0.0793
Iteration 4 63.636% 80% 40% 0.1149
Iteration 5 62.727% 80% 30% 0.1420
Iteration 6 61.818% 70% 50% 0.0833
Iteration 7 60.909% 80% 30% 0.1379
Iteration 8 63.636% 80% 50% 0.0979
Iteration 9 64.545% 90% 50% 0.1076
Iteration 10 71.818% 80% 60% 0.0575
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Table 19 z Confidence score analysis of multtlass classification, K = 10Copy

Confidence
Mean Best Worst SD.
Iteration 1 60.184% 99.67% 35.08% 0.1879
Iteration 2 (1)4 49.131% 76.20% 27.38% 0.1483
Iteration 3 (1) 52.245% 89.90% 29.29% 0.1889
Iteration 4 (2) 67.871% 92.86% 35.27% 0.2108
Iteration 5 49.170% 84.70% 28.21% 0.1833
Iteration 6 56.017% 82.72% 28.81% 0.1564
Iteration 7 55.355% 85.22% 31.43% 0.1720
Iteration 8 46.217% 62.87% 27.80% 0.1056
Iteration 9 (1) 58.889% 90.42% 30.30% 02116
Iteration 10 44.061% 82.31% 25.93% 0.1731

Table 20 - Overview of classification result from all attributes,Copy

All Attributes

Mean Best Worst
Training 87.493% 100% 65.52%
Validation 61.636% 90% 40%
Testing 63.818% 90% 30%
Overall Average 70.982% 93.333% 45.173%
Confidence 53.914% 99.67% 25.93%

4 Number in bracket indicates the number of datavhich AT EOOAA AOA Of
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7.2.2. Overall Recall Classification Result

Table 21 - Training score analysis of multiclass classification, K = 10, Recall

Training
Mean Best Worst SD.
Iteration 1 94.334% 100% 90% 0.0431
Iteration 2 90.333% 100% 73.33% 0.0749
Iteration 3 91.333% 100% 70% 0.1158
Iteration 4 93% 100% 76.67% 0.0649
Iteration 5 89.333% 100% 76.67% 0.0888
Iteration 6 89.001% 100% 80% 0.0760
Iteration 7 95% 100% 86.67% 0.0050
Iteration 8 89.667% 100% 70% 0.1031
Iteration 9 90.666% 100% 73.33% 0.0848
Iteration 10 90.332% 100% 80% 0.0619

Table 22 - Validation score analysis of multiclass classification, K = 10, Recall

Validation
Mean Best Worst SD.
Iteration 1 68% 90% 50% 0.0982
Iteration 2 63% 90% 20% 0.2115
Iteration 3 59% 90% 40% 0.1328
Iteration 4 60% 90% 20% 0.2054
Iteration 5 64% 90% 40% 0.1635
Iteration 6 59% 80% 20% 0.1700
Iteration 7 69% 100% 50% 0.1601
Iteration 8 69% 90% 40% 0.1328
Iteration 9 65% 80% 40% 0.1214
Iteration 10 67% 80% 60% 0.0751
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Table 23 - Testing score analysis of multiclass classification, K = 10, Recall

Testing
Mean Best Worst SD.
Iteration 1 74% 90% 50% 0.1191
Iteration 2 60% 80% 30% 0.1662
Iteration 3 64% 80% 50% 0.0934
Iteration 4 67% 90% 50% 0.1221
Iteration 5 65% 90% 50% 0.1214
Iteration 6 66% 80% 40% 0.1293
Iteration 7 71% 100% 40% 0.1483
Iteration 8 65% 70% 50% 0.0820
Iteration 9 62% 80% 50% 0.0905
Iteration 10 68% 90% 60% 0.0982

Table 24 - Confidence score analysis of mulgtlass classification, K = 10, Recall

Confidence
Mean Best Worst SD.
Iteration 1 58.406% 91.23% 35.14% 0.1607
Iteration 2 62.161% 75.57% 47.95% 0.1025
Iteration 3 (2) 58.479% 75.25% 40.56% 0.2543
Iteration 4 68.844% 94.27% 45.23% 0.1440
Iteration 5 (2) 48.419% 72.29% 29.93% 0.2459
Iteration 6 (1) 54.882% 72.33% 40.65% 0.1933
Iteration 7 (1) 56.458% 82.26% 41.58% 0.2247
Iteration 8 (2) 51.193% 70.16% 27.95% 0.2352
Iteration 9 (2) 60.958% 84.54% 38.22% 0.2761
Iteration 10 (1) 56.306% 87.29% 30.36% 0.2724
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Table 25 - Overview of classification result from all attributes, Recall

All Attributes
Mean Best Worst
Training 91.299%% 100% 70%
Validation 64.3% 100% 20%
Testing 66.2% 100% 30%
Overall Average 73.933% 100% 40%
Confidence 57.610% 94.27% 27.95%

In conclusion, the overall training session produced an overall satisfactory result,
with maximum accuracy 0f90%~100% across training, validation and testing
data set.The average overall classification accuracy i80.982% for copy and
73.933% for recall. Minimum validation and testing accurages are only up to
40%, which means some of the model did not pass the validatipas an indication
of overfitting, which is an expected situation as the small size of the given data
set. However, most of the model pased the validation with satisfactory

accuracies.

7.3. Support Vector Machine

The result from SVM training session are generally lower than CGWith the
maximum accuracy of 57.1% foroverall copy data sef with PCA set as 3and
maximum of 54.0% for recal data set, with PCA set as.Fable 26 & 27 show the

detailed SVM training result with different kernel functions as comparisons.

Table 26 z SVM classification result on overall copy data sePCA 3K =5

SVM Kernel Function | Accuracy | TP Rate FP Rate AUC
Linear 57.1% 0.72 0.48 0.62
Quadratic 40.8% 0.5 0.48 0.54
Cubic 51.0% 0.61 0.42 0.6

Fine Gaussian 55.1% 0.56 0.35 0.54
Medium Gaussian 46.9% 0.06 0.13 0.57
Coarse Gaussian 49.0% 0 0 0.59
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Table 27 z SVM classification result on overall recall data set, PCAK =5

SVM Kernel Function | Accuracy | TP Rate FP Rate AUC
Linear 46.0% 047 0.39 0.55
Quadratic 42.0% 0.47 0.29 0.63
Cubic 48.0% 0.63 0.26 0.74
Fine Gaussian 52.0% 0.16 0.06 0.63
Medium Gaussian 54.0% 0.58 0.29 0.65
Coarse Gaussian 48.0% 0 0 0.54
7.4. Overall

As expected, SVM classification yields poorer result than CGP the
determination of PD stage with raw drawing data from Benson drawing test.he
analysis of this result comparison are mainly two points: Poor clustering in
features and lack of sampledsrig. 53 shows the data clustering situation of the

extracted data set.

Original data set: pd_recall
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Figure 53 7 Data clustering situation of PD Recall data set
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As shown in Fig.53, features that extracted from the raw data has very poor
clustering for the SVM to find an optimal solutionilt is also clear that scatter plot
with SVM will be toodifficult for non -computer researcher to investigate how the

algorithm model uses those features.

Also, fromFigs4h x A AAT 1T AOAOOA OEAO OEA 36- 1 AT ACAA
PD-MCI entries. Becausé’D-MCI only has 7 entries, ignoring all of them mga

yields better accuracywhile lowering the difficulty of the classification problem.

For this model, attempt to classify PBMCI entries may compromise accuracy

from other classes, which may yield lower overall accuracy.
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Table 28 z Comparison between SVM and CGP classification result

SVM - Copy CGP-Copy | SYM-Recall | CGP- Recall
Mean 49.983% 70.982% 48.333% 73.933%
Best 57.1% 93.333% 54.0% 100%
Worst 40.8% 45.173% 48.0% 40%

By comparing theoverall accuracy with CGP and SVM table 28, we can also see

that CGP surpassed SVM in every training session in terms of classification

accurag/8
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overall accuracy of 93.33% for copy. The only aatacy that SVM is better than

CGP is the worst model accuracy in recall data set classification task, which SVM
has 48% while CGP only has 40%.
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8. Further Works

This section explores further ideas that inspired by the challenged anghsolved

problems from this research project.

8.1. Deep Learning and Cartesian Genetic Programming

One possible way to compensate the disadvantage on image recognition by CGP
Is to combine the deep learning technique on computer vision (CV) with CGHhe
general idea is to extract image features using CV, combine with movement
features from the patients, then feed all the features together into CGP. This will
involve the use of raw image file, rather than relying on raw data alon@ossible
approach is to amalyse the image file pixeby-pixel, using integer value to

represent the structure of the image.

Similar to all image preprocessing for deep learning, figure will be regenerated
from the raw data, the image file will be scaled into same smaller size fbetter
computational efficiencyand unifying data set for example, 64x64esolution will
provide 4096 pixels ofinformation from an image file.In terms of image structure,
Benson figure only contains line on and off, the pixel can be represented as QLor
to indicate whether the pen track has covered certain pixel or nofig. 5558

shows the initial idea to transform image to binary form data.

— O

[ 4
Figure 55 - An original figure regenerated from the raw data for demonstration

A 64x64 image can be further modularised into 64x8x8 smaller parts. Each part
is an 8x8 image, with each pixel line provides &ata points from pixel information.

Each pixel line can beepresented in binary form and therefore can be converted
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to decimal, so that each pixel line provideasingleinteger number as one feature.
Each smaller block will then provide eight values, so the overall image contains
64x8 = 512 features.

01000 1o 01000110 70

010001 o 91000110 70

1001100 01001100 76

©100[llo oo 01001000 72

0101100 0™) 1011000 ™= 383

- 011 l0o000 01110000 112

| 110000 01110000 112

- 0 1 170 91111111 127
64x64 compressed 8x8 matrix Binary Decimal

Figure 57 - One of the 8x8 suHigure presented in numerical form

@
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%%
1 2 3 4 5 6 7 8 63 64 1 2 3 4 5 6 7 8
= -
~ N
w w
3 2
s 2
64x64 original 64x64 binary 8x64 decimal
(4096 © & 1s) (512 integers)

Figure 58 - Overall conversion process of an image fil® numerical form

Those 512 features are extracted directly from the image file, combing with the
17 features that are extracted from the raw data, we can either train a deep
learning model and a CGP model separately, or to combine those features to train
a single CGP maal.
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8.2. More Accessible Option for Test Subject for Self -Assessing

Current method of data acquisition requires a digital tablet and a pairing stylus

in order to capture detailed data of the pen, such as pen position, pen tilt and

detailed pen pressure ifiormation. However, in this research, we did not find any

OAT AGATAA 11 EI x PAT OEI O xEIl OADPOAOAT O PAC(
as the control of the pen pressurePen pressure is only used to identify whether

the pen is on the tablet or not, dtailed pressure value is not used.

A possible substitution of bulky tablet is smartphone A mobile app can be

developed to ask patient to perform certain copy and recall task by drawing on

the phone. Current popular mobile operation systems, iOS and Android, are all

support position tracking and touch detection according to their SDK

documenA OET T h O EO8O HBI OOEATI A O A@OOAAO Al 1l ¢/
using smartphone only.Data can either be uploaded to a central server for

machine learning purposes, or use ocglevice machine learning development kit,

OOAE AO E mssivil sidwddtential PB patients to conduct the drawing

test on their own with easier way of conducting the test and possibly gather more

data by gaining popularity among users, so that the CGP model can be trained

with more data samples, the model itselfcan be more accurate as well.

Concerns arise with the interaction between people and the device. First, the

digital tablet provides a larger area in physical space and drawing feeling, with a

sheet of paper covered on the tablet, so that the data acquisiti can be done

while minimising the effect on the drawing performance that inducted by the

drawing feeling. Most ofthe smartphones requires user to draw with finger, with

limited stylus support.! D1 A6 O EO0OAA 001 xEOE ! bbiI A 0AT AEI
the closest feeling on drawing a reapaper, but such devicecompromises the

accessiblyfor the patients due to its price range. Also, digital tablet provides

feature that cantrack the stylus within certain distance from the tablet when the

stylus is not onthe tablet, so that offpaper action can also be tracked and used

for further analyses, while iOS and Android SDK atidicate OEAO EO8 O 11 O bBI 00

for current mobile operating system In conclusion, by developing a mobile app,
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we can gather more data ad allows user to conduct the test on themselves easier,
but the data accuracy is slightly compromise due to the drawing experience and

SDK limitation.

Sampling rate is another issue for consumer product3.here is no fixed standard
for screen touch sens®d O OA | Bwhile tug@entQiAtdektraction calculates
the time of the drawing on the basis of the number of the data lineMost of
consumer products have a touch sampling rate of 60 Hz while few devialso
support 120 Hz touch sampling rate(e.g. Aple iPhone XR72]). A device with
greater sampling rate willgeneratemore data lineas they collect data quickein
the same given time while current extraction method will consider this drawing
spent more time than on adevice with less sampling rateAlthough it is useful to
AT 11 AAO OO Asensiblddatk, AuBrba®thd device model, with that to find
the sampling rate for this device and calculate the drawing time accordingly, this
will increase unnecessaryworkl oad for extra data collectionof the devices.For

research purposes, specialised tablet is still a preferred approach.

119



9. Conclusion

This thesis has presented a preliminary research on how machine learning can

be used to diagnose and T T EQOT O O0OAOEET 01160 AEOAAOAN
technology can assist researchaifrom different discipline. Overall, a satisfactory

result is achieved with most of the hypothesis proven from the classification

result produced by the SVM and the CGPhere are three parts | would like to

conclude my thesis z project management, medical practicability and

development on machine learning.

9.1. Project Management

Overall, this project undergoes smoothly without any external interference on the

planned scheduleAs a rewind, the project history as follows:

October 2018: Project kicks off, preliminary reading, selected test set

November: Simple program developed topre-process all the data set, determines the
features to be extracted from the raw data

January 2019: Determined the fitness function for CGP, test strategy designed for CGP

March: Validation approach determined, initial results from pairwise classification
April: Thesis structure determined

May: Initial pair -wise results presented for GECCO conference

Mid-July: Satisfactory results from multiclass classification by CGP, assessing

performance between CGP and SVM
End-July: Thesis final check, content, grammar, format, etc.

Early-August: Thesis Submission

Most of works were focused on developing programs to automate CGP training
process, as well as reading resources on possible solutions to optimise CGP for
this specific project.As lwrote this thesis along with the project, | can catch every
detail possibe for this project, treating the thesis as a work log. Meanwhile,

presenting paper for GECCO conference gives me opportunity to conclude my
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work at certain stage gathering feedback from peer reviewas well as attending
conference that full of ideas onhe research and application of machine learning,

which affects my thesis content heavily.
9.2. Medical Practicability

As said before, this thesis only presents a preliminary research idea, it will be very

difficult to push the current work as a usable pekageto the medical industry.

However, current progress has shown the possibility to use such technique to

tackle modern clinical problems.Over decades, researchers from worldwide

Al OT A EO AEAEFEAOI O O1 AET A DPOIT PAOThe\EACT |
idea behind this thesis not only is objective, fair, but also very simple and highly

efficient. On patient side patient can conduct such test on their own, and the
application of machine learning also allow them to assess their result without an

external examiner.OnO A O A A Gillds duOnOré& on feature extractions can help

OEAI O1 AAOOOAT A AEEZAOAT O AOPAAOO OEAO A

different stages.

9.3. Machine Learning Development

Classification problem is always a populatopic in machine learning research.
This research shows the potential of CGRat can handle abstractdatawhich may
have minimal correlations with each other Whether in research area or
commercial area, deep learning plays an important role, which makgseople
often ignores the power of genetic programminglt is the fact that deep learning
can handle heavy Al tasks and more powerful than genetic programming, but
there is arequirement to apply light-weight simple machine learning technique,
such as thisresearch project.lt is very exciting to notice how many possibilities
in this area to explore which are often ignored as people tend to consider them
O1 1T O A Ahagaldrdehidtential odp@dicability .
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9.4. Research Programme

Overall, | amsatisfied with the final research progressand result, considering the
given time limit and small data size Every aspect in this project, from background
reading, project implementation, to paper and thesis writing, has opened my view
on the application d ML in medical engineering using lightweighted algorithm
DAAEACAh xEEAE EO OEIEIAO O iU O1 AAOCOAAOA
that finished one year ago. My previous project performed very simple
classification on a simpler raw data from the @ cube shape. It is surprised to see
that despite the similar nature betweenthese two projects my Master by
research project has escalated a lot from my work which is only one year ago.
From feature extraction, model validation, to software implementing ad thesis
writing. Despite | consider myself was struggling to make this project not as a
copy of my previous one, the outcome of this research project showed that this is
definitely a whole new challenge and the work involved is no similar to the work

| have been done.

| also consider this oneyear research programme an invaluable experience for
me. From the aspect of personal development, | have to plan everything precisely
and ensure that every estimation of workloadis as accurate as possibleThe
transfer from taught programme to research programme also gives me an
opportunity to get used to the lifepacewith minimum hand-holding, which seems
unnecessary, but | am convinced that this would be very helpful when | enter the

industries.

From professional prospective, research programme allows me more time to
practice my programming skill, as | always aiming for a job as a software engineer,
while the programming practice involved was very limited as a undergraduate

in the Electronic Engineering departmem This skill also helped me a lot in this
project as most of the part are repetitive and boring parameter tuning and data
export. | cannot image how this project can carried out in only one year without
my own software package to extract features and autoatically select the best

model for me.
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Genetic and Evolutionary Computation Conference (GECCO) and have one paper
published. Not only it gives me confidence on thesis writing, lit also have a

chance tounderstand what the trend is in the top tier of the evolutionary
algorithm researching.l consider what | have experienced and learnt in this one

single year, is way more than what | have got in the past 5 years combined.
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Appendix A. Complete Pair-Wise Training Result

Pair 1. PD-NC/PD-MCI

Drawing mode:copy

CGP Parameters:

Parameter Value

Node 75

Arity 3

Mutation Rate 8%

Max Generation 200,000

Node Functions add,sub,mul,div
Fitness Function  NWC

Random Seed

3271,1886,3554,1880,3331,2217,2646,4642,1931,1452

Iteration 1 Seed 3271
Dataset Best Gen. Training | Validation Test

original 49500 100 80 100
fold 1 500 92.86 80 83.33
fold 2 84000 100 80 66.67
fold 3 139000 100 80 83.33
fold 4 151000 100 80 83.33
fold 5 65500 100 80 83.33
fold 6 133500 100 80 100
fold 7 104000 100 100 83.33
fold 8 113500 100 100 83.33
fold 9 149500 100 80 83.33
fold 10 163500 100 80 83.33
Average 99.35091 83.63636 84.84636
Standard Deviation 0.020526 0.077139 0.085708
Iteration 2 Seed 1886
Dataset Best Gen. Training | Validation Test

original 69500 100 100 83.33
fold 1 3000 92.86 80 83.33
fold 2 62000 100 100 83.33
fold 3 155000 100 80 66.67
fold 4 144000 100 100 83.33
fold 5 198000 100 80 83.33
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fold 6 199000 100 80 83.33
fold 7 187000 100 80 66.67
fold 8 163000 100 100 83.33
fold 9 37500 100 100 83.33
fold 10 197000 100 80 83.33
Average 99.35091 89.09091 80.30091
Standard Deviation 0.020526 0.099586 0.064257
Iteration 3 Seed 3554
Dataset Best Gen. Training | Validation Test

original 190000 100 100 100
fold 1 33000 100 80 100
fold 2 53500 100 80 100
fold 3 172500 100 80 83.33
fold 4 95500 100 80 66.67
fold 5 105000 100 80 83.33
fold 6 185000 100 80 100
fold 7 108500 100 80 100
fold 8 180500 100 100 83.33
fold 9 188500 100 80 83.33
fold 10 162500 100 80 83.33
Average 100 83.63636 89.39273
Standard Deviation 0 0.077139 0.10714
Iteration 4 Seed 1880
Dataset Best Gen. Training | Validation Test

original 77500 100 80 83.33
fold 1 199500 100 80 83.33
fold 2 60000 100 80 83.33
fold 3 159500 100 80 83.33
fold 4 145000 100 80 66.67
fold 5 82000 100 80 83.33
fold 6 183000 100 80 100
fold 7 191000 100 80 83.33
fold 8 191500 100 80 83.33
fold 9 191500 100 80 83.33
fold 10 138000 100 100 83.33
Average 100 81.81818 83.33091
Standard Deviation 0 0.057496 0.07106
Iteration 5 Seed 3331
Dataset Best Gen. Training | Validation Test

original 190000 100 100 83.33
fold 1 36000 100 80 100

125




fold 2 82500 100 80 100
fold 3 91000 100 80 83.33
fold 4 198000 100 80 83.33
fold 5 166000 100 80 83.33
fold 6 199500 100 80 83.33
fold 7 159500 100 80 83.33
fold 8 79000 100 100 83.33
fold 9 123500 100 80 83.33
fold 10 184000 100 80 83.33
Average 100 83.63636 86.36091
Standard Deviation 0 0.077139 0.064295
Iteration 6 Seed 2217
Dataset Best Gen. Training | Validation Test

original 80500 100 80 100
fold 1 110500 100 80 66.67
fold 2 182500 100 80 66.67
fold 3 182000 100 80 83.33
fold 4 82000 100 80 100
fold 5 159000 100 80 83.33
fold 6 73500 100 100 83.33
fold 7 64000 100 80 83.33
fold 8 149000 100 100 83.33
fold 9 35000 100 100 83.33
fold 10 48500 100 80 83.33
Average 100 85.45455 83.33182
Standard Deviation 0 0.089072 0.100494
Iteration 7 Seed 2646
Dataset Best Gen. Training | Validation Test

original 182500 100 100 100
fold 1 133000 100 80 83.33
fold 2 164500 100 80 66.67
fold 3 2500 92.86 80 83.33
fold 4 6000 100 80 83.33
fold 5 200000 100 80 83.33
fold 6 174000 100 100 83.33
fold 7 91500 100 80 83.33
fold 8 143000 100 100 66.67
fold 9 126500 100 80 83.33
fold 10 174500 100 80 100
Average 99.35091 85.45455 83.33182
Standard Deviation 0.020526 0.089072 0.100494
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Iteration 8 Seed 4642
Dataset Best Gen. Training | Validation Test

original 140500 100 100 83.33
fold 1 147000 100 80 66.67
fold 2 200000 100 100 83.33
fold 3 114500 100 80 66.67
fold 4 171500 100 80 100
fold 5 72000 100 80 83.33
fold 6 196000 100 80 83.33
fold 7 91500 100 100 83.3
fold 8 77500 100 100 83.33
fold 9 195000 100 80 83.33
fold 10 92500 100 80 100
Average 100 87.27273 83.32909
Standard Deviation 0 0.096209 0.100494
Iteration 9 Seed 1931
Dataset Best Gen. Training | Validation Test

original 78000 100 80 83.33
fold 1 19000 100 100 83.33
fold 2 131500 100 80 83.33
fold 3 157500 100 80 66.67
fold 4 4000 92.86 80 100
fold 5 188000 100 80 83.33
fold 6 176500 100 80 100
fold 7 56500 100 100 83.33
fold 8 148000 100 80 83.33
fold 9 199000 100 80 83.33
fold 10 151000 100 80 66.67
Average 99.35091 83.63636 83.33182
Standard Deviation 0.020526 0.077139 0.100494
Iteration 10 Seed 1452
Dataset Best Gen. Training | Validation Test

original 193000 100 100 100
fold 1 183000 100 80 66.67
fold 2 62500 100 80 83.33
fold 3 195000 100 80 83.33
fold 4 182500 100 80 83.33
fold 5 187000 100 80 66.67
fold 6 47000 100 100 83.33
fold 7 188500 100 80 66.67
fold 8 166500 100 80 100
fold 9 160500 100 80 83.33
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fold 10 68000 100 100 83.33
Average 100 85.45455 81.81727
Standard Deviation 0 0.089072 0.111326
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Drawing mode: recall

CGP Parameters:

Parameter
Node

Arity

Mutation Rate
Max Generation
Node Functions
Fitness Function

Random Seed

Value

75

3

8%

200,000
add,sub,mul,div
NWC

1396,989,3147,1940,4625,1093,1692,3992,2150,3755

Iteration 1 Seed 1396
Dataset Best Gen. Training Validation Test

original 182500 100 80 83.33
fold 1 192000 100 80 66.67
fold 2 187000 100 80 83.33
fold 3 114000 100 100 83.33
fold 4 8000 100 100 100
fold 5 42000 100 100 83.33
fold 6 102500 100 100 83.33
fold 7 180500 100 80 83.33
fold 8 20500 100 80 83.33
fold 9 136500 100 80 66.67
fold 10 158000 100 80 83.33
Average 100 87.27273 81.81636
Standard Deviation 0 0.096209 0.085695
Iteration 2 Seed 989
Dataset Best Gen. Training Validation Test

original 173000 100 80 100
fold 1 199000 100 80 66.67
fold 2 129000 100 80 100
fold 3 116500 100 100 83.33
fold 4 11500 100 100 83.33
fold 5 194500 100 80 83.33
fold 6 29500 100 80 83.33
fold 7 182000 100 100 83.33
fold 8 125000 100 80 83.33
fold 9 7000 100 80 83.33
fold 10 126000 100 80 100
Average 100 85.45455 86.36182
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Standard Deviation 0 0.089072 0.095827
Iteration 3 Seed 3147
Dataset Best Gen. Training Validation Test

original 186000 100 80 83.33
fold 1 193500 100 80 66.67
fold 2 165000 100 80 83.33
fold 3 189000 100 100 83.33
fold 4 137000 100 100 100
fold 5 169500 100 100 83.33
fold 6 146000 100 80 100
fold 7 114000 100 100 83.33
fold 8 188500 100 80 66.67
fold 9 124000 100 80 100
fold 10 144500 100 80 83.33
Average 100 87.27273 84.84727
Standard Deviation 0 0.096209 0.111333
Iteration 4 Seed 1940
Dataset Best Gen. Training Validation Test

original 116000 100 100 83.33
fold 1 186000 100 80 66.67
fold 2 149000 100 100 83.33
fold 3 54000 100 80 100
fold 4 162500 100 100 83.33
fold 5 146000 100 80 83.33
fold 6 197500 100 100 83.33
fold 7 46500 100 100 83.33
fold 8 179500 100 80 83.33
fold 9 157000 100 80 83.33
fold 10 124500 100 100 83.33
Average 100 90.90909 83.33091
Standard Deviation 0 0.099586 0.07106
Iteration 5 Seed 4625
Dataset Best Gen. Training Validation Test

original 110500 100 100 83.33
fold 1 2000 100 80 83.33
fold 2 189500 100 80 83.33
fold 3 187000 100 100 83.33
fold 4 198500 100 100 100
fold 5 167500 100 80 100
fold 6 139500 100 100 83.33
fold 7 33000 100 100 100
fold 8 154000 100 80 83.33
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fold 9 169500 100 80 83.33
fold 10 177000 100 100 66.67
Average 100 90.90909 86.36182
Standard Deviation 0 0.099586 0.095827
Iteration 6 Seed 1093
Dataset Best Gen. Training Validation Test

original 36000 100 100 83.33
fold 1 151000 100 80 83.33
fold 2 101500 100 80 83.33
fold 3 161000 100 100 83.33
fold 4 187000 100 80 100
fold 5 23500 100 100 100
fold 6 159000 100 80 83.33
fold 7 160000 100 80 100
fold 8 195500 100 80 66.67
fold 9 181500 100 80 66.67
fold 10 179000 100 80 83.33
Average 100 85.45455 84.84727
Standard Deviation 0 0.089072 0.111333
Iteration 7 Seed 1692
Dataset Best Gen. Training Validation Test

original 156500 100 100 83.33
fold 1 128500 100 80 83.33
fold 2 33000 100 100 83.33
fold 3 53500 100 80 100
fold 4 52000 100 100 100
fold 5 102500 100 80 100
fold 6 160000 100 80 83.33
fold 7 177000 100 80 83.33
fold 8 58000 100 80 83.33
fold 9 172000 100 80 66.67
fold 10 187000 100 80 83.33
Average 100 85.45455 86.36182
Standard Deviation 0 0.089072 0.095827
Iteration 8 Seed 3992
Dataset Best Gen. Training Validation Test

original 146000 100 100 83.33
fold 1 200000 100 80 66.67
fold 2 191500 100 100 83.33
fold 3 42500 100 100 83.33
fold 4 1765600 100 100 100
fold 5 87500 100 100 83.33
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fold 6 165500 100 80 83.33
fold 7 196000 100 80 100
fold 8 141000 100 80 66.67
fold 9 196000 100 80 66.67
fold 10 177000 100 80 83.33
Average 100 89.09091 81.81727
Standard Deviation 0 0.099586 0.111326
Iteration 9 Seed 2150
Dataset Best Gen. Training Validation Test

original 152500 100 80 100
fold 1 171500 100 80 66.67
fold 2 141500 100 80 83.33
fold 3 45500 100 100 83.33
fold 4 136500 100 100 100
fold 5 87500 100 80 83.33
fold 6 179500 100 80 83.33
fold 7 176500 100 80 100
fold 8 107500 100 80 83.33
fold 9 178500 100 80 66.67
fold 10 77000 100 80 83.33
Average 100 83.63636 84.84727
Standard Deviation 0 0.077139 0.111333
Iteration 10 Seed 3755
Dataset Best Gen. Training Validation Test

original 39000 100 80 100
fold 1 112500 100 80 83.33
fold 2 193000 100 100 83.33
fold 3 104500 100 80 83.33
fold 4 193000 100 100 83.33
fold 5 144500 100 100 83.33
fold 6 171000 100 100 83.33
fold 7 196500 100 100 83.33
fold 8 24000 100 80 83.33
fold 9 194500 100 80 66.67
fold 10 178500 100 80 83.33
Average 100 89.09091 83.33091
Standard Deviation 0 0.099586 0.07106

132




Pair 2. PD-NC/PD-D

Drawing mode: copy

CGP Parameters:

Parameter

Node
Arity

Mutation Rate

Max Generation

Node Functions

Fitness Function

Random Seed

Value
65

2

8%

200,000
add,sub,mul,div
NWC
3727,928,2626,2076,4637,1079,4064,633,3961,4926

Iteration 1 Seed 3727
Dataset Best Gen. Training | Validation Test

original 165000 100 66.67 77.78
fold 1 52000 87.5 77.78 88.89
fold 2 174500 95.83 88.89 66.67
fold 3 200000 100 66.67 77.78
fold 4 158500 100 88.89 66.67
fold 5 97500 95.83 88.89 66.67
fold 6 10500 87.5 66.67 55.56
fold 7 200000 91.67 77.78 55.56
fold 8 54500 87.5 66.67 77.78
fold 9 110000 100 88.89 88.89
fold 10 27000 87.5 77.78 77.78
Average 93.93909 77.78 72.73
Standard Deviation 0.054363 0.094746 0.109714
Iteration 2 Seed 928
Dataset Best Gen. Training | Validation Test

original 133000 95.83 55.56 77.78
fold 1 84000 91.67 66.67 44.44
fold 2 163000 100 88.89 66.67
fold 3 56000 100 66.67 77.78
fold 4 200000 95.83 77.78 77.78
fold 5 39500 95.83 66.67 77.78
fold 6 200000 95.83 77.78 66.67
fold 7 196000 95.83 77.78 66.67
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fold 8 200000 91.67 77.78 66.67
fold 9 150500 95.83 77.78 77.78
fold 10 157000 91.67 88.89 66.67
Average 95.45364 74.75 69.69909
Standard Deviation 0.02782 0.095817 0.095841
Iteration 3 Seed 2626
Dataset Best Gen. Training | Validation Test

original 85500 100 66.67 77.78
fold 1 21000 83.33 77.78 66.67
fold 2 42500 95.83 66.67 55.56
fold 3 22000 95.83 77.78 55.56
fold 4 88500 95.83 77.78 77.78
fold 5 71000 95.83 66.67 66.67
fold 6 121500 95.83 88.89 66.67
fold 7 198500 100 77.78 66.67
fold 8 199000 95.83 88.89 66.67
fold 9 160500 91.67 88.89 88.89
fold 10 120000 95.83 77.78 77.78
Average 95.07364 77.78 69.7
Standard Deviation 0.042857 0.082053 0.095817
Iteration 4 Seed 2076
Dataset Best Gen. Training | Validation Test

original 40500 91.67 55.56 77.78
fold 1 3000 79.19 77.78 77.78
fold 2 8500 91.67 66.67 77.78
fold 3 97500 100 66.67 44.44
fold 4 161500 100 55.56 77.78
fold 5 43500 100 66.67 66.67
fold 6 31000 91.67 77.78 77.78
fold 7 199000 95.83 77.78 66.67
fold 8 149000 95.83 77.78 55.56
fold 9 7000 83.33 77.78 77.78
fold 10 116000 95.83 77.78 55.56
Average 93.18364 70.71 68.68909
Standard Deviation 0.06468 0.085701 0.114288
Iteration 5 Seed 4637
Dataset Best Gen. Training | Validation Test

original 21000 87.5 77.78 55.56
fold 1 116000 95.83 66.67 77.78
fold 2 199500 100 66.67 66.67
fold 3 35500 100 44.44 55.56
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fold 4 161500 100 55.56 55.56
fold 5 142500 95.83 77.78 55.56
fold 6 109500 95.83 88.89 77.78
fold 7 182000 100 77.78 77.78
fold 8 500 79.17 66.67 44.44
fold 9 27000 87.5 66.67 88.89
fold 10 126000 100 77.78 55.56
Average 94.69636 69.69909 64.64909
Standard Deviation 0.066684 0.116936 0.132474
Iteration 6 Seed 1079
Dataset Best Gen. Training | Validation Test

original 84500 91.67 66.67 66.67
fold 1 145000 100 66.67 77.78
fold 2 89500 100 66.67 77.78
fold 3 158500 100 77.78 66.67
fold 4 193500 95.83 66.67 77.78
fold 5 145500 100 66.67 66.67
fold 6 65000 95.83 77.78 55.56
fold 7 1500 79.17 77.78 66.67
fold 8 3000 79.17 55.56 33.33
fold 9 147000 100 88.89 77.78
fold 10 192500 91.67 88.89 66.67
Average 93.94 72.73 66.66909
Standard Deviation 0.07612 0.098959 0.125362
Iteration 7 Seed 4064
Dataset Best Gen. Training | Validation Test

original 34500 91.67 88.89 88.89
fold 1 174000 87.5 77.78 66.67
fold 2 184500 100 66.67 77.78
fold 3 200000 95.83 66.67 66.67
fold 4 147000 95.83 55.56 55.56
fold 5 168500 100 77.78 66.67
fold 6 4500 91.67 88.89 66.67
fold 7 71000 95.83 88.89 66.67
fold 8 200000 95.83 88.89 66.67
fold 9 103500 100 66.67 77.78
fold 10 3000 87.5 66.67 77.78
Average 94.69636 75.76 70.71
Standard D‘eviation 0.043841 0.114268 0.085701
Iteration 8 Seed 633
Dataset ‘ Best Gen. Training | Validation Test
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original 178000 95.83 77.78 77.78
fold 1 158000 100 66.67 66.67
fold 2 29000 91.67 77.78 55.56
fold 3 11500 95.83 77.78 66.67
fold 4 3000 91.67 66.67 55.56
fold 5 69000 100 66.67 55.56
fold 6 58000 91.67 66.67 55.56
fold 7 36500 91.67 88.89 77.78
fold 8 15500 87.5 44.44 55.56
fold 9 17500 87.5 44.4 77.78
fold 10 153500 100 88.89 77.78
Average 93.94 69.69455 65.66
Standard Deviation 0.04481 0.142932 0.099985
Iteration 9 Seed 3961
Dataset Best Gen. Training | Validation Test

original 140500 87.5 77.78 77.78
fold 1 5000 87.5 66.67 77.78
fold 2 194500 95.83 88.89 77.78
fold 3 166500 100 55.56 66.67
fold 4 160000 95.83 66.67 66.67
fold 5 20000 95.83 66.67 55.56
fold 6 90500 95.83 77.78 66.67
fold 7 156000 91.67 77.78 66.67
fold 8 11000 79.17 77.78 55.56
fold 9 55000 100 88.89 77.78
fold 10 76500 100 77.78 55.56
Average 93.56 74.75 67.68
Standard Deviation 0.062459 0.095817 0.08805
Iteration 10 Seed 4926
Dataset Best Gen. Training | Validation Test

original 114500 95.83 88.89 77.78
fold 1 65500 100 77.78 66.67
fold 2 152500 100 77.78 55.56
fold 3 13500 91.67 55.56 44.44
fold 4 3500 91.67 66.67 66.67
fold 5 157500 100 77.78 66.67
fold 6 167000 95.83 77.78 66.67
fold 7 171000 91.67 77.78 66.67
fold 8 58000 95.83 77.78 77.78
fold 9 48000 91.67 55.56 44.44
fold 10 136500 100 77.78 66.67
Average 95.83364 73.74 63.63818
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Standard Deviation 0.035519 0.097923 0.106921
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Drawing mode: recall

CGPParameters:
Parameter Value
Node 50
Arity 2

Mutation Rate
Max Generation
Node Functions

Fitness Function

8%

200,000
add,sub,mul,div
NWC

Random Seed 4772,2647,3023,2657,4320,4121,2314,3270,4572,4040

Iteration 1 Seed 4772
Dataset Best Gen. Training | Validation Test

original 180500 100 88.89 77.78
fold 1 35500 92 66.67 66.67
fold 2 159000 100 88.89 77.78
fold 3 14500 96 66.67 66.67
fold 4 183500 96 66.67 77.78
fold 5 11500 92 55.56 66.67
fold 6 13500 96 66.67 44.44
fold 7 47500 96 77.78 55.56
fold 8 199500 100 88.89 77.78
fold 9 67500 92 66.67 66.67
fold 10 155500 100 77.78 66.67
Average 96.36364 73.74 67.67909
Standard Deviation 0.031701 0.10878 0.100006
Iteration 2 Seed 2647
Dataset Best Gen. Training | Validation Test

original 192000 100 55.56 55.56
fold 1 1000 80 77.78 66.67
fold 2 121000 100 88.89 66.67
fold 3 133000 96 66.67 66.67
fold 4 136000 96 77.78 66.67
fold 5 196000 96 77.78 66.67
fold 6 199000 92 55.56 55.56
fold 7 175500 100 66.67 88.89
fold 8 78500 100 77.78 55.56
fold 9 82000 92 55.56 55.56
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fold 10 151500 100 77.78 77.78
Average 95.63636 70.71 65.66
Standard Deviation 0.057725 0.10878 0.099985
Iteration 3 Seed 3023
Dataset Best Gen. Training | Validation Test

original 42500 96 77.78 77.78
fold 1 43500 92 77.78 66.67
fold 2 100000 92 88.89 66.67
fold 3 189500 100 66.67 55.56
fold 4 25000 92 55.56 55.56
fold 5 195500 100 77.78 77.78
fold 6 167500 96 77.78 55.56
fold 7 164000 100 77.78 66.67
fold 8 187500 100 77.78 66.67
fold 9 95000 100 77.78 77.78
fold 10 118000 96 66.67 77.78
Average 96.72727 74.75 67.68
Standard Deviation 0.033328 0.083287 0.08805
Iteration 4 Seed 2657
Dataset Best Gen. Training | Validation Test

original 164000 100 66.67 88.89
fold 1 200000 96 77.78 55.56
fold 2 200000 96 88.89 66.67
fold 3 170500 96 55.56 66.67
fold 4 148500 96 55.56 55.56
fold 5 20000 92 88.89 66.67
fold 6 190000 92 55.56 44.44
fold 7 185000 92 77.78 77.78
fold 8 27000 92 66.67 77.78
fold 9 197500 92 66.67 55.56
fold 10 16500 88 66.67 77.78
Average 93.81818 69.7 66.66909
Standard Deviation 0.031281 0.116916 0.125354
Iteration 5 Seed 4320
Dataset Best Gen. Training | Validation Test

original 3000 80 77.78 55.56
fold 1 79500 100 77.78 66.67
fold 2 12000 96 55.56 55.56
fold 3 108000 96 66.67 77.78
fold 4 26000 92 44.44 66.67
fold 5 195000 96 77.78 66.67
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fold 6 82000 100 66.67 66.67
fold 7 139500 100 66.67 66.67
fold 8 155500 100 55.56 55.56
fold 9 19500 96 66.67 66.67
fold 10 93500 100 88.89 66.67
Average 96 67.67909 64.65
Standard Deviation 0.056569 0.120373 0.063878
Iteration 6 Seed 4121
Dataset Best Gen. Training | Validation Test

original 57500 96 77.78 77.78
fold 1 75000 96 77.78 66.67
fold 2 155000 100 77.78 55.56
fold 3 90500 96 66.67 44.44
fold 4 1000 84 44.44 66.67
fold 5 6500 84 55.56 77.78
fold 6 9500 92 66.67 44.44
fold 7 1500 80 77.78 55.56
fold 8 138500 96 66.67 66.67
fold 9 78500 100 66.67 77.78
fold 10 197500 92 77.78 88.89
Average 92.36364 68.68909 65.65818
Standard Deviation 0.064846 0.104007 0.137774
Iteration 7 Seed 2314
Dataset Best Gen. Training | Validation Test

original 124000 96 77.78 66.67
fold 1 34000 88 77.78 55.56
fold 2 138000 96 88.89 77.78
fold 3 182500 100 55.56 55.56
fold 4 163000 100 55.56 66.67
fold 5 182000 92 88.89 66.7
fold 6 7500 88 66.67 55.56
fold 7 150000 92 77.78 55.56
fold 8 165500 100 66.67 66.67
fold 9 91000 96 77.78 55.56
fold 10 177000 96 77.78 77.78
Average 94.90909 73.74 63.64273
Standard Deviation 0.042094 0.10878 0.083297
Iteration 8 Seed 3270
Dataset Best Gen. Training | Validation Test

original 123500 92 77.78 77.78
fold 1 184000 96 66.67 66.67
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fold 2 155500 88 77.78 66.67
fold 3 174500 100 66.67 55.56
fold 4 110000 100 44.44 55.56
fold 5 46000 92 77.78 66.67
fold 6 86500 96 55.56 55.56
fold 7 22500 88 66.67 77.78
fold 8 100000 100 77.78 77.78
fold 9 46000 100 77.78 55.56
fold 10 199000 96 55.56 77.78
Average 95.27273 67.67909 66.67
Standard Deviation 0.044536 0.110659 0.094746
Iteration 9 Seed 4572
Dataset Best Gen. Training | Validation Test

original 106000 100 55.56 66.67
fold 1 113500 100 77.78 77.78
fold 2 50500 96 77.78 77.78
fold 3 48000 96 66.67 66.67
fold 4 175500 96 55.56 88.89
fold 5 126500 92 88.89 77.78
fold 6 61500 96 77.78 77.78
fold 7 169500 100 55.56 66.67
fold 8 94500 100 77.78 66.67
fold 9 178000 100 88.89 66.67
fold 10 139500 100 88.89 66.67
Average 97.81818 73.74 72.73
Standard Deviation 0.026222 0.127756 0.072832
Iteration 10 Seed 4040
Dataset Best Gen. Training | Validation Test

original 171500 100 77.78 66.67
fold 1 190000 96 66.67 55.56
fold 2 95000 96 88.89 66.67
fold 3 12000 100 77.78 55.56
fold 4 188500 96 77.78 66.67
fold 5 80000 100 77.78 55.56
fold 6 23500 96 66.67 55.56
fold 7 163000 96 66.67 77.78
fold 8 78000 96 77.78 77.78
fold 9 138500 96 55.56 33.33
fold 10 150500 100 77.78 88.89
Average 97.45455 73.74 63.63909
Standard Deviation 0.019242 0.085701 0.142855
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Pair 3: PD-MCI/PD-D

Drawing mode: copy

CGP Parameters:

Parameter Value
Node 70

Arity 2
Mutation Rate 8%

Max Generation 200,000

Node Functions
FitnessFunction

Random Seed

add,sub,mul,div
NWC

1728,4579,4957,3633,19,1261,3448,1423,4056,2141

Iteration 1 Seed 1728
Dataset Best Gen. Training | Validation Test

original 155500 100 100 85.71
fold 1 143500 100 100 85.71
fold 2 198500 100 83.33 71.43
fold 3 11500 94.44 83.33 71.43
fold 4 158000 100 100 85.71
fold 5 199000 100 100 85.71
fold 6 64000 100 83.33 100
fold 7 188500 100 83.33 85.71
fold 8 151000 100 100 100
fold 9 176500 100 83.33 85.71
fold 10 74500 100 100 71.43
Average 99.49455 92.42273 | 84.41364
Standard Deviation 0.015984 0.083005 | 0.095426
Iteration 2 Seed 4579
Dataset Best Gen. Training | Validation Test

original 47000 94.44 83.33 85.71
fold 1 46000 100 100 85.71
fold 2 1000 94.44 83.33 71.43
fold 3 500 83.33 83.33 71.43
fold 4 10500 100 83.33 100
fold 5 93500 100 83.33 100
fold 6 163000 100 100 71.43
fold 7 65500 100 100 85.71

142




fold 8 2000 100 100 71.43
fold 9 192000 100 100 71.43
fold 10 17000 94.44 83.33 85.71
Average 96.96818 90.90727 | 81.81727
Standard Deviation 0.049499 0.083005 | 0.107082
Iteration 3 Seed 4957
Dataset Best Gen. Training | Validation Test

original 13500 94.44 83.33 85.71
fold 1 164500 100 100 85.71
fold 2 9000 94.44 83.33 85.71
fold 3 60500 100 83.33 71.43
fold 4 194500 100 83.33 100
fold 5 157500 100 83.33 100
fold 6 5500 94.44 83.33 85.71
fold 7 171500 100 83.33 85.71
fold 8 171000 100 66.67 71.43
fold 9 140500 100 100 85.71
fold 10 17500 94.44 83.33 85.71
Average 97.97818 84.84636 | 85.71182
Standard Deviation 0.026746 0.085708 | 0.086142
Iteration 4 Seed 3633
Dataset Best Gen. Training | Validation Test

original 127000 100 100 85.71
fold 1 74500 94.44 83.33 100
fold 2 160500 100 83.33 85.71
fold 3 161500 100 100 71.43
fold 4 200000 100 83.33 100
fold 5 149500 100 83.33 100
fold 6 129500 100 100 85.71
fold 7 198000 100 83.33 85.71
fold 8 188000 100 100 85.71
fold 9 160500 100 100 85.71
fold 10 70500 100 100 71.43
Average 99.49455 92.42273 | 87.01091
Standard Deviation 0.015984 0.083005 | 0.095434
Iteration 5 Seed 19
Dataset Best Gen. Training | Validation Test

original 80000 100 100 85.71
fold 1 12500 100 100 85.71
fold 2 120500 100 83.33 85.71
fold 3 194500 100 83.33 71.43
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fold 4 196500 100 83.33 85.71
fold 5 177000 100 83.33 100
fold 6 184500 100 83.33 85.71
fold 7 122500 100 83.33 85.71
fold 8 1500 94.44 83.33 100
fold 9 125000 100 100 85.71
fold 10 125000 100 100 71.43
Average 99.49455 89.39182 | 85.71182
Standard Deviation 0.015984 0.08019 | 0.086142
Iteration 6 Seed 1261
Dataset Best Gen. Training | Validation Test

original 24500 94.44 83.33 71.43
fold 1 71500 100 100 85.71
fold 2 55500 100 83.33 85.71
fold 3 135500 100 100 71.43
fold 4 34500 100 83.33 100
fold 5 16500 100 100 71.43
fold 6 2000 88.89 83.33 71.43
fold 7 193500 100 83.33 71.43
fold 8 111000 100 100 85.71
fold 9 48000 100 100 71.43
fold 10 39000 100 100 85.71
Average 98.48455 92.42273 79.22
Standard Deviation 0.034256 0.083005 | 0.093633
Iteration 7 Seed 3448
Dataset Best Gen. Training | Validation Test

original 198000 100 100 100
fold 1 45500 100 100 100
fold 2 140000 100 83.33 71.43
fold 3 113000 100 83.33 85.71
fold 4 193000 100 83.33 100
fold 5 131000 100 83.33 71.43
fold 6 42000 100 100 85.71
fold 7 70000 100 83.33 85.71
fold 8 128000 100 100 71.43
fold 9 46000 100 100 71.43
fold 10 131000 100 100 85.71
Average 100 92.42273 | 84.41455
Standard Deviation 0 0.083005 0.11321
Iteration 8 Seed 1423
Dataset ‘ Best Gen. Training | Validation Test
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original 9500 94.44 83.33 85.71
fold 1 26000 100 100 71.43
fold 2 33500 100 66.67 85.71
fold 3 169500 100 100 100
fold 4 200000 100 83.33 100
fold 5 29000 100 83.33 100
fold 6 175000 100 83.33 85.71
fold 7 84500 100 83.33 85.71
fold 8 107000 100 100 100
fold 9 177500 100 83.33 85.71
fold 10 41500 100 83.33 71.43
Average 99.49455 86.36182 88.31
Standard Deviation 0.015984 0.095827 | 0.102261
Iteration 9 Seed 4056
Dataset Best Gen. Training | Validation Test

original 21000 100 100 85.71
fold 1 143500 100 100 100
fold 2 147500 100 83.33 85.71
fold 3 163500 100 83.33 85.71
fold 4 187000 100 83.33 85.71
fold 5 127000 100 83.33 100
fold 6 199000 100 100 85.71
fold 7 32000 100 100 71.43
fold 8 151000 100 83.33 71.43
fold 9 65000 100 83.33 57.14
fold 10 3000 94.44 83.33 85.71
Average 99.49455 89.39182 | 83.11455
Standard Deviation 0.015984 0.08019 | 0.119026
Iteration 10 Seed 2141
Dataset Best Gen. Training | Validation Test

original 129000 100 100 85.71
fold 1 39500 94.44 83.33 100
fold 2 143500 100 83.33 85.71
fold 3 24500 100 83.33 85.71
fold 4 185500 100 83.33 100
fold 5 180000 100 83.33 100
fold 6 66500 100 100 85.71
fold 7 88500 100 83.33 85.71
fold 8 88000 100 100 85.71
fold 9 156000 100 100 85.71
fold 10 166500 100 100 85.71
Average 99.49455 90.90727 | 89.60727
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Standard Deviation 0.015984 0.083005 | 0.063642

146



Drawing mode: recall

CGP Parameters:

Parameter
Node
Arity

Mutation Rate

Max Generation
Node Functions

Fitness Function

Random Seed

Value

75

5

8%

200,000
add,sub,mul,div
NWC

4931,4384,4911,639,3321,844,3755,2227,4291,3277

Iteration 1 Seed 4931
Dataset Best Gen. Training | Validation Test

original 73000 100 83.33 71.43
fold 1 199500 100 100 71.43
fold 2 159500 100 83.33 100
fold 3 197000 100 83.33 85.71
fold 4 149000 100 83.33 85.71
fold 5 77000 100 100 85.71
fold 6 39000 94.44 83.33 100
fold 7 64000 100 83.33 85.71
fold 8 140000 100 83.33 85.71
fold 9 32000 100 83.33 57.14
fold 10 173000 100 83.33 71.43
Average 99.49455 86.36091 81.81636
Standard Deviation 0.015984 0.064295 0.123201
Iteration 2 Seed 4384
Dataset Best Gen. Training | Validation Test

original 198000 100 66.67 71.43
fold 1 128000 100 83.33 100
fold 2 56000 94.44 83.33 85.71
fold 3 119000 100 83.33 85.71
fold 4 134000 100 83.33 71.43
fold 5 95000 100 83.33 85.71
fold 6 78000 100 100 100
fold 7 163500 100 83.33 85.71
fold 8 19500 94.44 83.33 57.14
fold 9 7500 100 83.33 71.43
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fold 10 12500 100 83.33 85.71
Average 98.98909 83.33091 81.81636
Standard Deviation 0.021445 0.07106 0.123201
Iteration 3 Seed 4911
Dataset Best Gen. Training | Validation Test

original 36000 100 100 71.43
fold 1 2000 88.89 83.33 85.71
fold 2 136000 100 83.33 85.71
fold 3 42500 94.44 83.33 85.71
fold 4 193000 100 83.33 71.43
fold 5 127500 100 83.33 85.71
fold 6 100000 100 83.33 71.43
fold 7 188500 100 66.67 71.43
fold 8 156500 100 66.67 85.71
fold 9 172500 100 83.33 71.43
fold 10 194500 100 83.33 71.43
Average 98.48455 81.81636 77.92091
Standard Deviation 0.034256 0.085695 0.071104
Iteration 4 Seed 639
Dataset Best Gen. Training | Validation Test

original 100500 100 83.33 71.43
fold 1 154000 100 100 71.43
fold 2 122500 100 100 85.71
fold 3 1000 83.33 83.33 85.71
fold 4 134500 100 83.33 85.71
fold 5 13500 94.44 83.33 71.43
fold 6 148500 100 100 71.43
fold 7 1000 94.44 83.33 71.43
fold 8 99000 100 83.33 71.43
fold 9 107000 100 66.67 85.71
fold 10 97000 100 83.33 71.43
Average 97.47364 86.36182 76.62273
Standard Deviation 0.049498 0.095827 0.068693
Iteration 5 Seed 3321
Dataset Best Gen. Training | Validation Test

original 97500 100 83.33 71.43
fold 1 65500 100 83.33 100
fold 2 191500 100 83.33 85.71
fold 3 12000 94.44 83.33 85.71
fold 4 189500 100 66.67 85.71
fold 5 126500 100 83.33 85.71
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fold 6 171500 100 83.33 85.71
fold 7 133500 100 100 71.43
fold 8 118000 100 83.33 71.43
fold 9 197500 100 83.33 71.43
fold 10 49000 100 83.33 85.71
Average 99.49455 83.33091 81.81636
Standard Deviation 0.015984 0.07106 0.088066
Iteration 6 Seed 844
Dataset Best Gen. Training | Validation Test

original 197500 100 83.33 71.43
fold 1 98000 100 100 100
fold 2 158500 100 100 100
fold 3 193500 100 83.33 85.71
fold 4 21500 100 83.33 85.71
fold 5 185500 100 83.33 85.71
fold 6 98000 100 83.33 85.71
fold 7 8000 100 83.33 71.43
fold 8 90500 100 83.33 85.71
fold 9 157000 100 83.33 71.43
fold 10 52500 100 83.33 71.43
Average 100 86.36091 83.11545
Standard Deviation 0 0.064295 0.102249
Iteration 7 Seed 3755
Dataset Best Gen. Training | Validation Test

original 164000 100 83.33 85.71
fold 1 32500 94.44 83.33 100
fold 2 198000 100 100 85.71
fold 3 175000 100 83.33 71.43
fold 4 60500 100 100 71.43
fold 5 140500 100 83.33 85.71
fold 6 77500 100 83.33 85.71
fold 7 159000 100 83.33 57.14
fold 8 3000 94.44 83.33 57.14
fold 9 120500 100 100 71.43
fold 10 173500 100 83.33 71.43
Average 98.98909 87.87636 76.62182
Standard Deviation 0.021445 0.074242 0.125908
Iteration 8 Seed 2227
Dataset Best Gen. Training | Validation Test

original 195500 100 83.33 71.43
fold 1 116000 100 83.33 85.71
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fold 2 12000 94.44 83.33 85.71
fold 3 132500 100 83.33 85.71
fold 4 84000 100 83.33 85.71
fold 5 1500 88.89 66.67 71.43
fold 6 104000 100 83.33 85.71
fold 7 187500 100 83.33 71.43
fold 8 200000 100 83.33 85.71
fold 9 87500 100 83.33 71.43
fold 10 158000 100 83.33 71.43
Average 98.48455 81.81545 79.21909
Standard Deviation 0.034256 0.047894 0.071104
Iteration 9 Seed 4291
Dataset Best Gen. Training | Validation Test

original 93500 100 83.33 71.43
fold 1 79000 94.44 83.33 100
fold 2 161000 100 83.33 100
fold 3 195500 100 83.33 85.71
fold 4 41000 100 83.33 85.71
fold 5 200000 100 100 85.71
fold 6 530000 100 83.33 100
fold 7 106500 100 83.33 71.43
fold 8 71500 100 83.33 85.71
fold 9 179500 100 83.33 57.14
fold 10 172500 100 83.33 71.43
Average 99.49455 84.84545 83.11545
Standard Deviation 0.015984 0.047923 0.133708
Iteration 10 Seed 3277
Dataset Best Gen. Training | Validation Test

original 164000 100 83.33 71.43
fold 1 51000 100 83.33 85.71
fold 2 3000 94.44 83.33 71.43
fold 3 128000 100 83.33 71.43
fold 4 197000 100 83.33 71.43
fold 5 132000 100 100 71.43
fold 6 134000 100 100 71.43
fold 7 96500 100 83.33 85.71
fold 8 200000 100 83.33 85.71
fold 9 29000 100 83.33 71.43
fold 10 46000 100 83.33 57.14
Average 99.49455 86.36091 74.02545
Standard Deviation 0.015984 0.064295 0.082123
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Appendix B. Complete Multi -Class Classification Result

Drawing mode: copy

CGP Parameters:

Parameter Value
Node 80
Arity 2
Mutation Rate 8%

Max Generation 200,000

Node Functions add,sub,mul,div

Fitness Function  NWC

Random Seed 1639,2552,2889,2998,3398,3614,3773,4201,4226,4928

Iteration 1 Seed 1639

Dataset Best Gen. Training | Validation Test Confidence °

0 115500 89.66 60 70 45

1 5000 72.41 70 70 58.37

2 50000 89.66 70 70 59.75

3 15000 89.66 50 60 45.36

4 80000 89.66 60 70 35.08

5 500 82.76 60 60 45.95

6 500 75.86 60 60 47.16

7 135500 100 80 90 73.19

8 500 65.52 50 40 99.67

9 158000 96.55 80 60 66.58

10 22000 93.1 70 60 85.91

Iteration 2 Seed 2552
Dataset Best Gen. Training | Validation Test Confidence

0 6000 75.86 50 50 27.38

1 108500 75.86 60 60 45.84

2 174500 89.66 40 70 59.38

3 16500 82.76 70 50 76.2

4 7000 86.21 60 60 34.35

5 1000 79.31 50 60 40.08

6 13500 82.76 80 70 32.63

5 null indicates value overflow, which exceeds th 64-bit limit of computer.
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7 113500 96.55 50 70 | null
8 1500 89.66 60 60 63.4
9 12000 89.66 70 70 54.37
10 1000 86.21 60 80 57.68
Iteration 3 Seed 2889
Dataset Best Gen. Training | Validation Test Confidence
0 4000 75.86 70 60 29.29
1 5000 79.31 50 60 60.17
2 5500 86.21 60 70 89.9
3 1000 75.86 40 50 32.24
4 1000 75.86 50 50 36.66
5 1500 86.21 60 60 64.2
6 8000 89.66 60 70 | null
7 56000 96.55 70 70 65.25
8 162000 96.55 70 50 44.59
9 1000 86.21 70 60 66.47
10 6500 79.31 60 70 33.68
Iteration 4 Seed 2998
Dataset Best Gen. Training | Validation Test Confidence
0 28000 82.76 60 60 71.22
1 153500 93.1 70 70 | null
2 4500 82.76 70 60 88.04
3 3500 82.76 50 70 81.86
4 8500 86.21 70 60 35.27
5 1000 79.31 50 50 47.11
6 99000 96.55 90 80 | null
7 77500 93.1 70 70 45.02
8 4000 75.86 60 40 92.86
9 1000 72.41 50 60 92.77
10 1000 86.21 60 80 56.69
Iteration 5 Seed 3398
Dataset Best Gen. Training | Validation Test Confidence
0 1500 72.41 60 30 30.4
1 18000 89.66 60 70 65.97
2 500 75.86 60 50 43.1
3 4000 79.31 50 50 28.21
4 2000 86.21 60 60 28.65
5 152000 10 60 80 45.35
6 100500 100 70 60 84.7
7 171000 100 60 70 65.27
8 1500 75.86 70 70 29.89
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9 5000 89.66 40 70 55.22

10 130000 100 40 80 64.11

Iteration 6 Seed 3614
Dataset Best Gen. Training | Validation Test Confidence

0 2500 79.31 70 50 28.81

1 22000 86.21 70 60 82.72

2 40500 86.21 70 70 57.68

3 1500 75.86 50 60 38.72

4 190500 96.55 80 70 44.14

5 48000 93.1 40 50 68.88

6 190000 100 80 70 62.12

7 196000 96.55 60 50 65.06

8 5000 79.31 50 60 52.67

9 142000 93.1 50 70 73.42

10 27500 96.55 80 70 41.97

Iteration 7 Seed 3773
Dataset Best Gen. Training | Validation Test Confidence

0 123000 82.76 60 30 47.22

1 84000 82.76 60 60 46.52

2 189000 100 40 50 85.22

3 190500 96.55 40 80 51.8

4 3500 86.21 80 70 80.04

5 3000 89.66 60 70 31.43

6 6500 86.21 70 60 36.49

7 166500 96.55 60 60 59.17

8 123500 96.55 60 60 77.24

10 70000 96.55 70 80 50.94

Iteration 8 Seed 4201
Dataset Best Gen. Training | Validation Test Confidence

0 500 65.52 40 50 42.84

1 3500 75.86 70 70 36.91

2 156500 93.1 40 50 62.87

3 138000 89.66 70 70 36.03

4 191500 100 70 70 57.98

5 2500 86.21 60 60 41

6 47000 89.66 80 70 44.02

7 31000 93.1 90 70 60.75

8 193000 96.55 50 50 51.38

9 98500 93.1 70 80 27.8

10 192500 100 50 60 46.81
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Iteration 9 Seed 4226
Dataset Best Gen. Training | Validation Test Confidence
0 7000 86.21 60 70 | null
1 115000 79.31 60 70 30.3
2 2500 75.86 60 60 50.42
3 69500 93.1 40 50 50.1
4 15000 89.66 70 70 37.06
4 153500 89.66 70 70 39.46
5 48000 96.55 70 60 64.9
6 44000 96.55 70 90 40.49
7 183000 100 70 60 90.42
8 1000 72.41 70 70 83.76
9 190500 100 70 60 70.66
10 182000 100 70 50 90.21
Iteration 10 Seed 4928
Dataset Best Gen. Training | Validation Test Confidence
0 199000 82.76 60 70 28.5
1 28500 86.21 60 70 70.55
2 53000 89.66 60 70 82.31
3 186500 89.66 70 70 32.08
4 82500 93.1 60 80 25.93
5 76500 93.1 60 80 25.94
6 174500 89.66 80 70 44.64
7 15500 82.76 60 60 48.32
8 92500 89.66 70 80 39.18
9 181500 93.1 40 70 38.82
10 13000 89.66 60 70 48.4
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Drawing mode: recall

CGP Parameters:

Parameter Value
Node 75
Arity 2
Mutation Rate 8%

Max Generation 200,000

Node Functions add,sub,mul,div

Fitness Function = NWC

Random Seed 505,689,2136,2293,2793,3891,4134,4427,4674,4702

Iteration 1 Seed 505
Dataset | Best Gen. Training | Validation Test Confidence
0 98500 90 70 50 77.51
1 193000 93.33 70 80 50.95
2 143500 90 70 70 51.25
3 100500 96.67 60 70 42.06
4 11000 90 50 70 64.68
5 192500 100 60 80 67.61
6 43500 100 70 70 54.18
7 15000 90 70 90 49.45
8 80000 96.67 90 70 91.23
9 32500 96.67 70 90 35.14
10 198000 100 70 60 59.94
Iteration 2 Seed 689
Dataset | Best Gen. Training | Validation Test Confidence
0 185500 90 70 30 47.95
1 73500 96.67 80 70 51.77
2 500 73.33 20 50 64.48
3 68500 93.33 70 80 62.74
4 5000 83.33 60 80 55.15
5 44000 93.33 40 60 73.26
6 85500 96.67 50 40 75.57
7 17000 90 80 60 69.7
8 181500 96.67 80 70 51.29
9 17000 90 80 60 69.7
10 112500 100 90 80 49.26
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Iteration 3 Seed 2136
Dataset | Best Gen. Training | Validation Test Confidence
0 500 73.33 50 50 65.97
1 8000 80 60 60 56.08
2 500 70 50 60 63.72
3 12500 93.33 60 50 40.56
4 174500 100 40 60 64.16
5 178500 100 50 70 58.56
6 47500 100 60 70 75.25
7 169000 100 70 80 43.53
8 44000 96.67 90 70 | null
9 161500 100 60 70 | null
10 6000 96.67 50 70 54.11
Iteration 4 Seed 2293
Dataset | Best Gen. Training | Validation Test Confidence
0 160500 93.33 40 70 58.66
1 2000 76.67 50 50 71.83
2 29500 90 50 70 58.88
3 148000 90 70 70 67.17
4 15000 96.67 70 60 64.63
5 108000 100 20 50 47.9
6 195500 100 70 70 94.27
7 19500 93.33 80 70 65.88
8 42500 93.33 80 80 81.79
9 21000 96.67 70 80 77.43
10 38500 96.67 90 90 45.23
Iteration 5 Seed 2793
Dataset | Best Gen. Training | Validation Test Confidence
0 6500 76.67 70 70 32.22
1 12500 80 80 80 | null
2 55000 93.33 50 70 72.29
3 19500 83.33 80 60 65.42
4 55000 93.33 40 50 29.93
5 99500 100 40 60 44.79
6 38500 100 70 50 32.68
7 2500 90 60 60 38.32
8 6000 80 60 60 67.56
9 63500 96.67 90 90 52.56
10 24000 100 70 70 | null
Iteration 6 Seed 3891
Dataset | Best Gen. Training | Validation Test Confidence
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0 33000 86.67 20 40 66.68
1 73500 83.33 70 70 43.17
2 52000 86.67 70 60 | null
3 133500 86.67 40 70 40.65
4 11000 83.33 50 80 72.33
5 111000 100 60 60 56.2
6 13000 100 70 70 56.01
7 1000 80 60 50 55.37
8 3500 86.67 80 80 54.68
9 107500 96.67 70 80 48.85
10 63000 100 60 60 64.36
Iteration 7 Seed 4134
Dataset | Best Gen. Training | Validation Test Confidence
0 139500 93.33 50 40 82.26
1 21500 86.67 60 80 41.58
2 48500 90 60 60 47.34
3 24000 93.33 70 80 42.35
4 88000 96.67 60 100 72.91
5 10500 90 50 70 49.85
6 83000 100 90 70 71.39
7 102500 100 100 70 56.27
8 75000 100 80 70 44.17
9 173000 100 70 70 | null
10 37000 100 60 60 69.61
Iteration 8 Seed 4427
Dataset | Best Gen. Training | Validation Test Confidence
0 500 70 40 50 70.16
1 65000 80 70 70 27.95
2 42500 86.67 80 70 39.24
3 1000 80 60 70 51.4
4 27000 90 70 70 | null
5 95000 100 70 60 57.68
6 107500 96.67 60 50 42.95
7 79000 100 90 70 61.52
8 20500 93.33 70 70 58.64
9 68000 100 80 70 | null
10 55500 100 60 70 45.83
Iteration 9 Seed 4674
Dataset | Best Gen. Training | Validation Test Confidence
0 2000 73.33 60 50 69.36
1 189000 90 70 50 38.22
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2 123000 93.33 60 60 | null
3 32500 83.33 70 70 | null
4 180500 86.67 40 70 49.81
5 73500 100 50 60 48.51
6 3500 90 70 60 60.39
7 61000 100 70 60 84.54
8 22500 90 80 60 62.62
9 157500 100 80 80 74.21
10 80000 100 70 70 39.6
Iteration 10 Seed 4702
Dataset | Best Gen. Training | Validation Test Confidence
0 26500 86.67 70 60 75.83
1 1500 80 80 70 32.62
2 3500 83.33 60 60 41.04
3 5000 93.33 70 70 72.7
4 105000 100 70 80 87.29
5 6500 93.33 60 60 52.44
6 12500 93.33 60 60 54.37
7 1000 90 60 60 31.4
8 138000 93.33 70 70 30.36
9 21000 90 70 90 85.01
10 125000 100 80 70 | null
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Appendix C. Implementation of Softmax Function

/* Implmentation of softmax function */

[* arg 1: double array which contains CGP outputs */
[* arg 2: number of CGP outputs */

double *softmax (double arr [] , int arrLength )

{
double logSum = 0;

double *logArr=  malloc (arrLength * sizeof (double));
double *logAns = malloc (arrLength * sizeof (double));
int i= O;

for (i= 0;i<arrLength;i++)

{

logArr [i]=  exp(arr [i]);

logSum += exp(arr [i]);

}
for (i= 0;i<arrLength;i++)
{
logAns[i]=  logArr [i]/logSum;
}

free (logArr);
return  logAns;
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Appendix D. Implementation of NWC Fitness Function

double fourOutputFitnessFunction (struct parameters * params, struct
chromosome *chromo, struct dataSet* data)
{
I* Routine check */
if (getNumChromosomelnputs(chromo) !=
getNumDataSetlnputs (data))

{
printf  ("Error: the number of chromosome inputs must match
the number of inputs specified in the dataSet. \n");
printf  ("Terminating. \n");
exit (0);
}

if  (getNumChromosomeOutputgchromo) !=
getNumDataSetOutputs (data))

{
printf  ("Error: the number of chromosome outputs must match
the number of outputs specified in the dataSet. \n");
printf  ("Terminating. \n");
exit (0);
}
int i

/* Counter to keep a record of error matches */
double threshError = 0;

for (i= 0;i< getNumDataSetSamples(data); i++)
{
/* Get the chromosome output */
executeChromosome(chromo, getDataSetSamplelnputs (data, i));
double *chromoOutput = malloc (4 * sizeof (double));
int j= 0
for (= 0;j<  4;j+4)
{

chromoOutput [ =  getChromosomeOutput(chromo, j);
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/* Get acutal output */
double *expectedOutput=  getDataSetSampleOutputs (data, i);

/* Check if the maximum output is in the index of the
actual maximum output's */

if (maxindex(chromoOutput) != maxIndex (expectedOutput))
threshError++;

return  threshError / ( getNumbDataSetSamples(data));
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Appendix E: Benson Figure Images
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