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achieving the Client Requirements, response to the Architectural Stage 4 will overlap with Stage 5 other than responding to Site Stage 6 and lasts for theife of the

the client proceeds to Stage 1 Concept onmost projects Queries buiding

Figure 2.3.1: RIBA POW overlaid with DFIMA PoW
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. Table 5.1: Demography of Interview Respondents

R1

R2

R4
RS

R6

R7

RS

R9

R10

Architectural Technology Developing learning materials for

and Sustainability School

House building

Architecture Project delivery leads to higher education,
primary  health  care,  transportation
infrastructure and residential building for an
offsite body.

Furniture Research Education and discipline/skill

construction  technologist specialist,

and manager, researcher Research Lead in Building Innovation with an

with PhD in Construction

Skills
Architecture

Construction Management

Architectural Technologist
lead project management
architect, OSC Consultant

Architecture

Architecture

General practise,
Chartered Surveyor

Architecture

interest in construction industry skills

Consultant
Construction manager, Lecturer

Technical solution provider for OSC

Architectural Office.

Architectural technologist, computational
design coordinator of the manufacturers

Alliance for OSC

knowledge sharing group

products

Technical manager at a timber engineering
company, chair of an offsite group (8 OSC
groups)

Process improvement (strategic development
position), works with the supply chain team

12

About 45 years

28 years

Over 10 years in the
construction  industry
almost 4 years in
building research

Over 30 years

Over 10 years in the
industry, 6+ years in
the academics

Over 40 years of
construction  industry
experience

25 years

S years

25 years

Well experienced

Yes

Yes

From an educational/ research

perspective and

development

Yes
Yes

policy

Member of offsite construction
community (Offsite Alliance)

Yes,

Specialize in timber, steel, and
concrete. Collaborated with an

offsite home provider.
Yes,

Yes

Marketing

Worked with a

company

building fully volumetric OSC

Over 30 years in

DfMA designs
Much

DfMA designs,
DfMA overlay,
build offsite.

4 years

Well experienced

> 5 years of
improving
construction
processes

21 years in OSC

Well experienced

4 years

Well experienced

Well experienced

16

Mostly  educational and mass housing
Many were extensions to an existing building
Bespoke building, restaurant extension to a
theatre

50 projects using different categories of OSC
approach

524 homes/units; 26 stories

Construction innovation hub

Numerous
Numerous

Numerous OSC projects
timber frame-7 storeys, steel- 10 storeys, Vol
modular-23 storeys

Numerous OSC

Projects mainly health care and education (also
commercial and residential)
not necessarily volumetric, but all other forms of
DfMA

New built residential buildings up to 30 storeys,
high density, and low rise,
facade supply of precast system, computational
research on offsite construction decision making
2 designs, 1 delivery (25 stories)

Numerous

Quite much



OSC Doctoral Thesis

R11 Architecture, Project Project coordinator at a windows and doors 13 years Doors and windows 5 years 4 or 5 projects/month
Manager manufacturing company
Site Agent
R12  Senior Lecturer Worked at a leading offsite home developer. = Over 10 years Over 7 years Quite much
(Construction Management) = Former Operation Manager, Geo-Technique
Officer
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Figure 7.2: Quantitative Analysis/ Feature Selection Framework

14

Critical Factors from
Binary Classification

Create a BC-KNN significant dataset of features present in

Machine

Development

Machine

actors Influencing
SC adoption in t

Machine

Development

Machine

Development

................................

Learning Modet -

Learning Model -

Model Results

Comparison
See the Model Development figure

for its details

Conclusions

Learning Model -

Learning Model -

>

Quantitative/Feature Selection Analysis




Multi-Class

| Classification

v

Significant

Dataset
(From Mode Missing
Data Imputations)

|

!

i From Feature

I Selection Exercise
[

y

Significant

Dataset
(From KNN Missing
Data Imputations)

v

Significant

Dataset
(From Mode Missing
Data Imputations)

Binary

| Classification

Significant

Dataset
(From KNN Missing
Data Imputations)

Figure 8.1: Model Development Architecture
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Table 9.3a: Machine Learning Results for Random State, RS, (42)

Random
State

42

42

42

42

42

42

42

42

42

42

ML Model

Random
Forest

SvVC

Logistic
Regressio
n

Decision
Tree

K
Neighbors

Gradient
Boosting

Extra
Trees

MLP

Forward
Feed NN

Backward
Feed NN

Mode Imputation

80:20

Accuracy

0.3651
0.3175
0.3651
0.4286
0.3968
0.4286

0.2698

0.2698

0.3333

AUC
Performance

0.7759

0.7343

0.7245

0.6009

0.6997

0.7037

0.7565

0.6847

0.6847

0.6953

70:15:15

Accuracy

0.4375
0.2500
0.3542
0.4167
0.4375
0.4375

0.3125

0.3125

0.3333

AUC
Performance

0.7417

0.7209

0.6875

0.5816

0.7008

0.6853

0.7547

0.6356

0.6356

0.7163

KNN Imputation
80:20
Accuracy = AUC
Performance
0.3651 | 0.7009
0.3651  0.7423
0.3810 | 0.7035
0.2698  0.5539
0.3651 | 0.6679
0.3968  0.6837
0.3810  0.6915
0.4603 0.7128
04603 0.7128
0.4286  0.7392

70:15:15

Accuracy

0.3750

0.3750

0.3333

0.2500

0.2708

0.3125

0.3750

0.3750

0.3333

AUC
Performance

0.6935

0.7358

0.6781

0.5175

0.6824

0.6486

0.6886

0.6667

0.6667

0.7157

Mode Imputation
80:20
Accuracy AUC
Performance
0.7778  0.8385
0.7937  0.8469
08571 | 0.8469
0.7460  0.6836
0.7778  0.8032
0.7778  0.8110
0.8254 | 0.8283
0.7302  0.8074
0.7302 | 0.8074
0.8413  0.8971

70:15:15

Accuracy

0.7083

0.7292

0.7292

0.7500
0.7292
0.7292

0.6875

0.6875

0.7500

AUC
Performance

0.7788

0.8141

0.8323

0.7030

0.8354

0.7313

0.7798

0.7212

0.7212

0.8828

KNN Imputation
80:20
Accuracy = AUC
Performance
08413 0.8218
0.8254  0.8361
0.8254  0.8517
0.7619  0.6950
0.8095  0.7978
0.7619  0.8086
0.8254  0.8140
0.7143  0.7667
0.7143  0.7667
0.7778  0.8397

70:15:15

Accuracy

0.7708

0.7083

0.6875

0.7708

0.7708

0.7292

0.7292

0.7292

AUC
Performance

0.7465

0.8121

0.8505

0.6273

0.7333

0.7899

0.7566

0.7859

0.7859

0.8121
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Table 9.3b: Machine Learning Results for Random State, RS, (45)

Mode Imputation KNN Imputation Mode Imputation KNN Imputation
80:20 70:15:15 80:20 70:15:15 80:20 70:15:15 80:20 70:15:15
Random ML Model Accuracy AUC Accuracy AUC Accuracy AUC Accuracy = AUC Accuracy AUC Accuracy AUC Accuracy AUC Accuracy AUC
State Performance Performance Performance Performance Performance Performance Performance Performance
45 Random 03810 0.6740 0.2083  0.6316 0.3810 | 0.6997 0.2083 | 0.5966 0.7460 0.7512 0.7083 | 0.7475 0.8095  0.8128 0.7500  0.7657
Forest
45 SVC 0.3333  0.7099 0.2917  0.6507  0.4603 0.7497 0.3125  0.6598 0.7460 0.7691 0.7292  0.7475 0.8254 0.8158  0.8333  0.8606
45 Logistic  0.3492  0.6568 0.2083  0.6084 0.4286 | 0.7026 0.2292 | 0.6233 0.7619 0.7847 0.6667 | 0.6848 0.7937  0.8361 0.8125  0.8626
Regression
45 Decision  0.2381  0.5222 0.1667  0.4665 0.2698  0.5339 0.1667 0.4768 0.6190 0.6226 0.6250  0.6182 0.7937  0.7925 0.6042  0.5303
Tree
45 K 0.3651 | 0.6591 0.2917 | 0.6605 0.4444  0.6575 0.3333 | 0.6076 0.6667 0.6806 0.6875 | 0.6960 0.7460 | 0.7482 0.7500  0.8121
Neighbors
45 Gradient  0.3175  0.6267 0.2500  0.5842 0.3810  0.6807 0.2500  0.5935 0.6984 0.6579 0.6667 0.7414 0.7778  0.7859 0.7500  0.7980
Boosting
45 Extra Trees  0.3651 | 0.6801 0.2083  0.5906 0.3175 | 0.6865 0.2708 | 0.6241 0.7778 0.7392 007500 0.7394 0.7937  0.7841 0.7708  0.7495
45 MLP 0.3016  0.6355 03125  0.6135 0.3810  0.6910 0.2917  0.6427 0.7302 0.7261 0.6458  0.7333 0.8730 0.8313 0.8125  0.8525
45 Forward 03016  0.6355 03125  0.6135 0.3810 | 0.6910 0.2917 | 0.6427 0.7302 0.7261 0.6458 | 0.7333 08730  0.8313 0.8125  0.8525
Feed NN
45 Backward | 0.2540  0.6439 0.2917  0.5847 0.4444 07036 03542 0.6162 0.7460 0.7189 0.7292  0.7495 0.7937  0.8074 0.8125  0.8889
Feed NN
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Table 9.3c: Machine Learning Results for Random State, RS, (50)

Mode Imputation KNN Imputation Mode Imputation KNN Imputation
80:20 70:15:15 80:20 70:15:15 80:20 70:15:15 80:20 70:15:15
Random ML Model Accuracy AUC Accuracy = AUC Accuracy AUC Accuracy AUC Accuracy AUC Accuracy AUC Accuracy = AUC Accuracy AUC
State Performance Performance Performance Performance Performance Performance Performance Performance
50 Random 04762 0.7285 03125  0.7334 0.3333 | 0.6547 0.2708 | 0.6570 07937 08457 08750 0.8889 0.7619  0.8349 0.8542  0.8939
Forest
50 SVC 0.4127  0.7585 03750 0.7401 0.3492  0.7013 03542 0.7079 0.7302  0.8696 0.8333  0.8990 0.7778  0.8684 0.8542  0.9051
50 Logistic 0.3016 | 0.7190 0.3333  0.6723 03810  0.6893 0.2708 | 0.6286 0.7619  0.7584 0.8542  0.8929 0.7778  0.8373 0.8125  0.8869
Regression
50 Decision  0.3810  0.6093 0.3125  0.5917 0.3016  0.5518 0.2917  0.5599 0.6349  0.5891 0.7292  0.7303 0.6984  0.6495 0.8333  0.8242
Tree
50 K 0.3810  0.6954 03750  0.6949 0.3175  0.6397 0.3125  0.6730 07937  0.8343 0.7500 | 0.8313 08571  0.8355 0.8750 | 0.9242
Neighbors
50 Gradient  0.3968  0.6854 0.3542  0.7019 0.3333  0.6688 0.3333  0.6025 0.7937  0.8433 0.8542  0.8929 0.7778  0.8110 09167 09172
Boosting
50 Extra Trees  0.3968 | 0.7039 0.2917  0.7042 0.3333 | 0.6689 0.3333 | 0.6537 0.7619 | 0.8523 0.8542  0.8636 0.7460  0.8505 0.8542 | 0.8949
50 MLP 0.4127  0.6793 0.3542  0.6064 0.3175 0.6513 0.2292  0.5963 0.7460  0.7859 0.8333  0.8687 0.7937  0.8565 0.8750  0.9192
50 Forward 04127  0.6793 0.3542  0.6064 0.3175  0.6513 0.2292  0.5963 0.7460  0.7859 0.8333  0.8687 0.7937  0.8565 0.8750 | 0.9192
Feed NN
50 Backward | 0.4444  0.7028 03125  0.6673 0.3175  0.6687 0.2500  0.6352 0.7937  0.8349 0.8333  0.9010 0.7460  0.8146 0.8542  0.8949
Feed NN
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Table 9.3d:

Machine Learning Results for Random State, RS, (55)

Mode Imputation KNN Imputation Mode Imputation KNN Imputation
80:20 70:15:15 80:20 70:15:15 80:20 70:15:15 80:20 70:15:15
Random ML Model Accuracy AUC Accuracy AUC Accuracy AUC Accuracy = AUC Accuracy AUC Accuracy AUC Accuracy AUC Accuracy AUC
State Performance Performance Performance Performance Performance Performance Performance Performance
55 Random  0.3651 0.6773 0.2917  0.6568 0.4127 | 0.7147 0.2917 | 0.6804 0.7778 0.8278 0.7500 | 0.7596 0.7619  0.8433 0.7708  0.7525
Forest
55 SVC 0.3333  0.7295 03958  0.6541 0.3810 0.7477  0.4583 0.6785 0.8095 0.8517  0.7708 0.8303 0.8095  0.8505 0.8125  0.8121
55 Logistic 0.3651  0.7264 03750  0.6171 04603 0.7297 0.4375 | 0.6519 0.7778 0.7727 0.7708 ' 0.8444 0.7937  0.7955 0.7708  0.8929
Regression
55 Decision  0.2540  0.5343 0.1875  0.4870 0.3492  0.5896 0.2292  0.5006 0.6667 0.6118 0.7083  0.6606 0.6825  0.5933 0.6458  0.5606
Tree
55 K 0.3016 | 0.6342 03958  0.5804 0.3333 | 0.6648 0.3542 | 0.6293 0.7302 0.7123 0.6667 | 0.7444 0.7778  0.7817 0.7708  0.7354
Neighbors
55 Gradient  0.3492  0.6913 0.3750  0.6299 0.4286 0.7254  0.4583 0.6706 0.7143 0.7404 0.7083  0.7313 0.7302  0.8002 0.7708  0.8081
Boosting
55 Extra Trees  0.3333 | 0.6665 0.3542  0.6637 0.3968  0.7186 0.3750 | 0.6532 0.7619 0.8068 0.7500 | 0.7717 0.7619  0.8373 0.7917  0.7737
55 MLP 0.2381  0.6298 0.2500  0.5471 0.3333  0.6747 0.3125  0.5898 0.7460 0.7859 0.7500  0.8081 0.8095 0.7907 0.8333  0.8283
55 Forward  0.2381  0.6298 0.2500  0.5471 0.3333 | 0.6747 0.3125 | 0.5898 0.7460 0.7859 0.7500 | 0.8081 08095 0.7907  0:8333  0.8283
Feed NN
55 Backward | 0.3968 0.7077 03125  0.6084 0.3333  0.6793 0.3542  0.6171 0.7778 0.8385 0.7500  0.8465 0.7619  0.7895 0.8333  0.8808
Feed NN
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Table 9.3e: Machine Learning Results for Random State, RS, (60)
Mode Imputation KNN Imputation Mode Imputation KNN Imputation
80:20 70:15:15 80:20 70:15:15 80:20 70:15:15 80:20 70:15:15

Random Model Accuracy AUC Accuracy AUC Accuracy = AUC Accuracy AUC Accuracy AUC Accuracy AUC Accuracy = AUC Accuracy = AUC

State Performance Performance Performance Performance Performance Performance Performance Performance

60 Random 04286 0.7013 0.3750  0.6936 04921  0.7698 0.3958 | 0.7135 0.6984 | 0.7721 0.6875 0.6828 0.7460 | 0.7572 0.7083  0.7101
Forest

60 SVC 0.4286 0.7153 04167 0.6760 0.4127  0.7571 0.4167 0.7104 0.7937  0.8098 0.6667  0.6485 0.8254  0.8385 0.7708  0.7273

60 Logistic 0.3016 | 0.6769 0.2708 | 0.6561 0.3651  0.7042 0.3750 @ 0.6707 0.7302 0.6902 0.6458  0.5818 0.8095 | 0.8062 0.7292  0.6970
Regression

60 Decision 0.2698  0.5333 0.3333  0.5730 0.3333  0.5806 0.1875 0.4817 0.6349 0.5891 0.6250 0.5636 0.6984  0.6196 0.7083  0.6242
Tree

60 K 0.3810 | 0.7025 04167 0.6731 0.4444 | 0.7742 04583 0.7212 0.7778  0.7584 0.6667 | 0.6303 0.7937 | 0.7524 0.7083  0.6859
Neighbors

60 Gradient 0.3175 0.6530 0.3125  0.6435 0.4444  0.7416 0.2708  0.6654 0.7143 0.7392 0.6875 0.6727 0.6667  0.6914 0.7292  0.6424
Boosting

60 Extra 0.3968 | 0.6894 0.2708 | 0.6701 0.3968 | 0.7538 0.3542  0.6844 0.7460 0.7494 - 0.6798 0.7302 | 0.7159 0.7292  0.6758
Trees

60 MLP 0.3333  0.6591 0.3333  0.6233 0.3968  0.6990 0.3125 0.6217 0.6667 0.6998 0.5625 0.5333 0.7778  0.7512 0.7292  0.7152

60 Forward 0.3333  0.6591 0.3333 | 0.6233 0.3968  0.6990 0.3125 0.6217 0.6667 0.6998 0.5625 | 0.5333 0.7778 | 0.7512 0.7292  0.7152
Feed NN

60 Backward | 0.3810 0.6823 0.3125  0.6575 0.4286  0.7366 0.4375 0.7215 0.7460 0.6854 0.6458  0.5939 0.7460  0.7620 0.6667  0.6707
Feed NN
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Table 9.3f: Machine Learning Results for Random State, RS, (65)

Random
State

65

65

65

65

65

65

65

65

65

65

ML Model

Random
Forest

SvC

Logistic
Regressio
n

Decision
Tree

K
Neighbors

Gradient
Boosting

Extra
Trees

MLP

Forward
Feed NN

Backward
Feed NN

Mode Imputation
80:20
Accuracy = AUC
Performanc
(3
0.3651  0.6700
0.4286 0.7266
0.3333 | 0.6891
0.2857  0.5369
0.2857  0.5976
0.3651  0.6185
0.2698 | 0.6952
0.3175  0.6046
0.3175 | 0.6046
0.4127  0.6634

70:15:15

Accuracy

0.3542
0.2708
0.3125
0.2292
0.1875
0.3542

0.2708

0.2708

0.3333

AUC
Performanc
e

0.6482

0.6661

0.6684

0.5541

0.5759

0.5758

0.6264

0.6295

0.6295

0.6714

KNN Imputation
80:20
Accuracy = AUC
Performanc
e
0.4127 | 0.7123
0.4127  0.7467
0.3651 | 0.6616
0.2857  0.5362
0.3651 | 0.6891
0.3651  0.6837
0.3651 | 0.7102
0.3968 0.6713
0.3968 | 0.6713
0.4286 0.6854

70:15:15

Accurac
y

0.3542

0.3542

0.3750

0.3125

0.2500

0.3125

0.3958

0.3750

AUC
Performanc
e

0.6644

0.6917

0.6370

0.5657

0.6055

0.6391

0.6193

0.6686

0.6686

0.6679

Mode Imputation
80:20
Accuracy AUC
Performanc
(3
0.7143 0.7010
0.7302 0.7524
0.7619 0.7548
0.6190 0.5927
0.7460 0.7225
0.7778 0.7093
0.7143 0.7452
0.7143 0.6890
0.7143 0.6890
0.7619 0.7978
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70:15:15

Accuracy

0.6458
0.6458
0.6667
0.6042
0.5625
0.6458
0.6458

0.5833

0.5833

0.6458

AUC
Performanc
e

0.5758

0.5939

0.6586

0.5485

0.5414

0.6020

0.6081

0.5455

0.5455

0.6404

KNN Imputation
80:20
Accuracy = AUC
Performanc
(3
0.7619  0.7339
0.7619  0.7835
0.77718  0.8062
0.6825  0.6531
0.7460  0.7404
0.7619  0.7524
0.7143  0.7398
0.6825  0.6734
0.6825  0.6734
0.7460  0.7895

70:15:15

Accuracy

0.6875

0.6667

0.5833
0.6458
0.6458
0.6667

0.6458

0.6458

AUC
Performance

0.5939
0.6263
0.6505
0.4970
0.6515
0.6626
0.5697

0.6182

0.6182

0.6242
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Table 9.3g: Machine Learning Results for Random State, RS, (70)

Mode Imputation KNN Imputation Mode Imputation KNN Imputation
80:20 70:15:15 80:20 70:15:15 80:20 70:15:15 80:20 70:15:15
Random ML Model Accuracy = AUC Accuracy AUC Accuracy = AUC Accurac | AUC Accuracy AUC Accuracy = AUC Accuracy = AUC Accuracy AUC
State Performanc Performanc Performanc |y Performanc Performanc Performanc Performanc Performance
€ € € € € € €

70 Random 04921 0.7518 0.3750 0.7039 0.3651 | 0.7198 0.3958 | 0.6925 0.6349 0.7530 0.7708 | 0.8364 0.7302 | 0.7775 0.7500  0.8343
Forest

70 SVC 0.4603  0.8130  0.4792 0.7687 0.4603  0.7924 04167 0.7463 0.7302 0.7548 07917 0.8121 0.7460  0.7990 0.7292  0.8040

70 Logistic  0.4286  0.7513 0.3750 0.7118 0.3968  0.7449 04167 0.7052 0.6984 0.7177 07917  0.8343 07460  0.7679 0.7292  0.8061
Regressio
n

70 Decision  0.3968  0.6174 0.3750 0.5912 0.3492  0.5932 0.2708  0.5402 0.5714 0.5437 0.6875  0.6818 0.6825  0.6232 0.6250  0.5818
Tree

70 K 0.3651  0.7406 0.4167 0.6804 0.4444  0.7176 0.3958  0.6586 0.6667 0.6878 0.7500 | 0.7788 0.7143 | 0.7530 07500  0.7929
Neighbors

70 Gradient  0.4286  0.7536 0.3750 0.6936 0.3492  0.7137 0.3125  0.7066 0.6508 0.7440 07917 0.8364 0.7302  0.7679 0.7292  0.8162
Boosting

70 Extra 0.4444  0.7417 0.3958 0.7194 0.3492  0.6756 0.3125  0.6643 0.6667 0.7584 0.7083 | 0.8182 0.7143 | 0.7392 0.7083  0.7919
Trees

70 MLP 0.4762  0.7607 0.3958 0.7032 0.4762  0.7409 0.4167 0.7035 0.5873 0.6926 0.7708  0.7717 0.6667  0.7703 0.6875  0.8061

70 Forward | 04762  0.7607 0.3958 0.7032 04762 0.7409 04167 0.7035 0.5873 0.6926 0.7708 | 0.7717 0.6667 | 0.7703 0.6875  0.8061
Feed NN

70 Backward | 0.4127  0.7108 0.3750 0.6992 0.4127  0.7436 0.3542  0.7117 0.6984 0.7464 0.7292  0.8424 0.6984  0.7799  0.7500  0.8162
Feed NN
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Table 9.3h:

Machine Learning Results for Random State, RS, (75)

Mode Imputation KNN Imputation Mode Imputation KNN Imputation
80:20 70:15:15 80:20 70:15:15 80:20 70:15:15 80:20 70:15:15
Random ML Model Accuracy = AUC Accuracy AUC Accuracy = AUC Accurac | AUC Accuracy AUC Accuracy AUC Accuracy AUC Accuracy AUC
State Performanc Performanc Performanc |y Performanc Performanc Performanc Performanc Performance
(3 (3 (3 (3 (3 (3 (3

75 Random  0.3968  0.7042 0.4583 0.6986 04444 0.7169 0.3125  0.6861 0.7619 0.8672 08125 08657 077718 08140 08333  0.8717
Forest

75 SVC 0.3492  0.7621 0.4167 0.7441 0.4127  0.7696 0.3750 0.7338 0.7460 0.8194 0.7708  0.8828 0.7302  0.8050 0.8125 0.9051

75 Logistic | 0.381  0.7381 0.3750 0.7130 04444 0.7527 0:3958 0.7190 0.6825 0.7943 0.7083  0.8182 0.7302  0.8493 0.7917  0.8566
Regressio
n

75 Decision  0.3175  0.5575 0.2708 0.5320 0.2222  0.5118 0.2292 0.5164 0.7302 0.7620 0.7083  0.6788 0.6984  0.6346 0.7292 0.6758
Tree

75 K 04286 0.6518 0.5833 0.7650 0.3175  0.6835 0.3333 | 0.6707 0.7302 0.7117 08125 0.8162 07778  0.7476 0.8125  0.8596
Neighbors

75 Gradient  0.3492  0.6822 0.4167 0.7039 0.4444 0.7180 0.3125  0.6298 0.7302 0.7883 0.7917  0.8505 0.6984  0.7644 0.7708 0.8727
Boosting

75 Extra 04286 0.6795 0.3958 0.6984 0.3810 | 0.699%4 0.3333 | 0.6678 0.7143 0.7709 0.7500 | 0.8788 0.6984  0.7554 0.7500 0.8596
Trees

75 MLP 0.3651  0.6908 0.3750 0.6429 0.3968  0.7049 0.2708 0.6236 0.6984 0.7990 0.7292  0.8505 0.7302  0.8230 0.8333 0.8828

75 Forward 0.3651 | 0.6908 0.3750 0.6429 0.3968 | 0.7049 0.2708  0.6236 0.6984 0.7990 0.7292 | 0.8505 0.7302  0.8230 0.8333 0.8828
Feed NN

75 Backward | 0.3651  0.7216 0.4583 0.7189 0.4127  0.7517 0.3750  0.6995 0.7302 0.8230 0.7708  0.8646 0.7619  0.8134 0.7917 0.8848
Feed NN
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Table 9.3i: Machine Learning Results for Random State, RS, (80)

Mode Imputation KNN Imputation Mode Imputation KNN Imputation
80:20 70:15:15 80:20 70:15:15 80:20 70:15:15 80:20 70:15:15

Random = ML Model Accuracy AUC Accuracy AUC Accuracy AUC Accuracy = AUC Accuracy AUC Accuracy AUC Accuracy AUC Accuracy AUC

State Performance Performance Performance Performance Performance Performance Performance Performance

80 Random 04603  0.7725 0.4792 0.7849 0.3175 | 0.7096 0.2917  0.7177 0.7460 0.7996 0.7500 0.7556 0.7460  0.8140 0.7500  0.8121
Forest

80 SvVC 0.3968  0.7712 0.3958 0.7769 0.3651  0.7912 0.5208  0.7696 0.7619 0.7811 0.7292  0.7293 0.7619  0.8026 0.7500  0.7596

80 Logistic  0.3651  0.7525 0.3958 0.7362 0.3492 | 0.7642 0.2292  0.6655 0.7302 0.8038 07500  0.7253 077718 0.8110 07708  0.7616
Regression

80 Decision  0.2698  0.5498 0.4167 0.6384 0.2540  0.5240 0.1875  0.4881 0.5873 0.5700 0.6458  0.5606 0.5397  0.5359 0.7083  0.6788
Tree

80 K 0.3810 | 0.6742 0.4375 0.6898 0.3810 | 0.6992 0.4375  0.7045 0.6825 0.7315 0.6875 | 0.7273 0.7619  0.7919 07708  0.7828
Neighbors

80 Gradient ~ 0.4127  0.7236 0.3958 0.7005 0.3016  0.6958 0.3333  0.6695 0.7302 0.8122 0.6875  0.7273 0.7460  0.7644 0.7292  0.7657
Boosting

80 Extra 0.4286 | 0.7224 0.5000 0.7593 0.3810 | 0.6849 0.3125  0.6994 0.7302 0.7972 0.7292 | 0.7364 0.7619  0.8008 0.7500  0.7586
Trees

80 MLP 0.4444  0.6864 0.3542 0.6707 0.3651  0.6750 0.3542  0.6469 0.6825 0.7787 0.6250  0.7455 0.7460  0.7811 0.7083  0.7354

80 Forward | 0.4444  0.6864 0.3542 0.6707 0.3651 | 0.6750 0.3542  0.6469 0.6825 0.7787 0.6250 | 0.7455 0.7460  0.7811 0.7083  0.7354
Feed NN

80 Backward  0.4127  0.7053 0.5208 0.7643 0.4286  0.7302 0.3333  0.6776 0.7302 0.7883 0.6667  0.7212 0.7619  0.8050 0.7292  0.7232
Feed NN
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Table 9.3j: Machine Learning Best Results Table for Random State, RS, (42-80) Iterations

Mode Imputation KNN Imputation Mode Imputation KNN Imputation
80:20 70:15:15 80:20 70:15:15 80:20 70:15:15 80:20 70:15:15
Random ML Model Accuracy = AUC Accuracy AUC Accuracy = AUC Accurac | AUC Accuracy AUC Accuracy = AUC Accuracy AUC Accuracy AUC
State Performanc Performanc Performanc vy Performanc Performanc Performanc Performanc Performance
(3 (3 (3 (3 (3 (3 (3
Best Rando | SVC, RS Random | Rando @ SVC, RS | SVC, SVC, RS | Logistic Backward Rando | Backward MLP, SVC, RS Gradient KN, RS 50
Results m 70 Forest, m 80 RS 80 | 80 Regression  Feed NN, m Feed NN, RS 45 50 Boosting
Forest, RS 80 Forest, ,RS 42 RS 42 Forest, = RS 50 ,RS50  0.9242
RS 70 RS 80 RS 50 Forward 0.8684

0.7849 0.8571 0.8971 0.9010  Feed 0.9167
04921 0.8130 04921 07912  0.5208 0.7696 0.8750 NN, RS

45

*Best results for Accuracy are highlighted in green and best AUC performance are highlighted in yellow.

25



Best Models from Multi-Class Classifications (Mode Missing Data Imputation)

Table 9.4a: Detailed Performance of models with high Accuracy (Multi-Classification, Mode Imputation, Splitting Ratio 80: 20)
Random | Model Train Train | Train F1 | Train Train | Train Support Test Test Test F1 | Accuracy | AUC Test Support Best Parameters
State Precision | Recall | Score Accuracy | AUC Precision | Recall | Score Performance
70 Random | 1 1 1 1 1 {'2". 76, '3". 58, '5" 0.3934 0.4407 | 0.4064 0.4921 0.7518 {'2':19,'3":15,'5": | {'n_estimators": 100,
Forest 42,'1':41,'4" 35} 10,'1": 10,'4": 9} | 'max_depth': None}
Table 9.4b: Detailed Performance of models with high AUC performance (Multi-Classification, Mode Imputation, Splitting Ratio 80: 20)
Random | Model Train Train | Train F1 | Train Train Train Support Test Test Test F1 | Accuracy | AUC Test Support Best
State Precision | Recall | Score Accuracy AUC Precision | Recall | Score Performance Parameters
70 SvC 0.7509 0.6643 | 0.6803 0.7063 0.9326 | {'2": 76, '3" 58, '5" 0.4978 04118 04114 0.4603 0.8130 {'2: 19, '3": 15, '5" | {'C" 1.0,
42,'1": 41,'4": 35} 10,'1": 10, '4": 9} 'kernel'": 'rtbf'}
Table 9.4c: Detailed Performance of models with high accuracy (Multi-Classification, Mode Imputation, Splitting Ratio 70:15:15)
Ran | Model | Trai | Train | Train | Train | Train Train Val Val Val Val Val Val Test Test Test Accurac | AUC Test Best Parameters
dom n Recall | F1 Accur | AUC Support Precisio | Recall | F1 Accura | AUC | Support Precision | Recall | F1 y Perfor | Support
State Prec Score | acy n Score | cy Score mance
ision
75 K 0.56 | 0.531 | 0.540 | 0.:545 | 0.8614 | {'2":66,'3" 0.266 0.279 ]0.262 | 0.2766 | 0.547 | {2" 14, 0.5983 0.550 |0.559 | 0.5833 0.765 {'2": 15, '3": | {'n_neighbors"
Neighb | 38 7 4 5 51, '5": 36, 5 7 2 '3 11, 3 6 11,'5":8,'1": | 5, 'weights':
ors '"1'": 36, '4" '5': 8, '1": 8,'4" 6} "uniform'}
31} 7,'4" 7}
Table 9.4d: Detailed Performance of models with high AUC performance (Multi-Classification, Mode Imputation, Splitting Ratio 70:15:15)
Rando | Model | Train Train | Trai | Train Trai | Train Val Val Val Val Val Val Test Test | Test | Accurac | AUC Test Best
m State Precisio | Recal | n F1 | Accurac | n Suppor Precisio | Recall | F1 Accurac | AUC | Suppor Precisio | Recall | F1 y Support | Parameters
Performanc
n 1 Scor |y AU |t n Score |y t n Score .
e C
80 Rando |1 1 1 1 1 {'2" 0.3236 | 0.304 | 0.300 | 0.3404 | 0.705 | {'2" 0.4634 | 0.447 |0.448 | 0.4792 0.7849 {'2": 15, | {'n_estimators
m 66, '3" 9 1 ] 14, '3" 7 4 3 1L, 100,
F ¢ 51, 'S": 11, 's": '1": 8, '5": | 'max_depth":
ores 36, '1"; 8, '4" 8,'4" 6} | None}
36, '4" 7, 1"
31} 7}
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Best Models from Multi-Class Classifications (KNN Missing Data Imputation)

Table 9.4e: Detailed Performance of models with high Accuracy (Multi-Classification, KNN Imputation, Splitting Ratio 80: 20)

Random Model Train Train | Train | Train Train AUC Train Support Test Test Test  F1 | Accuracy | AUC Test Support Best Parameters
State Precision | Recall | F1 Accuracy Precision | Recall | Score Performance
Score
60 Random 1 1 1 1 1 {'2": 76, '3": 58, '5" 0.5347 0.4657 |0.4811 0.4921 0.7698 {'2':19,'3": 15,'S": | {'n_estimators': 100,
Forest 42,'1": 41,'4": 35} 10,'1:10,'4": 9} | 'max_depth': None}
Table 9.4f: Detailed Performance of models with high AUC performance (Multi-Classification, KNN Imputation, Splitting Ratio 80: 20)
Random | Model Train Train | Train F1 | Train Train Train Support Test Test Test F1 | Accuracy | AUC Test Support Best Parameters
State Precision | Recall | Score Accuracy | AUC Precision | Recall | Score Performance
80 SvC 0.8044 0.7192 | 0.7454 0.75 0.9282 | {'2":76,'3":58,'5":42,'1": 41, 0.4185 0.3191 | 0.3088 0.3651 0.7912 {'2':19,'3"15,'5": | {'C": 1.0, 'kernel"
'4': 35} 10,'1": 10,'4": 9} | 'tbf'}
Table 9.4g: Detailed Performance of models with high accuracy (Multi-Classification, KNN Imputation, Splitting Ratio 70:15:15)
Ran | Model | Trai | Train | Train | Train | Train | Train Val Val Val Val Val Val Test Test Test F1 | Accuracy | AUC Test Best
dom n Recall | F1 Accur | AUC | Support Precis | Recall | F1 Accur | AUC | Support Precisio | Recall | Score Performance | Support | Parameters
State Prec Score | acy ion Score | acy n
ision
80 SvC 0.82 [0.743 | 0.768 | 0.768 |0.947 | {'2": 66, '3" 0.507 |0.347 |0.352 |0.383 |0.766 | {2 14, 0.7146 | 0.447 | 0.4737 0.5208 0.7696 {2'= 15, | {'C" 1.0,
06 2 3 2 9 51, 'S 36, 3 7 9 0 4 3 11, 6 '3 11, | 'kernel":
' 36, '4" 'S 8, '4" 1" 8, 'S": | 'rbf'}
31} 7,'1": 7} 8,'4" 6}
Table 9.4h: Detailed Performance of models with high AUC performance (Multi-Classification, KNN Imputation, Splitting Ratio 70:15:15)
Random | Model | Train Train | Train | Train Train | Train Val Val Val F1 | Val Val Val Test Test Test Accuracy | AUC Test Best
State Precision | Recall | F1 Accuracy | AUC | Support Precision | Recall | Score | Accuracy | AUC | Support Precision | Recall | F1 Performance | Support | Parameters
Score Score
80 SVC | 0.8206 0.7432 | 0.7683 | 0.7682 0.9479 | {'2": 66, 0.5073 0.3477 | 0.3529 | 0.383 0.7664 | {2 14, 0.7146 0.4476 | 0.4737 | 0.5208 0.7696 {2 15, | {'C"
'3 51, '3 11, '3": 11, '1": | 'kernel":
'S 36, 'S8, 8, 'S 8, | 'tbf'}
"' 36, ‘47, '4': 6}
'4': 31} "1 7}
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Best Models from Binary Classifications (Mode Missing Data Imputation)

Table 9.5a: Detailed Performance of models with high accuracy result (Binary Classification, Mode Imputation, Splitting Ratio 80:20)

Random | Model Train Train Train F1 | Train Train AUC | Train Support Test Test Test F1 | Accuracy | AUC Test Support | Best Parameters
State Precision | Recall Score Accuracy Precision | Recall | Score Performance
42 Logistic 0.7193 0.5325 0.6119 0.7937 0.8299 {0: 175, 1: 77} 0.8125 0.6842 | 0.7429 | 0.8571 0.8469 {0:44,1: 19} | {'C" 1.0, 'solver": 'Ibfgs'}
Regression
Table 9.5b: Detailed Performance of models with high AUC performance (Binary Classification, Mode Imputation, Splitting Ratio 80:20)
Random | Model Train Train | Train F1 | Train Train Train Test Test Test  F1 | Accuracy | AUC Test Support | Best Parameters
State Precision | Recall | Score Accuracy | AUC Support Precision | Recall Score Performance
42 Backward 1 1 1 1 1 {0: 175, 0.7647 0.6842 0.7222 0.8413 0.8971 {0:44,1: 19} | {'hidden_layer sizes": (100,), 'activation":
Feed NN 1: 77} 'tanh’, 'solver": 'adam'}
Table 9.5¢: Detailed Performance of models with high accuracy result (Binary Classification, Mode Imputation, Splitting Ratio 70:15:15)
Rando | Model | Train Train | Trai | Train Trai | Train Val Val Val Val Val Val Test Test | Test | Accurac | AUC Test Best Parameters
m State Precisio | Recal | n F1 | Accurac | n Suppor Precisio | Recal | F1 Accurac | AUC | Suppor Precisio | Recal | Fl y Performanc | Suppor
n 1 Scor |y AU |t n 1 Score |y t n 1 Score e t
e C
50 Rando |1 1 1 1 1 {0: 0.6 0.214 | 0.315 | 0.7234 | 0.800 | {0: 33, 0.8462 | 0.733 | 0.785 | 0.8750 | 0.8889 {0: 33, | {'n_estimators"
m 153, 1: 3 8 9 1: 14} 3 7 1: 15} | 100, 'max_depth"
Forest 67} None}
Table 9.5d: Detailed Performance of models with high AUC performance (Binary Classification, Mode Imputation, Splitting Ratio 70:15:15)
Rando | Model Train Train | Train | Train Trai | Train Val Val Val | Val Val Val Test Test | Test | Accurac | AUC Test Best Parameters
m State Precisio | Recal | F1 Accurac | n Suppor Precisio | Recal | F1 Accurac | AUC | Suppor | | Precisio | Recal | F1 y Performanc | Suppor
n 1 Score |y AU |t n 1 Scor |y t n 1 Scor e t
C e e
50 Backwar | 1 1 1 1 1 {0: 0.6364 | 0.5 0.56 |0.766 0.759 | {0: 33, 0.7059 0.8 0.75 |0.8333 | 0.9010 {0: 33, | {'hidden_layer sizes
d 153, 1: 7 1: 14} 1: 15} | " (100,), 'activation":
Feed NN 67} 'tanh’, 'solver":
'adam'}
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Best Models from Binary Classifications (KNN Missing Data Imputation)

Table 9.5e: Detailed Performance of models with high accuracy result (Binary Classification, KNN Imputation, Splitting Ratio 80:20)

Random | Model Train Train | Train | Train Train | Train Support Test Test Test Accuracy | AUC Test Best Parameters
State Precision | Recall | F1 Accuracy | AUC Precision | Recall | F1 Performance | Support
Score Score
45 MLP 1 1 1 1 1 {0: 175, 1: 77} 0.8235 0.7368 | 0.7778 | 0.8730 0.8313 {0: 44, 1: | {'hidden layer sizes': (100,), ‘'activation':
19} 'relu’, 'solver': 'adam'}
45 Forward Feed | 1 1 1 1 1 {0: 175, 1: 77} 0.8235 0.7368 |0.7778 | 0.8730 0.8313 {0: 44, 1: | {'hidden layer sizes: (100,), ‘'activation':
NN 19} 'relu’, 'solver': 'adam'}
Table 9.5f: Detailed Performance of models with high AUC performance (Binary Classification, KNN Imputation, Splitting Ratio 80:20)
Random | Model Train Train | Train Train Train | Train Support Test Test Test Accuracy | AUC Test Best Parameters
State Precision | Recall | F1 Accuracy | AUC Precision | Recall | F1 Support
Performance
Score Score
50 SvC 0.8769 0.7403 | 0.8028 | 0.8889 0.9567 | {0: 175, 1: 77} 0.6923 0.4737 |0.5625 | 0.7778 0.8684 {0: 44, 1:| {'C" 1.0, 'kernel': 'tbf'}
19}
Table 9.5g: Detailed Performance of models with high accuracy (Binary Classification, KNN Imputation, Splitting Ratio 70:15:15)
Rando | Model | Train Train | Train | Train Train | Train Val Val Val Val Val | Val Test Test | Test | Accurac | AUC Test Best Parameters
m State Precisio | Recal | F1 Accurac | AUC | Suppor Precisio | Recal | F1 Accurac | AU | Suppor | | Precisio | Recal | F1 y Performanc | Suppor
n 1 Score |y t n 1 Score |y C t n 1 Score e t
50 Gradien | 0.9706 | 0.985 | 0.977 | 0.9864 |0.997 | {0: 0.5833 | 0.5 0.538 | 0.7447 | 0.68 | {0: 33, 0.8667 | 0.866 |0.866 |0.9167 |0.9172 {0: 33, | {'n_estimators":
t 1 8 2 153, 1: 5 4 1: 14} 7 7 1: 15} | 100,
Boostin 67} 'learning_rate":
g 0.1, 'max_depth"
3}
Table 9.5h: Detailed Performance of models with high AUC performance (Binary Classification, KNN Imputation, Splitting Ratio 70:15:15)
Rando | Model Train Train | Trai | Train Train | Train Val Val Val Val Val Val Test Test | Test | Accurac | AUC Test Best
m State Precisio | Recal | n F1 | Accurac | AUC | Suppo Precisio | Recal | F1 Accurac | AUC | Suppor Precisio | Recal | F1 y Support | Parameters
Performan
n 1 Scor |y rt n 1 Score |y t n 1 Score co
e
50 KNeighbo | 0.7586 | 0.656 | 0.70 | 0.8318 | 0.880 | {0: 0.75 0.642 | 0.692 | 0.8298 | 0.745 | {0: 33, 0.8 0.800 | 0.800 | 0.8750 | 0.9242 {0: 33, 1: | {'n_neighbors"
rs 7 4 2 153, 1: 9 3 ] 1: 14} 0 0 15} 5, 'weights':
67} 'uniform'}
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