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Plan prezentaci

- Opis problemu - geneza tematu

- Propozycja rozwigzania spoza dziedziny uczenia gtebokiego
. Studium przypadku - rezultaty obliczen

- Poréwnanie ze standardowg metoda uczenia gtebokiego

- Przyktady innych zastosowan przedstawionych koncepg;ji




Height Weight LDL cholesterol HDL cholesterol Total cholesterol CRP ultrasensitive Age Gender Hypertension Diabetes mellitus Healthy BMI

653 177 94 76 25 124 1804 83 Male Yes Yes No 30.0
594 169 71 81 64 169 272 76 Male Yes No No 249
Pro e I I I 218 172 72 193 37 248 1631 71 Male No No Yes 243
155 158 80 64 28 127 191 82 Female Yes Yes No 320

This is a database that stores
the data of my patients, but
you cannot access them.

| can design and develop an ML
solution for you, but | need your
data to train models.




Credible fake dataset

THE SYNTHETIC DATA VAULT

CTGAN

Soft Wae

Sonthkage

age trestbps chol thalach oldpeak target

0 72 164 248 122 11 1

1 85 181 234 161 07 0

2 60 163 341 136 31 0

3 63 143 207 138 21 0

4 68 148 212 168 08 1
99995 66 122 235 180 0.1 1
99996 51 105 208 132 23 1
99997 57 126 196 163 0.0 0
99998 46 114 218 105 18 0
99999 54 126 253 179 01 1




Case study

D
INSTYTUT O

UNIWERSYTETU
. == | MEDYCZNEGO
CHOROB SERCA | WEWROCtAWIU

Centre for Heart Diseases

THE CENTER FOR HEART DISEASES AT THE UNIVERSITY HOSPITAL IN WROCLAW — A LEADING CENTER INTEGRATING THE WORK OF
CARDIOLOGISTS AND CARDIAC SURGEONS, OFFERING A FULL PROFILE OF CARDIOVASCULAR THERAPY FOR ADULTS AROUND THE CLOCK.


https://instytut.umw.edu.pl/en/

Dataset

653

594

218

155

448

394

244

443

439

601

203

35

503

94

Height Weight

177

169

172

158

164

160

158

175

175

170

178

180

167

178

94

71

72

80

110

68

72

70

68

87

100

87

62

90

LDL cholesterol

76

81

193

64

120

125

76

70

90

41

100

178

86

202

HDL cholesterol

25

64

37

28

37

42

38

43

18

24

29

48

44

87

Total cholesterol

124

169

248

127

172

194

141

126

128

80

148

273

149

315

CRP ultrasensitive Age Gender

18.04

2.72

16.31

1.91

10.98

17.36

3.67

16.47

439

2043

149.17

5.71

2.15

0.84

83

76

71

82

77

69

78

64

65

71

69

48

69

62

Male
Male
Male
Female
Female
Female
Female
Male
Male
Male
Male
Male
Male

Male

Hypertension
Yes
Yes
No
Yes
Yes
Yes
No
Yes
No
Yes
Yes
No
Yes

Yes

Diabetes mellitus

Yes

No

No

Yes

No

No

No

No

No

Yes

Yes

Yes

No

Yes

Healthy
No
No
Yes
No
No
No
Yes
No
Yes
No
No
No
No

No

BMI

30.0

24.9

24.3

32.0

40.9

26.6

28.8

22.9

22.2

30.1

31.6

26.9

22.2

284




710 patients out of 1068
10 variables out of 39
2 variables are dummy

Dataset

Feature name type range

Height numerical (142,200)

Weight numerical (36.4, 198)

LDL cholesterol numerical (8,226)

HDL cholesterol numerical (8,121)

Total cholesterol numerical (51,368)

CRP ultrasensitive numerical (0.08,263.77)

Age numerical (24,97)

Gender categorical {Female: 33%, Male: 67% )}
Hypertension categorical {Yes: 74%, No: 26% }

Diabetes mellitus
BMI
Healthy

categorical
numerical, dummy
categorical, dummy

{Yes: 44%, No: 56% }
(11.95,70.15)
{Yes: 18%, No: 82% }




CTGAN

Conditional Tabular Generative Adversarial Networks

[ sample column ¢ ]
12
[ sample value v for x_ ]
Select from Select a category ]
D, and D, o from D, o @ @@ @@ z ~ NoO,1) retrieve Condition: x_ = v z~NO,1)
U 71 ] L mm e T —— /
. D D .I 1
Say D, is selected Say category 1 is selected ! 2 : \: | Conditional
: : i Gen?‘ator
Pick a row from T,;,, with D, = 1 / Generator §(.) / : ¥
rain 2 | : record with x = v : : generated record
§||||||'\;||||||
A A A A A A 1
a1,j B'l,jaQ,jﬁZ,j d1,jd2,j O(HBH az,jﬁzj d1,jd2,j '
|
1
1
1
1

~ Critic C(.
~ daltacebo ‘ () '\\ only used in training (real or fake) /I'
Score
Borisov, V., Leemann, T., SeBler, K., Haug, J., Pawelczyk, M., &
Kasneci, G.(2022). Deep neural networks and tabular data:

The Synthetic Data Vault Asurvey. IEEE Transactions on Neural Networks and Learning
Systems.

Xu, L., Skoularidou, M., Cuesta-Infante, A., & Veeramachaneni, K. (2019). Modeling tabular data using conditional gan.
Advances in neural information processing systems, 32.


https://sdv.dev/SDV/index.html

PROPOSED
SOLUTION

Composite SDG

Ingredients

Multidimensional Scaling
Kernel Density Estimator
Support Vector Machines

Random Forests




‘The role of a latent space

Original data, Latent space Synthetic data

Projection Sampling+ Decoding

P roccire SEITPY mociee <




Multidimensional scaling — MDS

N

N
E)?:Z

m=1n=1

Dmn _

Height Weight LDL cholesterol HDL cholesterol
653 177 94 76 25
594 169 7 81 64
218 172 72 193 37
1.00 Ce
351 0.75
|
307 B £ | 0.50
25 l ‘ 025 D °
207
X3 5 Y2 000
107 b 02 | @B
05 . % -050
0.0 * - ~
0.0 & 000 -0.75
05 < 025 oA
10 > o730 -1.00
15 1.00 -15 -10 05 00 05 10
X2 20 ) »';71501'25)(1
30200 Y1
[E Di ¢ in Original Space (3-dimensions) [ Eucli in Lower Di (2
L a [ B C D Entity LA [ B C D Entity
| 169 2.53 2.20 A |17 2.53 2.20 A
2.66 261 B 2.67 259 B
0.82 C 0.82 C
D D

124 18.04 83 Male Yes
169 202 5 Male Yes
248 16.31 71 Male No
Energetic
Sca.red
Chilliy i
- L] Horrified Gratified Enjoyable
Temsed Creepy . Fantastic
ol
" Fearsome : p
Disgusted n Pipdied Excited pjeasant|
Omlngus Cn‘el Funny
Happy
Outraged Ecstatic
Furﬁ)us T m Sweet
Awesome Wonderful
L]
Unfortunate
2 Great
Heartbroken Tou:hung N
Sad Pitiful Calm Impr:ssed

¥ Drows!
Mournful Lonely Bo;ed w

Total cholesterol CRP ultrasensitive Age Gender Hypertension Diabetes mellitus

Yes
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BMI
30.0
24.9

24.3

1.41
0.91

[ 0.87
—0.81

0.37
0.22

|

1 09 08 07 06 05 04 03 02 O1 O 01 02 03 04 05 06 07 08 09 1

Happy M Surprise M Boring Sad M Anger M Disgust M Fear



Probabilistic model operating in a latent space

P
Original Data encoded KDE based
MDS : >
data, in latent space generator
G
Projection Estimation of PDF

F(x) = %ZK(X—XZ-)
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Decoding a latent space sample to its full form

Decoder: Random
Forest regression

(1)

(D)

Decoder: Random \/—7 num

Forest regression

num
Decoder: Random h /

Forest regression ) Synthetic record

Sample

Decoders




Decoders

Support
vectors

Support Vector Machine
for Classification

Training Data

sample and feature baggmg]

//\

Tree 1

Tree 2

\
/

\ J

\

|

i

mean in regression or majority vote in clas&ﬁcatlonJ

|

https://tikz.net/random-forest/

Random Forest Regression



https://tikz.net/random-forest/

Decoders

Kernel SVM

o() g(X) =2 Ay n 0'(X,) 9(X) + wy

K(x,, X)) = 01 (X,) (X))




(Generation of synthetic records

KDE based
generator

— Decoders }

~
Synthetic
record
Synthetic Synthetic
record dataset
Synthetic
record




https://github.com/jdrapala/Composite SDG

Results obtained for
the cardiological
dataset

https://kacperswirkula.pythonanywhere

.com/

login: zpi / hasto: zpi



https://github.com/jdrapala/CompositeSDG
https://kacperswirkula.pythonanywhere.com/

[Latent space representation of dataset
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Dist_matrix = pairwise_distances(df_dataset_scaled, metric='cosine")

projected _data = MDS(n_components=2, dissimilarity='precomputed', normalized stress='auto').fit transform(Dist matrix)




Kernel Density .

S stimator — KD.

(-~

Original data in latent space

Samples from the distribution
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Performance of decoders — numerical

prediction

prediction
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Performance of decoders — numerical

LDL cholesterol
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True label

Pertormance of decoders — categorical

Hypertension

No

Yes

No Yes
Predicted label

40

30

20

10

True label

No

Yes

Diabetes mellitus

No Yes
Predicted label

True label

No

Yes

Healthy

No Yes
Predicted label

True label

Male

Female

Male
Predicted label

Gender

Female

model=SVC()



Composite SDG vs
CTGAN




Joint distribution

10 sec 50 sec
Original data Synthetic data Synthetic data - CTGAN
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ct = ctgan.CTGAN(epochs=20000)




Joint distribution
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Distributions
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Distributions
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Correlations

Composite SDG
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Correlations

CTGAN 30 min

Height (con)

Weight (con)

LDL cholesterol (con)
HDL cholesterol {con)
Total cholesteral (con)
CRP ultrasensitive (con)
Age (con)

Gender (nom)
Hypertension (nom)
Diabetes mellitus (nom)
Healthy (nom)

BMI (con)

Height (con)

LDL cholesterol (con)

HDL cholesterol (con)

Total cholesterol (con)

Real

CRP ultrasensitive (con)

Age (con)

Gender (nom)

Hypertension (nom)

Diabetes mellitus (nom)

Healthy (nom)

BMI (con)

=0.25

—=0.00

- —0.25

—0.50

—0.75

—1.00

Height (con)

Weight (con)

LDL cholesterol (con)
HDL cholesterol {con)
Total cholesterol (con)
CRP ultrasensitive (con)
Age (con)

Gender {nom)
Hypertension (nom)
Diabetes mellitus {nom)
Healthy (nom)

BMI (con)

Height (con)

LDL cholesterol (con)

HDL cholesterol (con)

Total cholesterol (con)

Fake

CRP ultrasensitive (con)

Age (con)

Gender (nom)

Hypertension (nom)

Diabetes mellitus (nom)

Healthy (nom)

BMI (con)

=0.25

—0.00

- —0.25

—0.50

—0.75

—1.00

Height (con)

Weight (con)

LDL cholesterol (con)
HDL cholesterol (con)
Total cholesterol (con)
CRP ultrasensitive (con)
Age (con)

Gender (nom)
Hypertension (nom)
Diabetes mellitus (nom)

Healthy (nom)

Difference

oo [

Height (con

Weight (con
LDL cholesterol (con)
HDL cholesterol (con)
Total cholesterol (con)

CRP ultrasensitive (con)

Age (con)

Gender (nom)

Hypertension (nom)

Diabetes mellitus (nom)

Healthy (nom)

BMI (con)

0.20

0.15

=0.10

= 0.05

= 0.00




Reconstruction of dummy variables
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fake data mean (log)
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Mode collapse?
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Highlights

A new generative model was developed using only classical machine learning methods

It is easier to customize than solutions based on deep learning

't better captures the statistical relationships between variables of mixed types

Note: The case analysis presented should be extended to verify the above statements
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Other use cases
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