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Types of Machine Learning
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Binary Decision Tree (EDT)
Maive Bayesian Classifier

MNeural Metwork (MNN)
Convolutional NM (CNN)
Support Venctor Machine (SVM)
Random Forest

Recurrent NN (RNM)

NN

Random Forest

Deep Q Metworks
Double Q-learning
Prioritized experience replay

Stacked Auto-Encoder

Local Linear Embedding
Auto-Associate NN

CMNN

DBN

K-Means

Gaussian Mixture

Kernel Densitiy

Deep Boltzman Machine

Generalized Denoising Auto-Encoders
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Deep Learning

Artificial Neural Network (ANN) = Neural Network (NN)

Deep neural network

Input layer Multiple hidden layers Output layer

axon

%%
O

. terminals : ¢
Il’\1 \ Y,
A
O OO
- out ' X
OO0
in_
Perceptron

By Geoffrey Hinton
5 YUNoO



Designing a Learning System = Modeling

y=ax+Db
“Training — Validation (Development) — Test ”

1. Problem Description

2. Choosing the Data (Parameter)

3. Choosing the Target Function

4. Choosing the Learning Architecture
5. Choosing the Learning Algorithm

6. Final Design (Hyperparameter)
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ML in In Medicine

“Training — Validation (Development) — Test “

External
Validation

Internal
Validation

Single Center Multi Center
Yoo



Medical Image on PACS
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Voxel with various signals

What's going on in tissue

What's actually displayed
Pixel with averaged signal
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ECG data & analysis



ECG is already Digitalized

What you see is PDF or JPEG on PACS or EMR
MUSE stores ECG raw data (XML, HL7)

A. Raw data - B. Baseline fitting - C. Scale adjustment - D. Linear interpolation
I
Ao a—
A
’\ 1mV+ 25—

X 30 X 41 41 42 X 40 41 42 X 40 41 42
y-200 | | ¥y-210 -211 -209 y =10 =11 -9 y -0.36 -0.39 -0.32 Y -0.34 -0.36 - -0.32 -0.32

Division : ; .
Subtraction T Tq Equidistant time series data (500 Hz)




XML data

<RestingECG>

<PatientDemographics> CQAJAAKACAATAAgACAATAAgACAATAAACAAHAACACAATAAgACAATAAYABZAHAAEACAAH

11

<PatientID>227764</PatientID>
<PatientAge>72</PatientAge>
<AgeUnits>YEARS</AgeUnits>
<Gender>FEMALE</Gender>
<Race>ASIAN</Race>
</PatientDemographics>

<TestDemographics>

<DataType>RESTING< /DataType>
<Status>UNCONFIRMED</Status>
<AcquisitionTime>11:33:57</AcquisitionTime>
<AcquisitionDate>86-19-2019</AcquisitionDate>
</TestDemographics>

<LeadData>

<LeadByteCountTotal>1200</LeadByteCountTotal>
<LeadTimeOffset>0</LeadTimeOffset>
<LeadSampleCountTotal>600</LeadSampleCountTotal>
<LeadAmplitudeUnitsPerBit>4.88</LeadAmplitudeUnitsPerBit>
<LeadAmplitudeUnits>MICROVOLTS</LeadAmplitudeUnits>
<LeadHighLimit>32767</LeadHighLimit>
<LeadLowLimit>-32768</LeadLowLimit>
<LeadID>II</LeadID>
<LeadOffsetFirstSample>@</LeadOffsetFirstSample>
<FirstSampleBaseline>0</FirstSampleBaseline>
<LeadSampleSize>2</LeadSampleSize>
<LeadOff>FALSE</LeadOff>
<BaselineSway>FALSE</BaselineSway>
<LeadDataCRC32>680213310</LeadDataCRC32>
<WaveFormData>

AACACAATIAACABEAGAAgACAATAAgABEAGAACABWAGAAYABZAHAACABEAGAAYABEAGAAQA
BAAFAAUABAAEAAQABQAFAAUABQAFAAUABQAEAAQABAADAAMAAWADAATAAGACAAMABAAE
AAQABAAEAAEAAQAEAAQAAWACAAIAAZACAAIAAGACAAIAAWADAAMAAWADAATAAgADAAMA
AgACAATAAQABAAMAAWADAATAAgACAATAAZACAATAAgACAATAAQABAAEAAQADAAMAAQAB
AAEAAgACAATAAgACAATABAAEAAMA/ /8BAAMAAWADAAMAAWACAATAAGACAATAAZABAAEA
BQAFAAMAAQABAAMABAAEAAEAAQACAAIABAAEAAMAAWADAAMAAWADAAMAAEACAAQABAAD
AAEAAQACAATAAACAAIAAgACAATAAZACAAMAAWADAATAAgACAAMAAWACAATAAEABAAEA
AgACAATAAZABAAAAAAAAAAAAAAABAAMAAQABAAEAAQAAAAAAAZACAATAAZAGAAOAEAAY
ACEALAA7AE4AYABXAIEAIwCPAIQAMWCWAHSAXEBEADMAHQAFAPN/9//3/ /f/+/8CAAUA
BWAHAACABAD/ /WEAAQABAAAA/// / /WAAAAABAAEAAQABAAEAAQABAP/ / AQABAAIAAEAC
AAEAAQABAAEAAZACAAEAAQABAAAAAAABAATAAgACAAEAAQABAATAAZADAAMAAWADAAMA
AWADAATAAgACAATAAgACAATAAQABAAEABAAEAATAAgACAAAAAAABAATAAZACAATAAEAC
AAMAAWADAAMAAWAFAAUABQAEAATIAAZADAAQABQAFAAQABAAEAAQABAAEAAQABAAFAAUA
BQAFAAUABZAGAAYABQAFAAUACAAGAAQABZAGAAYABZAHAAKACQAHAAKACWAIAAZACEAK
AAOACgANAASACWALAACACEAMAAWADAANAAAADEAOAAAAEAANAABGADEZAQABAADWAPABAA
EAAQABAAEAAQABAAESATABMAEQARABAAEAAQABAAEAAQAABADWARABIAEZARABEAEQAS
ABIAEAAQABAAEAAQABAAEAAQABAAEAAOAAAADEANAARADAALAASACWALAASACWALAAKA
CQAJAAKACQALAAWADAANAAAADEAOAASACWALAASACWAMAAWACWALAASACWALAASACEAT
AAgACQAJAACACZAIAACACEAKAADACQATAAZACAATAAKACQATAAZACQATAAYABZAHAAKA
CQAIAAgACAATIAAGABZAGAAZACAATAAGACAATAAGACAATAAYABZATAAZACAATAAEACQAT
AAgACAATAAZACAAIAAZACAATAAKACQAHAACABWATAAGACAATAAZACAATIAAGACAATAAZA
CAAGAAYACAATAAYABgAIAAgABWAHAACABWAIAAgACAAHAACABWAHAAEACAAKAAOACEAK
AAOACEALAASACWALAASACWALAASADAAMAAWA
</WaveFormData>

vounao



Inference

X

XML data

CQAJAAKACAATAAEACAATAAGACAATAAEACAAHAACACAATAAEACAATAAYABEAHAAGACAAH
AdcACA/ I - 5 A\ CAAIAAZABEAGAACABWAGAAYABZAHAACABEAGAAYABZAGAAQA
BAAFAAUABAAEAAQABQAFAAUABQAFAAUABQAEAAQABAADAAMAAWADAATAAZACAAMABAAE
AAQABAAEAAEAAQAEAAQAAWACAAT AAgACAATAAZACAATAAWADAAMAAWADAATAAgADAAMA
AgACAATAAQABAAMAAWADAATAAEACAATAAgACAATAAZ A £ A AQADAAMAAQAB
AAEAAEACAATAAZACAATABAAEAAMA/ /8BAAMAAWADAAMAAWACAATAAZACAATAAGABAAEA
BQAFAAMAAQABAAMABAAEAAEAAQACAATABAAEAAMAAWADAAMAAWADAAMAAZACAAQABAAD
AAEAAQACAATAAgACAATAAEACAATAAgACAAMAAWADAATAAGACAAMAAWACAATAAGABAAEA
AgACAATAAZABAAAAAAAAAAAAAAABAAMAAQABAAEAAQAAAAAAAZACAATAAEAGAAOAEAAY
ACEALAA7AE4AYABXAIEAIWCPAIQAMWCWAHSAXgBEADMAHQAFAPN/9//3/ /f/+/8CAAUA
BWAHAACABAD/ /WEAAQABAAAA// / / /wAAAAABAAEAAQABAAEAAQABAP / / AQABAATAAEAC
AAEAAQABAAEAAgACAAEAAQABAAAAAAABAATAAGACAAEAAQABAATAAgADAAMAAWADAAMA
AWADAATAAgACAATIAAgACAATAAQABAAEABAAEAATAAGACAAAAAAABAATAAEACAATAAEAC
AAMAAWADAAMAAWAFAAUABQAEAAT AAgADAAQABQAFAAQABAAEAAQAI - F AAUA
BQAFAAUABgAGAAYABQAFAAUACAAGAAQABEAGAAYABgAHAAKACQAHAAKACWATAAZACEAK
AACACZANAASACWALAACACZAMAAWADAANAAGADEACAALAEAANAAGADEAQABAADWAPABAA
EAAQABAAEAAQABAANI R ABAAEAAQABAAEAAQAASADWARABIAEGARABEAEQAS
ABIAEAAQABAAEAAQABAAEAAQABAAEAAOAA4ADEANAABADAALAASACWALAASACWALAAKA
CQAJAAKACQALAAWADAANAALADEAOAASACWALAASACWAMAAWACWAL AAS ACWALAASACEAT
AAgACQAIAAOACEATAACACEAKAACACQATAAZACAA . ¢~ CQATAAYABZAHAAKA
CQAIAAgACAAIAAEABEAGAAgACAATAAEACAATAAGACAATAAYABEATAAgACAATAAEACQAT
AAgACAATAAZACAATAAEACAAT AAKACQAHAACABWATAAGACAATAAgACAATAAEACAATAAGA
CAAGAAYACAAIAAYABEAIAAgABWAHAACABWATAAgACAAHAACABWAHAAZACAAKAADACEAK
AACACEALAASACWALAASACWALAASADAAMAAWA
</WaveFormData>

y=ax+Db
Model (Code)

def model fn (params):
inputs = tf.keras.Input(name="waveform')

x = layers.Conv2D(
filter==64,
kernel_size=3,
strides=1,
padding="SAME",
use_bias=False,
kernel_initializer="he_normal’)(x)
x = layers.BatchMormalization() (x)
x = layers.Activation( relu’)(x)

x = block(Be4)(x)
x = block(B4)(x)

x = block(128, upscale=True)(x)
x = block(128)(x)
x = block(128)(x)

x = block(256, upscale=True)(x)
x = block(256)(x)
x = block(256)(x)

x = layers.GlobalAveragePooling2D() (x)

model = tf.keras.Model(inputs=inputs, outputs=outputs)

model . summary ()

model spec[ 'model’] = model
model spec[ 'loss'] = get_less(params)
model spec[ ‘optimizer’] = get_optimizer(params)

model _spec = {}
od
0Ss

return x, model_spec

y
Output

0~1
Probability
With cut-off

MODEL_OUTPUT

0.655296028
0.542461872

0.644664586

0.902734876
0.801081657

0.576097906

0.660251319
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Performance of Model

Confusion Matrix

Actual Positive
Model Positive TP
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Model Negative

Actual Negative
FP (type | error)

FN (type 2 error) TN

N TP
Sensitivity, Recall (K o1 = _—
L ( ) TP + FN

pe s TN
Specificity —
FP+TN

TP
PPV, Precision (& 2 ) _—
TP + FP

TN
NPV — o
TN + FN

F1 (S E , Precision x Recall _ 2TP

Precision + Recall  2TP+FP+ FN

Accuracy

TP+TN
TP+ FP+FN+TN

vounao



Data Imbalance matters

TP+TN
Accuracy =
TP+FP+FN+TN
2TP
F1 score =
2TP+FP+ FN

Ex. Glioblastoma prevalence : 0.003%

Confusion Matrix

Actual Positive Actual Negative
Model Positive 0 (TP) O(FP)
Model Negative 3(FN) 100,000(TN)
i . 100,000
Glioblastoma prediction Accuracy = 0003

Glioblastoma F1 score = g = 0%

14

= 99.99%
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Recall (Sensitivity) vs Precision (PPV)

Trade-off exist !
ROC is not sufficient !

Sensitivity

—— Excellent
Fair
—— Worth ess

AN

Sensitivity

15

1-Specificity

AUROC

Precision

1-Specificity

Recall



Trade-off between Accuracy & Interpretability

XAl's future

research arena

“Al is Black Box”

L ow

Low High u%‘w

Model interpretability
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Explainable Al, is it possible?

What you see is, what you know !
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Multi-label
Image
Classification
System

— [ Heart failure ]
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How ECG Al works?



Amount of Information

Computer Vvs. Human

Amount of information is 12L x 10sec = 120
Considering augmented lead, total information would be 90 Amount of information is 30

10 vounao



More Data = For a feature =2 More accurate mean value

Normal Distribution
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More Data = More features

Rare feature could be retained.
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Empirical Risk Minimization : Goal of ML

Remp(h) ==, L(h(x,), Yi)

XML data Ground Truth
=TS

oo Loss Function : 2 & 1} Ground Truth2t2| X}O|
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The more information, the better performance?

Machine Learning Algorithm Performance

0,75
- o =~ (Clean Data

— —+— Noisy Data

Accuracy (mAP)

250 500 750 1000 1250 1500
Number of training examples
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