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- Annual Geriatric Health Examination, Taipei

& 102,258 participants (65+) with 262,424 records (2005 - 2010)

& 7.4% has Cause of Death code (ICD 9/ ICD 10)

& 136(89) features extracted

Type Category Attribute (example)
Patient Profile Demographics | age, marital status, gender, education level, residential suburb

Habits reasons-for-taking-medicine, smoking, drinking, exercise, drink-milk, eat-
vegetable, clean-teeth

Biochemical | glu-ac, total cholesterol (tcho), thyroglobulin (tg), got, gpt, albumin (alb), thyroid
Lab Tests stimulating hormone (tsh)

Blood red blood cell, white blood cell, plate, hematocrit (hct), mean corpuscular
volume (mev), mean corpuscular hemoglobin (mch), alpha-fetoprotein (afp),
hemaoglobin (hb)

Urine outlook, ph, protein, sugar, blood, red blood cell, white blood cell, pus cell,
epithelium cell, casts

Other faecal occult blood test (fobt)

Examinations Physical r;ci:ght, height, waist, systolic blood pressure, diastolic blood pressure, pulse
External neck, chest, heart, breast, abdomen, back, rectum, limbs, prostate
Other X-ray, EKG, cervical smear, abdominal ultrasound
Mental Health BSRS 5 questions regarding nervousness, anger, depression, comparison with others,
and sleep
Cognitive Function SPMSQ 10 questions, e.g., current date, day of the week, where the person is situated,

home address, age, year of birth, etc.
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i Take Health Data :
Population , Examination Preprocessing Sl sl
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E ) f i ST '
e T GME COD
Database Database

PHI

PHI Prediction Framework
L

PHI E>

Representation\ \ Feature ———
Extraction Selection Fidsslication Calibratio

Chen, L., Li, X., Wang, S., Hu, H. Y., Huang, N., Sheng, Q. Z., & Sharaf, M. (2014). Mining Personal Health Index from Annual Geriatic Medical Examinations. Proceedings - IEEE International
Conference on Data Mining, ICDM, 761-766.
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Taking Examination | Data Pre-processing \‘, ! Feature Extraction \‘,
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Ea \ T v iws ) Temporal weighting )

COD database ] Model Learning with Uncertainty \" < 1 ‘6() L>

K disease category grouping Learning K models

: Personal Health Index
: (PHI)

—— -
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Chen, L., Li, X,, Yang, Y., Kurniawati, H., Sheng, Q. Z., Hu, H. Y., & Huang, N. (2016). Personal health indexing based on medical examinations: A data mining approach. Decision Support Systems,
81, 54-65. IF:5.420
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Construction :
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GHE Database

@Q

COD Database AE]E' ' Classify ' ég

High risk at disease i

Recordsof a
participant

(.

Chen, L., Li, X., Sheng, Q. Z., Peng, W. C., Bennett, J., Hu, H. Y., & Huang, N. (2016). Mining Health Examination Records - A Graph-Based Approach. IEEE Transactions on Knowledge and Data
Engineering, 28(9), 2423-2437. IF: 4.561
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Moore’s Law — The number of transistors on integrated circuit chips (1971-2018)

Moore's law describes the empirical regularity that the number of transistors on integrated circuits doubles approximately every two years.
This advancement is important as other aspects of technological progress — such as processing speed or the price of electronic products — are
linked to Moore's law.
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fen.wikipedia.org/wiki/Transistor_count)
2 at OurWorldinData.org. There you find more visualizations and research on this topic. Licensed under CC-BY-SA by the author Max Roser.

Image: https://en.wikipedia.org/wiki/Moore%27s_law#/media/File:Moore's_Law_Transistor_Count_1971-2018.png
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Image: https://waterfordtechnologies.com/just-big-big-data/



Bog

Sﬁ:ed at which data is emanating and
changes are occurring between the
diverse data sets

Q— | i Volume

This refers to the sheer volume
of data being generated
every second.

Value

Having access to big data
is all well and ut
that's only useful if we
can turn it into a value,

5V’S OF
BIG DATA

Veracity
Data reliability and trust.
Verifying and validating the data

Variety

Can use structured as well
as unstructured data.

Image: https://www.techentice.com/the-data-veracity-big-data/



Siddique, Musfira, et al. "A survey of big data security solutions in healthcare." International Conference on Security and Privacy in Communication Systems. Springer, Cham, 2018.



J U

Z> 17]

-T-_-/T\\ _

-

:EY/\ &

',

O
_I__l—




Elo Rating
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AlphaGoZero

AlphaGo Zero reaches the level of AlphaGo Master, the 58 S sy
version that defeated 60 top professionals online and Y0000

world champion Ke Jie in 3 out of 3 games in 2017. i

T T T T T T 1

10 15 20 25 30 35 40

w==s AlphaGo Zero 40 blocks  seee AlphaGo Lee  sese AlphaGo Master

https://deepmind.com/blog/article/alphago-zero-starting-scratch




DeeplL

e DeepL Translator Linguee Download for Windows 2 Login  —

# Translate text ‘ (=) Translate documents

Translate from Chinese (detected) W Into English v Glossary
TERERIEIE, The old crows on a dead vine.
IMBITIKAR, Small bridges and flowing houses.
hIEAEES. A thin horse in the old west wind.
SYEIT, As the sun sets.
BT ATERE. > The broken-hearted are at the ends

of the earth.

https://www.deepl.com/home



Self-driving cars

https://waymo.com/tech/
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Hey Siri!

— | Wake word model

https://d2l.ai/chapter_introduction/index.html

—— {yes, no}
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https://news.microsoft.com/zh-tw/cth-ms-ai-mask-temparture-detector/
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EHRs

|
SuMMARY OF EHR DEEP LEARNING TASKS,
Task Subtasks Input Models References
Data
{1} Single Concept Extraction LSTM, Bi-LSTM, GRU, CNN [15], [16], [34]
L s {2} Temporal Event Extraction Clinical RNN + Word Embedding [35])
Infermation Extraction {3) Relation Extraction Notes AE [36]
{4) Abbreviation Expansion Custom Word Embedding [37]
o . {1} Concept Representation Medical RBM., Skip-gram, AE, LSTM [23], [36]
Representation Learning ) pyjient Representation Codes  RBM., Skip-gram, GRU, CNN, AE [14], [18]-23], [36], [38]-[40]
. (1) Static Prediction . AE, LSTM, RBM, DBN [14], [1E] [223], [41]-43]
Outcome Prediction {2} Temporal Prediction Mixed LSTM [19]-[21], [38]. [44]-[45]
. {1} New Phenotype Discovery . AE, LSTM, RBEM, DBN [14], [40], [44], [49], [50]
Phenotyping (2) Tmproving Existing Definiions M0 g (451, [51]
De-identification Clinical text de-identification Clinical Bi-LSTM, RNN + Word Embedding [52]. [53]
Notes

Shickel, B., Tighe, P. J., Bihorac, A., & Rashidi, P. (2018). Deep EHR: A Survey of Recent Advances in Deep Learning Techniques for Electronic Health Record (EHR) Analysis. IEEE Journal of
Biomedical and Health Informatics, 22(5), 1589-1604.



Medical Imagin

Deep Learning in
Medical Image Analysis

|
| ] ! l
Detection/
Localization

Segmentation Registration Classification

l 1 1 |
I R R R

[ Brain J L Breast } [ Eye ] [ Chest J { Abdomen LMiscellaneous

Pattern
Recognition Task

>
7E
®© 3
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=
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g

Altaf, F., Islam, S. M. S., Akhtar, N., & Janjua, N. K. (2019). Going Deep in Medical Image Analysis: Concepts, Methods, Challenges, and Future Directions. IEEE Access, 7(3), 99540-99572.



Clinical Notes

Respiratory support

02 Delivery Device: Endotracheal tube

Ventilator mode: CPAP/PSV

Vt (Set): 500 (500 - 500) mL

Vt (Spontaneous): 657 (424 - 657) mL

PS : 5 cmH20

RR (Set): 14

RR (Spontaneous): 24

PEEP: 5 cmH20

Fi02: 50%

PIP: 11 cmH20

Plateau: 13 cmH20

Compliance: 62.5 cmH20/mL

SPO2: 1eex

ABG: 7.39/36/130/24/-2

Ve: 12.8 L/min

Pa02 / Fi02: 260

Physical Examination

General Appearance: No acute distress

HEENT: PERRL

Cardiovascular: (Rhythm: Regular) occasional PAC

Respiratory / Chest: (Expansion: Symmetric), (Breath Sounds: CTA
bilateral : ), (Sternum: Stable )

Abdominal: Soft, Non-distended, Non-tender, Bowel sounds present,
hypoactive

Left Extremities: (Edema: Trace), (Temperature: Warm), (Pulse -
Dorsalis pedis: diminshed)

Right Extremities: (Edema: Trace), (Temperature: Warm), (Pulse -
Dorsalis pedis: diminished)

Skin: (Incision: Clean / Dry / Intact), Left leg EVH ACE wrap
Neurologic: Follows simple commands, Moves all extremities

Labs / Radiology



Waveforms

AP_drug TSCp5_32s DLP H9
V\ V\ ms

https://www.kaggle.com/joseguzman/unsupervised-waveform-classification
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Concept Relationship

————— ARTIFICIAL INTELLIGENCE

A technique which enables machines
to mimic human behaviour

O

Artificial Intelligence

MACHINE LEARNING

~ Subset of Al technique which use
statistical methods to enable machines
to improve with experience

S DEEP LEARNING
Vs — —— Subset of ML which make the
computation of multi-layer neural
network feasible

Images: https://mc.ai/ai-vs-machine-learning-vs-deep-learning-vs-data-science/



What does a machine learn?

argmin, E(||Goal - F(x, w)||)

- Example

MSE = ;lr ZO”; —f(.)f?-)) ’
i=1



Layers of Abstraction

vi V2 va IT-Posterior IT-Anterior

Saba, L., Biswas, M., Kuppili, V., Cuadrado Godia, E., Suri, H. S., Edla, D. R., Omerzu, T., Laird, J. R., Khanna, N. N., Mavrogeni, S., Protogerou, A., Sfikakis, P. P., Viswanathan, V., Kitas, G. D.,
Nicolaides, A., Gupta, A., & Suri, J. S. (2019). The present and future of deep learning in radiology. European Journal of Radiology, 114(February), 14-24.



Convolution Layer
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https://www.topbots.com/advanced-topics-deep-convolutional-neural-networks/
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pre-trained models



Commonly used backbones

VGG-19 34-layer residual oisswori}
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A simple line of code..

I
'T'r?'m 'T‘ru\lm 'T”':\”?m 'T‘qln?m 'T'qu?m =
S |77 E [N g [mmm e (¢t (bvv e 388 )3
=3 >>% [=2/27% |2[2=2" |2 22?2 | =22[27° |§S & & a
=7 1558 558 6565|8665 ¢L |8668[@aa "3
0|0 Q|0 0|00 |00 0|00 ©

Keras F TensorFlow

tf.keras.applications.VGG16(

include_top=True, weights='imagenet', input_tensor=None, input_shape=None,
pooling=None, classes=1000, classifier_activation='softmax'

https://mwww.tensorflow.org/api_docs/python/tf/keras/applications/VGG16



Behind the code..

scope, 'vgg 16", [inputs], reuse=reuse) as sc:

I
with tf.variable_scope(
end_points_collection = sc.original_name_scope + '_end_points’ 224 x224x3 224 x224 x64

# Collect outputs for conv2d, fully connected and max_pool2d.
with slim.arg_scope([slim.conv2d, slim.fully connected, slim.max_pool2d],

outputs_collections=end_points_collection):
net = slim.repeat(inputs, 2, slim.conv2d, &4, [3, 3], scope="convl') 112 x 112 x 128
net = slim.max_pool2d(net, [2, 2], scope="pooll") /
net = slim.repeat(net, 2, slim.conwv2d, 128, [3, 3], scope="conv2") 56

28 x 28 x 512

T X F %512
14‘x14x512

56]x 56 x 2
net = slim.max_pool2d(net, [2, 2], scope="pool2")
net = slim.repeat(net, 3, slim.conwv2d, 256, [3, 3], scope="conv3") 1x1x4096 1x1x1000
net = slim.max_pool2d(net, [2, 2], scope="pool3")
net = slim.repeat(net, 3, slim.conwv2d, 512, [3, 2], scope="conv4')
net = slim.max_pool2d(net, [2, 2], scope="poold")
net = slim.repeat(net, 3, slim.conv2d, 512, [3, 3], scope='convs')

convolution+RelLU
net = slim.max_pool2d(net, [2, 2], scope="pool5") @

max pooling
. o fully nected +RelLU
# Use conv2d instead of fully connected layers.
y_ Y softmax
net = slim.conv2d(net, 4896, [7, 7], padding=fc_conv_padding, scope="fch")
net = slim.dropout(net, dropout_keep_prob, is_training=is_training,
scope="dropouté’)
net = slim.conv2d(net, 4096, [1, 1], scope="fc7")

https://github.com/tensorflow/models/blob/master/research/slim/nets/vgg.py#L 147; https://neurohive.io/en/popular-networks/vag16/



https://github.com/tensorflow/models/blob/master/research/slim/nets/vgg.py#L147
https://neurohive.io/en/popular-networks/vgg16/
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- Python

< C @& learnpython.org

Learn the Basics

* Hello, World!

® Variables and Types

® Lists

e Basic Operators

® String Formatting

® Basic String Operations
* Conditions

® Loops

* Functions

® Classes and Objects

* Dictionaries

* Modules and Packages

Data Science Tutorials
e Numpy Arrays



Scikit-learn

&« C' & scikit-learn.org/stable/tutorial/index.html

.ﬂcwm

scikit-learn 0.23.2
Other versions

Please cite us if you use the
software.

Nelcome to scikit-learn

scikit-learn Tutorials
An introduction to machine
learning with scikit-learn
A tutorial on statistical-learning
for scientific data processing
Working With Text Data
Choosing the right estimator
External Resources, Videos and
Talks

Getting Started

User Guide

Glossary of Common Terms and

APl Elements

scikit-learn Tutorials

An introduction to machine learning with scikit-learn

Machine learning: the problem setting
Loading an example dataset

Learning and predicting

Model persistence

Conventions

A tutorial on statistical-learning for scientific data processing

Statistical learning: the setting and the estimator object in scikit-learn

Supervised learning: predicting an output variable from high-dimensional ol



c @ tensorflow.org/tutorials

1F TensorFlow Install

TensorFlow tutorials
Quickstart for beginners

Quickstart for experts

BEGINNER

ML basics with Keras v
Load and preprocess data v
Estimator v

ADVANCED

Tensorflow

Learn « AP| = Resources v

For beginners

The best place to start is with the user-friendly Keras sequential API. Build models by plugging together building blocks.
After these tutorials, read the Keras guide.

Beginner quickstart

This "Hello, World!" notebook
shows the Keras Sequential API
and model.fit.

More

Q. Ssearch

Keras basics

This notebook collection
demonstrates basic machine
learning tasks using Keras.

@ & &

English ~ GitHub

Load data

These tutorials use tf.data to
load various data formats and
build input pipelines.

]


https://www.tensorflow.org/tutorials

Self-Learning Resources

I — POPULAR ONGOING LEARNING RESOURCES

University
a university degree
Kaggle Learn

Linkedin Learning _ 12.3%
Cloud-certification

programs (direct - 9.1%
from AWS, Azure,
GCP, or similar)
None - 7.4%
0% 0% 20% 30% 40% 50% 60% 70%

https://www.kaggle.com/kaggle-survey-2020
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Popular IDEs

POPULAR IDE USAGE

JupyterLab

Visual Studio Code

PyCharm

RStudio

Spyder

Notepad ++

Sublime Text

vim, Emacs, or
similar

Visual Studio

MATLAB

Other

None

33.2%

31.9%

31.5%

21.8%

19.4%

15.2%

n%

101%

o
@
B

]
o
=
B
o
=3
ES

L=
S

20% A40%

https://www.kaggle.com/kaggle-survey-2020

60%

741%



Popular ML Frameworks

MACHINE LEARNING FRAMEWORK USAGE

Scikit-learn 82.8%

TensorFlow 50.5%

Keras

50.5%

Xgboost

PyTorch

LightGEM

Caret

Catboost

Prophet

Fast.ai

Tidymodels

H203

MXNet

Other

None

JAX

0% 0% 20% 30% 40% 50% 60% T0% 80% 0% 100%

https://www.kaggle.com/kaggle-survey-2020
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Data Preprocessing

-> Texts

- DICOM images
Natural Language ToolKit

pydicom
jieba

file path = "ID ©00039fa®.dcm™

output path = "./"
medical image = pydicom.read file(file path)
= medical image.pixel array

def transform to hu(medical image, image)
intercept = medical image.RescaleIntercept
slope = medical image.RescaleSlope

hu _image = image * slope + intercept

hu_image

https://vincentblog.xyz/posts/medical-images-in-python-computed-tomography
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Pipeline

*What is the problem to solve?
*What are the available data?
*How to define Input/ Output?

Any *Where are the labels?

*What data types are
label? they?

*Total data size?
eLabeled data size?
«Distribution balanced?

Choice

of Model

gif: https://www.pinterest.com/pin/613404411726165689/




Popular Models

METHODS AND ALGORITHMS USAGE

Linear or Logistic

Regression 837%

Decision Trees or

Random Forests 78.1%

Gradient Boosting
Machines (xgboost,
lightgbm, etc.)

61.4%

Networks
syesan poroscres | °'+*
Recurrent Neural
Networce RN -
(MLPs, etc.) 28.2%

Transformer Networks
(BERT, gpt-3, etc.)

Generative Adversial - 73%
Networks
Evolutionary - B.5%
Approaches
Other - 4.5%

None
I 17%

% 10% 20% 30% 40% 50% 60% 70% B8O0% 90% 100%

14.8%

o

https://www.kaggle.com/kaggle-survey-2020



\ E» A?
AR FR Y
Z4l\s JAmi-v%—

=



To hire or to buy?
= To hire cloud services:

AWS, Azure, Google Cloud
- Tobuy:

Server

PC




Memory Calculation

a 16-bit grayscale pixel = 2 bytes

a DICOM slice image: 512*512*2=0.5GB

a common choice of batch size = 8 or 16 (4 or 8 GB)
also have to consider model size

V)




Now
Let's Get Started!



Thank You ©
35 2% 2 fEA!




