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Part 1: Big Data and Machine
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The Data Deluge

1
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o 2.5 billion GB of data created daily (2015)
e 200 ZB of data by 2025

IBM (2015), Bloomberg (2017)
4



The World’s Most Valuable
Resource?

e Data are cheap, knowledge is scarce
e Need for knowledge discovery methods
e Accurate, efficient



Big Data and Machine Learning

Google Trends (2017)

“big data”
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Big Data and Machine Learning
In Healthcare
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What is Machine Learning?

“a field of study that gives (a) computer the
ability without being explicitly programmed”

Arthur Samuel, created game Herbert Simon, created Logic
of checkers that improved by Theory Machine, “first Al
playing by itself (1952) programme” (1956)

UNIVERSITY OF
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What is Machine Learning?

A branch of artificial intelligence, concerned with design and
development of algorithms that allow computers to evolve
behaviors based on empirical data

Routinely used commercially for speech recognition, cancer
diagnosis, eye disease detection, etc.

Ability to acquire and process big data

We call this paradigm shift deep learning

Mitchell, The Discipline of Machine Learning, 2006
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e Statistics

e Neuroscience
e Artificial Intelligence
e Psychology

Roots and Links




Part 2: What can Machine

Learning do?
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The Data Analysis Process

Data
Collection Pre-processing
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Machine Learning Tasks

Meaningful
Compression

Structure Image

) o Customer Retention
Discovery Classification

Big data Dimensionality Feature Idenity Fraud
Visualistaion Reduction Elicitation Detection

: . Advertising Populari
Unsupervised Supervised | [ Jomlast
Learning Learning Weather

Forecasting
rgeced @ MET T | Ll

Marketing

Classification Diagnostics

Market

Growth Forecasting

Prediction

Customer

Segmentation L e a_ r n i n g

Estimating
life expectancy

Real-time decisions Game Al

Reinforcement
Learning

Robot Navigation Skill Acquisition

Learning Tasks
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TASKS

 Classification

— predict categorical output variable given
Input variables

* Regression

— predict a continuous output variable
given input variables

learn p(y|x)

“label”

ALGORITHMS

« Logistic Regression

* Neural Networks/ Deep Nets
« Support Vector Machines

« Trees and Random Forests
« Gaussian Processes

14



The Process of Learning

* Hypothesis, data
* Training or learning
* Testing or generalization

X :Q :y

Input Model Output

15



The Process of Learning —

Supervised
(1) TRAIN
| Cross Validation |
| | model
! | |harameters (D)
Training -—.»)Y( : I ' :p :
Set é(true Iabel): — (estimated label) :
/T :
Dataset : :
| ACY =Y) JI
Test Set J<
| 16
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Supervised Learning

« Training: learning model parameters

« Testing: evaluating model performance, on independent data,
from same underlying distribution

« Metrics: AUC, sensitivity/ specificity, PPV/ NPV, etc.

* No free lunch rule: no “best” algorithm, just “optimal” model

*
%
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Linear classifier
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Unsupervised Learning
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TASKS

Clustering (group data into clusters using
similarity measures)

Density estimation
Dimensionality reduction

' | learn p(x)

- no “label”

ALGORITHMS

K-means

Hierchical clustering
Gaussian mixture models
Self-organising maps
Principal component analysis
Factor Analysis

Latent Class Analysis

18



The Process of Learning —
Unsupervised

model

| |
. : |
| l rameters
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The Process of Learning —
Unsupervised

(1) TRAIN

model

R R parameters (@)
Training J-—.—» X i i p(X)
57 g

Dataset

_______________________________________________________________________________________________________________

________________________________________________________________________________________________________________

(2) EVALUATE
Test Set J<




Part 3: Machine Learning
Algorithms
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Many Algorithms

Maive Bayes
Averaged One-Dependence Estimators (AODE)
|~

Bayesian Belief Network (BEN)

Deep Boltzmann Machine (DEM) Bayesian |-

-, y .. Gaussian Maive Bayes
Deep Belief Networks (DEN) | . / —_—
. -~ Deep Learning . Multinomial Naive Bayes
Convolutional Neural Network (CNN)  »7—————— ! 1~

Stacked Auto-Encoders

[ N Bayesian Network (EN)
' ' Classification and Regression Tree (CART)

Random Forest
™
Gradient Boosting Machines (GBM) |

Boosting |

.-'/ Iterative Dichotomiser 3 (ID3)

/" cas

. C5.0

Chi-squared Automatic Interaction Detection (CHAID)

Bootstrapped Aggregation (Bagging) l\ Ensemble ,."'
AdaBoost A

. Decision Stump

Stacked Generalization (Blending) /|

\_ Conditional Decision Trees

Gradient Boosted Regression Trees (GBRT) /"I , \ s

Radial Basis Function Network (REFN)

~,

Principal Component Analysis (PCA)

Perceptron - -
— Partial Least Squares Regression (PLSR

—| Neural Networks
Back-Propagation Y O

Hopfield Network /
Ridge Regression

|/ Sammon Mapping

[ Multidimensional Scaling (MDS)

/' Projection Pursuit

~,

Least Absolute Shrinkage and Selection Operator (LASSO)
Elastic Net

Principal Component Regression (PCR)

-\ Regularization N ) . .
b *._ Dimensionality Reduction J-
|

Partial Least Squares Discriminant Analysis
| Mixture Discriminant Analysis (MDA)
Quadratic Discriminant Analysis (QDA)

\_ Regularized Discriminant Analysis (RDA)

|\ Flexible Discriminant Analysis (FDA)

Least Angle Regression (LARS)
Cubist
One Rule (OneR) |

| Rule System /'
Zero Rule (ZeroR) o7 —

Repeated Incremental Pruning to Produce Error Reduction (RIPPER)

- - \ \_ Linear Discriminant Analysis (LDA)
Linear Regression -
_ —_— (NERY k-Mearest Neighbour (kNN)
Ordinary Least Squares Regression (OLSR) | - - —
! Voo [ Learning Vector Quantization (LVQ)

Stepwise Regression | _ \ Instance Based |~ —
e — Regression / — Self-Organizing Map (SOM)

Multivariate Adaptive Regression Splines (MARS) \ - -
\_ Locally Weighted Learning (LWL)

Locally Estimated Scatterplot Smoothing (LOESS) A kM
-Means

Logistic Regression / Ve -
- _ [ k-Medians
\_ Clustering |-—————
——— % Expectation Maximization

)
\_ Hierarchical Clustering

h.

Brownlee, Machine Learning Mastery (2017) 29
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TASK
« Classification (predict categorical output variable from input variables)

ALGORITHMS

1.Logistic Regression
2.Neural Networks/ Deep Nets
3.Support Vector Machines

23



From Linear to Logistic —— =
Regression

Sigmoid function

— 4

" logisitic
.s. Fegression
boundary—

" linear
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Model
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Multi-layer Perceptron Model
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Multi-layer Perceptron

Key Concepts
e Artificial neural network

e Modelled after neurons in
human brain

e Consists of
— Input Layer
— Hidden Layer(s)
— Output Layer

e Many variations
— Multi-layer perceptron
— Radial Basis Function
— Kohonen Maps, etc.

cell body

RS

N N

Single layer

i

Two layers

oo

Three layers

ON _
NN
.

Sy
<
<
¥ \
1]

Adapted from Lippmann, IEEE ASSP ()1987
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Deep Neural Networks and
Deep Learning

hidden layer 1 hidden layer2  hidden layer 3
imput layer

output layer

“Audi A7”

UNIVERSITY O

OXFORD
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A Deep Learning Story

< v

In 2012, researchers at Google Brain (Lab X), created a network of
16,000 computer processers with >1 billion connections

Then let it browse YouTube for 3 days i.e. trained it by
showing 10 million video thumbnails

From >20,000 different items,
it started to recognise two things...

29



A Deep Learning Story

Human Face Cat Face

81.7% accuracy 74.8% accuracy

“...our experimental results reveal that it is possible to train a face
detector without having to label images as containing a face or not”

Quoc Le @ LabX, IEEE ICASSP (2013)
30



Key Concepts

Transform data to feature space
Kernel function

Non-linearly distributed data -->

linearly separable
Hyperplane that maximizes margin

Support vectors lie on hyperplane,

control flexibility

Input Space

Feature Space

31



Considerations

* Your model is as good as your (cleaned) data
* Requires lots of training data '
« Explainability/ interpretability vs predictive

performance

Learning Techniques (today) Explainability
(notional)
Neural Nets 4
Graphical & »O
Models - ©
Deep . 0 S +O
Learnin nsemble (&) O
2 Bayesmn Methods <((') »Q
BeliefNets =~ " ~
SRL Random 2 »O
CRFs HBNs . — Forests %
Statistical 9CS MLNs—" 5 L
vecision
Models U arkov ((i o N
SVMs — Models o Explainability

32



What might a classifier look
like?

Logistic Regression 5. Multi-layer Perceptron

50

0 50 100 150 200 250 0 50 100 150 200 250 G 50 180 18
HR (bpm) HR (bpm) HR ((:)pm)
(a) (@

200

250

33



Bioinformatics

Applications

&

Autonomous vehicle navigation

UNIVERSITY OF

OXFORD

Disease mapping and
tracking
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Unsupervised Learning
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TASK
« Clustering (group data into clusters using similarity measure)

ALGORITHMS
1. k-means
2.Hierchical clustering

35



Hierarchical Clustering

Multi-level hierarchy, tree-like

Top-down (divisive) or bottom-
up (agglomerative)

How it works

1. Each pointis a cluster

2. Merge “closest” clusters

3. Repeat (2) until
no change in clusters, or
you decide to prune the tree

Watch-out: will cluster outliers

OXFORD

(Tibshrani, 2003)
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k-Means Clustering

« How it works

1.

>

Assign k cluster centroids
(randomly)

Assign each point to “closest”
centroid

Re-calculate cluster centroid
Re-assign points

Repeat (3), (4) until no further
changes

« Watch-out: Local minima trap
« Solution: repeat n>>1 times

(MacKay, 2003) 37
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Cluster Evaluation

Within-Group A
Homogeneity

N

: elbow point

Number of clusters

Find a partition which

Within-Group
Heterogeneity

-

e elbow point

Number of clusters

(a) maximises homogeneity/ minimises heterogeneity within a cluster
(b) maximises separation from other clusters.

The "elbow" occurs at the most dramatic decrease in error

measurement.

Choose from different error measures, depending on the kind of data

you are clustering.

No single, definite way to decide optimal number of clusters.

38



Cluster Analysis Applications

Bioinformatics (gene expression
clustering)

Infection mapping in hospitals
Investment banking ‘
Mapping voting behaviours & sz

a. Olustering based on Pearson's correlation coefficlents using area data

i d e ntifyi n g Stake h O I d e rS mitrlx [for 467 common protelns) b. Clustering based on m‘('r,:lr;;:::)nm matrix (for 467 common
Text analysis c

c. Clustering based on Pearson's correlation coefficients using spectral

counting data matrix (for 467 cammon proteins) d. Clustering based on overall spectral counting data matrix (for 467

commaon proteins)
Spectral
counting Zen Y, Proteomics (2013)

39



Considerations

Needs good feature selection

Outliers and small groups can throw off results
(try density modelling, e.g. GMM)

Try different similarity measures, different
linkages

Best guess at optimal clusters

40



All said and done

ne question -
ne known (predictors/ feafures)
ne unknown (class/ response/ cluster)
Measure of success

41



Part 4: Real-world examples

1. Clinical diagnostic tool (Classification)
2. Healthcare data mining (Clustering)

42
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Example 1: Vasculitis Diagnosis

« 1500 patients
 >1000 symptoms

* Which ones predict
GCA?

TASK: classify GCA v. non-
GCA

Robson et al. American College of Rheumatology EULAR (2016)

43



Data Preparation

Predictors (X) Outcome (Y)

[

Age Gender Eye Hearing cANCA+ ... Diagnosis

. RednessLoss = GCA
Training Set ~ ™6, No  No Yes No
(700/0) 2 56 M No Yes No Yes

3 71 F Yes Yes No No

Data Use this training set to learn the model

ID Age Gender Eye Hearing cANCA+ ... Diagnosis

RednessLoss = GCA
Test Set 100 56 F Yes No Yes Yes
102 83 M No Yes Yes No
(0]
(30 /0) 10372 F Yes  Yes No No

Use this test set to measure model performance

Gende Eye Hearing cANCA .. Diagnosis
r Redness Loss + = GCA
New 56 F Yes No Yes ?
patient

New patient walks into the clinic. Apply model to predict diagnosis.
44
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Feature Selection
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Model Development
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Sensitivity

04
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0.2
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Model Performance
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m
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3
<
0.89
* Top 1var AUC = 0.8853
Top 2var AUC =0.9243
Top 3var AUC =0.9324
* Top 5var AUC = 0.9355 0.88
® All22 var AUC =09776

T T T Training Set AUC = 0.988 T T T T | |
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Specificity Variables

Test Set AUC Accuracy
(True Classification Rate)
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The Complete Model

A Clinical Tool for Classification of GCA Vasculitis

Risk factor at baseline Coeficient Categories Ll Risk score
value

cANCA or PR3 4.904 Mo o 0
Yes 1 5

Bloody nasal discharge OR

Masal uleers/mucosal

abnorms/crusting OR Sino

nasal congestion or blockage 2.770 Mo i} Li]
Yes 1 3

IMaximum eosinophil count

(x10%/L) <1 1] 0

2.564 »=1 1 3

Masal polyps 3.696 Mo 0 Li]
Yes 1 4

Imaging of the chest/lungs

with nodules OR

mass/tumour OR cavitation 1.752 Mo 0 Li]
Yes 1 2

Hearing loss or reduction 1.320 Mo 0 Li]
Yes 1 1

Granuloma OR Extravascular

granulomatous inflammation 2.559 Mo i} Li]
Yes 1 3

Red eye(s) OR Painful eye(s) 1.486 Mo i} Li]
Yes 1 1

Endobronchial invalvement

OR Inflamed ear or nose

cartilage OR Hoarse voice [

strider OR Saddle nose

defarmity 1.705 Mo
Yes 1 2

48
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DCVAS CRF varsion 5.0(25” July 2011 FPatient ID T T T T 7T7T . 2 71; N
Biopsy results No biopsies were performed | 3
T —— S s
I 7 6 5 4 ‘3 2 vanadk
Log Lambda

1 — Data Collection and Cleaning 2 - Feature Selection 3 — Model Development 4 — Final Model

gy
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[} 1
1 T .
! ¥ :
1 T .
1 T .
1 T .
1 T .
1 T .
! 1 !
1 LA o = _ oSl 2 -: 1 !
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1 I RO e = : : 1
1 ] 1 1
! . . 1 . '
: Sensors, missing data, low-dim i cross-validation, |
1 . . . . . . 1
! eGP records, ... standardisation, wsual/satloni ' bootstrapping !
: class balance... X |
| ¥ |
1 1 1 :
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Example 2: Healthcare data
mining
>6 million people in Catalonia, Spain
150k anti-fracture medication users
GP e-records

Fracture risk factors

What can we learn?

— User “types’”/ groups

— Fracture risk

— Should they be on medication
— Costs

Khalid S. et al., World Congress on Osteoporosis, osteoarthritis, and musc., 2017 50
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Cluster Analysis

Featkures (X)

Gender Smoking Drinking Charlson>2 Steroid Sedative Use Previous

Use Fracture I b I
1 56 F Yes No Yes Yes Yes No NO a e /
2 83 M No Yes Yes No No Yes
3 72 F Yes Yes No No No Yes OUtcome
.. 73 M No No Yes Yes No Yes (Y)
150K 62 F Yes Yes No No No Yes

Hierarchical Clustering
51



Height

40

20

Cluster Visualisation

Dendrogram

O

poisd

40

Height
20

2 clusters 4 clusters
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Cluster Evaluation

f‘\f;:‘w

Number of Clusters

%\}_@_4}— S —6_

4 L] 8 10
NMumber of Clusters

A

Clustering measure

CH Values
X R
i o

5

Optimal # clusters is at highest point
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Cluster Visualisation

Number of clusters =2
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Number of clusters = 4

cluster2, Npts =19845

fxhist . 1over60 fxhist.  ooaer60
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nencgc -, “""obese nencgc .
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Number of clusters = 5
cluster2, Npts =16124
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sedant - /f - female sedant .- dmale

nencgc -/ - "obese nencgc .

charlsiﬁn>2.. . smoke charls'bh>2,__. D . smoke
drink drink
1. Elderly men,
multi-morbidity,
high prevalence of
smoking and
drinking

2. Elderly women,
high co-morbidity

7 "obese nencgc .

cod am B
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charlsoh>2.

3. Elderly women,
systemic steroid
users post-menopausal),

clusterd4, Npts =4589
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0.67

057 .
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4. Younger
women (early
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morbidity
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UNIVERSITY OF

(0):420)2%

cluster5, Npts =4589

charlson>2. ) -smoke
drink

5. Secondary
prevention women
(previous fracture
history)
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Bcar%e_ Mineral Density of Each Cluster
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What can we learn?
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Handle with Care

Top scientists call for caution over artificial intelligence

Artificial intelligence has the potential to eradicate disease and poverty, say
world's top scientists, but researchers must not create something which
cannot be controlled

Artificial intelligence must be carefully considered, say scientists F
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When to do What and How
How

Select most predictive
features from n>>1
features

Predict disease A

versus disease B/ other

outcome
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other diseases?
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Deep Learning for Health Informatics

Daniele Ravi, Charence Wong, Fani Deligianni, Melissa Berthelot, Javier Andreu-Perez, Benny Lo,
and Guang-Zhong Yang, Fellow, [EEE

Abstract—With a massive influx of multimodality data, 1200
the role of data analytics in health informatics has grown = Medical
rapidly in the last decade. This has also prompted increas- 1000 Informatics

ing interests in the generation of analytical, data driven
models based on machine learning in health informatics.
Deep learning, a technique with its foundation in artificial Bioinformatics
neural networks, is emerging in recent years as a powerful

tool for machine learning, promising to reshape the future of Ui
artificial intelligence. Rapid improvements in computational ane
power, fast data storage, and parallelization have also con-

tributed to the rapid uptake of the technology in addition to ji] jil Ll
its predictive power and ability to generate automatically op- ) = = =

timized high-level features and semantic interpretation from 2010 2011 2012 2013 214 2015

the input data. This article presents a comprehensive up-to-
date review of research employing deep learning in health
informatics, providing a critical analysis of the relative merit,

mSensing

# of publications
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Fig. 1. Distribution of published papers that use deep learning in subar-
eas of health informatics. Publication statistics are obtained from Google
Scholar; the search phrase is defined as the subfield name with the exact
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and potential pitfalls of the technique as well as its future
outlook. The paper mainly on key applications of
deep learning in the fields of translational bioinformatics,
medical imaging, pervasive sensing, medical informatics,
and public health.

phrase deep learning and at least one of medical or health appearing,
e.g., “public health” “deep learning” medical OR health.

an automatic feature set, which otherwise would have required
hand-crafted or bespoke features.
In domains such as health informatics, the generation of this

Index Terms—Bioinformatics, deep learning, health
informatics, machine learning, medical imaging, public
health, wearable devices.
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