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Overview

e \What is health data science?
e How does it differ from traditional analyses of secondary data?

e \What are the main types of Machine Learning?

o Unsupervised Learning
o Supervised Learning

e What is Deep Learning?
e Counter-intuitive nature of data and models in high dimensions



What is health data science?



Data Science: data-intensive interdisciplinary approaches
for exploration and prediction with large noisy datasets
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Data Science: data-intensive interdisciplinary approaches
for exploration and prediction with large noisy datasets

Overlapping terms to varying degrees:

- Data Anal'ytlcs. PROCESSING
- Data Epglneerlng DOMAIN COMPUTER
- Data Mining EXPERTISE SCIENCE

- {Health,Bio,Medical}Informatics
- Database Analytics

- Business Intelligence

- Pattern Recognition

- Knowledge Discovery

- Predictive Analytics

- Quantitative Research

STATISTICAL
RESEARCH

MACHINE
LEARNING

- Science
) ) MATHEMATICAL
- Epidemiology AND
- Statistics SCIENTIFIC METHODS

https.//www.data.cymru/data-science



OK, what is Health Data Science?



Data Science applied to Health Data
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Why “health data” instead of “medical data”: health encompasses medical (contentious)



Data Science applied to Health Data
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https://www.nature.com/articles/s41588-020-0698-y/figures/2

Why “health data” instead of “medical data”

health encompasses medical (contentious)



How does (health) data science (generally)
differ from traditional epidemiology using
secondary data?



Data science integrates within the wider data ecosystem
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Data science integrates within the wider data ecosystem
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Important as datafication pervades medicine (and more)

2018-2025 Data - Compound Annual Growth Rate (CAGR)
Medical Notes:

- 1-50MB
Laboratory Values:
- 10-2000MB

Physiological Sensors: T
- 0.1-200GB

Genomics:

- 25-250GB

Medical Imaging:

- 0.1-10TB e (Winiioiig| AU i el

Hospital:

O O P B Source: Coughlin et al Internal Medicine Journal article *Looking to tomorrow's healthcare today: a participatory
= . 5'5 pe r d ay health perspective”. IDC White Paper, Doc# US44413318, November 2018: The Digitization of the World — From Edge to Core”.



Data Science handles unstructured and multi-modal data

Labs & Flowsheets
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Radiology Report - CT CHEST ABDOMEN PELVIS

“.. FINDINGS : CHEST LUNGS AND PLEURA:
Redemonstration of a moderate left pleural
effusion. interval removal of a right chest
tube within a loculated right pleural effusion
which contains foci of air. [..]. IMPRESSION: 1.
Interval progression of disease in the chest and
abdomen including increased mediastinal
lymphadenopathy, pleural/parenchymal
disease within the right lung, probable new
hepatic metastases and subcutaneous nodule
within the thorax [..]"

+22:47 hours

Pulmonary Consult Note

“.. has a complicated pleural
space that requires IR guidance.
CT scan showing increased
loculted effusion on R compared
todate..”
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Data Science centers Exploratory Data Analysis
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Ingest —Univariate— Bi/Multivariate—Missing —Outliers — Hypothesise — Modify Features —Repeat

Plots!

https://www.mrdbourke.com/a-gentle-introduction-to-exploratory-data-analysis/



Data Science centers Exploratory Data Analysis
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Plots!
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Explicitly incorporates inductive approaches

Deductive:

“Condition X causes Y”

- Collect data

- Perform (typically) frequentist statistical
tests

- Reject or confirm null hypothesis

Hypothesis or
general premise
Empirical
observations

https://opened.cuny.edu/courseware/lesson/14/student/?task=3

Deductive
Reasoning




Explicitly incorporates inductive approaches

Deductive: Inductive:
- “Condition X causes Y” - Collect data
- Collect data - ldentify patterns in the data
- Perform (typically) frequentist statistical - Observe X and Y seem connected
tests somehow
- Reject or confirm null hypothesis - Quantify strength of association
( Hypothesis or J
general premise
Inductive Deductive
Reasoning Reasoning

Empirical
observations

https://opened.cuny.edu/courseware/lesson/14/student/?task=3




Inductive-Deductive loop aligns with knowledge cycle

Create or Use the theory
modify the to form a
theory. hypothesis.

Perform the
research.

Design a study
to test the

hypothesis.
Research P

https://opened.cuny.edu/courseware/lesson/14/student/?task=3



Inductive-Deductive loop aligns with knowledge cycle

Theory
Create or Use the theory
modify the to form a
theory. hypothesis.

Best work: closes the
loop

Design a study
to test the
hypothesis.

Perform the
research.
Research

https://opened.cuny.edu/courseware/lesson/14/student/?task=3



Most obvious difference: Data Science
focuses on Machine Learning



Machine Learning is a subset of Artificial Intelligence

Artificial Intelligence o ) ;
«————— Creating intelligent machines

mimicking human intelligence.

Machine Learning «—————— Algorithms enabling computers to
learn from data.

/" Neutal Nets

Computational models with
interconnected artificial neurons.

Deep

Learning Neural networks with multiple

layers for hierarchical
representation learning.

https.//www.qlik.com/us/augmented-analytics/machine-learning-vs-ai



ML involves finding and using patterns in data

e “Machine Learning is the field of study that gives the THIS 1S YOUR MACHINE LEARNING SYSTEM?
computer the ability to learn without being explicitly YOP! YOU POUR THE. DATA INTO THIS BIG
programmed” PILE OF LINEAR ALGEBRA, THEN COLLECT

THE ANSLJERS ON THE OTHER SIDE.

e “A computer program is said to learn from experience WHAT IF THE ANSWERS ARE. LWJRONG? )

E with respect to some class of tasks T and JUST STIR THE PILE UNTIL
performance measure P, if its performance at tasks in THEY START LOOKING RIGHT.

T, as measured by P, improves with experience E.”

Task (play checkers)
e Experience (data):
o  games played by the program (with itself)
e Performance (metric):
o  How often does it win

e Training models which identify patterns in data




Is Machine Learning just a CS-flavoured
rebrand of statistics?



Large overlap but difference in people and focus

e Many shared methods



Large overlap but difference in people and priorities

Many shared methods
Difference in focus/priorities/culture

Exploratory

“Which student attributes
are most associated with
weight room use?”

Statistics Machine Learning

“Is there an association
between student grades
and weight room use?”

“How busy will the weight
room be in the next hour?”

Confirmatory Predictive

https.//stats.stackexchange.com/questions/442128/machine-learning-vs-statistical-learning-vs-statistics



Large overlap but difference in people and priorities

Many shared methods
Difference in focus/priorities/culture

Alternative framing:
o Data Modelling
o  Algorithmic Modelling

Exploratory

“Which student attributes
are most associated with
weight room use?”

Statistics Machine Learning

“Is there an association
between student grades
and weight room use?”

“How busy will the weight
room be in the next hour?”

Confirmatory Predictive

Data Modelling
(~Statistics)

v

Data Generating
y< Process ;X
Algorithmic

Modelling (~ML)




Many shared methods
Difference in focus/priorities/culture

Alternative framing:
o Data Modelling
o  Algorithmic Modelling

ML Pitfalls (can be):

o Less rigorous/principled
o Prone to reinventing the wheel

Large overlap but difference in people and priorities

Exploratory

“Which student attributes
are most associated with
weight room use?”

Statistics Machine Learning

“Is there an association
between student grades
and weight room use?”

“How busy will the weight
room be in the next hour?”

Confirmatory Predictive

Data Modelling
(~Statistics)

v

Data Generating
y< Process ;X
Algorithmic

Modelling (~ML)




Many shared methods
Difference in focus/priorities/culture

Alternative framing:
o Data Modelling
o  Algorithmic Modelling

ML Pitfalls (can be):

o Less rigorous/principled
o Prone to reinventing the wheel

ML Benefits (can be):

o More flexible
o Less prescriptive/intimidating

Large overlap but difference in people and priorities

Exploratory

“Which student attributes
are most associated with
weight room use?”

Statistics Machine Learning

“Is there an association
between student grades
and weight room use?”

“How busy will the weight
room be in the next hour?”

Confirmatory Predictive

Data Modelling
(~Statistics)

v

Data Generating
y< Process ;X
Algorithmic

Modelling (~ML)




What are the main types of Machine
Learning?



Types of Machine Learning

Unsupervised learning

* No labelled dataset is provided and output is
unknown

* Learning based on pattern identification and
recognition

Heterogeneous

patient population

Multimodal
patient data

!

Unsupervised
clustering on basis of
molecular features

Patient subtypes
with shared
molecular features

il

Myszczynska, M.A., Ojamies, PN., Lacoste, A.M.B. et al. Applications of machine learning to diagnosis and treatment of
neurodegenerative diseases. Nat Rev Neurol 16, 440-456 (2020). https://doi.org/10.1038/s41582-020-0377-8



Types of Machine Learning

Unsupervised learning

* No labelled dataset is provided and output is
unknown

* Learning based on pattern identification and
recognition

Heterogeneous
patient population

ECG channels

i |
i |

Multimodal
patient data

i1

555

!

Unsupervised
clustering on basis of
molecular features

Patient subtypes
with shared
molecular features

Myszczynska, M.A., Ojamies, PN., Lacoste, A.M.B. et al. Applications of machine learning to diagnosis and treatment of
neurodegenerative diseases. Nat Rev Neurol 16, 440-456 (2020). https://doi.org/10.1038/541582-020-0377-8

ECG with ventricular ectopics type of arrhythmia

Anomaly Detection - ECG

time (s

Clustering - Acute Myeloid Leukemia Subtypes
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FLT3ITD/NPM1+
Clusters Cytogenetic risk group
1® 59 29 0@ @ Favorable Gender
2R 6 W 1004 @ Intermediate O Female
3@ 79 119 @ Poor O Male
4P 8 @ Unknown %P Unknown
Taskesen, E., Huisman, S., Mahfouz, A. et al. Pan-cancer subtyping in a 2D-map shows substructures that are driven by specific of molecular Sci Rep 6, 24949

(2016). https://doi.org/10.1038/srep24949




Unsupervised Learning: Finding Structure within Datasets

K-means Clustering:

Initial centroids
o 9% 1. Initialise cluster centroids (randomly)
%° 9% g
©) 00

0% o
e

O O

Max O, consumption

Resting heart rate



Unsupervised Learning: Finding Structure within Datasets

Max O, consumption

Initial centroids
o)
@)
6 50°
X o O x
o O
0©%o
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O 0

K-means Clustering:

Iteration 1

1. Initialise cluster centroids (randomly)

Max O, consumption

2. Assign observations to nearest centroid

Resting heart rate

Resting heart rate

2 a«rgmjin |1 — 413

Inferred label for obs i, whereas
supervised learning has given label y;



Unsupervised Learning: Finding Structure within Datasets

K-means Clustering:

Initial centroids Iteration 1 L .

" o % " 1. Initialise cluster centroids (randomly)
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> 14 = 2. Assign observations to nearest centroid
Resting heart rate Resting heart rate

2 a«rgmjin |1 — 413

Inferred label for obs i, whereas
supervised learning has given label y;

3. Move centroids to mean of assigned
observations
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Unsupervised Learning: Finding Structure within Datasets

Initial centroids

Iteration 1

Iteration 2
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Resting heart rate

Resting heart rate

Resting heart rate

K-means Clustering:

1.

Initialise cluster centroids (randomly)

Repeat until convergence:

2.

Assign observations to nearest centroid

%%M@@Mw—m@

Inferred label for obs i, whereas
supervised learning has given label y;

Move centroids to mean of assigned
observations

1
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Unsupervised Learning: Finding Lower Dimension Projections

Isomap Embedding Spectral Embedding

Original S-curve samples

T-distributed Stochastic

Multidimensional scaling Neighbor Embedding




Why is this hard? High dimensions are
counter-intuitive!



Data becomes increasingly sparse in high dimensions

a) 1D - 4 regions 2 b) 2D - 16 regions c) 3D - 64 regions
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https://medium.com/analytics-vidhya/the-curse-of-dimensionality-and-its-cure-f9891ab72e5c



Data becomes increasingly sparse in high dimensions

<) 3D - 64 regions

a) 1D - 4 regions

20

b) 2D - 16 regions
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All points start to look equally far apart

d =1 | Relative Spread = 0.7195

Pairwise Distance / Mean Distance




Everything becomes (near) orthogonal

d=1 | Std =0.9998

Dot Product Of Two Random Unit Vectors




Weird distributions: hypersphere volume concentrates on surface
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No lower dimension representation will ever be perfect
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So, how can we do it?



Principal Component Analysis - Simplest Method

Reorient the data in the direction of maximal
variance

o > 0 h =

Center the data

Calculate the covariance matrix
Perform eigendecomposition

Sort and select n principal components
Project the data onto the reduced space

Variable #1

A

Original data
(high-dimensions)

Q A Q"

-1
N A
vV, V, V, o A O v, V, V4

Lo o )l | ]
| | | | |
| | ‘ | ‘
Eigen vectors Eigen values Eigen vectors
of of of
A A A
Lower-dimensional
embedding
N
EN
3 PC2
) =
o
: |
PCA dimensionality - PC1
reduction © '
©
k=
2
a

Principal component #1

e Maximize variance along PC1
e Minimize residuals along PC2



t-SNE (stochastic neighbour embedding) and UMAP

Stage 1 Stage 2
a. Randomly project b. Determine similarities c. Move the points around until the similarities between points
cells as points on a low- between points in low dimension resemble the similarities in high dimensions

dimensional plot

Each data pointis a Determine similarities Determine similarities
single cell between cells between points

e  Pairwise probability distribution in all dimensions
e  Pairwise probability distribution in few dimensions
e  Stochastic minimisation of KL divergence between distributions

"With four parameters | can fit an elephant, and with five | can
make him wiggle his trunk." - von Neumann

https.//www.scdiscoveries.com/blog/knowledge/what-is-t-sne-plot/



What other types of ML are used?



Types of Machine Learning - Supervised Learning

Unsupervised learning Supervised learning
¢ No labelled dataset is provided and output is * Alabelled dataset is provided
unknown e Learning is task-driven
* Learning based on pattern identification and e Algorithm trains to improve outcome over time

recognition

Heterogeneous

Training dataset
patient population

in which known
pathological
features are

| labelled

==
SEis ™
Train model to recognize
Multimodal features
patient data
1 Evaluate model on test data
Unsupervised 1

clustering on basis of
molecular features

l Patient subtypes

Apply model to
unseen data

|

Unseen data ‘

with shared
molecular features

™

Diagnostic Diagnostic
class 1 class 2




Types of Machine Learning - Supervised Learning

Unsupervised learning

* No labelled dataset is provided and output is
unknown

* Learning based on pattern identification and
recognition

Heterogeneous
patient population

i |
i |

1

18

Multimodal
patient data

il
LT

Unsupervised
clustering on basis of

molecular features
Patient subtypes
with shared
molecular features

Supervised learning

* A labelled dataset is provided
e Learning is task-driven
* Algorithm trains to improve outcome over time

Training dataset
in which known
pathological
features are
labelled

Train model to recognize
features

Evaluate model on test data

!

Apply model to
unseen data

|

Unseen data ‘

Diagnostic Diagnostic
class 1 class 2

Prediction of Diabetic

Retinopathy Progression

a
Baseline Saliency map 1-year

I B

Actual: 1 year
Predicted: 0.92 years

Actual: 2 years

Predicted: 1.78 years

Actual: 3 years
Predicted: 2.81 years

2-year

Actual: 4 years
Predicted: 3.82 years

3-year

4-year

Dai, L., Sheng, B., Chen, T. et al. A deep learning system for predicting

time to progression of diabetic retinopathy. Nat Med 30, 584-594

(2024). https.//doi.org/10.1038/s41591-023-02702-z

Prediction of 30-Day
Readmission

| NRD 2016 Dataset |

~18 million discharges
A

*1CD10 PCS codes of 0D11.*, 0D12.*, 0D13.*, 0D15.*

« include only with ICD 10 PCS codes 0DB1,2,3,4,5* or
0DT1,2,3,4,5*

« include only ICD10 DM C15.3, C15.4, C15.5, C15.8,
and C15.9

* Exclude patients < 18 years of age

2332 patients
Y

| Exclude those who died on index admission

2243 patients
Y

| Exclude those discharged on the month of December

v

2037 patients

v v v

383 359
o n 1295 not
readmitted readmitted B 10!
P readmitted
within 30 beyond 30 .
in the year
days of days after of 2016
discharge discharge

Bolourani, Siavash, et al. "Using machine learning to predict
early readmission following esophagectomy." The Journal of
Thoracic and Cardiovascular Surgery 161.6 (2021):
1926-1939.



Supervised Learning: Classification and Regression

PatientD | Age | smoter (Clssinoation) | (Regsesdion
P001 54 M | 283 138 88 6.2 6.8 5.1 Yes Yes Diabetic 18.4%
Po02 | 41 F | 221 | 118 ' 75 ' 49 | 52 | 47 | N0 | No ‘ Healthy ' 4.1%
P003 | 67 M | 317 | 155 ' 95 ’ 7.8 7 6.3 [ ves | Yes ' Diabetic ’ 31.2%
PO04 | 35 F | 256 | 122 ‘ 80 ' 53 | 55 | 42 [ No | Yes ' Healthy ’ 5.8%
P00S 58 M | 209 | 145 91 ' 6.9 | 65 | 5.8 [ No No ' Diabetic ' 14.7%
PoO6 | 72 F | 274 | 160 ' 97 ' 8.4 | 81 | 6.9 | Yes | Yes ' Diabetic ' 38.5%
P07 | 29 M | 238 | 115 ' 73 ' 47 | 5 | 4 [ No | No ' Healthy ' 2.3%
poog | 63 F | 332 | 148 ' 93 ’ 74 [ 7 55 | N0 | Yes ‘ Diabetic ' 25.6%



Supervised Learning: Classification and Regression

? Systolic BP Diastolic BP Fasting Glucose Cholesterol Family History Diagnosis 10-yr CVD Risk
St S Age o i mmHa mmHa mmol/L HbALo 08 mmol/L m (Classification) = (Regression)
3 i 3 Healthy
M 31.7 5 )3 TS [ T 6.3 | Yes Yes 1abetic
Healthy
Diabetic 14.7%
» 4 ] ‘ » [ Prabetic | f
Po07 | 29 | M | 238 | 115 _ 73 | 47 » 5 » 4 No | No » Healthy | 2.3%
P008 63 F 33.2 148 93 7.1 7 5.5 No Yes Diabetic 25.6%
Dataset
Training Testing

Cross Validation

Data Permitting:

Training Validation | Testing

m 4
. 4
A 4



What does it mean to fit a supervised model?



Decision boundaries and loss functions

Binary Classification Dataset

Find § so our function maps Xtoy
= fs(z)

In other words: find § that defines
boundary between labels

Minimising some loss function like
binary cross-entropy (log-loss)

1 N
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Decision boundaries and loss functions

Binary Classification Dataset

Class 0 (train)
Class 1 (train)

Find 3 so our function maps X to y § e ,0’
A ** e
S 1%
y = falx) VRSN
&
o %0, ‘g
. . <& ¢ N4 3 ’ ‘
In other words: find 3 that defines 4 A0 8
O
boundary between labels S P FEIN
@*3‘09 \
. : : ve$ o
Minimising some loss function like ®
binary cross-entropy (log-loss) &
& o
- be
L(B)=—— yilog §i + (1 —yi) log(1 — )]

=1 train + test

Ideally in a way that generalises to new data!



Decision boundaries and loss functions

Binary Classification Dataset

’ Class 0 (test)
Class 1 (test)
Find 8 so our function maps X toy ,:
~ 2
- <
y_fﬁ(x) o 9 L X 2d ®
%
’0 0’ o r ’
In other words: find g that defines o &% ‘g
O
boundary between labels o
® e ~0
a%. \
e e . . <><> ¢ o
Minimising some loss function like ® 4
binary cross-entropy (log-loss) MR *
| %o
L(B)=—— [yilog §i + (1 — i) log(1 — 4i)]

=1 test set

Ideally in a way that generalises to new data!



Decision boundaries and loss functions

Logistic Regression Support Vector Machine

Class 0 (train) Class 0 (train)
W Class 1 (train) W Class 1 (train)
—— Boundary —— Boundary

Random Forest

(train)
B Class 1 (train)
—— Boundary Boundary




Decision boundaries and loss functions

Class 0 (train)
BN Class 1 (train)
—— Boundary

(train)
B Class 1 (train)
—— Boundary

Logistic Regression

Random Forest

Support Vector Machine

Class 0 (train)
W Class 1 (train)
Boundary

Boundary




Can'’t get a well-performing model? Just
combine lots of weak ones!



Bagging: combine models trained on random data subsets

Random Forest

https://commons.wikimedia.org/wiki/File:Ensemble_Bagging.svg

Original Data

Bootstrapping

Aggregating

Bagging



Boosting: train model on what the last model got wrong

0 e O

e
0% 0, 0% 0, 0 o
o200 ¢ - 0 %0 —— 0g ©
LIS ® .. A .. O ® .C
Original Data Weighted data Weighted data
Ensemble
Classifer
Vo000 || |V 00| |V eeo
000 0000 @00
X 0000 X 0000 \ X 0000
OCO00®— 0000 0000
00000 @000 00000

AdaBoost, Gradient Boosting, XGBoost

https://commons.wikimedia.org/wiki/File:Ensemble_Boosting.svg



What is "Deep Learning™?



Deep Learning also learns a data representation for task

MACHINE LEARNING

learning outputs

DEEP LEARNING
+ learning outputs

https://aithority.com/machine-learning/21-key-differences-of-deep-learning-vs-machine-learning/



Deep Learning also learns a data representation for task

MACHINE LEARNING

learning outputs

Low-Level| |Mid-Level| |High-Level Trainable
Feature Feature Feature Classifier

DEEP LEARNING
+ learning outputs

https://aithority.com/machine-learning/21-key-differences-of-deep-learning-vs-machine-learning/ https://cs.nyu.edu/~yann/talks/lecun-ranzato-icml2013.pdf




Won't massively complex models just lead to
overfitting”?



High dimensional models are counter-intuitive

Bias-Variance Trade-off

)1.5

(a

®  Test Error (Eiest)

2

Error/o

5. L)

0.5

B Training Error (Erain) "l
@

0.0

Parameters/Data «,



Bias-variance trade-off as model “complexity” increases
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High dimensional models are counter-intuitive

Bias-Variance Trade-off

)1.5
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®  Test Error (Eiest)

2

Error/o
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0.5

B Training Error (Erain) "l
@

0.0

Parameters/Data «,



“Double Descent” beyond interpolation threshold

(a) 1.5

2

Error/o

0.5

0.0

- L.OF

Bias-Variance Trade-off

?2?7?7?

Training Error (Eirain)
®  Test Error (Eiest)

¢

\
\
\
\
\

\
[ ]
\

Interpolation
Threshold

Parameters/Data «,




Empirically observed double descent with training length in

large neural networks

Classical Regime: Modern Regime:

Bias-Variance Tradeoff Larger Model is Better
D, I BT e
: a Y =
_ 05 ' ___ Critical — Tes.t
o ! Regime Train
— 1
g 0.4 .
= !
© 0.3 \ !
| & \ 1 i
= NG} Interpolation
0.2 \ ! Threshold
0 X!
’0_) 0.1 \\:
l\\\‘
0.0 10 20 30 40 50 60

ResNet18 width parameter

Nakkiran, Preetum, et al. "Deep double descent: Where bigger
models and more data hurt." Journal of Statistical Mechanics:
Theory and Experiment 2021.12 (2021): 124003.

Test Error

3
Optimal Early
777 Stopping
10
100
1000

10

20 30 40 50 60
ResNet18 Width Parameter

Belkin, Mikhail, et al. "Reconciling modern machine-learning
practice and the classical bias—variance trade-off."
Proceedings of the National Academy of Sciences 116.32
(2019): 15849-15854.

Epochs



Regularised polynomial regression can show double descent
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Regularised polynomial regression can show double descent

Double Descent!

29




Regularised polynomial regression can show double descent

Double Descent!

Is a higher degree but lower norm
polynomial actually a more
complex model?




S0, does health data science solve all my
problems?



(Some) Challenges of Health Data Science (and Al/ML...)

“VISIBILITY

SNAKE
il AR
TR BN =k Vo A
e

Peak of Inflated Expectations

- Lots of hype

- Lots of grifters

- Data quality issues

- Contextual/Metadata quality issues
- Regulatory challenges Trough of Disllusionment S
- Influence of US health system Technology Trigger e BT

- Ethical pitfalls | |
-  Treatment to the mean ' & '

- Knowledge Translation and Operations: Hard  CAHBAGE
RESULTS

Plateau of Productivity

SHAKEOIL |
#i | LINIMENT | =
Clark Stanley’s Snake 0il Liniment

Slope of Enlightenment

GARBAGE

DATA

https://www.r-bloggers.com/2019/08/new-course-learn-advanced-data-cleaning-in-r/ https://upload.wikimedia.org/wikipedia/commons/9/94/Gartner_Hype_Cycle.svg
https.//commons.wikimedia.org/wiki/File:Clark_Stanley%27s_Snake_Oil_Liniment.png



Where can | learn more?



EPAHG6410: Applied Research in Health Data Science

Data Collection

Raw Data Types E - b

Medical Electronic Medical Physiological
Databases Medical Records  Imaging Sensors
Data Cleaning /
[~ D
Exploratory [IHH—
Data Analysis

l

Data Analysis

- Lectures

N/‘ Practicals

v
Knowledge

Translat

ion

Journal Articles
Research Proposal



Summary

e \What is health data science and how does it differ from traditional analyses of secondary data?
o Integration with data ecosystem
o  Unstructured & multi-modal data
o  Centers exploratory data analyses
o Incorporates Inductive methodologies
o Al D Machine Learning D Deep Learning

e What are the main types of Machine Learning?
o  Unsupervised Learning
m  Anomaly Detection
m  Clustering (K-means)
m  Dimensionality Reduction (UMAP/t-SNE)
m  Counter-Intuitive properties of high dimensional data
o  Supervised Learning
m  Test-Train Split vital and Cross-Validation useful

] Different models can fit different decision boundaries (Logistic, SVM, Random Forests, Neural Networks)
m  Combining Weak Predictors can be effective: Bagging (Random Forest) and Boosting (XGBoost)

m  Deep Learning of feature representations

m  Bias-Variance trade-off and the counterintuitive finding of double descent



Questions?



Terminology: Every Definition Is Wrong But Some Are Useful

e Humans love taxonomies and ontologies.
e All systems oversimplify: incomplete,

overlapping, and/or contradictory terms.
e Best system for you is the ones whose

oversimplifications matter least to you. %\ U/__ b
ES% 7

e Are novelists and journalists both just (/[ |
writers? Depends who's asking.

-------

,,,,,

‘‘‘‘‘

mmmmmmmmmmmmm

xxxxxxxxxxx
nnnnnnn
ppppppppp
vvvvvv

wwwwwwwwwwww

nnnnnnnnnnnnnn

u/a_wandering_chemist

e Generally: communication more important
than specific terminology.



Types of Machine Learning

Unsupervised learning

* No labelled dataset is provided and output is
unknown

* Learning based on pattern identification and
recognition

Heterogeneous
patient population

i |

i |

\F
i}

Multimodal
patient data

i1

=8

!

Unsupervised
clustering on basis of
molecular features

Patient subtypes
with shared
molecular features

X1
e

Supervised learning Reinforcement learning
* A labelled dataset is provided

e Learning is task-driven

* Algorithm trains to improve outcome over time

* Based on trial and error with reward or
punishment before repetition

* Algorithm trains to improve outcome over
time

Training dataset
in which known
pathological
features are
labelled

Patients and
their medical
history

Train model to recognize
features

;:ph[;:iisaec?ig?w Side effects,
adverse
reaction, lack
of treatment
Evaluate model on test data response,
drug-drug

l interaction,
disease
progression

Apply model to > 2
unseen data o=t No

|

Unseen data ‘

Yes

Measure outcome,
—  apply reward or
punishment

Diagnostic Diagnostic
class 1 class 2




Types of Machine Learning

Unsupervised learning

* No labelled dataset is provided and output is
unknown

* Learning based on pattern identification and
recognition

Heterogeneous

patient population

Multimodal
patient data

!

Unsupervised
clustering on basis of
molecular features

Patient subtypes
with shared
molecular features

Supervised learning

* A labelled dataset is provided
e Learning is task-driven

* Algorithm trains to improve outcome over time

Training dataset
in which known
pathological
features are
labelled

Train model to recognize
features

| Evaluate model on test data

Apply model to
Unseendata unseen data

Diagnostic Diagnostic
class 1 class 2

Reinforcement learning

* Based on trial and error with reward or
punishment before repetition

* Algorithm trains to improve outcome over
time

Patients and
their medical
history

[ ;:;];l;)s‘.,ecfig?, Side effects,
adverse
reaction, lack
of treatment
response,
drug-drug
interaction,

/,/ \\\ disease
< Done? - = progression
o
Yes
Measure outcome,

apply reward or
punishment

Sepsis Treatment

Policy Optimisatio

Development dataset:
80% of MIMIC-III

Q.
7 pca

4:%
Y
o

N

Patient input data
(time series of 48

features)

Discretization

g

PC

n

Patient states

46
1

0
810 -2

Dosage actions

Dose of vasopressor

~

3(4 |5

=

8|9|10

Medication doses
| Patient outcome I

12
17
|22

13 1415
18 19/20
23 24

Reward or penalty

Komorowski, M., Celi, L.A., Badawi, O. et al. The Atrtificial Intelligence Clinician
learns optimal treatment strategies for sepsis in intensive care. Nat Med 24,

1716-1720 (2018). https://doi.org/10.1038/s41591-018-0213-5



Weird distributions: Hypercubes get infinitely spiky

Unit Hypercube: Corners Vs Inscribed Sphere Corners Escape To Infinity

| ==|nscribed Sphere r=0.5
= Corner Dist vd/2

Corner/Sphere = 1.4x

7]
e
e
()
O
=
o
(e
[})
o
=)
@©
—
Sed.
()

75 -Corner Dist=0.71 Sphere r=0.50

Dimensions




Relationship between loss and model parameters
_——

4.0

3.5

3.0

N
w

Beta 1 (Slope)
= N
%] o

B
o

Beta O (Intercept)

Minimise loss: go down this surface until we get to the bottom.

L(B) =—— . lyilog 9 + (1 — y;) log(1 — ;)]

But how do we update model parameters to achieve this?
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15000

12500

10000
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Gradient descent using partial derivatives of loss

Calculate partial derivative of: A gy
A~ T~ ~da 20000
| R (117500

B 115000,

| 112500

| T10000

£(8) = 5 O lylog i + (1 — ) log(1 — 5]

with respect to each g parameter: ~ 7500

15000
12500




Gradient descent using partial derivatives of loss

Calculate partial derivative of:

§) = 5 3 [slogi + (1 ) log(1 — §.) g
= —— i i —Y; —Y; 5 ' T17500
N — Yilo8 Y Yi) 06 J 115000,
112500
with respect to each g parameter: | 0000
or 1 N | 15000
T 2500
27 = v 2 Wi — i) io |
860 N i—1 151.0
oL al 2

1
861 WZ yz Li 1




Gradient descent using partial derivatives of loss

Calculate partial derivative of:

(N |l 117500
B 115000,
| [ t12500;
110000
- 17500
15000
12500

£(8) = 5 O lylog i + (1 — ) log(1 — 5]

with respect to each g parameter:

1
= —X'"(9—
Vel = — (7 —y)




Learning Rate is an important parameter

Learning rate is essentially relative “step”
size when sliding down the gradient.

Learning rate too small:

Convergence becomes extremely

slow
Stuck in local minima
Can run out of iterations!

Learning rate too large:

Overshoot optimal value and
oscillate

Failure to converge

Float overflows

uuuuu

Too low Just right Too high

1) |
\\

1) | | 1(0) /
/ { / r\“‘/

NS

6 2]



Autoencoder: find reduction by reconstructing original data

For each observation in dataset:

Find parameters:

e that compress x to dim(z)
d that recover x from z T Encoder e Z Decoder d x/

Loss: difference between input x ]
and reconstructed output x’ Latent Space

“Self-supervised”



Supervised Learning: Classification and Regression

? Systolic BP Diastolic BP Fasting Glucose Cholesterol Family History Diagnosis 10-yr CVD Risk
Sl S8 Age o e mmHa mmHa mmol/L HbALo 08 mmol/L m (Classification) (Regression)
28.3 Yes Yes Diabetic 18.4%

P003 67 M 31.7 155 95 | 7.8 7.4 v 6.3 Yes Yes ' Diabetic | 31.2%
P004 35 F 25.6 122 80 5.3 5.5 4.2 No Yes Heajthi 5.8%
P006 72 F 27.4 160 97 ‘ 8.4 8.1 » 6.9 Yes Yes Diabetic | 38.5%
poo7 | 29 | M | 238 | 115 | 73 _ 47 » 5 » 4 No | No Healthy | 2.3%
P008 63 F 33.2 148 93 7.1 7 5.5 No Yes Diabetic 25.6%
Dataset
Training Testing

Cross Validation

Data Permitting:

Training Validation | Testing




Supervised Learning: Classification and Regression

Patient ID

Systolic BP

fmmkn)

Diastolic BP

fmmkn)

88

Fasting Glucose

fmmnlll

6.2

HbA1c (%)
6.8

Cholesterol

fmamnlll \

5.

1

Smoker

Yes

Family History

Niahatac

Diagnosis

Diabetic

10-yr CVD Risk

POO6 | 72 | F 27.4 160 97 8.4 8.1 6.9 Yes Yes Diabetic 38.5%
POO7 | 29 | M 23.8 115 73 47 5 4 No No Healthy 2.3%
P008 63 F 33.2 148 93 7.1 7 5.5 No Yes Diabetic 25.6%

Dataset Fold1 Fold 2 Fold 3 Fold 4 Fold 5
lteration 1 [E=Ss ‘ Train ‘ SRR ISRESIEN WS —p ©orrormance
Training Testing

iteration2 | Train | MCSMM | Train | Train | Train |—p Soomanes

Cross Validation ' ] — \A
‘ teration3 | Train  Train WRCSSM Train | Train  —» (07000 —p  Average

. = . = s Performance /

Data Permitting: Iteration 4 | Train Train Train Test Train = o, teration

Training Validation | Testing N . ; .
iteration s | Train | " Train [ Train | Train  ERCSEM —» ~oomance
4

~/

\\,



Supervised Learning: Classification and Regression

Patient ID

Systolic BP

fmmkn)

Diastolic BP

fmmbn)

88

Fasting Glucose

fmmanlll \

6.2

HbA1c (%)
6.8

Cholesterol

fmmnl/l

5.1

Family History

Smoker Niahatac

Yes

Diagnosis

Diabetic

10-yr CVD Risk

Diabetic
P008 63 F 33.2 148 93 7.1 7 5.5 No Yes Diabetic 25.6%
Dataset Fold1 Fold 2 Fold 3 Fold 4 Fold 5
Iteration 1 Test Train Train Train : Train = :irlftoerrr:t?:s?
Training Testing
|
lteration2 | Train Test Train  Train  Train =p Z‘?’fi’;’;}?ﬁﬁi
I i |
Cross Validation . = . N o e Performance \
= e : . - . . SN o 1 R Average
‘ ‘ ‘ ‘ Iteration3 | Train Train ! Test I Train Train I = . terations > perfo,mgnce
. ‘ ‘ l X e S = == Performance /
Data Permitting: Iteration 4 | Train Train Train Test Train = o, teration
Training Validation | Testing = 0 o
iteration s | Train | " Train [ Train | Train  ERCSEM —» ~oomance

\J/




