Lecture 2
Machine learning framework:
terms, definitions, jargon

Serena Yeung
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Machine Learning

- Afamily of statistical and mathematical modeling techniques
that uses a variety of approaches to automatically learn and

improve the prediction of a target objective, without explicit
programming.



Machine Learning

- Afamily of statistical and mathematical modeling techniques
that uses a variety of approaches to automatically learn and

improve the prediction of a target objective, without explicit
programming.

- Concisely: systems that improve their performance in a given
task, through exposure to experience, or data.



Different paradigms of machine learning

- Supervised learning
- Unsupervised learning
- Reinforcement learning
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Traditional computer programming approach:
Write rules to process the inputs to produce the outputs



def example (x):

y = X2
return 'y




def example (x):
y = x"2
return y

def example2 (ECG_data):
G
#### Fill in lots of steps

##t## of processing !

return diagnosis




(Supervised) machine learning approach:
Collect a dataset of examples linking inputs to outputs,
and search for (i.e., learn) a function that can accurately
map this data of inputs to the correct outputs
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Supervised Learning:

the process through which a program takes input-output pairs and

“learns” the function that links them together
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“Supervising” the learning by providing the

right answers!
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“Supervising” the learning by providing the

right answers!
ECG examples ' v \ Heart attack?
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“Supervising” the learning by providing the

right answers!
ECG examples ' v \ Heart attack?

v doh bt s
al vl

i N | -

i g bl A SRTE ‘ F tl
M 2y o o ol g A AN kg | u I IC Ol l
Ll S8 0 S0, AL ) Y

var+| A model is defined entirely by its parameters and the

/2770 VT Tt A

i, operations between them.
“«— ~'Machine learning research involves discovering algorithms yq
S and techniques for finding “good” values of parameters
FeEEaREe e that map accurately from input to output

A 4
VR

I A

NEPEERERS P SREA

Vi !

M2 o o s

VIRV YT

Parameters

Ll P

T s oe el spateands Supervised Learning: NO
e e the process through which a program takes input-output pairs and
L D L R B |

“learns” the function that links them together



Zooming back out... supervised machine learning

- Once we have performed supervised machine learning and
obtained a “trained” model, the model can be used to take
new inputs, and produce new outputs (predictions)

- This replaces the need for the hand-written rules in
traditional computer programming!
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Electronic health Learned Function
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Electronic health Learned Function Mortality, readmission,
record data diagnosis labels



Electronic health Learned Function Mortality, readmission,
record data diagnosis labels
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Going deeper into some machine learning terminology...



ECG examples
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ECG examples
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ECG examples
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ECG examples

Heart attack?
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ECG examples Heart attack?
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Training set:
examples used to learn
function
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Training set:
examples used to learn
function

Heart attack wo
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Validation set:
examples used to periodically assess
generalization performance and
choose hyperparameters
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Training set:
examples used to learn
function

Heart attack wo
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examples evaluated only at the

very end of model development

(completely unseen during the
development process)
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Model training

Training loop:
1. Start the program, initialize model with random function
- Set model best performance = 0
2. Expose the model to training examples, to update function
3. Evaluate the function on the validation set
- If performance > previous best, update this and save model
4. Repeat steps 2 and 3 until validation performance no longer improves
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1. Start the program, initialize model with random function
- Set model best performance = 0
2. Expose the model to training examples, to update function

3. Evaluate the function on the validation set
- If performance > previous best, update this and save model

4. Repeat steps 2 and 3 until validation performance no longer improves

Hyperparameter tuning: repeat training loop for various hyperparameter settings
(design choices in program and model)



Model training

Training loop:
1. Start the program, initialize model with random function
- Set model best performance = 0
2. Expose the model to training examples, to update function

3. Evaluate the function on the validation set
- If performance > previous best, update this and save model

4. Repeat steps 2 and 3 until validation performance no longer improves

Hyperparameter tuning: repeat training loop for various hyperparameter settings
(design choices in program and model)

Assess final model performance on test set



More on input features: numeric data representing the input,
that are given to the model in order to make a prediction
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EXAMPLES OF INPUT FEATURES
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Examples of machine learning tasks corresponding to
different types of desired outputs (labels)

REGRESSION CLASSIFICATION

Real Numbers Categories



Let’s look at some first examples of traditional machine
learning algorithms for these tasks



EXAMPLE: USING BODY WEIGHT TO PREDICT BODY MASS INDEX (BMI)

o
I
EECIRS

0 159 22.02
i 214 19.70
2 163 24.09
3 205 26.97
4 150 21.51
62 143 22:51
63 165 23.69
64 93 15.08
65 163 22.64
66 207 36.57

Source: https://people.sc.fsu.edu/~jburkardt/data/csv/
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EXAMPLE: USING BODY WEIGHT TO PREDICT BODY MASS INDEX (BMI)
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EXAMPLE: USING BODY WEIGHT TO PREDICT BODY MASS INDEX (BMI)

40

35

Loss: the difference
between the function
and the actual y values.

Training a machine
learning model means
to minimize the loss!
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EXAMPLE: USING BODY WEIGHT TO PREDICT BODY MASS INDEX (BMI)
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A poorly trained or (poorly fitted) model
has high cumulative loss
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A well trained or (well fitted) model
minimizes the cumulative loss.
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CLASSIFICATION: PREDICTING CATEGORICAL LABELS

Examples:

INPUT FEATURES LABELS

Image pixels

What is presentin the image:
lung nodule, skin cancer, knee
arthritis, etc.

Structured data (e.g. lab
values, diagnosis codes, age)

Unstructured text in nursing
notes or pathology reports

Heart attack, sepsis,
mortality, etc.

Final diagnosis: stroke,
appendicitis, etc.

® 0D




EXAMPLE: Using tumor size to classify as normal or abnormal
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EXAMPLE: Using tumor size to classify as normal or abnormal
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EXAMPLE: Using tumor size to classify as normal or abnormal

Tumor Size Vs. Tumor Abnormality
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ABNORMALITY

EXAMPLE: Using tumor size to classify as normal or abnormal

Tumor Size Vs. Tumor Abnormality

14 o 0000 ®

Size

[. Normal @ Abnormal }

10

Potential problems with a linear function:

- What happens to outliers?

- How do we interpret the values of the function?



ABNORMALITY

EXAMPLE: Using tumor size to classify as normal or abnormal

Tumor Size Vs. Tumor Abnormality
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10

Sigmoid function:

A non-linear transformation that squashes all
values to be between 0 and 1. The function
values can be interpreted as probabilities.
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EXAMPLE: Using tumor size to classify as normal or abnormal

Tumor Size Vs. Tumor Abnormality
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[. Normal @ Abnormal ] Logistic regression model

10

Sigmoid function:

A non-linear transformation that squashes all
values to be between 0 and 1. The function
values can be interpreted as probabilities.



ABNORMALITY

EXAMPLE: Using tumor size to classify as normal or abnormal

Tumor Size Vs. Tumor Abnormality
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Size

[. Normal @ Abnormal ] Logistic regression model

10

Adjust the operating point in order to
calibrate for the clinical setting.
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2 Features = Two-Dimensional
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TEMP

The same rules apply directly
to multi-dimensional datasets

N
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2-dimensional
classification
problems are often
displayed in this
flattened manner
showing only the
decision boundary.



Different paradigms of machine learning

- Supervised learning
- Unsupervised learning
- Reinforcement learning



Different paradigms of machine learning

- Supervised learning
- Unsupervised learning
- Reinforcement learning



Unsupervised learning:
Finding patterns and underlying structure in unlabeled
data as opposed to those with pre-determined labels



CLUSTERING UNLABELED DATA
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Survival free of CV
hospitalization or death

1.007 —— Pheno-group #1
Log-rank P<0.0001
— Pheno-group #2

0.75- — Pheno-group #3

0.50- Kaplan-Meier survival curves
for the combined outcome of
heart failure hospitalization,
cardiovascular hospitalization,

0.25- or death, stratified by the
unsupervised clustering
method of 397 patients using
EMR data (67 clinical features)

0.00
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Reinforcement learning:
Paradigm of model as an "agent” interacting with an
environment, continuously observing the current state of
the environment and making decisions based on it
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REINFORCEMENT LEARNING

Agent

State Reward Action
Next State

Environment




BEATING HUMANS ON THE GAME OF GO
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Objective : Win the game!

State: Position of all pieces

Action: Where to put the next piece down

Reward: 1 if win at the end of the game, 0 otherwise
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REINFORCEMENT LEARNING

@ Al Doctor

|
Agent |
Reward .
State SOFA score Action
Vitals, labs Medicine/intervention
Next State
Environment

Komorowski et al. Nature Medicine, 2018. @ Patient



Summary

Today we covered:

- The machine learning paradigm, and machine learning vs. traditional
computer programming

- ML terminology and the ML training loop

- First ML models for regression (linear regression) and classification
(logistic regression)

- Different machine learning paradigms: supervised learning,
unsupervised learning, reinforcement learning

Coming up: Diving deeper into traditional methods for supervised learning,
and then deep learning methods



