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History

* RA

° QA

* Clinical Lab

e C(Clinical Studies

Lacey Harbour

Regulatory Manager, e R&D
Thermo Fisher

Not an Al Expert



Topics

 What is Al

* Data

* Learning/ Training Types

* Modeling

* Tasks/ Algorithm

* Training, Testing, and Validation
 Evaluation

* Challenges

 Platform and Pipeline
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Mentimeter Question

How familiar are you with Al/ML Concepts?
Expert (Data Scientist, Modeler, etc.)
2+ ML Projects (Well Versed End User)
1 ML Projects (Beginner End User)
Building Business Case for first ML Project

Completely New professionally, but Understand
Concepts

Completely New Professionally and Conceptually

Al Summit Working Team Member
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Mentimeter Question:

Are there any concepts you would like support
clarifying?
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Starting with the obvious...
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What is Al?
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What is Al/ML/CLS/Deep
Learning?

Learn without being explicitly
programmed

Example: Teach computer to
play a range of video games
with the input of pixels and

Perform tasks that
normally require
human intelligence

\ ' », game score only
Artificial Machine Learning
Intelligence

Deep Leaming

Learn multiple levels of /\
representation to model \K Learning

complex relationships ;
among data Diagram 1

Perspectives and Good Practices for Al and
Continuous Learning Systems in Healthcare, GMLP
Team, 2018



What is ML?

* “Machine Learning at its most basic is the practice of using algorithms
to parse data, learn from it, and then make a determination or
prediction about something in the world.” — Nvidia

Machine learning is not magic. You need to have a question
appropriate data (and lots of it), data context, training, and
monitoring.

AFDO HEALTHCARE
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Artificial Intelligence (Al) and Machine Learning (ML)

Al = Task + [ Data ] + Algonthm

\ //// sk )
\ . - ] -\\\ //""l
74 : v
Domain Magie
Knowledge Model
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Rules

Data s Computer Py Qutput

Traditional Programming

*Guru99
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Computer | Rules

Machine Learning

*Guru99

AFDO HEALTHCARE
PRODUCTS
WAUE] COLLABORATIVE




=45 Al SUMMIT

.x COLUMBUS, OH « OCTOBER 25-27, 2022

Data Prep

The (General) ML Process
Monitoring

Data Data Data
Storage Validation Labeling

Data
extraction &
Collection

Feature
Engineering/
Feature
Storage

—> —> Predictions Monitoring

AFDO HEALTHCARE
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Data Prep
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Basic ML Building Blocks

e Data: This refers to observations of real-world phenomena.

* Features: These are groups of data points which can be used to train
machine learning algorithms. The are descriptive.

 Label/Target: This is what the model is trying to predict. e.g. (whether
the animal is a dog or a cat).

e Classifier: A classifier is an ML algorithm which uses the features of
an object to try identify the class it belongs to.
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Features Labels

ol

Area (m2) No. of Stories Distance to city (km) Price (LKR)
500 1 5 500,000.00
525 2 5 1,000,000.00
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Train Data Feature vector Label Algorithm
(94, 90, 202, 25, 158, ...) (Plane)
Test Data Feature vector Inference Output

- | s e

*Guru99 and Nvidia
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Data
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The “VSH Of anl-q The traditional 3 V’s of Big Data

* Volume: How much data is there? If you have too little data, the application will not be able to
robustly learn.

* Velocity: How quickly is the data being created? If you have too little data, how long will it be
before you have an adequate amount of data? Is the data no longer relevant?

* Velocity A: Is the velocity of data creation accelerating or decelerating? Are the changes
foreseeable?

* Variety: How many data sources are there? Does this application rely on only one source of
information? Is the data adequately representative of the intended use or user group? If there
are different data sources, what are the unique characteristics of those sources. For example,
although patient data may be pulled from multiple hospital locations, are those hospitals part
of the same network?

* Veracity: Why do you think you can trust the data? It is not uncommon to spend a significant
amount of time cleaning up data before it is used.

* Validity: Are the data values correct? Are they timely? Describe the protocol used to collect
this data, explaining ‘When’, ‘How’ and ‘by Whom’ data was gathered

* Viability: How is the data relevant to the use case?

* Volatility: How often does the data change? Describe how long is it relevant, how long to store
the data before archiving or deleting. HEALTHCARE
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Data Structure

e Structured data as data that resides in in a fixed field within a record or file

 Unstructured data as information that doesn’t reside in a traditional row-

column database.

* Examples of this can be from diagnostic images, hand-written triage notes, e-mail
documents, word processing documents, PDF, PPTs, videos, photos, audio files, blogs

and more.

* Semi-structured data refers to data that is partially organized by tags and
markers in a fashion that is accessible by ML analytic tools.

* Examples of this include XML documents, Word metadata files, e-mail sending and
receiving data, tags on photos, and NoSQL.

AFDO HEALTHCARE
PRODUCTS
COLLABORATIVE




“Data directly contributes to the performance of the algorithm and
should be carefully managed and controlled. The quality and diversity
of the data used to train or retrain an Al application should be
subjected to proper data management, control and governance.”

-GMLP Team, 2019
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Learning/ Training Types
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Meaningful
Compression

Structure
Discovery

Feature
Elicitation

Big Data
Visualization

Recommender o
Srvtoms Unsuper.wsed
Learning
Clustering
Targeted
Marketing

Customer

Segmentation Real-Time
Decisions

Robot
Navigation

*Guru99 and Nvidia

Image
Classification

Identity Fraud
Detection

Customer Retention

Classification Diagnostics

Advertising Popularity

Supervised Prediction

Game Al

Reinforcement

Learning
Skill Acquisition

Learning Tasks

Learning Weather
Forecasting

Regression

Market
Forecasting

Population
Growth Estimating

Prediction Life Expectancy

JYTe%e] HEALTHCARE
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Supervised Learning

* Supervised learning happens when we use a data set with labels to train
the model. These labels or desired outputs are also being known as
“Supervisory Signal” in the machine learning world since it supervise the
model, this kind of output is expected when these kind of inputs are given.

* Ex: House prices example. Those were past house prices and their features to train
the model. Therefore, it belongs to Supervised Learning.

e Algorithms used in Supervised Learning:
* Linear Regression
Logistic Regression
Support Vector Machine (SVM)
K-Nearest Neighbor (KNN)
Decision Trees
Naive Bayes AFDO Jaieiiiuns

COLLABORATIVE
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Unsupervised

* Unsupervised Learning happen when we are using a data set without labels to
train a model. It is up to the model to identify commonalities of data and
presence or absence of those commonalities to derive at classes.

* Example: Biological grouping or clustering of species groups based on genetic markers.

* Unsupervised learning does not have a target or response variable, but rather
finds patterns or relationships between the inputs.

e Algorithms used in Unsupervised Learning:
e Clustering
* Anomaly Detection
* Neural Networks
* Expectation Maximization Algorithm (EM)
* Principle Component Analysis (PCA)
* Independent Component Analysis

AFDO HEALTHCARE
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Self-supervised learning

* A major hurdle of supervised machine learning is acquiring enough
labelled data on which to train a ML model.

* Self-supervised learning is a technique through which an algorithm
creates labels from the data itself, without human supervision.

* Self-supervised learning can be used for image and text generation
tasks — for example, by removing elements of a sentence or picture
and training the Al to fill in the blanks

AFDO HEALTHCARE
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Continuously Learning

Input Data = - Machine Validate the MndEID &

(raining duis) L e e™ | " | agsinstground trum | 7| aunchineModel

L {

)\ o a
Validate N Collect Additional
Pass? Collected Data [ Training Data
No T
L
Diagram 2 ( Fixthe Data }-

Algorithm keeps learning as humans do.
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Human-in-the-loop Al

* We would expect students to ask questions to clarify understanding during
training sessions — training an Al system is no different.

 Human-in-the-loop Al systems siphon off portions of validation data for
human review, especially where prediction confidence is low or prediction
error is high. During development, the Al system can receive targeted
feedback (additional labelled data) on which to continue training and in a
live environment can defer marginal predictions to a human for manual

consideration

* Where it needs extra help, you ensure it remains flexible to deal with
uncertainty, has the ability to adapt quickly to new scenarios and finds
blind-spots in prediction capability.

PRODUCTS
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Deep Learning

* A model that is used to perform tasks
based upon layers of algorithms and
massive amounts of data.
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.

1

=
Environment

Reinforcement Learning

<’ R
e Think of an infant. | ‘Em'
* He does not know that fire is dangerous. He nterpreter

touches it and burn himself. But he also

learn fire can burn him. Next time he only St (0O

take hand near to fire, but does not touch. dle Nyt

Still the heat burn him. Then he understand -

even too close is not good with regards to 1) ;
fire. If we relate this to Machine Learning,

our system is like this infant. Agent

* Itis called as “Agent”. The fireisthe e action
“Environment” and the feeling of burning is
similar to “Feedback”

Action

Agent ‘

l.-"

i Environment [+

The RL interaction loop

AFDO HEALTHCARE
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Creative Al/ ‘generative modelling’ (GANS)

* Models can be trained to output completely new
images that are indistinguishable from those in the

training set.

* GANs consist of two competing models that are
trained in parallel - the generator (that creates
new images), and the discriminator (that tries to
guess if the image is real or fake)

AFDO HEALTHCARE
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Modeling
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What is a Model?

* Al Model: An algorithm which is based
on a dataset through which it can arrive
at a decision. It should be built to
recognize patterns, make conclusions,
and predictions.

e ML Model: is narrower than an Al model
as it could be said to be used to make
predictions.

* DL Model: subfield of machine learning
concerned with algorithms insEired by
the structure and function of the brain
called artificial neural networks

AFDO HEALTHCARE
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Artifact

* Term that is used to describe the output created by the training
process.

e Qutput could be a fully trained model, a model checkpoint, or a file
created during the training process.

AFDO HEALTHCARE
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Tasks/ Algorithms

FD @
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Linear Regression

[Multi]Linear regression

Learned Regression Line - Learnaed Regression Line

2 :.;‘
* Linear regression attempts to ‘:.‘,.5:,‘»';‘-‘-’;_:'?:.'.-
define the relationship between il

multiple variables by fitting a linear
equation to a dataset. The output
of a linear regression model can
then be used to estimate the value
of missing points in the dataset.

ek
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Clustering....

Cluster plot
BO4G§3 23077

10~

B023533

BOB623267 gor3223

5- 80213459 cluster
80212170 IE] 1
[4] -

-7.5 -5.0 -2.5 0.0 25
Dim1 (24.4%)
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Discriminative Generative

)
® o

® A
®
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K Means

Clustering: K-means

The k-means algorithm is used to separate a
dataset into k different clusters (where k is some
integer). |

Start by randomly choosing k points (called
centroids) in space, and assigning each point to BES
the closest centroid. g

Next, calculate the mean of all the points that
have been assigned to the same centroid. This e
mean value then becomes the cluster’s new
centroid. We repeat the algorithm until it
converges, i.e. the position of the centroids does
not change.

AFDO HEALTHCARE
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K nearest

* k-nearest neighbors: The k-nearest neighbors algorithm is used to
classify data points based on the classification of their k nearest
neighbors (where k is some integer).

* For example, if we have k =5, then for each new data point, we will
give it the same classification as the majority(or the plurality) of its
closest neighbors in the data set.

AFDO HEALTHCARE
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Hierarchy Clustering

_ _ Hierarchical Clustering Analysis
* Agglomerative Clustering

(involving decomposition of
cluster using bottom-up

strategy ) :
* Divisive Clustering (involving |7F‘\ ' ‘ | || ‘

decomposition of cluster
using top-down strategy) el

3AILLVHINO199V
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DBSCAN

e Used to discover clusters of
different shapes and sizes
from a large amount of data,
which is containing noise
and outliers.

epsilon =100
minPoints =4
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Neural Networks

INPUT WEIGHT WEIGHTED
SUM

Z=W.X,+W,X,+Db

RAPS

WEIGHTED SUM I ACTIVATION

HEALTHCARE
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Neural Networks

ADJUST

DATA

FEATURES
TARGET
TRAINING
TESTING

WEIGHTS
BIASES

=

PREDICT

WEIGHTED SUM
ACTIVATION

NEURAL NETWORK

NEURONS
LAYERS
ARCHITECTURE

FEEDBACK

GRADIENTS
BACKPROPAGATION

TASK

LINEAR
NON-LINEAR
REGRESSION

CLASSIFICATION

I |:|I-

MEASURE

COosT
METRICS

HEALTHCARE
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Neural Networks

A simple neural network

THE BIGGER . .
PICTURE input hidden output

layer layer layer

MULTI-CLASS
CLASSIFICATION

BINARY
CLASSIFICATION

NON-LINEAR
REGRESSION

LINEAR
REGRESSION

FOUNDATIONS

ALGORITHM
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Ensemble Learning

* For both Supervised and Unsupervised learning
* Layering of algorithms to get better results

* Use multiple learning algorithms to obtain better predictive performance than could be
obtained from any of the constituent learning algorithms alone

* May be more efficient at improving overall accuracy for the same increase in compute,
storage, or communication resources by using that increase on two or more methods,
than would have been improved by increasing resource use for a single method.

* Fast algorithms such as decision trees are commonly used in ensemble methods (for
example, random forests), although slower algorithms can benefit from ensemble

techniques as well.

AFDO HEALTHCARE
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Boosting Algorithms

* Type of Ensemble Learning

* |t gives a prediction model in the form of an ensemble of weak
prediction models, which are typically decision trees.

* When a decision tree is the weak learner, the resulting algorithm is
called gradient-boosted trees; it usually outperforms random forest.

* A gradient-boosted trees model is built in a stage-wise fashion as in
other boosting methods, but it generalizes the other methods by
allowing optimization of an arbitrary differentiable loss function.

AFDO HEALTHCARE
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Training, Testing, and
Validation

‘‘‘‘‘‘‘



Training, Testing, and Validation

* Training Dataset: The sample of data used to fit the model.

 Validation Dataset: The sample of data used to provide an unbiased
evaluation of a model fit on the training dataset while tuning model
hyperparameters. The evaluation becomes more biased as skill on the
validation dataset is incorporated into the model configuration.

* Test Dataset: The sample of data used to provide an unbiased
evaluation of a final model fit on the training dataset.

AFDO HEALTHCARE
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[ ] [ ]

Trqlnlng Labeled Data Set

* Learning algorithms go through a period of — | —
training, cross validation, and testing before being 1
placed in use. Learning Process I

» Like all statistical models, performance depends on romgss ] [tdionse
how well the data set used for training is o Mol | it o b [taarmed oo
representative of the actual environment of use. l
During use, the ML algorithm collects additional Diagram 3 performance
data, which can be collated and used (offline) to e

o . . . * Perspectives and Good Practices for Al and Continuously

repeat the original cycle of testing and validation. Learning Systems in Healthcare, GMLP Team, 201

The original ML algorithm can then be replaced

with the “new” algorithm with improved

performance. This is sometimes called batch

learning. b

COLLABORATIVE
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Cross Validation

* Limits sampling bias

* Prevents overfitting in a predictive model where the amount of data
may be limited

* Types:
* Non-Exhaustive Methods
* Hold Out method
e K fold
* More

AFDO HEALTHCARE
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Epochs, Batch Size, & lterations

* In many cases, it is not possible to feed all the training data into an algorithm in one pass
due to the size of the dataset and memory limitations.

* Epoch elapses when an entire dataset is passed forward and backward through the
neural network exactly one time. If the entire dataset cannot be passed into the
algorithm at once, it must be divided into mini-batches.

e Batch size is the total number of training samples present in a single min-batch.

* An iteration is a single gradient update (update of the model's weights) during training.
The numt;]er of iterations is equivalent to the number of batches needed to complete
one epoch.

* So, if a dataset includes 1,000 images split into mini-batches of 100 images, it will take 10
iterations to complete a single epoch.

AFDO HEALTHCARE
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Prediction validation

* The distribution of predictions in the live test set should
approximately match the distribution of predictions in the validation
set, as shown below. If this isn’t the case, then the data used to train
the model isn’t representative of the new data being predicted in the
live environment and the predictions may therefore not be accurate.

fregquency

\RE
5
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Evaluation
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How do you know that your model is performing
well?

e Evaluation Metrics:
* Accuracy & Loss
* Precision
e Confusion Matrix
 AUC (Area Under ROC curve)
* Mean Absolute Error (MAE)
e Root Mean Square Error (RMSE)
* R Square
* F1 Score
* Recall & Sensitivity
* Specificity
e Within-group sum of squares (WGSS)

AFDO HEALTHCARE
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AUC (Area under the ROC Curve)

* Very important

* |t is a performance measurement for a classification problem at various
thresholds settings.

* The ROC Curve measures how accurately the model can distinguish

between two things (e.g. determine if the subject of an image is a dog or a
cat).

e AUC measures the entire two-dimensional area underneath the ROC curve.
* This score gives us a good idea of how well the classifier will perform.

AFDO HEALTHCARE
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Accuracy and Loss

 Accuracy * Loss | | |
* Aloss function (cost function) takes into account

* Accuracy is the count of the probabilities or uncertainty of a prediction

predictions where the predicted based on how much the prediction varies from the
value is equal to the true value. true value.
e Itis binary (true/false) for a ¢ Communicated as a summation of the errors made

for each sample in training or validation sets.

, L * Loss is often used in the training process to find the
* Communicated in %. "best" parameter values for the model

* Ex: Log Loss, Cross-Entropy Loss, Likelihood loss and
mean square error

particular sample.

AFDO HEALTHCARE
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Confusion Matrix

e Describes the performance of a classification model (or "classifier").
* By table, compares predicted and actual values.

* The basic components of the table are as follows:
* True positives (TP): The prediction was yes, and the true value is yes
* True negatives (TN): The prediction was no, and the true value is no
 False positives (FP): The prediction was yes, but the true value was no
* False negatives (FN): The prediction was no, but the the true value is yes

AFDO HEALTHCARE
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Confusion Matrix Supports other Evaluators

Metric

Accuracy

Precision

Recall/Sensitivity

Specificity

F1 score

Formula

(TP+TN)/(TP+TN+FP+FN)

TP/(TP+FP)

TP/(TP+FN)

TN/(TN+EP)

2TP/(2TP+FP+FN)

Definition

Percentage of total items
classified correctly

How accurate the positive
predictions are

True positive rate (eg to asses
false positive rate)

True negative rate (eg to assess
false negative rate)

A weighted average of precision
and recall

AmieE it e
m‘_ PRODUCTS
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Challenges

ey
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Alert

* Scripts deployed through the platform that can be used to alert data
scientists and engineers to workflows that need attention.

* For example, if the latest predictions do not match the distribution of
past predictions, then rather than overwriting the latest values, the
process can terminate early and send a process report to the
engineer in charge of the workflow for analysis.

AFDO HEALTHCARE
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Data

* Missing data
* Distribution
* Drift

AFDO HEALTHCARE
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Overtfitting and Underfitting

e Overfitting means that your model makes not accurate predictions. In
this case, train error is very small and validation/test error is large.

* Underfitting means that your model makes accurate, but initially
incorrect predictions. In this case, train error is large and
validation/test error is large.

AFDO HEALTHCARE
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Anomaly Detection

INTete) HEALTHCARE
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Concept Drift

AFDO HEALTHCARE
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Bias in Development

* |In the development process inadvertent bias could be introduced by the project
team members due to a lack of awareness of the issues of other groups and
stakeholders that may not be directly represented in the demographics of the
project team or the data (e.g., race, gender, comorbidities, etc.g.

* Inadvertent bias could introduce risk to the user or service provider from bad (i.e.
incomplete) data.

* Selection bias and exclusion bias

* Different societal groups could be over or underrepresented in the data used for
development.

* The bias introduced through lack of awareness of the issues of different user
groups could also manifest as training bias
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Bias in Data

* Data Bias
e Data bias can be introduced during the data gathering process.

e Over the lifecycle of product development bias could be introduced by product changes,
software complexity, human resources, and inadequate management of data and
programming risks3 .

* There is the potential for inadvertent incorporation of unconscious societal bias into the
data set. The demographics associated with the source of the data set can potentially
introduce bias. In defining the Al application consider which demographic the product
serves, whether there is a population match in alignment with the intended
application(sJ, and whether recalibration or compensation technique(s) were used to
adapt input data to align correctly with the target demographic setting.
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Platform & Pipeline
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Notebooks

.
»—ll‘ Identify Features

l and Labels |
It T

* Provide an interactive

computational environment H\,C - — latan )

for developing data science s = .
| ) t. p Jg t P(';"-;-l;:‘l: :?aw m 'i——:-—.—_'—ﬁ %fﬁun‘gn ve Mode|

app |Ca |Ons. qu er [J £ ! r‘“'s M(‘”:((”(_l,, erving

notebooks combine software (RS — | [reeat

code, computational ogtput, Lo | ; '{_L%:_*‘_'*Mm 3

explanatory text, and rich el

content in a single document. }l—f‘]f‘

Notebooks allow in-browser
editing and execution of code
and display computation
results

e Jupyter notebooks
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GitHub & GitLab

* Git: Keep track of changes to source code over time (most common).
Code change control

* GitHub or GitLab = privately upload codebases using Git
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Container

e Standard unit of software that packages up code and all its
dependencies, so the application runs quickly and reliably from one
computing environment to another

e Virtual machines
 Ex is Docker
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ETL

e Extract, Transform, Load

* It refers to taking data from one or multiple sources such as a
database, transforming it in some way as needed, and loading it into a
data warehouse.
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Tools: Coding

* Python
*R

* SQL

* Bash

ML Frameworks

What percentage of respondents use each framework on a regular hasis?
Scikit-learn
- -

ML Algorithms

What percentage of respondents use each algorithms on a regular hasis?

Tensorflow/Keras PyTorch

- N
- W
- I

Regression Trees/Random Forests  Gradient Boosting

55

Computer vision methods
What percentage of respondents use each method on a regular basis?

General purpose tools Image segmentation  Objection detection
La I 16 I 15 I 14
- : I .21 . 22 . 26
[ata Analyst I 4 I 5 I 5

e, U-Met, hlask R-0TH e, YTHA A, Retinaiet

£, PIL, ex 2, shumages

Natural Language Processing (NLP) methods

What percentage of respondents use each method on a regular basis?

Encoder-decoder

Word embeddings

vata enitist .1] o 13 IE
-l 3 I
Diata A t Is a2 |2

ey, CilaWe, e Texl, wemlZves e aeglueg, visnll franslcrsner

Context embeddings

£ El Do, CoVe

XGBoost
-
. i
. 18

Bayesian Technigues

i

wage classification

LightGBM

i
I1.'I-
I

Meural Networks

Generative Networks
Ia
I

| 2
e, VG, Insepatrm, BeaMNet eg, GAN, VAE
Transformers

B
B

e, G5, BERT, Xlnet

Data source: https:/ /www . kaggle.com/c/kaggle-survey-2020)
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Cloud and Storage

uioud cormpuung pMauorins
What percentage of respondents use each platform on a regular basis?

AWS (Amazon) Azure (Microsoft) GCP (Google)
- -31 .m .:3
. .31 Ilﬁ .15
- .11 In Ils

Cloud ML products

What percentage of respondents use each product on a regular basis?
Amaron Sagemaker Arure ML Studio GC Al Platform
I I I
s I I 9 Iﬁ Im
| | |

AutoML tools

What percentage of respondents use each tool on a regular basis?

Auto-Sklearn GC AutoML AutoKeras

Databases

What percentage of respondents use each database on a regular basis”
MySQL PostgreSQL SQL Server
t . 23 l 19 . 16
+ . | : . 11 I 18 I 13
t . 0 Iu I 13

IBM Cloud

GC Matural Language

GC Vision
|,,
|5

2

DataRobot

SQLite

Iil.l.
I12
I:

Data source: https:)/ /www . kaggle.com/c/kagple-survey-2020)



Return to Mentimeter
Question (below) results:

Are there any concepts you would like support
clarifying?
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Mentimeter Question:

Are there any additional concepts you would like
support clarifying?



Mentimeter Question:

What is your top concern about Al/ML?



