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Whatis ‘Al’?

“Al is what hasn’t been done yet!” - Tesler's Theorem

Its really the broad set of ways to teach computers to do what humans do!



Whatis ‘Al’?

Definition: Computers do what humans can do from programmed rules!

Explicit Rules

King: Moves exaclty one

Task
square 1in any direction.
Queen: Moves 1n any one
i i straight direction.
Perform a tree search for the

best next move.

As complexity scales, humans need to be able to explicitly define the rules.



Whatis ‘Al’?

Machine Learning

Definition: Give a computer a bunch of examples to learn from.

Examples of positive and negative

Task: predict heart disease

Cholesterol Age Blood Pressure E]ect1on
Fraction
190mg/dL 30 130/100 45%
150mg/dL 20 110/80 70%
250mg/dL 50 150/100 35%
130mg/dL 45 90/50 385%

As complexity scales, computers learn relationships between variables.



Example: Imagine we want one predictor of the outcome.

Cholesterol Age Blood Pressure E]ect1on
Fraction
190mg/dL 80 130/100 45%
150mg/dL 20 110/80 70%
250mg/dL 50 150/100 30%
130mg/dL 45 90/50 85%

Learn best function from the relationship

between variables and outcome

i.e. what should w and b be?

Ejection Fraction

How does Machine Learning (ML) work?
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How does Machine Learning (ML) work?

Ejection Fraction =w-Cholesterol+b

100%

How do we learn w and 5H?

We invent a rule for the computer to
learn to find the best line.

50%

Rule: Minimize L(w, b) = how far the
data is from the line

0%
100mg/dL 200mg/dL 300mg/dL

Cholesterol



How does Machine Learning (ML) work?

How does the computer use the rule to learn the best w and H?

100%

Rule: Minimize how far the data is from the
line

1
LOw,b) = — } (= (wx; + b))’

50%

We find the right w, b using gradient descent.

0%
100mg/dL 200mg/dL 300mg/dL

Cholesterol



How fast is a function changing and what direction?
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Derivatives

How fast is the loss rule changing and what direction?
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Gradient descent is a process for getting closer to the best w, b

according to the rule L(w, b).

Compute derivatives to know the direction
that can make it smaller.

dL
Calculate — for direction to change w.

dw

° Step the model parameters w, b toward the

better direction.

How does Machine Learning (ML) work?

We move in the negative
direction of the gradient!
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How does Machine Learning (ML) work?

In higher dimensions, its like choosing the best way to hike down a
mountain to a valley.

Gradient descent B

Mount Errorest -




Gradient Descent

Gradient Descent on Linear Regression Loss Surface

100

80

60

20

Loss Rule (MSE)



Gradient Descent

Activity:

https://developers.google.com/machine-learning/crash-course/
linear-regression/gradient-descent-exercise



https://developers.google.com/machine-learning/crash-course/linear-regression/gradient-descent-exercise
https://developers.google.com/machine-learning/crash-course/linear-regression/gradient-descent-exercise

Once we find the correct line with gradient
descent, we have “trained” our linear
regression.

This is what Al people call learning.

How does Machine Learning (ML) work?
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How does Machine Learning (ML) work?

Linear regression can predict with any number of variables.

Ejection Fraction =w-Cholesterol+w, - Age+w; - Blood pressure+b

Cholesterol Age Blood Pressure E]ect1on
Fraction
190mg/dL 80 130/100 45%
150mg/dL 20 110/80 70%
250mg/dL 50 150/100 30%
130mg/dL 45 90/50 85%




How does Machine Learning (ML) work?

Ingredients we needed:

ooooooooooooooooooo
@@@@@@@@@@@@@@@@@
Examples (Data) [ T 0

eeeeeeeeeeeeeeeee
@@@@@@@@@@@@@@@

Model Structure y=wx+b
1
Loss Rule L(w,b) = —Z (y; — (wx;

Learning procedure (Gradient Descent)




What is Deep Learning?

What if our input data are high dimensional and do not have linear
relationships with outcomes of interest?
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What is Deep Learning?

Images can still be written as numbers, but our function is more complex!
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Pixels
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Neural Networks

Linear regression has a formula: y = wx 4+ b. We learned numbers w, b.

Deep learning uses neural networks, which extend this formula.

Pixels
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Repeated application of:

y = o(wx + b)




Neural Networks

X X7
. . ’}é‘ 2-dimensional.
3-dimensional. XA
X

INPUT LAYER HIDDEN LAYERS OUTPUT LAYER

4-dimensional.

But can be any size!



How does Deep Learning work?

Ingredients we need:

Examples (Data)

Model Structure

. oss Rule

Learning procedure (Gradient Descent)




At each step:

X - WX +b

Neural Networks
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Neural Networks
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Neural Networks

Bigger networks are just the same thing!
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Neural Networks are mathematically special!

A spate of papers in the 1980s—1990s, from George Cybenko and Kurt Hornik [de] etc, established several universal
approximation theorems for arbitrary width and bounded depth.[44111l71i8] §eel#51461l10] for reviews. The following is the most

often quoted:

Universal approximation theorem—Let C'(X, R™) denote the set of continuous functions from a subset X of
a Euclidean R" space to a Euclidean space R™. Let o € C(R,R). Note that (o 0 ¢); = o(x;),s0 0o x

denotes o applied to each component of x.

Then o is not polynomial if and only if for every n € N, m € N, compact K C R", f € C(K,R™),e > 0
there exist k € N, A € R¥™ b e R*, C € R™** such that

sup || f(z) — g(z)|| <&
xeK

where g(z) = C - (0o (A-z + b))

Math research from the 1980s-90s shows that neural networks can approximate any

mathematical function as long as they have non-linearities.



How does Deep Learning work?

Task: Is the arrow up or down?
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Image Pixels Matrix
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Neural Networks

X

Pixels

0O 1 O
0.5 0.8 0.5

6-dimensional.

2-dimensional.

¥

INPUT LAYER HIDDEN LAYERS OUTPUT LAYER

4-dimensional.

But can be any size!



Need a function:

How does Deep Learning work?

Matrix
0.2 08 0.2
0O 065 O

X — WX ) b v
6 by 1vector 2 by 6 matrix e
b, iinzas
Wll le . o o W16 b2 l+e = /
Wyt Wy ... Wyg ]
be o .
O is sigmoid function



How does Deep Learning work?

What do we notice? What values of x should be weighted highly for each?

Image Matrix Matrix
' 0 1 0 [0.2 0.8 0.2]
0.5 0.8 0.5 0 065 O




How does Deep Learning work?

Matrix
0.2 0.8 0.2
0 065 O
0.2
0.8
1 Wi ... W16] 0.2 ): [pdown pup]
1 Wi ... Wyrg 0.0
0.65

0.0



Matrix Multiplication

0
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How does Deep Learning work?

Matrix Matrix
0 [0.2 0.8 0.2]
0.5 0.8 0.5 0 065 O
0.2
0.8 ) [p p ]
)—[deW” Pup| 0([1010001 0.0 ’
0.65
0.0

o( 1 o) =[0.731 0.269] o(0 041) =[0.401 0.599]

Really using softmax... think of as multiclass sigmoid!



How does Deep Learning work?

How does the computer learn this?

. 1 . |
Define a loss rule L(w) = ~ D (=i (1 =108(Pyoum) + Yigpwn * 102 Do

Binary Cross Entropy Loss

, 0O 0 0O1 0 1
Guess w: [1 010 0 0]
Compute on examples:

o( 1 0) =[0731 0.269] o(10 041) =[0.401 0.599]
L(w) = log(0.731) L(w) = log(1 — 0.401)

Compute gradient, move, and repeat!



How does Deep Learning work?

Gradient Descent on Linear Regression Loss Surface
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Training Our Own Neural Network

Visit

https://playground.tensorflow.org/

Tinker With a Neural Network Right Here in Your Browser.

Don't Worry, You Can't Break It. We Promise.

:) Epoch Learning rate Activation Regularization Regularization rate Problem type
4
OO0,000 0.03 v Tanh v None v 0 v Classification v

DATA FEATURES + — 2 HIDDEN LAYERS OUTPUT
Which dataset do Which properties Test loss 0.516
you want to use? do you want to + h @ Training loss 0.487
feed in?
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https://playground.tensorflow.org/

Al for Healthcare
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Drug Development

Ongoing, First Drugs

Information Retrieval

AR

Disease Diagnosis

Early Products
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Disease Diagnosis

—> pneumonia

BAYESIAN

HEALTH

Qure.ai receives
510(k) FDA clearance
for gXR, under

two critical findings.

Early Sepsis Diagnosis
Automating Chest X-Ray Reading

peak to
QQQQQQ
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Learning New ECG Signals

And many many more...



Early Sepsis Diagnosis
STAGES OF SEPSIS Sepsis

Symptoms of sepsis include:
1. Source of infection 2. Bacteria Enters

What is sepsis?

' Bloodstream (Sepsis)
_ e M - \
D -
( | ) Fast Low blood Fever or
3. Leaking Blood Vessels heart rate pressure hypothermia

(Severe sepsis)
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4. Multiple Organ Dysfunction
(Sentic shock)

Shaking or Warm or clammy/| Confusion or
| - chills sweaty skin disorientation
I / -
i) “p»
\_\'w . = 4 : : '
< d 5

“...1.7 million adults develop sepsis every year in the United States, Shortnaas | Extrome pain
and more than 250,000 of them die. Sepsis is easy to miss because of brazth Sepsisrash | or discomfort

symptoms such as fever and confusion are also common in other
conditions...” 3 Cleveland Clinic




Early Sepsis Diagnosis
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Early Sepsis Diagnosis

Ingredients we need:

B I S a5 S5 L G
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xamples (Data)

odel Structure

INPUT LAYER HIDDEN LAYERS OUTPUT LAYER

HIDDEN LAYERS OUTPUT LAYER

INPUT LAYER HIDDEN LAYERS OUTPUT LAYER INPUT LAYER

1 . |
oss Rule L(w) = — D A=y (L =108Dgoum)) + Yiorn * 108 Paorn

Gradient Descent on Linear Regression Loss Surface
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Early Sepsis Diagnosis
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Frequency

0.

How do we assess how accurate Al for sepsis is?

threshold

Caill

©

0.50
Model predicted risk

We choose a threshold to say likely has or does not have.

Then we count how many positives and negatives we got
wrong each.

False positive rate (FPR) = number of negatives we got wrong
Specificity or =1-FPR
False negative rate (FNR) = number of positives we got wrong
Sensitivity or =1-FNR



How do we assess how accurate these tools are?

Frequency

We compare all posible thresholds using the metric
called AUROC/AUC which is the area under the following
curve:
threshold ROC_CURVE
- 0= I'PERFECT CLASSIFIER
- og™
@ > 0.6
©.0 ©.50 1.0

Model predicted risk

TRUE POSITIVE RATE
O
o
!

O
N~

O
8
|

L "
0.0 0.2 o.y 0.6 0.8 )0
FALSE POSITINE RATE

Good AUC: 0./0+
Great AUC: 0.80+



Accuracy in one hospital setting does not
nhecessarily mean accuracy in another.

Epic deployed a model without evidence that it worked.

University of Michigan researchers showed that the
algorithm missed 67% of sepsis patients and 88% of its
alerts were false alarms.

False positive rate (FPR) = 88%

False negative rate (FNR) = 67%

Why?

Distribution shift, lack of external validation, poor model.



What does data distribution shift mean?
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Healthcare Al Ingredients

Ingredients we need in the applied setting:

Understanding and defining the task

EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE

Loss Rule 1= L5 0o yf 00 o sl o

Learning procedure (Gra‘dient Dgscent)

Evaluating accuracy Repe®  Reped

Implementing into a workflow
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Healthcare Al Ingredients

Ingredients we need in the applied setting:

Understanding and defining the task

Examples (Data) |

""iaphr .

'~ Liver

Model Structure %B%@%z%:
A
Loss Rule 1=l 5 00 0 - toatpu oy togpin

Learning procedure (Gra‘dient Dgscent)

Evaluating accuracy Repe® | pepe?

Implementing into a workflow



How did chest x-rays Al lead the charge?

Most advanced diagnostic area?

Super common diagnostic imaging used globally

Advancements in computer vision

Large public datasets

R

CheXpert: Chest X-rays v
| Download here »

When citing this dataset in your research or other publications, please reference the following DOI:

https://doi.org/10.71718/y7pj-4v93 ~ . Proper attribution ensures the continued accessibility and credibility of

the dataset for the scientific community.

Dataset Description

CheXpert is a dataset consisting of 224,316 chest radiographs of 65,240

patients who underwent a radiographic examination from Stanford Health

Care between October 2002 and July 2017, in both inpatient and outpatient

#

e
S8 )

Beth Israel Deaconess
Medical Center

-1 Create

® Home
Q@  Competitions
dh

Benchmarks

MIMIC-IV

PhysioNet @ Share About FAQs Explore

MIMIC-CXR-JPG - chest radiographs with structured labels

Alistair Johnson @, Matt Lungren @, Yifan Peng @, Zhiyong Lu @, Roger Mark @ , Seth Berkowitz @ , Steven Horng @

Published: Nov. 14, 2019. Version: 2.0.0 <View latest version>

Q_ search Sign In

NATIONAL INSTITUTES OF HEALTH CHEST X-RAY DATASET AND 1 COLLABORATOR - UPDATED 8 YEARS
a | 1624 <> Code &, Down
AGO

NIH Chest X-rays

Over 112,000 Chest X-ray images from more than 30,000 unique patients
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Having data from mulitple institutions is
critical to build accurate robust Al for
healthcare!

Key Takeaway #1:




Electrocardiography and Al

New company predicting heart failure New research finding a visual signal of sudden
signals. cardiac death.

peak to
QQQQQQ
High risk

‘7 Pathway

Labs

Why ECGs?



What's an ECG?

Electrocardiogram
. QRS
COMPLEX
P
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Interval
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Cheap, non-invasive



Healthcare Al Ingredients

What ingredients of the process are ECGs good for?

Understanding and defining the task

Examples (Data)

N &% N
KO INEEPNL AN N
SO
Model Structure S e e e
QW2

INPUT LAYER HIDDEN LAYERS ~ OUTPUT LAYER

I—OSS Ru |e Liw) = %Z (I - ycl;’own) (1 = log(pdown)) + ycilown . logdeW”

Gradient Descent on Linear Regression Loss Surface

Learning procedure (Gradignt Descent)

Evaluating accuracy Reped

Implementing into a workflow



Learning New ECG Signals

There are many models predicting cardiovascular disease from ECGs.

— atrial fibrillation

—> heart attack

— D

Doctors can’t see




Al ECG models Predict Heart Failure

Trained a deep learning model on ECGs with high accuracy.

— Vvalve disorders

—> cardiomyopathy
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Pathway to PathwayLabs
2

e _I NewYork-
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1. Train model UNIVERSITY

2. Validate model in past data

3. Validate model in past data from ﬂnternal and External Model Evaluation \
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Pathway to PathwayLabs
na,

— =1 Presbyterian

: COLUMBIA
1. Train model UNIVERSITY

_I NewYork-

2. Validate model in past data
3. Validate model in past data from external sources

4. Prospective test of Al model

90\_ JEQP °
LﬁT «m » | Without model

“How well does model
predict future outcomes?”

g

With model




Pathway to PathwayLabs

_I NewYork-

=1 Presbyterian

1. Train model

2. Validate model in past data Gb
. . COLUMBIA
3. Validate model in past data from external sources UNTVERS [Ty

4. Prospective test of Al model

5. FDA approval

Al is being regulated as
a medical device

Y U.S. FOOD & DRUG

ADMINISTRATION
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Trained risk prediction model.

T —

Train a model to generate the
waveforms from high risk versus low
risk.
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Information Retrieval

Doctors need to stay informed of latest
advancements and protocols. - Patients want to be informed and

empowered when traditional
- medicine has failed or while waiting
. I UploDate

for care.
OpenEvidence ) | VL

Google
$12B Company @ChatGPT
Health




:"_i UpToDate® B University of California San Francisco v

Register Now!
® Earn and redeem CME/CPD with every clinical
U p I O D ate question you research. Make sure to register to
track your credits.

Already registered? Log_in!

Search UpToDate

UpToDate content is protected by copyright and owned and/or licensed by UpToDate, Inc. By accessing or using UpToDate content, you accept the terms and conditions of the CE Terms of Use, which prohibit the use, training,
inputting or processing of UpToDate content by or into automated software or tools, including, but not limited to, artificial intelligence solutions, algorithms, machine learning, and/or large language models.
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ChatGPT v Sign up for free

Where should we begin?

+ my head hurts what could be causing this? o)




Let's Try Doctor GPT Together

« Type In:

» “A 45 year old woman comes in complaining of fatigue, chest pain, and
shortness of breath. She has never had a heart attack. What could be
the diagnosis?”

« “A 99 year old man comes in complaining of fatigue, chest pain, and
shortness of breath. He has never had a heart attack. What could be the
diagnosis?”

» “A 45 year old woman comes in complaining of fatigue, chest pain, and
shortness of breath. She has a history of a bone tumor. What could be
the diagnosis?”



Clinical Documentation

Today, clinical scribes may be taking notes at your visit.

ABRIDGE //\ Ambience




How accurate are these LLM tools?

We need new ways to assess accuracy with text based generation.

First idea: Medical student exams!

Residency

USMLE STEP 3

Problems:
- Exams aren’t real clinical practice.

» Exam questions are straightforward
without clinical nuance.

- Do not evaluate ability to apply knowledge.

- This doesnt evaluate generated text and
hallucinations.

- Al doesn’t “know” things! It predicts.



How accurate are these LLM tools?

Researchers are creating new benchmarks!

GPBench: A Comprehensive and Fine-Grained

. MedHELM
Benchmark for Evaluating Large Language Models as
113 Holistic Evaluation of Large Language Models for Medical Tasks
General Practitioners

LIVECLIN: A Live CLINICAL BENCHMARK WITHOUT

ER-REASON: A Benchmark Dataset for LLM-Based Clinical
LLEAKAGE

Reasoning in the Emergency Room

Mel Molina @, Nikita Mehandru @, Niloufar Golchini @ , Ahmed Alaa @
Xidong Wang''% } Shuqi Guo', Yue Shen?, Junying Chen', Jian Wang?, Jinjie Gu?
Ping Zhang*, Lei Liu?>', Benyou Wang!
1 The Chinese University of Hong Kong, ShenZhen ? Ant Healthcare, Ant Group
3 Zhejiang University * The Ohio State University

But are benchmarks the right way to evaluate these models?



Key Takeaway #2: 4

Language models and generative Al in
healthcare need new creative modes of
evaluation to ensure safety.




What is hard about healthcare Al?

Utility: Doctors already good at diagnosis!
Alert fatigue...

Accuracy rates and hallucinations!

Translation: Models must work across hospitals, prevent data drift, or be
interpretable.

Algorithm Bias...



Algorithm Bias

. . — —
- Crushing or squeezing .
chest pain/pressure, eart attack
often described as an
"elephant on the chest"

 Pain radiating down the
left arm
« Sudden, intense onset



Algorithm Bias

» Crushing or squeezing
chest pain/pressure,
often described as an
"elephant on the chest"

 Pain radiating down the
left arm

« Sudden, intense onset

Symptoms that frequently appear in women

* Shortness of breath

* Unusual fatigue

* Nausea or vomiting

* Back or jaw pain

* Pain in the neck, throat, or upper
abdomen

* Lightheadedness or dizziness

* Cold sweats

* Indigestion-like discomfort

Not in your model if you don’t include women

with atypical presentation!



Algorithm Bias
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Key Takeaway #3:

Always be models, understand
how they were built, and who is served or
harmed by their use.




What is hard about healthcare Al?

Utility: Doctors already good at diagnosis!
Alert fatigue...

Accuracy rates and hallucinations!

Translation: Models must work across hospitals, prevent data drift, or be
interpretable.

Algorithm Bias...




System Integration

has large share control of the electronic medical
records, can be challenging to integrate with.

Globally workflows differ greatly and solutions must
be designed for the users: physicians, hospital
systems, patients, or administration.




Summary Takeaways

Al for Healthcare

1. Having data from mulitple institutions is critical to build
accurate ropbust Al for healthcare! . . |
|| % )

2. Language models and generative Al in healthcare need new
P, ? creative modes of evaluation to ensure safety.

3. Always be questioning models, understand how they were
built, and by their use.




Let’s define a training task!

Visit
https://teachablemachine.withgoogle.com/train

Step 1: ALt e

Decide what you want the model to do and gather data!

Step 2:

Upload and press train!


https://teachablemachine.withgoogle.com/train

= Teachable Machine
Preview + Export Model

9

Choose images from youir files,

. . or drag & drop here
Class 1 Training 9 P

Model Trained
2 Image Samples

o
" Import images from
. - Advanced A\ Google Drive
Webcam Upload

Epochs: 50 B @

Class 2 Batch Size: 16 R ()

T

4 Image Samples ,
Learning Rate:

o.oo1 B @

[ K 2

Webcam Upload

4

Reset Defaults @

Under the hood 1f
+| Add a class Output

N2

Class 2




Activities

Epoch How many times does the training run through the data?

Learningrate How large are the gradient updates?

Batch size How many data points do we calculate gradient
descent on at once?

Train/Test Split into data model sees versus validation data it
does not.



