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al Adenocarcinoma with Gastrointestinal Bleeding a Prati k. "I vibe coded an Al tOOI to help my mom fight
G stage 4 cancer. Now my friends use it to manage their
ealth Summary.PDF pa rents' care” -link

ide
a comprehensive medical profile for DUOden8|
with Gast

“I wanted to keep things as simple as possible, but as
her medical records grew to 1,600 pages long, not
including any of the images or scans, we couldn't
load it into a single thread anymore. Eventually it
was just way too much data, and | ran out of context.

D mg) into the skin daily Indications: Venous
bm Treatment pantoprazole (PROTONIX)
btarted 1/28/2026)

A EEEE  “There were no less than three times that, guided by
Sk e Sk e this workflow, we caught emergency situations and |
believe saved her life”

(8 mg) by mouth every 8 hours as needed

4/5/2026: Pratik’s mother was diagnosed with an
advanced cancer affecting the small intestine.
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https://www.msn.com/en-us/health/other/i-vibe-coded-a-cancer-coach-for-my-mother-when-she-was-given-a-scary-diagnosis-now-its-helping-my-friends-manage-their-own-parents-care/ar-AA20b5Qf
https://www.businessinsider.com/big-tech-killed-personal-health-record-openai-chatgpt-2025-11

Hyderabad: AstraZeneca Pharma India, a

subsidiary of British-Swedish pharma giant

AstraZeneca Plc, has signed a

H Y D E RA BAD memorandum of understanding with the

Telangana govt to introduce Al-powered

N EWS lung cancer screening across 20 public

health facilities.

India 4/7/2026: AstraZeneca, Telangana ,

Introduce Al-powered lung cancer screening
govt to roll out Al-powered lung cancer across 20 public health facilities
screening in public hospitals. link
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https://timesofindia.indiatimes.com/city/hyderabad/astrazeneca-telangana-govt-to-roll-out-ai-powered-lung-cancer-screening-in-public-hospitals/articleshow/130090233.cms

If they can do it, we can do it too!
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Introduction to Al and
Machine Learning

Amr Hilal

Tennessee Tech University

4/8/2026
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What is Al?

= What’s Al but not ML?

= Possible combinations of systems Thinking/Acting
Humanly/Rationally:
= Systems that act humanly.
= Systems that think humanly.
= Systems that think rationally.
= Systems that act rationally. <
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What’s Machine Learning?

« People wanted to build intelligent machines
but relatively few basic things can be
programmed.

« What about more interesting things?

o Almost impossible to programmatically
describe.
o SO0 many cases and exception

« The only way is to have a machine learn to do
it by itself.

o New Capacity for computers to learn like
humans learn by experience.

remote: 79%
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How Machine Learning came to exist?

o« Term coined by Arthur Samuel in 1959
developing a checkers game

o Samuel thought why not let the computer
come up with its own rules instead of us telling |

it the rules.
o Arthur wasn't a very good checkers player
« Had to program maybe tens of thousands of

games to teach the computer good and bad

positions World'’s first -flrst successful
self-learning program

« Experience - Computer better checkers player.
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A formal definition of Machine Learning

o Arthur Samuel (1959), older informal definition "the field of study that gives

computers the ability to learn without being explicitly programmed."

« Tom Mitchell (1998): a more modern definition: "A computer program is said to learn

from experience E with respect to some class of tasks T and performance measure P, if

its performance at tasks in T, as measured by P, improves with experience E.”

Example: playing checkers.

E = the experience of playing many games of checkers

T = the task of winning checkers game.

P = the probability that the program will win the next game.

B Tennessee Health Research
I H R w\’ and Innovation using

Verified Al Ecosystems



Machine Learning in the Science Process

OBSERVE [ * DESCRIBE = ; EXPLAIN E==* PREDICT £, CONTROL

« Some phenomena are too complex to explain in a causal form

* Machine Learning makes up for the lack of complete understanding of how a
phenomenon works by learning from many examples

* Data is essential for machine learning

 We seek to make ML model explainable to reclaim the benefit of classical causal

explanations
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Induction vs Deduction

= Deduction: Going from general rules to a specific set of
specific conclusions.

* Induction (opposite): Going from a specific set of observations
to a general rule.

= The Difference is:

= The deductive conclusions are guaranteed to be correct if the
premises are correct.

= The inductive conclusions may be incorrect (because we generalize).
= That’s a cost of learning via examples.
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Machine Learning vs Traditional Programming

Traditional Programming

Data
Output
Program

Machine Learning
Data
Program
Output
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Al vs ML
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Major Types of Machine Learning
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Supervised Learning Regression

° &
.. . ..',"
« Training data are labeled (i.e., input and output) .‘,'
@
« Two categories of problems ® o -
o, 00 ®
o Regression (continuous output) " O
@

=« Housing prices, what is the input here?

= Age given a picture

o Classification (discrete output)

= Benignvs. Malignant tumor, think about

the input!!
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Unsupervised Learning

The goal is to find interesting patterns
o Knowledge Discovery

Training data are not labeled

Put data into buckets of similar features
“Clustering”
Examples

o Fraud detection

o Customer segmentation

THRIVE

supervised learning

b4
X
w| o % X
O O
0 —
x

—TF

Unsupervised learning
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Reinforcement Learning

Learns from a sequential decision making process

An algorithm, learns by interacting with its

environment (Agent produces its own data, not
ready before)
Rewards and penalties signal good and bad

behavior

Learns by maximizing its reward and

minimizing its penalty. Sc | | R

"_‘ Agent

Games, real time decisions. -

.

Environment ]*l—
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Al vs Agentic Al

= Traditional Al
= Performs specific tasks (e.g., classification, prediction)
» Does not maintain long-term goals or plans
= Examples: image classifiers, recommendation systems

= Agentic Al
= Acts as an autonomous agent with goals
= Can plan, decide, and take actions over multiple steps
= Often interacts with tools, environments, or APIs
= Maintains context and memory across tasks
= Example: Build a website, shopping, humanoid robots
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How Machine Learning Works
(in a nutshell)
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General Machine Learning Process

MACHINE LEARNING PROCESS

Phase 1: Learning

e Learning/Training (AKA model fitting)

o Feature Extraction/Engineering

09 PRE-PROCESSING LEARNING ERROR ANALYSIS

o

Data Preprocessing

Normalization Supervised Precision/recall
TRAINING —) Dimension reduction —) Unsupervised —) Over fitting

D |V|d e d ata IntO b UCketS DATA Image processing, etc. Minimization, etc. Test/cross validation

data. Etc.

o

= [raining [ + Validation] - o
se 2: Prediction

‘n]
o Learn lteratively ol o
JiL 5D

o Eval, Error Analysis and Tuning Prediction
Ooo. —

e Prediction N Bitn
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Decision Trees

* Powerful
* Interpretable
e Easy to build
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Linear MaChine Learning MOdeI Gradients * Learning Rate (a)

Label ¥ O

« Knowns: x’s (feature), y (label)

« Required: w'sandb

« Incremental process

o Iterative feedback system

o Optimize to reduce loss Inputs <

function f(y — ¥)

o Less explainable
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Optimizing the Loss Function

Loss 4
Loss 4

X

» Weight — = w: Weight

Simpler Linear Models Neural Networks (more complex)

B Tennessee Health Research
I H R W\’ and Innovation using
Verified Al Ecosystems




Neural Networks

« Humans learn by experience.

« Neurons connect in our brains to form chunks that
represent acquired knowledge forming Natural Neural
Networks

« More connected neurons - more cognitive capabilities

dendritqs
nucleus

) @ —
- “cell
N body axon

B Tennessee Health Research
I H R w\’ and Innovation using
Verified Al Ecosystems



Neural Networks

dendrites
- nucleus

« An artificial neural network tries to emulate our 9

“~cell
7“1\ body axon

i
axon
X ‘ terminals
in,

brains
e« A neuron issimilar to a Traditional ML unit

« Hooking units of Traditional ML forms a NN.

« Deep Neural Networks: Neural Networks with
many layers

« An Artificial Neural Network is capable of

learning more complex problems
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Parameters vs 5
Hyper-parameters

Inputs< X3 © "Wz 2 Z B

= Model Parameters: the weights and biases that

are learned during training X O >,
= W’s and b’s
= Model Hyper-parameters: configuration knobs
that optimize model performance

» Regularization parameters, learning rate

Hidden layers

= Number of hidden layers, neurons per layer

Input layer Output layer
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Performance

Machine Learning vs. Deep Learning

Deep learning Machine Learning / Shallow Learning

1 ,
Input Feature extraction Classification Output
Gap, — e
> Input Feature extraction + Classification Output

Amount of data
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Model Evaluation, Error Analysis, and
Tuning
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Data Split, Model Selection, and Hyper Parameter Optimization

* The ultimate goal of ML training is

to generalize well to unseen data Full dataset
= We split data into Train and Test -
= Use test data to test model Training set Testing set
generalization on unseen data . .
= What should we do to find the best l a2, I
. Training set Val. set | | Testing set
model settings then?

= Use val dataset
» Model Selection (Hyper Parameters Opt.)

* Train model on train, evaluate on val,
and pick the best model using test
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Evaluation Metrics: Accuracy

ACTUAL CLASS

Class=Yes Class=No

Class=Yes a b
PREDICTED True Pos | False Pos
Class=No C d

False Neg True Neg

= Most widely-used metric used extensively when classes are

balanced:
a—+d TP+TN

Accuracy =

a+b+c+d :TP+TN+FP+FN
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The Accuracy Paradox

= Consider a tumor classification Actual
problem _ _
= Number of benign cases = 990 Malignant | Benign
= Number of malignant cases = 10 Malignant 0 0
= Detecting the rare class is usually | Predicted | genign 10 990
more interesting

= e.g., frauds, intrusions, defects, etc.

» |f a model predicts everything to be benign, accuracy is?
= 990/1000 =99 %

= This is misleading because this trivial model does not detect any class
YES example

= We need a better measures than Accuracy
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Precision and Recall

recivion — TP | Ground truth “
P =~ TPLFP - : o
7))
recall = Ip " True positive False positive Precision = ”r&
~ TP+ EN 3| (TP) (FP) TP/ (TP + FP) - =
o 3
P = | =
2 = precision = recall 2| o
F1 = e vocall o False negative True negative 3
precision + reca (FN) (TN) "
TP + TN L - ©
accuracy = Sensitivity / o A : =
! IPLFN+TN 4+ FP Recall = Specificity = (fg‘fﬁ%) / ©
T™N TP /(TP + FN) TN /(TN + FP) (TP + FP + TN + FN) T
specificity = |

TV 1 FP PA A

Evaluate w.r.t. reality
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Confusion Matrix

Confusion Matrix

~ arca 2 2 3 4 1
Ground truth 41.0% 0.2% 0.4% 0.5% 0.1% 2
+ ~
= o o RIS o.i% 2;131% o.g% o.g% o.g% 14%
- True positive False positive Precision =
3| (TP) (FP) TP/ (TP + FP)
k3 | » 4 1 54 13 3 72.0
b4 m LUAD G 0.1% 6.5% 1.6% 0.4% 28.0
~ ¢ 5 O
o False negative True negative -
o Q.
(FN) (TN) T Lec 2 4 8 79 0
o 0.2% 0.1% 1.0% 9.5% 0.0% 12.29%
Recall = Accuracy =
i TP + TN) / 0 0 0 0 104
TP /(TP + FN ( UCEC 9 0 9 0 % | 0.0 :
( ) (TP + FP + TN + FN) 0.0% 0.0% 0.0% 0.0% 12.5% 0.0
7 / 98.1% 3.1% 82.3% 96.3¢ 94.6%
2.6° 1.9% 16.9% 17 .7% 3.7¢ 5.4%
v o o O O
O & & & &
& & N S R

Taraet Class
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Generalization

the bias vs. variance trade-off

= The ultimate goal of ML A
training is to generalize
well to unseen data

* The training process need
to avoid overfitting and
underfitting

Generalization error

model complexity
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Underfitting vs Overfitting

» Underfitting (bias): Model is influenced
by prior conception that limits its ability
to learn from the training data.

= Reasons include: .
» Too simple model
= Too little training

the bias vs. variance trade-off

Generalization error

model complexity
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Underfitting vs Overfitting

the bias vs. variance trade-off

= Overfitting (Variance): The model ,
attends too much to the details of the
training data which limit its ability to
generalize well.

= Reasons include:
= Too much training
= Too complex model
= Too noisy data

7

error

model complexit
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Underfitting vs Overfitting

4 X 4 X
X X
X X XX X
X ><><
X XXX A 3 W
XX X XX X
> >
Under-fitting Appropirate-fitting Over-fitting
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0.70 1 Training

Learning Curves T o

= Analyze your model while training Sl
to detect and prevent overfitting.

" e.g., use early stopping 02| |
0 20 a0 80 100
Epo
2% Training
\ Testing
0661 ||
|
H LH
| 0.64
"é Generalization error 1 \
g o el \
% P 062
e | . \(\
& \-.h_“%rly smppwlg;# ____ o oo ﬂ"-’m%
w arror 0.58 - WA
> 0 20 a0 i 80 100
Ep

Training Iterations

THRIVE
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MOdel Tu nlng Big learning rate Small learning rate

o Goal: Speed up training and improve
accuracy
o Learning rate (a)
o Optimizes learning speed

« Regularization

o Overcome overfitting

and underfitting

Under-fitting Appropirate-fitting Over-fitting
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Best Practices and Common Mistakes
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Problem Formulation

* Does your problem really need Al/ML?

= May be some parts and others not

= Mapping your problem into the model components

= E.g., features, states, performance measure, reward, transitions

" |s input available in real scenarios in the form you assume?

= Adversary models
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How to select your ML model

= Start simple. Don’t start complex
= Simple solutions are the hardest
= Some simple models can provide the best results

= SVMs, Random Forests variants like XGBoost, etc.

= ook for existing models

» |[mage classifiers (VGG, resent, inception) and LLMs

= Adjust existing models

= Transfer learning

B Tennessee Health Research
I H R w\’ and Innovation using
Verified Al Ecosystems



Transfer Learning

= You don’t have to start from

scratch

= Someone may have solved a
problem similar to you

= Borrow some of what it learned

= Relearn the rest
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Have Data?

Decides model to use

(0]

DL needs more data

Online sources

O

Image repositories (Kaggle)

Data Augmentation

Data augmentation (synthesized data)

O

o

0]

Introduce distortions

Change color, orientation, size, etc.

Cropping

THR1V
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X

L4

Original Image

De-texturized

De-colorized

Edge Enhanced

Salient Edge Map

Flip/Rotate




Data Contamination/Leakage

= Occurs when information from validation or test data leaks into
training

= Common causes: improper data splitting (e.g., duplicates),
preprocessing before splitting, or tuning on test data

= Leads to overly optimistic performance estimates
" Model may fail to generalize to truly unseen data
= Violates the principle of a fair, unbiased evaluation

" Prevent by maintaining strict separation of train, validation, and test
pipelines
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Machine Learning is Science and Art

= Tuning NNs is an iterative process
= There are common practices in HPO e
= Try to use ONE main evaluation ’,r
metric: .
= F1,accuracy, precision, recall A
= Others for discussion | . 1
Experiment Code
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Al Risks and Ethics
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Generation of toxic drugs
using Al

Nature 2022: Dual use of artificial-

intelligence-powered drug discovery

o
in less than 6 hours after starting on our in-house server, our model

generated 40,000 molecules that scored within our desired threshold. In
the process, the Al designed not only VX, but also many other known
chemical warfare agents that we identified through visual confirmation

with structures in public chemistry databases.”

Generation of new toxic molecules

We had previously designed a commercial de novo molecule generator that we called
MegaSyn?, which is guided by machine learning model predictions of bioactivity for the
purpose of finding new therapeutic inhibitors of targets for human diseases. This generative
model normally penalizes predicted toxicity and rewards predicted target activity. We simply
proposed to invert this logic by using the same approach to design molecules de novo, but

now guiding the model to reward both toxicity and bioactivity instead. We trained the Al with

molecules from a public database using a collection of primarily drug-like molecules (that are
synthesizable and likely to be absorbed) and their bicactivities. We opted to score the
designed molecules with an organism-specific lethal dose (LDs) model® and a specific model
using data from the same public database that would ordinarily be used to help derive
compounds for the treatment of neurological diseases (details of the approach are withheld
but were available during the review process). The underlying generative software is built on,
and similar to, other open-source software that is readily available. To narrow the universe of
molecules, we chose to drive the generative model towards compounds such as the nerve
agent VX, one of the most toxic chemical warfare agents developed during the twentieth
century — a few salt-sized grains of VX (6-10 mg)? is sufficient to kill a person. Other nerve
agents with the same mechanism such as the Novichoks have also beenin the headlines
recently and used in poisonings in the UK and elsewhere®,

In less than & hours after starting on our in-house server, our model generated 40,000

molecules that scored within our desired threshold. In the process, the Al designed not only

VX, but also many other known chemical warfare agents that we identified through visual

confirmation with structures in public chemistry databases. Many new molecules were also

and Innovation using
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https://www.nature.com/articles/s42256-022-00465-9
https://www.nature.com/articles/s42256-022-00465-9
https://www.nature.com/articles/s42256-022-00465-9
https://www.nature.com/articles/s42256-022-00465-9
https://www.nature.com/articles/s42256-022-00465-9
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