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Talk Overview

1) General ovewiew of Artificial Intelligence and Machine Learning
2) Discrimanativer'sGenerative Al

3) Large Language Models (LLM)

4) Prompt engineering in LLM

5) ChatGPand 3 cases of orbital tumours

6) (If time allows) Some experimental tinkering vitmatGPT.
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Artificial Intelligence

Al is a subspecialty of Data Science

Branches of Al
Robotics
Knowledge representation (ontology)
Expert systems
Logic
Sensory perception, Voice recognition
Natural language processing
Machine learning




Goals of Machine Learning

Regression
Finding relationships between features and outcomes

Classification
Predict label or class given an input

Clustering/Association
Finding similar patterns or features in unlabelled data
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What is a Machine Learning Algorithm

AnML algorithms a set of rules or instructions that a computer
follows to learn from data and make decisions or predictions.

CNF RAUGAZ2YIE O2YLXMzilF GA2yEFEf £ 32 NA
branching.

Machine learning algorithms based on trained data sets (models).
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Main Types of Machine Learning

Supervised Learning
Data is labelled

Unsupervised Learning
Data unlabelled

Reinforcement Learning
Agent learns by exploration/rewards/penalties

Semisupervised learning
Partially labelled data



ShallowsDeep ML Algorithms

Deep ML (Deep Learning)
Neural networks, transformers algorithms
Processor intensive, needs large training sets
Difficult to backtrack, explain

Shallow ML (Machine Learning)
(Essentially everything else)

Linear regression, logistic regression, decision trees, support vector machmease$t neighbours
Less accurate, less adaptive

Less processor intensive, easier to implement,

Easier to backtrack



Future of Artificial Intelligence

AGeneral AlduperintelligncevsWeak Al (narrow Al)
AOne algorithm to rule them all!

fSeed Al

Arograms will write better versions of themselves

Alechnological singularity
AJnstoppable progression of technological advancement

m22NBQa [+ 6 fAYAUaA
AbASEG RSOFRS a22NBQa fl¢g oAttt KAOG ljdz yidzy €AY,

HKOver the horizon technologiegusion energy/quantum computing
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Is Sentient Al already here?

Subscribe Latest| SCIENTIFIC Sign In | Newsletter 5
AMERICAN.
COVID Health Mind& Brain Environment Technology Space & Physics Video Podcasts Opinion

IIIIIIIIIIIIIIIIIIIIII

Google Engineer Claims Al
Chatbot Is Sentient: Why That
Matters

Is it possible for an artificial intelligence to be sentient?

By Leonardo De Cosmo on July 12, 2022




Alc New Tools for the future

AaWhen a new technology emerges, it is often used like the old
uSOKyzf 238¢ NBFSNBR (2 GKS LIKSYy2)Y
technologies in ways that are familiar to them, based on their
experiences with older, existing technologies.

AThe full potential of the new technology is not immediately apparent,
and people are more comfortable with what they know.
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Neural Networks

‘ Input #2 —

Input #3 —
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GenerativessDiscriminative Al

Generative Al: Discriminative Al:

1. What They Do 1. What They Do

Tries to understand and replicate how data looks. It can create Focuses on distinguishing between different categories or

new examples similar to what it has seen. outcomes. It tries to predict or classify based on given data.

2. How They Learn 2. How They Learn

Learns the entire pattern of the data, including how data points Learns to draw boundaries between different categories by

relate to each other. focusing only on what makes categories different.

3. Creating New Data 3. Creating New Data

Can generate new, realistic examples, like creating new images, Cannot create new examples; it only sorts or classifies existing data
text, or sounds that look and sound real. into categories.

4. Training Complexity 4. Training Complexity

Usually harder to train because it needs to understand everything Easier to train since it only focuses on figuring out how to separate
about the data. different categories.
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Example of Discriminative Al in Ocular
Pathology
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Optimized Autofluorescence Spectral Signature
for Non-Invasive Diagnostics of Ocular
Surface Squamous Neoplasia (OSSN)
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ABSTRACT Clinical OSSN diagnostics by non-invasive spectral imaging of eye autofluorescence must be
rapid enough to be comfortable for patients — without compromising accuracy. This requires identifying
optimized spectral signatures of OSSN based on a minimal number of spectrally defined images. Here,
we identified such signatures vsing a data-driven methodology of swarm intelligence. Ten patients with
histopathological diagnosis of ocular surface squamous neoplasia (OSSN) were recruited. Their unstained
biopsy OSSN specimens were investigated using a custom-built autofluorescence multispectral microscopy
imaging sysiem. The images were Ltaken in 38 spectral channels spanning specific excitation (340 nm-
510 nm) and emission (420 nm-650 nm) wavelength ranges. To identily optimized spectral signatures of
OSSN from a small number of channels, swarm intelligence was combined with discriminative clusier
analysis. This study established an optimized spectral signature of OSSN derived from multispectral
data taken in 38 channels. Depending on the critical nature of the application and the consequences of
5/28/2024 misclassification error, two optimized spectral sigrateres with 5 and 70 ctannel: were obtained which
reduced the i |magmg time to 20 and 40 seconds, a reduction by 75% and 80 %, respectively. The K-nearest
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Sample preparation

a(l)

200um

Multispectral autofluorescence imaging

Natural Tissue

b(1)

Objective
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LED Ex. wavelength (nm)

340 | 368 373 378 382 388 391 394 405 413 432 441 455 460 470 491 510  Dichroic cutoff wavelength (nm)
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Hyperspectral image
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5/28/2024

Large Language Models

An LLM is a type of artificial intelligence th
generates human language, based on the

(LLMs)

at understands and
probabilistic analysis of data.

LLMs are trained on vast amounts of text data from the internet,

books, articles, and other sources (m&eya

nyteof data).

They can perform a wide range of langueg

ated tasks, such as

answering questions, writing essays, translating languages,
summarizing text, and even having conversations.
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Common LLMs

. ChatGPT

4 0Q Meta Al ‘ '
L La M A * Claude ﬁ

Gemini

aaaaaaaaaaa Copilot




Advantages of LLM

1. Versatility and Generalization
2. Contextual Understanding

5/28/2024

3.
4.
S.

~ewShot and Zer&hot Learning
HumanLike Text Generation

Knowledge Retention and Utilization
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Prompt Engineering

Prompt engineering the process of designing and crafting prompts (input text) in

a way that effectively guides a Large Language Model (LLM) to generate desired
2dz0LJzia YR YAYAYAILS GKIFffdzOAYlF OGA2YyAcE
Improve the performance and accuracy of the model's responses to specific tasks

or questions.
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Prompt Engineering

AExamples of prompt engineering
BROELX IAY G2 YS tA1S LQY | FTAGBS &SIFN 2f Ré
& | 2 dz histdpbthologist
AMOEOf dzRS RIGI GKIFG A& 2t RSNJGKEFEY Hn &SI NBEE
Kel 1S €2dzNJ GAYS TF2NXdzZA FdAy3 &2dzNI | y&agSNE
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Problems with LLM

1. Bias and Fairness Issues

2. Lack of Interpretability

3. Resource Intensity

4. Security and Privacy Concerns
5. Ethical and Misuse Risks

5/28/2024 PRESENTATION TITLE
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Al Hallucinations

ARefers to instances where an artificial intelligence model produces
outputs that are factually incorrect, nonsensical, or completely
fabricated. These hallucinations occur because the model generates

responses based on patterns in the training data rather than an
understanding of the real world.

5/28/2024 PRESENTATION TITLE 25
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Case 1

63yoFemale
Leftlacrimalgland biopsy. ? Lymphontdisto+ flowcytometry
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Case 1

AViarked atrophy of acinar glands, fibrosis, prominent lymphocytes and
plasma cells and prominent lymphoid aggregates

AncreasedgGH/IgG4+ cells (55%), absolute 65 IgG4+ cells/HPF

AVildly increased serum 1gG4
Miagnosis: IgG4 diseasdasfrimalgland
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ChatGPT 4o

You and | are histopathologists. | would like some help with diagnosis.
Can you help with the diagnosis or differential diagnoses? Take your
time to consider your answers.

Case 1

(& Of course, I'd be happy to help with the diagnosis. Please provide the details of the case, including
the patient's history, clinical presentation, any imaging findings, and the histopathological features
chserved in the specimen. This information will help in formulating an accurate diagnosis or

differential diagnoses.

The patient is a 63 year old female with a lacrimal gland lesion. On
biopsy there was marked fibrosis of the lacrimal gland with marked
atrophy of the acinar epithelium. Prominent lymphocytes and
lymphoid aggregates are present.

(&) Based on the provided clinical and histopathological findings, a few differential diagnoses for the

lacrimal gland lesion can be considered:

1. Chronic Sclerosing Dacryoadenitis: This is a chronic inflammatery condition of the lacrimal
gland characterized by fibrosis and atrophy of the acinar epithelium, along with lymphocytic
infiltration. It is often associated with systemic inflammatory conditions such as 1gG4-related

disease,

2. lgG4-Related Ophthalmic Disease: |gG4-related disease can involve the lacrimal gland and

present with fibrosis, lymphoplasmacytic infiltration, and acinar atrophy. A key feature would be

the presence of lgG4-positive plasma cellllmmunohistochemistry for IgG4 can be helpful in
5/28/2024 confirming the diagnosis.
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There were 65 lgG4+ plasma cells per HPF, with a ratio of IgG+ to
IgG4+ cells of 50%.

(& The presence of 65 IgG4+ plasma cells per high power field (HPF) with a ratio of IgG4+ to IgG+ cells
ase of 50% strongly suggests IgG4-related disease (IgG4-RD). This condition is characterized by the
infiltration of IgG4-positive plasma cells, dense fibrosis, and often an elevated serum 1gG4

concentration. The lacrimal gland involvement is a common manifestation of this systemic disease.

Diagnosis: lgG4-Related Disease (IlgG4-RD)

Key Features Supporting the Diagnosis:

1. Histopathology:

Marked fibrosis of the lacrimal gland.

Atrophy of the acinar epithelium.

¢  Prominent lymphocytes and lymphoid aggregates.

High number of IgG4+ plasma cells (65 per HPF).

lgG4+/1gG+ plasma cell ratio of 50%.
2. Clinical Correlation:

e Typically affects middle-aged to elderly individuals.

¢  Commonly involves lacrimal and sali_*l’j.r glands, pancreas, bile ducts, and other organs.
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Case 2

A’0yo Female

ARight superior orbital mass, likely orbitatcinoid Known history of
carcinoid
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