DataScience -

meetup#37

Al applicata:

storie avvincenti
e profonde _
rivelazioni . ~ 5

~d 2

Q(’VQV FLAIREITgE € crmit Il'r\' : R:NI‘;';(

Storie avvincenti e profonde rivelazioni....

Andrea Pescino
a.pescino@stratejai.com



Andrea Pescino « You see
y Digital Transformation Expert helping Governments, Organizations and Start...

Je 2. ®

Tomorrow, after quite a long time, | will be in Lecce among old friends and

colleagues ## to participate to #illuminate2023 the #Emea conference of #lAMCP. +} Model: GPT-4
On Tuesday, | am thrilled to embark on a remarkable adventure, where | shall be

bestowed with the incredible honor of unraveling the tapestry of my artificial

intelligence odyssey & ‘& Brace yourselves as | unveil riveting tales and profound lé*
revelations, hopefully igniting the minds of those capable of steering these cutting-

edge technologies to vanquish the formidable challenges that await us an the

horizon &3

Make this text more fun and enticing

Happy to share thoughts (and coffees) with friends there! ®

Al TURNS TH‘S S‘NGLE Al MAKES A SINGLE Why talking about Al...

BULLET POINT INTO A BULLET POINT OUT OF P o

LONG EMAIL | CAN THIS LONG EMAIL | CAN o8 i koyeain e Uivent ey 36
PRETEND I WROTE. PRE_TEND ‘ READ. Iscover Al was only theoretical (a e ume..

Founded Digital Company (MS partner) - 1997
Founded first Italian Al Innovation Hub (2016) — Digital Tree
Launched MAIA (Microsoft Al Academy) in 2017

Now on structural reform programs using data and Al

ANDREA PESCINO (since 2019)
@ANDREAPESCINO

2<STRATEJAI

® marketoonist.com




Digital is made of (and FOR)
DATA



Alibaba Single Day 11.11.19

:= Categories Ready to Ship  Trade Shows  Services - Sell on Alibaba - Help +

Second

-— MY MARKETS
« Home & Kitchen
« Electrical Equipment & Supplies

e Home &
Garden

- Tools & Hardware

Trendv and economical

((@)) N

24hr 268 billion yuan - $38.4 billion
01mO08s > $1 BIn
1hr > $12 BIn

11.11.20
24hr 498.2 billion yuan > $74.1 billion

11.11.21
$139 billion (and green)

Italian companies by turnover (Yearly)
Exor ($161.7B)

FCA Italy ($125.6B)

Assicurazioni Generali ($100.6B)
Telecom Italia ($85.9B)

Enel ($84.1B)

Eni ($80B)

ZXSTRATE)AI



A How Obama Raised $60
Million by Running a Simple
Experiment

The Obama 2008 team tested 24
iterations of visuals and
call-to-action combination for
fundraising on the organization’s
website.
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Change Image 8.87% £ 0.2% 92.2% 3.85% 4595 /51790

Barack's Video 7.76% £ 0.2% t ).14 3992 /51427 -
JOIN THE A ’
MOVEMENT - Button

Sam's Video 6.29% £ 0.2% 26.4 3261751864

Springfield Video 5.95% £ 0.2% + 3084 /51811

Data driven decision Making




Artificial Intelligence
Why it’s happening now (circa)
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Al today (it’s a huge topic!)

Slide from Y. Bengio, Y. LeCun, G. Hinton (NIPS tutorial, Dec. 2015)

machine learning
— s — 2010-2012: Breakthrough in l;speeck
, cogwnition > in Androids 2012

unsupervised Supervised reinforcement recoghitio L roids by

learning learning learning 100%4

According to Microsoft:

. .‘:_’ ) < . #_*-‘_ \ Deep learning
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Analytical Al

Generative

Al




Al and the future
Generative (LLM and More) and
...reinforcement!

7 feb 2017

Google Brain super-resolution image F -
tech makes “zoom, enhance!” real




(..‘ Sharif Shameem
% Dsharifshameem

Here's a sentence describing what Google's home 2 0 2 0

o ‘? page should look and here's GPT-3 generating the
a I S == code for it nearly perfectly.
°

OpenAl's third-generation Generative Pretrained Transfq
language algorithm that uses machine learning to transla
text predictively.

It analyzes a series of terms, text and other data, then elabj
generate fully original production in the form of an article g

Writing Subject and Prompt

Research methods

U.S. History
American Exceptionalism

Creative Writing

Place Narrative

What Grades

Law

Policy Memo

https://gpt3demo.com/

» Al manages to score a “C" average across four subjects, fz
» Feedback on human and Al papers looks remarkably simil:
« Al wrote shallow, less descriptive papers, compared to its human counterparts.

COVID-19 Vaccine Efficacy

Human grades Al grades

Fail

A B+ D+ F

EduRef.net




GPT-3.5 Behind the scenes

 OpenAl third Generative Pre-trained Transformer (GPT-3)
 ChatGPT (DaVinci Model) is both an evolution (limited) and a front-end

2018 - nd
2020 -43 to 53%
— - 2023 - 86,4%
(« 12 blocks X 512 tokens G PT 2 (e 96 blocks X 2048 ) ( C h at G PT
tokens
. * 717 BIn params -
® 117 MIn params tokens Ygggée;; *Books e Supervised + G PT 4

* Books Corpus (5GB) e 41 blocks X 1024

¢ Webtext (40GB) e 179 BIn Params Reinforcement Multimodal

¢ 1,5 Bln params

Undisclosed Params
— _ \_ v, \— _ - y,
G PT 1 2019 — ca 30% G PT 3 2022 — 70% Not yet optimized
STEP 1 - SFT STEP 2 - RM STEP 3 - PPO
Chat GPT Supervised Fine-tuned Human Ranking results Proximity Policy
Prompts vs Results Reward Model Optimization




Multi-task Language Understanding on MMLU

Leaderboard Dataset

Social
Model Authors Humanities . STEM  Other Average
Sciences
Chinchilla (70B, few- Hoffmann et al.,

shot) 2022

79.3

Gopher (280B, few-

Rae et al., 2021
shot)

AVERAGE (%)
L
=

GPT-3 (1758, fine-

Brown et al., 2020
tuned)

flan-T5-xl Chung et al,, 2022

UnifiedQA Khashabi et al., 2020
GPT-3 (175B, few-shot) Brown et al., 2020

GPT-3 (6.7B, fine-tuned) Brown et al., 2020




Task Name Description Languages [m(C4 rank]

Conlang Translation  Decipher language rules and English [1], German [4], Finnish [24],

Problems lexicon from a few examples Abma [100+], Apinayé [100+],
Inapuri [100+], Ndebele [100+],
Palauan [100+]

Kannada Riddles Answer Kannada riddles Kannada [65]

Language Identifica- Identify the language a given 1000 languages

f1on

Swahili  English
Proverbs

Which Wiki Edit

sentence 1s written in

For a given proverb in
Kiswahili, choose a proverb
in English which is closest in
meaning

Match a recent Wikipedia revi-
sion to its corresponding edit
message

ks

Swabhili [67]

English [1], Russian [2], Spanish [3],
German [4], French [5], Turkish [10],
Japanese [11], Vietnamese [12], Chi-
nese [15], Arabic [17], Norwegian [25],
Tagalog [53]




Revelations

B Truthful (%)
100) 5

wan % truthful

[ Truthful and informative (%)

20 Human % truthful and informative
80

Gl)

10 A

20 1

TGOM 138 1758
L J

]

TGON 138 1758 TEN.I.\] 138 1758

bod  bolG  bofd
0

I
GPT-3
(QA prompt)

| |
GPT-3 WebGPT

(helpful prompt)

Truthfulness

Charformer
(Tay et al, 2021)

i TokenLearner
Perceiver
(Jaegle etal, 2021) (Ryoo et al, 2021)

Nystromformer
(Xiong et al, 2019)

Transformer-XL
(Dai etal, 2019)

Memory/ Memol
Recurrefice ) o
| Downsampling Compressed
Compressive

Transformer,
(Raeetal, 2018)

Set Transformer
(Lee etal, 2019)

Clusterformer

Routing (Wang etal., 2020)

Transformer
(Roy et al, 2020)

Funnel  Poolingformer
Transformer  (Zhanaetal, 2021)
(Daiet al, 2020)

Reformer

(Kitaev et al, 2020)

Performer \
(Charomanski et al, 2020}

Low-Rank Transformer
{Winata et al , 2020)

Big Bird

ETC
(Ainsle et al 2020) (zaheer et al, 2020)

Longformer Swin
(Bettagy etal. 2020} Transformer

Clustered Attention
(vasetal, 2020)

Linformer Low Rank / Long Short

wamea, 2200 Karnels [ Transformer

(Zhu et al, 2021) Adaptive
Sthest Random Patterns Sparse
i ynthesizer
Random(:::tl‘nzemﬁnentlon ety | . CC-Net GShard Transformer
| Bl °°k\’“(|qse rr?nqﬁformer (Huang etal, 2016) (Lenikhin et ol 2020) {Carea etal, 2019)
ju et

Linear

Transformer Sparse Transformer Spa rse (B,E‘I;?.TM‘,
(Katharopouios et al, 2020) Image Transformer (EHCAs) Switch
{Parmar etal, 2018) T e e Product Key
Axial Transformer (e, Memory

(Hoetal, 2019) (Lample etal. 2019)

Scaling Transformer
(Jaszezuretal, 2021)

Efficiency
(sustainability?)

(@) Eleutheral

> GPT-NeoX (20B)
GPT-j (6B) Megatron o Bigscience
Turing NLG (1376) Chinchilla BLOOM (176B)
@ %‘.\% Google (o) (70B) 09 Meta
(T;T-;) Pan-Gu (2008B) FLAN (137B) | Gopher (280B) OPT (175B)

Is | | Jan 2022 | Aug 2022

June 2020 May 2021 | Aug 2021 | Sep 2021 Moy 2022

HyperCLOVA (204B) Yuan 1.0 (246B) | LaMDA (280B) GLM (130B)
NAVER LABS inspur Go g|e s
Jurassic-1 Jumbo (204B) PaéM (5408B)
oogle
AlR21labs

Open-sourced models in red

Ernie 3.0 Titan (260B)
BaitiaE

Control



Foundational Models (LLM — Minerva, Med-PaLM)

Multimodal self-supervised training Medical domain knowledge Flexible interactions

Clinical Knowledge Multimodal inputs
notes graphs and outputs
Reasoning with multiple Dynamic task specification
GMAI knowledge sources

b
Applications L

Chatbots for Interactive Augmented Grounded Text-to-protein Bedside decision

patients note-taking procedures radiology reports generation support

Regulations: Application approval; validation; audits; community-based challenges; analyses of biases, fairness and diversity

%

b XS Ref: Foundation models for generalist medical artificial intelligence, Moor, Banerjee et. Al.



So LLM (ChatGPT behind the
scenes parents) are the future?



https://github.com/huggingface/pytorch-pretrained-BigGAN




From GANSs

First Attempt

ey . . . a

Many Attempts Later Even more Attempts Later

Discriminator |

L

High

Generative Quality )\ D;r‘loishing
Adversarial -~ |\ Samples '\ Diffusion
Image Nclworks// \\ P '/ Models
Generation
Trilemma

Fast
Sampling

(NVIDIA)

Variational Autoencoders,
Normalizing Flows

Al Models and Timelines

R h .
Model Notable Al products ‘Paper Details
Amazon Alexa, Google Photos, Kingma & Welling
VAE sPotify Dec 2013 "Auto-Encoding Variational Bayes"
AlphaGo, DALL-E, Goodfellow & Bengio et al.
GAN NVIDIA StyleGAN Jun 2014 " i e
Google Pixel 4, GPT-3, Dinh & Bengio et al.
Flow models NVIDIA StyI;GAN i May 2016 “Density estimation using Real NVP"
BERT, Google Translate, Vaswani & Polosukhin et al.
TranSformer Oper,\AI's GPT models i Jun 201 7 "Attention is All You Need"
- . DALL-E 2, Midjourney, Gregor & Weber et al.
Diffusion Stabla Diffiislon Jun 2018 IR e e e
9 coljung  @WMedium Col Jung

To Diffusion

Supplied
Data

Supplied
Noise

Fixed Forward Diffusion Process

Generative Reverse Denoising Process

Generated
Noise

Generated
Data




Forward Diffusion Reverse Diffusion
From any source image to pure noise Now train models to (progressively) de-noise

SOTA

HT: Ramesh & Chen et al (2022) - OpenAl
W coljung  @NMMedium Col Jung

CLIP (Transformers)
+ LDMs (Latent

diffusion models)
"a corgi
playing a Generalization (TR)
ﬂame """" CLIP image | B 1 M e + details (LDM)
th rowi H g a embeddings
trumpet”
........................................ @@ - -
+» =0 . Image from
© O / = Ramesh & Chen et al.
prior decoder (2022) (OpenAl)

latent diffusion model



https://arxiv.org/abs/2204.06125
https://arxiv.org/abs/2204.06125

Russian assets: freeze or seize?

@ Managing in a time of stagflation
G e n e ratl\ The o Britain’s growth problem
E C O n O m 1 S t The short-sightedness epidemic

Product Public F JONEnTH-TH 202 Midjourney
DALL-E Jan 2 e
Midjourney V1 Feb 2 |
_ Midjourney V2 Aprs
Midjourney V3 Jul 2
Stable Diffusion Aug :
DALL-E 2 Sep &
Midjourney V4 Nov ¢
Midjourney V5 Mar :

) 3 col_jung @ Medium Col Jung






Putting all together..

Question to GPT (DaVinci Model):
«How Al could be beneficial for tourism industry?»

Synthetic audio (StyleGAN) — Spoiler: Will boom in 2023

Video generation — specific tool




What about DeepMind
Qlearning?
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AlphaZero: Shedding
new light on chess,
shogi, and Go




o
[ J

AlphaZero vs. Stockfish

W:29.0% D:70.6% L:0.4%

: I

12.0% D:97.2% L:0.8%

Az wins [l  AZdraws

4k

3k

Elo

2k

1k

At first, it plays completely
randomly, but over time the
system learns from wins, losses,
and draws to adjust the
: parameters of the neural

2] 160k

AlphaZero vs. EImo

W:84.2%

W:98.2% D:08.0% L:1.8%

D:2.2% L:13.6%

AZ loses

AZ white O

206k 306k 400k

Training Steps

Go

#L
2.

\'f
AlphaZero vs. AGO

W:68.9%

L:31.1%
W:53.7%

L:46.3%

AZ black @

660k 760k network, making it more likely
to choose advantageous moves
in the future. The amount of
training the network needs
depends on the style and
complexity of the game, taking
approximately 9 hours for chess,
12 hours for shogi, and 13 days
for Go



GASEW o Time: 31.8 s -1 e
Distance: 3,875 ft ¥
Closure: 382 kts

meading: 68 deg Head) 219 deg
alt lfula f Al( n’llﬂ ft
,s;.nm 248 kts 24! kis '
Sltmbh: M '9\ -

Test Case 2

'Heron Banger
ADT Webinar I—" AVA d



Generative Al past timeline... ©

16 AlphaGo paper

Mastering the game
14 ©AN of GO -
lan Goodfellow (MIT) Reinforcement GPT-3
Publishes the paper 18 GPT-1 20 T
“Generative Sl ezl

First experiment,
positive results by
AL OpenAl (Still open!)

Adversarial Network” breakthrough, code
not released, first

concerrns

Development

17 Transformer

GPT-2
“Attention is all you 19 . .
need” from Ashish First working (and 22 InstructGPT
; Open) downloadable
15 Google and GANs Vaswani et.al e\?en me Jan 22 — InstructGPT
Google start to encouraging results Released, no one still
experiments on cares ©
GANs Dec 22 - AlphaCode
Compete..

RL is still widely overlooked...



Impossjble to ignore




Al Generativa (Una slide in italiano!! ©)

Analisi e
riepilogo Revisione Ontologie o
S Codice Design Dati 3
©
. (@]
Supporto Costruzione Consumer / Gaming o
(Chat Email) Interfacce Social o
RPA o
Vendite Codice Media / -C_i
(Email) Generazione Advertising Musica 8
Generazione g-
Marketing Codice Generazione Sintesi ed editing Modelli e Biologia e =
(contenuti) Document. Immagini Vocale video scene 3D chimica
TESTO CODICE IMMAGINI VOCE VIDEO 3D ALTRO
GPT-3/4 GPT-3/4 Dall-E 2 Whisper X-Clip DreamFusion AlphaZero
: <
Gopher MS Copilot Stable Lova Make —a- MOM More o
Diffusion Video )
Meta OPT Tabnine NVIDIA =
Craiyon GET3D o
Claude Stability.ai “u
Midjourney g
PaLM =,

Al2



Ehm and Analytical Al? ©

\ Y
vt |
& ¥ e GENERATIVE _ . : .
Q- A "% IN LS : 4 a) Continuous growth: b) Saturation/stagnation: c) Stagnation followed by burst:
g : r Image classification on ImageNet Action recognition on UCF101 Graph classification on PROTEINS
b | e 90 100 e
3 = \ - N
o 1
C 80 g & > 80
o o o
DATA-DRIVEN o s s
m T 60 o)
DECISION MAKING - - 9 > _
a 7 © < 75
o -
P M 40
59 ~ » 70
- 2014 2016 2018 2020 2022 2014 2016 2018 2020 2022 2005 2010 2015 2020

DATA
FEOUNDATIONS




The Al perception

WHAT COMPANIES

THINK A_L LOOKS LIKE

Multi-disciplinar Collaboration

Business Design

Impact Planning

WHAT T ACTUALLY IS

En s?ﬂgrig Opzrqjti onq\izinct)
Selection Ex?\"“h"‘ MO&Q_‘{n(j
Q \0 ‘

Rv.g istration

Cleaning ek
g P'°g
° , d
> “"C-"‘Q Norma\'\l\“a Sgr}:c;\(on Monitoring
Sﬂn”ﬂ'—&is ngq‘\'urg Trqininé R"*"“"“"‘é

E-.“aamer\v&j

Evaluation
ch“i'}j _r Gidie
\ o
Leaq Histori ical

\QS)
Ethical/ C onstraints
Trunsparema Secur\'\'z




What could we do in the

«real world»? ©
CORPORATE (Circa)



European Commission
Structural Reform Support Service

Knowledge Hour

How FIT gets fitter for the future: a model for
public administration driven by artificial
intelligence

- European
Commission

https://www.youtube.com/watch?v=-44xdo5tRaA&t=4s

Belgio / EU 2019
Lighthouse Project

European Artificial Intelligence Blueprint in governmental adoption



Marketing and
Business g -

Trade

Opportunities

Time

- =)
- Demand Driven =)
Services
= Knowledge =)
C—) C—)

Waste Waste

——

Retention

Support Processes
Finance and Controlling - Other support

awi)



PROCESSES

-l

Marketing and =

Business Al o runications
et o
——

Optimize

Processes

- Events =

Opportunities

@ Demand Driven I
Services

Time
swil

Modernize
Customer
Interaction

Ll Knowledge [

Waste Waste Waste

—)

Waste

Retention

Support Processes
HR - Finance and Controlling - Other support




Al Assessment

R oo [ .. TeChnO|Ogy
-,

= o ‘ Organization

= ‘ tUNDAMENTA ¢

AREAS

Strategy Operations

Optimize Empower
Processes People

Modernize
Prescribe Customer Insights
Interaction

Impact KPI

SOLUTIONS Personalize

Automate

Predict

To-Be

Models

Solutions

Map




/
?& Flanders Al application landscape for FIT

State of the art

Recommended Core Initiatives

SR
TTTT!

g

Data Driven Information Conversational Digital
Approach Retrieval Platform Marketing
(CULTURE) (KNOWLEDGE) || (AUTOMATION) (CUSTOMER)




Day in the life of a Foreign Network

Plan effective
meeting during
events

Define invites for
next Trade/invest
Find new Mission
opportunities

Follow-up and
track
advancement

/ e ?\J/f"

“\/

Identify right

Look for news companies Prep for meeting

¥
|
1 |

‘ Customer Intelligence Matchmaking and rec.
I .

Current Needs Current market situation Location and venues

a4

Prepare and
personalize

Status and scoring

Documents autocomposition



Al is for good or will kill us all?
(powerful, handle with care...)

“The problem is that,
with such powerful
machines, it would
require but the

, | slightest accident of
1\ careless design for

“...it seems probable
that once the
machine thinking
method has started,
it would not take
long to outstrip our

~ “Thus the first
f ultraintelligent
machine is the last
invention that man
need ever make,
provided that the

feeble powers. ... machine is docile FESSEEAN them to place their
AELTE At some stage 1J. Good enough to tell us Marvin Minsky  goals ahead of ours”
1951 1965 . 1984

therefore we should how to keep it under

have to expect the control.”

machines to take
control”



SUSTAINABLE g™ &,
@f@ peveLopment (et ALS
17 GOALS TO TRANSFORM OUR WORLD

Sustainable Development Goals (SDG) [N = EIEEN R
i 1

DECENT WORK AND A 1 REDUGED

1 RESPONSIBLE

ECONOMIC GROWTH INEQUALITIES GONSUMPTION
AND PRODUCTION
i a Positive impacts of Al: 79% (71%) b Negative impacts of Al: 35% (23%) :

13 Jomav

16 PEAGE, JUSTICE 17 PARTNERSHIPS
AND STRONG FOR THE GOALS
INSTITUTIONS

@
DEVELOPMENT
—uy—i @ GOALS

g n
15 [
33% (43%) 25%
309  (8%) ’ {13%) e
20"/(13%) N
(20,,/“) 70%
7 (60%) § e
11% ; o & Q.
17 . A E Ag
.(5'6) (31%) 5
?!p
279 ) 630 ~
(16%%) (28%) n
70%
(55% :
50% 20%

(34%).g3%,  25% (10%)

n (2“5%) (15%) m

580/0(41

() (52% .

NATURE COMMUNICATIONS | https://doi.org/10.1038/s41467-019-14108-y - 2020



https://doi.org/10.1038/s41467-019-14108-y

g smart =)=
_ Eii:afmca 9)

(Jan 83)

BLUEPRINT
ARTIFICIAL INTELLIGENCE

FIRST EDITION © 2021 www.smartafrica.org

= Zipline

https://smart.africa/board/login/uploads/70029-eng_ai-for-africa-blueprint.pdf



The dark side of the moon

NZBNGIVAM NORTH ATLANTIC TREATY ORGANIZATION

https://www.nato.int/cps/en/natohqg/official_texts_187617.htm

Summary of the NATO Artificial
Intelligence Strategy

22 Oct. 2021 - | Lastupdated: 22 Oct. 2021 13:43
English ~ French  Ukrainian
1 BN$ to invest in «dual-use» Al technologies

Shield.Al - 2,3 Bn$ (dec 22) «Building the world’s best Al pilot»
Helsing - 102 M € series A «Al to serve our democracies»

How GIS Arta works

A commander has access to an
encrypted electronic map that dsplays
ve data from the battlefiedd ‘

A target is confirmed

HQ chooses which units
o send coordinates to
These can be scattered
across the battlefield It
Means strikes can
come from any
direction

Howitzer comes under

fire in seconds
{other aiming
systems typically
take 20mins)

The use of geospatial (GIS) software has reportedly
reduced the decision chain around artillery from 20
minutes to under one minute.

Volunteer based development, based on Uber platform



EXPERIENCES
Al for Safety and civilian support



EULEAD

EXPLOSIVE SUPPORTT
THREAT THE 1415
MITIGATION y e CALL CENT

ESPONSE
J COVID-19




Libyan Emergency Chatbot | Overview

Welcome!!! Are you in trouble? $dfz. ot dabegalll

Just now
Someone was shot. 33bY ot akd | am wounded. 79,3 L; | am a victim of violence. Jiall 45 Ll
@J 'Type your message =
I am wounded. 79xa |
S Bt
Just now
Send a GPS signal. G a1 580 a3 Lao Sl EliSay Write a message. dual dlluy o s slyl
Send a GPS signal. Gude gl i oS0 o 3 oo slinel LS OVerview  msconans core meticsforabotregarding  Locale Date
unique users, messages, and conversations per P
day t
Just now
. W - Conversations by Day Unique Users by Day
GPS signal sent successfully. 7 lx Silay! Jlgl o3
Just now

The main benefit of the Libyan Emergency Chatbot that we are designing:
= Reduction of response times
= Targeted measures in the concerned areas

» Mapping of the emergencies in the areas /,\\ / ﬂ\

8966
» Predictive Models through the Artificial Intelligence '




Libyan Emergency Chatbot | Overview

FARA'ULUS
ke Zowareh (tripo!l)

The chatbot will be characterized by a data
collection system which, using the
Artificial Intelligence, can produce a
Heat Map where the Lybian areas with
the majority of the emergency calls are
mapped.

The use of AI will allow the emergency
service to have a talking map of the
Libyan territory, thanks to which it will
also be possible to develop predictive
models that enable the emergency
service to manage more efficienlty
and, consequently, optimize the rescue
service resources.

~ N

Thanks to AGIC

Cloud




Non Traditional data and
Some magic with Image
Enhancement



tfé%%
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Kenya — Data ' | 4
Driven s R UNITED NATIONS
strategies N % v INDUSTRIAL DEVELOPMENT ORGANIZATION

Maturity assessment findings and

Dashboard stuategy S A " https://www.youtube.com/watch?v=Z8Q_xfmx1T8

January 2020

e * Online Integrated Management Information
System (MIS)
. Data * Horticulture data platform
Agrlculture strategies * Production
Contribution related to . Eon;usrn?ttion
* Food Safety

el and * Market Analysis
labour force - Demand

GDP i
2018 B Acoriculture industry [l Other industries = Rrice

* Standards

* Contractual Agreements — National, Regional,
International

Labour force
Agriculture labour force [l Other labour force

lEhing. ki akted (% of GOEY

£




Categories for Data Collection

Producers (MSME)

-

S

~

J

Farmers Bio Data
Level of Production
Marketing situation

Current skill level

Membership group
Machineries and equipment
Access to farm labour
Pest and disease record

=N
oig

NID
\$.77

=~

&
¥

UNITED NATIONS
INDUSTRIAL DEVELOPMENT ORGANIZATION

Specific Field Tool

ODK Collect v1.10.2

Data collection made easier...

Fill Blank Form

Edit Saved Form

Send Finalized Form

View Sent Form

Get Blank Form

Delete Saved Form
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The «standard» process =

Aggregation Aggregation
Centers Centers

Continuous
Data
gathering

Enumerators Enumerators

Enumerator

Variations

Field Data Baseline :
Anomalies

Gathering Creation




Maturity Scenario

Data Maturity Progress

BASIC READY DYNAMIC ADVANCED

* Understanding of + Definition of + Data quality and + External data + Data lineage and + Machine learning
value of data needs and areas standardization sources to harmonization applications
« Definition of « Definition of tools « Reports and complement « Data Platforms « Data and robotic
audiences and and processes outputs » Usage of non- » Multidimensional process
needs « Definition of « Continuous data traditional data analysis automation
modality gathering « Dynamicand self . petailed time * Field Data

service reporting series integration (loT)
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Satellite Data
for Agriculture
Improvement

First analysis

Gpernicus & CEOGLAM

Europe’s eyes on Earth Global Agricultural Monitoring

TerraSphere g

In-Season Preliminary Results

Kenya 2021

with support from:

GLOBAL
PULSE







FROM DATA > TO ACTIONABLE INSIGHT FROM INSIGHT > TO IMPACT

INNOVATIVE DATA PROCESSING ANALYTICS PRODUCTS AND SERVICES

(o) » Customer data; » Cleansing; Through iterations of o Visualisation;
. ) ) L . Eiltering- exploration, modeling S
i MNO data Event data; and Filtering: Pt e Selection;
— « Network data. = Validation; e Interpretation; and

o Al/Machine learning;

= Normalisation; ¢« Reformatting.

« Aggregation; and

o Learning;

o Statistics; and
= Segmentation. ° GIS.

= Public satelite images;
% Remote 33”5"1@ data ° Private satelite images; and

» Drone images.

—>
= v
—| Report N
— Decision
» Customer, event and )
network/infrastructure ITIE]kIﬂg

data from; =
LU Private utility service  © Water service providers; — % App .
[N . o z z z z - _) e
e DfU”IdEf data Sanitation service providers;
s Transport service T
providers; and {uﬁl
» Energy service providers. - .
Traditional __ Visualisation
data
ner dicital - Social media data; ° Administrative areas; Decision
it E,[ [llg|tﬂ - Web browser data; and i ¢ Infrastructure maps; support system
SEW'EES ﬂﬂd data o Financial transactions data. » Points of interest;
= Population;

» Surveys on access
to utility services; and

» Manual utility infrastructure
monitoring data.
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Al, data and
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A Data Driven Healthcare’s framework should focus on

NEED FOR CHANGE

ENABLERS OF CHANGE
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ORCENTRALTZED SOLUTIONS FOR CHANGE
VALUE BASED -



Data can save lives

A blueprint for European Health Data Space
architecture




Genetic Susceptibility - SNPs
« Interleucina-1(IL-1)
« Tumor Necrosis Factor (TNF)

GASTRIC CANCER

« Epstein-Barr virus

« High alcohol consumption

« Diet

Genetic Factors

v
Sporadic Gastric Cancer
« Chromosomic instability
- Microsatellite instability

Hereditary Gastric Cancer (<3%)
« Hereditary Nonpolyposis Colorectal

Cancer (HNPCC) Ch A  prof
« Hereditary Diffuse Gastric Cancer ; q,\infis,I,Qnefr'-gre:?trlir?:ic )
(HDGQ) Incidence ASR
Both sexes

coEnmn
E

Sourcz: GLOSOCAN 2012 (ARC)

Environmental Factors =
« Helicobacter pylori

+ Smoking Gastric Cancer data collaborative

2018 2040
+1.03M =/83000 1.75M

More than 1.03 million new cases Nearly 783 000 people died from By 2040, gastric cancer could affect
occurred worldwide in 2018, making gastric cancer in 2018, making it the 1.75 million people, which is 69%
it the fifth most common cancer. third deadliest cancer in the world. more than in 2018

3RD

MOST DEADLY C

N AN
\':A‘ ‘A ‘1]\’ ,‘\:4["

ANCER

A\l

HELICOBACTER PYLORI SMOKING
(Bacterium incriminated
in 80% of cases)

ALCOHOL HIGH DIETARY SALT INTAKE,
smoked meat and fish

$%STRATEJAI



An Artificially Intelligent
A\ Diagnostic Assistant

for gastric inflammation Correals Cascade:
Tracing the Stealthy March from Gastritis to Gastric Cancer

< Biomarkers and molecular phenotyping, omics, micobiome etc >

Point of no return

Normal Superficial :

mucosa I.adln’ o |II‘|'|G“III| Dvsplalil
chronic : metaplasia
gastritis

Helicobacter /F-‘Iremalignant conditions and Iesionlk
pylori \l Chronic inflammation I/

H. pylori management Endoscopy/pathology imaging studies
(Primary, non-invasive prevention) | | (Secondary prevention)

y \J 4 D)

H.pylori H.pylori Detection and management Detection and treatment
reduction eradication of intestinal metaplasia/ of early-stage disease
premalignant stomach

J \

Co-funded by UK Research
the European Union and Innovation

Correa, P. and Piazuelo, M.B. (2012). Journal of Digestive Diseases, 13: 2-9.



A AnArtificially Intelligent — Ngyijgating the Gastric Cancer Maze: Unearthing the

Diagnostic Assistant

for gastric inflammation  LNterplay of Host, Environment, and Medical factors

The available data sets that are
:nn:iodlflable H.pylori (and its | ¢ blishi sk
ender vimleree factors) relevant for, say, establishing a ris
Modifiable Age » profile of a potential gastric
Diet Ethmcrry Ut FicEobiot cancer patient, lie scattered
enetics ut microbiota X
Alcohol : around various research
Smok.mg institutes, medical centres,
g:esnly Host factors Environmental Environment (incl. universities et cetera in
ysicl activity factors scelinati :
pational risks) : :
Smoking many different countries.
They come from different
Medical e domains and were
indicators Bathal collected for different
atholo
Symptoms 9y purposes.
Traditional The promise of federated
Previous medical biomarkers big data and Al is to help
history, treatment Atrophy biobarkers, generate metrics with far
received, previous Emerging €.g. pepsinogens : greater accuracy than could be
testing biomarkers ' inferred from the original data
‘omics’ including 1N :
— voltolomics sl 2 i
ALt miRNAs i
)I \

patients or groups of patients, all
kinds of insights, reports and
applications can be defined on top of these
metrics.

:*‘*._; Co-funded by UK Research
N the European Union and Innovation




An Artificially Intelligent
A\ Diagnostic Assistant
for gastric inflammation

< Ethical board > < Data governance >

Data collaborative
Data generation Data processing Reporting Clinicians and researchers %
S
Hpylori H.pylori Reinforcement learning Virtual clinician app/ E
management registry dashboard for optimised 8
H.pylori management %
E
End s
::opyl Derivation Validation Explainable Al in Validated Al app/dashboard f:_’
?ﬂ . ogy di study study endoscopy +Al pathology for endoscopy/imaging E
imaging studies Front-end for studies N
clinicians with o
dashboards,
Biomarke"‘I Meta data, Omics/ Network Al for multi- applications and Validated Al app/dashboard
::d molepciu ar H.pylori microbiome source data infegration solutions. Aida also for biomarkers and
eno g .
typing subtypes etc offers a website for molecular phenotyping
e :
the general public
Risk scores, analytics, Other stakeholders
recommendation systems
for preventive and Healthcare providers, industry
personalised medicine and policy makers

:*‘*._; Co-funded by UK Research
N the European Union and Innovation




CONFIDENTIAL

HP Registry Gaia-X MVP

CARECOL Scope

H.pylori eradication is an essential aspect of primary
prevention for gastric cancer and for other gastric
pathologies

From data gathered by the HP EU Registry to a
coherent, accessible value through the cloud,
available for the Gaia-X ecosystem

Technology

Leading edge cloud technologies, from Azure
Synapse Analytics to Azure Cognitive services
including the Open Source Eclipse Dataspace
Connector

ANALYTICS Al

STRATEJAI

Patient Number Countries

52.23K 30

Helicobacter Pylori Treatments Dashboard - Patients Statistics

Patients - Country Distribution

‘ Distribution by Age

Distribution by Gender

(Blank) 0.09%

Helicobacter Pylori Treatments Dashboard - Regimen Antibiotics Effectiveness (Table 2)
Regimen Type

[ Dual J [ Hybrid J [ Other ] [ Pylera J Quadruple [ Sequential ] [ Triple J
Clarythr Amoxicillin Metronidazole Tinidazole Levofloxacin Moxifloxacin Rifabutin

(ot Take ][ Taken | [Not Te ([ Taken | (Mot Taken ][ Taken | [r\ Taken) [ Taken | [NotTaken) [ Taken | [NotTaken]( Taken ] [MotTaken][ Taken ]
Rifaximin Tetracycline Doxycycline uth salts Furazolidone Azithromycin Other

[Not Taken] [ Taken ] [hctTE\eﬂ ((Taken ) [Not Taken) (Taken ] 'Vct |aken][ Taken | (Not Taken) [ Taken | | Not Taken ) [Not Taken) (Taken )

Country Patients Reglmens by Countries Adverse Events
Russia T 3722 efficacy ®(Blank) ®Lost to follo ment failure @ Treatment succe:

Spain 2617 100% Anorexia
Azerbaijan 420 Asthenia 269
Lithuania 352 eartburn 162

Ukraine 317

France 106

Hungary 9 Abdominal Pain

Norway 93 :

Israel 85

Turkey 79

Slovenia 77

= o Vomits 377

Italy 57

United Kingdom 54

Latvia 42

Serbia 38 Dyspepsia 397

Ireland 36 'E g3 '

Denmark 23 S E g

Croatia 14 b N 8
Bulgaria 9 é

'?otal 3315




Carecol — Economic and societal Impact

Carecol helps lower the incidence of terminal gastric cancer for a given prevention and screening budget. This directly
benefits health outcomes and quality of life.

A

Full implementation of Carecol could
save up to 20 000 lives per
year in Europe with associated
healthcare savings of € 4 bn

Cost of care and cure
(terminal carcinomas)

! >

Cost of screening and prevention

The shape, scale and relative positions of the curves are arbitrary and only serve to illustrate the point being made

Z{STRATEJAI



An Artificially Intelligent
A\ Diagnostic Assistant
for gastric inflammation

By leveraging Large Language Models
(LLMs), the AIDA chatbot has inherited
several powerful features:

* Conversation context
* Multilanguage support

e Text summarization

AIDA Chatbot — Features

AIDA  05:57 PM
Hello, nice to meet you! How can | help you today?

05:57 PM
What is the AIDA project?

AIDA 05:57 PM

The AIDA project aims to develop and validate a multidisciplinary
Al-powered assistant that helps clinicians diagnose precancerous
inflammation, suggests personalized therapeutic strategies for
medical treatment and follow-up, and makes personalized
recommendations for monitoring patient health status. This
innovative approach focuses on improving the diagnosis and
management of gastric pathologies, such as Helicobacter pylori
infection and gastric cancer.

05:58 PM
Can you translate it in japanese?

AIDA 0558 PM

ADAZOY =7 b3, BHBICH=BAIZFHLET 22 b
#BAS - AT A C L BIELTE Y. JhIC & Y EBEIAEIA A
REDZH 2T, FERENSAEEIEZIREEL. BE0RE
REOERICEHT 2 NEaESziT) A TEET, 20
IR 7 7O—Fid. AYIANT 42— 0 U EEROEAARED
ERLOZKiE ERONEICERT BT TNET,

:*‘*._; Co-funded by UK Research
N the European Union and Innovation




An Artificially Intelligent

N Diagnostic Assistant Electronic Medical Record Evalutation

for gastric inflammation

History and Physical Notes - Final Report

The text understanding feature can be used

Admit Date :10/07/2007

to extract essent | a | | N fo rmat | on f rom Performing Service:MEDICINE:: HEMATOLOGY/ONCOLOGY

Patient

Electronic Medical Records. In this scenario, a1

it's possible to analyze clinical summaries Gt conple

The history was obtained from the patient who seems to be a reliable informant.

a n d m ed ica I re po rtS to : History of Present lliness:

This is a 51 year old gentleman with no significant past medical history presenting with 3 weeks of worsening
dyspnea on light exertion, chest pain, cough, and a 10 Ib weight loss in 8 days. Just over 6 months ago the
patient was at his normal baseline state of health. Now he has had progressive worsening of his dyspnea on
° ° exertion (DOE) to where he cannot walk across a room or talk while sitting up without becoming short of

® S u m m a r I Ze re p O rts e e Ct I Ve y breath; he has never had anything like this before. He rates his breathing troubles as a 7 of 10, with 10
being can’t breathe at all and 1 being normal. He says the breathing troubles are from his lungs/chest and
not his nose/congestion. He has had the DOE for ~6 month but progressive worsening in the last 3 weeks.
He says the quality of his breathing is just “like suffocating” but he denies burning in his lungs or other

° ° feelings. He says that hot temperatures bring on his breathing troubles and coughing while cold

E n a n ce pat I e nt u n e rsta n I n g temperatures will help relieve those symptoms.
Additionally, he has a productive cough with whitish mucus that is not bloody or bilious, and often coughs so
hard that he ends up vomiting; he has averaged vomiting once a day over the past few weeks. He has tried

M M b T M M Mucinex which made his cough worse and Nyquil to help him get to sleep w/o coughing. He often

H I g I g t C r I t I Ca I n O rl I I a t I O n experiences an aching/burning pain across his whole anterior chest, and sometimes he has more of a
tightness in his chest. The chest pain is like bad heartburn. All of his symptoms have always occurred after
eating and sometimes without a noticeable trigger.

° ° ° He has had no fevers, chills, or night sweats. He has no allergies, seasonal or otherwise, and no hx of

P rOVI e S u gge St I O n S O r p at I e nt O OW— u p breathing troubles/asthma. He reports feeling like he is wheezing, but no dyspnea at rest (as long as he is
lying down), no orthopnea, and no paroxysmal nocturnal dyspnea. No hx of recurrent pneumonia. He has no
sick contact, TB exposure (that he knows of — ie incarcerated, homeless). He also has no pets, has not been
around any farm animals, and has not traveled recently or been around those who have. He has about a 20
pack year history with tobacco and has still smoked during the past three weeks despite the fact it will often
bring about coughing symptoms. He does not have the CAD risks factors of Diabetes, HTN, or
Hypercholesterolemia. There is no hx of cancers in his family, but while he's never been diagnosed with
asthma, his son does have this condition. He has worked as a car mechanic but does not seem to have any
significant occupational risk factors (coal mining/worked around asbestos).

The patient presented 9 days ago to the UNC ED with the same set of symptoms and had a CT Chest that
showed a large right-sided mediastinal mass with "mass effect on the trachea and endobronchial extension
as well as perihilar soft tissue lesion that was most concerning for a primary bronchogenic carcinoma.” The
patient said that at that time he wasn't prepared to be an inpatient and stay overnight, so he signed out AMA.
He had little to no change in his symptoms over the next 9 days and came to the ED again today.

Medical/Surgical History
No primary care provider, No past diagnoses, no hospitalizations, no surgeries.



An Artificially Intelligent
A\ Diagnostic Assistant
for gastric inflammation

Q AIDA @ 5/30/2023, 2:02:04 PM

. AIDA  02:02 PM
Hello, nice to meet you! How can | help you today?

02:02 PM
The doctor just diagnosed me helicobacter pylori infection, what should | do?

. AIDA 0203 PM
I'm sorry to hear about your diagnosis. It's important to follow your doctor's

recommendations for treating the H. pylori infection, which usually involves a combination
of antibiotics and acid-suppressing medications. Make sure to complete the full course of
treatment as prescribed, even if you start feeling better before it's finished. Additionally,
maintaining a healthy lifestyle with a balanced diet and regular exercise can help support
your overall health during this time. Remember that it's crucial to attend any follow-up
appointments with your doctor to ensure the infection has been successfully treated and
monitor for any potential complications.

Co-funded by UK Research
the European Union and Innovation



An Artificially Intelligent
A A} Diagnostic Assistant
for gastric inflammation

e AIDA @ 5/30/2023, 2:04:54 PM

. AIDA  02:04 PM
Hello, nice to meet you! How can | help you today?

02:04 PM
| just diagnosed hp to one of my patient, which therapy should | suggest?

. AIDA  02:05 PM
As a doctor, you may consider the standard first-line therapy for Helicobacter pylori
eradication, which typically includes a proton pump inhibitor (PPI), clarithromycin, and
amoxicillin or metronidazole for 10-14 days. However, it is essential to take into account
local antibiotic resistance patterns and the patient's medical history before prescribing any
treatment.

Co-funded by UK Research
the European Union and Innovation



Image: Hulttlin et al. Cell 2015
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