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Emerging Technologies

 Artificial Intelligence (AI) and Machine 
Learning

 Big Data

 Cloud Computing

 Edge Computing

 Internet of Things (IoT)

 Blockchain

 Virtual and Augmented Reality (VAR)

 Robotics
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A virtually new world (2006 – 2016)
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Top companies by market 

capitalization (2022)
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Top companies by market 

capitalization (2022) - ICT
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The data deluge (The Economist, 

2010)
 According to an estimate, mankind 

created 150 exabytes (billion 

gigabytes) of data in 2005. 

 In 2010 only, it will create 1,200 

exabytes.

 The data deluge is already starting to 

transform business, government, 

science and everyday life

 It has great potential for good

https://www.economist.com/leaders/2010/02/25/the-data-deluge
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The data deluge (Schmidt, 2010)

 In August 2010 at the Techonomy
conference in Lake Tahoe, CA, Google 
CEO Eric Schmidt:

◦ ―Every two days now we create as much 
information as we did from the dawn of 
civilization up until 2003. That‘s something 
like five exabytes of data‖

◦ Schmidt noted that he doesn‘t believe people 
are ready for what‘s coming

http://tcrn.ch/bm9a2Q

http://tcrn.ch/bm9a2Q


Big Data

 Big data refers to the large, diverse sets of 

information that grow at ever-increasing 

rates.



Volume of data created, captured, 

copied, and consumed worldwide

https://www.statista.com/statistics/871513/worldwide-data-created/
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What Happens in an Internet 

Minute in 2022



Other sources of big data

 Satellites

 Surveillance cameras

 Electronic health record (EHR)

 Traffic sensors

 Wearables (Apple watch, Fitbit, etc.)

 Smartphones (6.3bn worldwide)

 Sensor data from production machinery

 eCommerce data

 Government data

 Media (news, etc.)

 Books (Google digitized 40 million books)



Data: The world‘s most valuable 

resource
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Artificial Intelligence

 The European Commission‘s High-Level 

Expert Group on Artificial Intelligence 

defines AI as 

◦ “systems that display intelligent behaviour by 

analysing their environment and taking actions –

with some degree of autonomy – to achieve 

specific goals”.
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Several Definitions for Artificial 

Intelligence
 Artificial Intelligence is...

◦ ―… the science and engineering of making intelligent machines‖ … 
―[where] intelligence is the computational part of the ability to achieve 
goals in the world‖ (original definition by John McCarthy who coined 
the term ‗Artificial Intelligence‘ in 1955)

◦ ―… a field of computer science that focuses on creating machines that 
can learn, recognize, predict, plan, and recommend — plus understand 
and respond to images and language‖ (Salesforce‗s definition).

◦ ―… the ability of machines to exhibit human-like 
intelligence‖ (McKinsey‗s definition)

◦ ―… a constellation of technologies that extend human capabilities by 
sensing, comprehending, acting and learning – allowing people to do 
much more‖ (Accenture‗s definition)

◦ ―… a set of computer science techniques that enable systems to 
perform tasks normally requiring human intelligence‖ (Economist 
Intelligence Unit‘s definition)

◦ ―… the study of the modelling of human mental functions by computer 
programs.‖  (Collins Dictionary definition)

17

http://www-formal.stanford.edu/jmc/whatisai/node1.html
http://interactive.salesforce.com/ai-everywhere
http://www.mckinsey.com/~/media/McKinsey/Industries/Advanced Electronics/Our Insights/How artificial intelligence can deliver real value to companies/MGI-Artificial-Intelligence-Discussion-paper.ashx
https://www.accenture.com/t20170614T050454__w__/us-en/_acnmedia/Accenture/next-gen-5/event-g20-yea-summit/pdfs/Accenture-Boost-Your-AIQ.pdf
https://www.eiuperspectives.economist.com/sites/default/files/Artificial_intelligence_in_the_real_world_1.pdf
https://www.eiuperspectives.economist.com/sites/default/files/Artificial_intelligence_in_the_real_world_1.pdf
https://www.collinsdictionary.com/dictionary/english/artificial-intelligence


What AI comprises

18
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Machine Learning

 Machine learning (ML) is at the core of 

most of today‘s AI systems

 ML focuses on the development of 

algorithms that can analyse data, 

typically large in volume and complex 

in structure, to identify any regularities 

that can be used, for example, to make 

predictions, recommendations or 

decisions.



Deep Learning

 A special type of ML are so-called ―deep 
learning‖ algorithms

 These identify mathematical equations that 
are highly complex relative to other AI 
algorithms, often involving millions of 
calculations and parameters. 

 Deep learning is typically used for some of 
the most complex problems, such as in 
computer vision, speech recognition or 
natural language processing.



Difference between classical 

programming and Machine Learning

21



Credit card example

A credit card company 
that uses a collection of 
rules, often defined by 
experts, based on which 
transactions are classified 
as fraudulent

The rules are 
automatically found 
from the data using an 
algorithm instead of being 
defined by an expert.



How Machine Learning works?

 Let‘s play a game called ―guess the 

painter‖.

 We will give you just two pictures with 

the painters‘ name.

 After that, we are going to give you just 

pictures and you have to answer ―who is 

the painter?‖

http://www.datasciencecentral.com/profiles/blogs/introduction-to-machine-learning-data-mining



―Who is the painter‖ game

Van Gogh

Claude Monet



―Who is the painter‖ game

 Picture #1 



―Who is the painter‖ game

 Picture #2



―Who is the painter‖ game

 Picture #3



―Who is the painter‖ game

 Picture #4



―Who is the painter‖ game

 Picture #5



―Who‘s the painter‖ ?

 Answers
1 – Gogh

2 – Monet

3 – Monet

4 – Gogh

5 – Gogh



How your brain worked

 As soon as you saw those pictures, in 

your mind, you already have a formula (a 

set of rules)

 Monet: Use bright colors, pictures liken 

female, it's like a dream

 Gogh: Use simple colors, pictures liken 

male, we can feel powerful. Rough.



How Machine Learning works

 Machine learning does the same thing.

 It learns the data given by the user. We call it 
as a "training set“

 Then, it applies the formula that was built 
when the machine analyzed the training set 
to the data set that we want to forecast. We 
call it as a "test set.“

 It can be wrong, but generally as we provide 
the machine with the qualified test data, we 
can get the better prediction.



The third great wave

 The McKinsey Global Institute says AI is 

contributing to a transformation of society 

―happening ten times faster and at 300 times 

the scale, or roughly 3,000 times the impact‖ 

of the Industrial Revolution.
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The end of free will?

 The algorithm was developed in order to 

automate thinking, to remove difficult 

decisions from the hands of humans

34
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General AI vs. Narrow AI
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AI examples in daily life

 Spam detection and email categorization

 Face ID for unlocking our phones

 Text Editors or Autocorrect

 Digital Assistants (Siri, Alexa, etc.)

 Recommendation systems (Social Media 

feeds, Amazon, Netflix etc.)

 Google Translate

 (Semi) Autonomous cars



In the news



ChatGPT: Optimizing Language 

Models for Dialogue
 Everybody's testing out OpenAI 's 

ChatGPT chatbot. 

 Is it intelligence? Is it insightful? Is it 
creative?

 Not sure, but for now it is a lot of fun and 
quite amazing how far Natural Language 
Generation has come!

 ChatGPT released on Nov. 30. You can try 
it here

◦ https://openai.com/blog/chatgpt/

https://openai.com/blog/chatgpt/






Cloud Computing

 Of course in order to create AI 

algorithms based on massive amounts of 

data computing power is needed.

 Cloud computing is the on-demand 

delivery of IT resources over the Internet 

with pay-as-you-go pricing. 



Cloud Computing

 Instead of buying, owning, and maintaining 
physical data centers and servers, you can 
access technology services, such as 
computing power, storage, and databases, on 
an as-needed basis from a cloud provider 
like Amazon Web Services (AWS) or Google 
Cloud Platform (GCP)



Cloud Computing for SMEs

 Reduce IT costs by not having to maintain 

legacy infrastructure.

 Low initial investment, providing SMEs 

with more liquidity, flexibility and cash 

flow

 Disaster-proof the data

 Auto-updates will keep SMEs from falling 

behind



eCommerce

 Cloud computing and 
Dropshipping enables 
new businesses to 
create and operate an 
eCommerce site with 
low initial investment.

 Dropshipping is an 
order fulfillment
method where a 
business doesn't keep 
the products it sells in 
stock.



 Open data is data that can be freely 

used, re-used and redistributed by anyone 

- subject only, at most, to the requirement 

to attribute and sharealike.

Open Data



Open satelite data

 Copernicus is the European Union‘s Earth 
observation program 

 Copernicus main objective is to provide a 
large amount of reliable and up to date 
open-access data based on satellite 
information and in situ (on site) 
observations 

 It delivers 16 terabytes per day



Open Traffic Data

 425 sensors, hourly data

http://data.gov.gr

http://data.gov.gr/


Price paid data

 Our Price Paid Data includes information 

on all property sales in England and Wales 

that are sold for value and are lodged 

with the Land Registry for registration

https://www.gov.uk/government/statistical-data-sets/price-paid-data-downloads

https://www.gov.uk/government/statistical-data-sets/price-paid-data-downloads
https://www.gov.uk/government/statistical-data-sets/price-paid-data-downloads
https://www.gov.uk/government/statistical-data-sets/price-paid-data-downloads
https://www.gov.uk/government/statistical-data-sets/price-paid-data-downloads
https://www.gov.uk/government/statistical-data-sets/price-paid-data-downloads
https://www.gov.uk/government/statistical-data-sets/price-paid-data-downloads
https://www.gov.uk/government/statistical-data-sets/price-paid-data-downloads
https://www.gov.uk/government/statistical-data-sets/price-paid-data-downloads
https://www.gov.uk/government/statistical-data-sets/price-paid-data-downloads
https://www.gov.uk/government/statistical-data-sets/price-paid-data-downloads
https://www.gov.uk/government/statistical-data-sets/price-paid-data-downloads


http://www.transportapi.com

 TransportAPI is a transport solutions 

platform that seeks to create a single, 

comprehensive source of UK 

transport information.
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Open Data Companies

 Open Data 500 is a study of U.S. companies that 
use Open Government Data to generate new 
business and develop new products and services -
http://www.opendata500.com/
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FarmLogs

 Farm app that harvest big data

 Although the platform is new, it is used by 
15% of U.S. farmers and across 130 countries

 ―When you come into our product as a new 
farmer you can start clicking on your field and 
we already know the rain fall and crop history 
and what yield looks like for those fields‖ 

 Open Data

◦ Weather data from the National Oceanic and 
Atmospheric Administration

◦ Pricing from the Chicago Mercantile Exchange

◦ National Agriculture Statistics Service, which 
supplies crop history for 23 million fields in the 
form of satellite imagery.

◦ Crowdsourcing: Data from specific farms (e.g. 
about fertilizer, seeds, yield data etc.)
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Pre-trained AI models

 A pre-trained model refers to a model 
created by someone else and trained on a 
large dataset to solve a similar 
problem. 

 SMEs can use a pre-trained model as a 
starting point, instead of building a model 
from scratch. 

 Examples of successful large-scale pre-
trained language models are Bidirectional 
Encoder Representations from Transformers 
(BERT) and the Generative Pre-trained 
Transformer (GPT-n) series.



YOLO algorithm for object 

detection
 You Only Look Once (YOLO) is a state-of-

the-art, real-time object detection 

algorithm.

 YOLO is open-source

 YOLO has a wide range of real-world 

applications:

◦ Security – for example, detecting people in 

restricted areas

◦ Manufactory – detecting anomalies in production

◦ Healthcare



YOLO in agriculture

 Artificial Intelligence and robotics are playing 
a major role in modern agriculture. 

 YOLO to identify the types of fruits and 
vegetables for efficient harvest.

https://www.nature.com/articles/s41598-021-81216-5

https://www.nature.com/articles/s41598-021-81216-5
https://www.nature.com/articles/s41598-021-81216-5
https://www.nature.com/articles/s41598-021-81216-5
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YOLO in livestock farming

 Help farmers to identify the position and 

activity of each cow on real time 

monitoring system.



BERT for NLP

 BERT is Google‘s open-source machine 
learning framework for natural language 
processing

 A massive dataset of 3.3 Billion words 
has contributed to BERT‘s continued 
success.

 BERT‘s training was made possible thanks 
to the novel Transformer architecture and 
sped up by using TPUs—64 TPUs trained 
BERT over the course of 4 days.



BERT tasks

 BERT can be used on a wide variety of language 
tasks:
◦ Can determine how positive or negative a movie‘s 

reviews are. (Sentiment Analysis)

◦ Helps chatbots answer your questions. (Question 
answering)

◦ Predicts your text when writing an email (Gmail). (Text 
prediction)

◦ Can write an article about any topic with just a few 
sentence inputs. (Text generation)

◦ Can quickly summarize long legal contracts. 
(Summarization)

◦ Can differentiate words that have multiple meanings 
(like ‗bank‘) based on the surrounding text. (Polysemy 
resolution)


