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Something has been
changing....
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Two main factors responsible of LM changes

Structural changes related to Macro Trends

* Technological innovation is reshaping jobs towards
the realisation of a digital revolution

 Population ageing: 65y+ doubled worldwide
between 1990 and 2020

 Work mobility: 20% of the European workforce was
born in a Country different from the working one

« Sustainability is growing within job demand asklng
for green skills



LM is changing fast in terms of

SINIE




The need for knowledge on labour market

Monitoring occupations and skKills...

* The need for knowledge to monitor and understand labour
market dynamics promptly and to define policies timely
becomes key for workers, companies, LM operators and
policymakers

* In such a dynamic environment, observing Skill changes
requested by companies is key to sustaining an inclusive
labour market reducing the skill mismatch



How Al and Big Data
Analytics can contribute?
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Artificial intelligence (Al)
refers to systems that

show intelligent behaviour:

by analysing their
environment they can
perform various tasks with
some degree of autonomy
to achieve specific goals.

European Commission. Al
for Europe (2018)

Big Data is the fuel of Al

Knowledge
Discovery
& Reasoning

Machine Learning

Artificial
Intelligence



A paradigm shift

Big Data: large-scale data, usually having a varied and complex structure. They
Big Data Analytics (BDA): processing big data and looking for valuable information,

correlations and patterns within them.

The use of BDA to support decision making
requires a paradigm shift (not a
replacement!) in the way decisions are

made, moving from deductive reasoning to
inductive reasoning.

Both deductive and inductive approach
are needed!

Top-down
(Deductive)

Theory

Hypothesis

Observation

Confirmation

A\ Bottom-up
(Inductive)
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Big data challenges

Data Lifecycle

Data Process
Challenges Challenges
Include all the challenges
that make the encountered
while getting and
processing to the data

Characteristics of data that
make handling and
managing them

challenging
Volume Data selection
Velocity Processing
Veracity Transformation
Variety Data Analytics
Value

Management
Challenges

challenges that an
organisation faces while
building their decisions
on big data

Data Privacy & Security
Credibility & Believability
Data Source Stability

Representativeness

Maintenance Costs

Transforming *
Knowiledge ETF:-.

into business actions
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The big data lifecycle
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Transforming LM Information into Knowledge

Data transformation and

i Skills extraction
cleansing

) . . Use top Al algorithms to
Identify duplicated job extract, recognise and link
ads skills to existing ESCO ones

1

Source Raking and Scraping

Collect data from selected and
trusted sources only!

Data Visualisation

Knowledge representation

Classification

Use Machine

Learning approaches of data evolution over time

to classify Job ads by means of data

according to visualisation paradigms,

ISCO/ESCO having in mind the

classification systems stakeholder peculiarities
and abilities in reading the
data

*
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Let’s see some real
examples
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Real-life Application: The Index of
Change

Analysing million Italian Job Ads to
identify skill novelty within occupations



Index of Change: how skill demand changes over time

The Index of changes is built on 3.1 million italian job ads from 2015
to 2019 with the aim to support LM experts for policy evaluation and
design by

1.Understanding Vacancy trend as the percentage variation of
number of vacancies over time

2. SKill Set Novelty: identifies the percentage of skills added to the skill
set in 2019 compared to 2015. The skill set is the set of competencies

common to an area (or a professional figure) over a period of

observation.
3.Variation of relevance in the core set estimates the relevan

common skills between 2015 and 2019 1o

*
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Index of Change: how skill demand changes over time

Graduatoria delle top-40 professioni per indice di cambiamento

-

@ Sistemiinformativi @ Progettazione, ricerca e sviluppo @ Amministrazione, contabilita, @ Marketing, assistenza clienti e vendita

segreteria e gestione del personale

Data specialist

100 Cassiere |

@® Ciclo erogazione servizi

. 67

Cloud computing 96

Disegnatore elettrico 89
Impiegatp di assicurazione 86
Assistente sociale 86

Robotics 84
79
79
78
77
76
75
75
73

73

72

69

69

69

67

Ict operations manager
Ingegnere biometrico
Artificial intelligence
Data scientist
Responsabile marchio |
Service manager
Product owner

Quality assurance manager
Ingegnere impiantistica
Scrum master

Solution designer

Cio

Devops expert

Digital trasformation

0 20 40 60 80 100

67
66
66
66
66

Digital media specialist
Systems analyst
Consulente creditizio
Business information manager
Ispettore in materia di salute
e sicurezza sul lavoro
65
65
62
62
61
61
61
61
60
60

Consulente legale

Elettricista navale

lot

Ispettore sanitario ambientale
Network specialist

Test specialist

Enterprise architect

Systems architect

Information security specialist

Responsabile di struttura sanitaria » - . | 60
Ingegnere di processo 59

Technical specialist 59

Capocuoco 58

@ Direzione general

80

100



Real-life Application: New Emerging
Jobs

Analysing million Job Ads to identify
novel skills and jobs




Online Job Vacancy example

Job Title: C Scienti
Description: We're looking for a talented Computer Scientist to join our growing development team. Your expertise in data will help us take this to the
next level. You will be responsible for identifying opportunities to further improve how we connect recruiters with jobseekers, and designing and
implementing solutions. [...] Required skills and experience:

0 SRl Gk 550 6

o 1. Data driven approach
* Dataanalsis with Elor Matlahic 2. High granularity
® Processing Iarge data sets with MapReduce and Hadoop); 3. High frequency (updated)
e Real time analytics with Spark, Storm or similar; 4. Focus on important skills
® Machine Learning;
e " Natural Language Processing (NLP) and text mining;
o —DEvEtopTTETTiTeTT Py tToTPer
e Experience with seasch-gagiaas=a-g=licene/Solr or ElasticSearch advantageous
existing
SKILL
linkage
Existing contained e
Occ. . ET Loamingfo e
18 classified on

European Training Foundation




1.

2.

New Emerging Skill:

We used Al to identify terms that are more likely to represent a novel
skills as:

They are used even more over time

Represent something novel as it did not exist before (in official
taxonomies)

The system suggests words to a LM expert that can
confirm/confute the machine-suggestion
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Interuniversity -
Research Centre
C R I s P for Public Services e u rostat

IcT l EN R

Show 10 v

Suggested T

B | cepeFop

European Centre Home Recommender Logout

for the Development
of Vocational Training

Suggestions

Search: ‘

Top Closeness

<

bi ES

FR

conceptual I¢

RO

culture

sdk

django flask
laravel

ms excel

public cloud

80%

80%

78%

77%

76%

75%

74%

74%

Details

Details

Details

Details

Details

Details

Details

Details

The LM expert can
select the language
and the machine
suggests words that
might represent
novel skils
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Close to ESCO Skill
search engine optimisation
search engines

marketing movil

How you consider the suggested term?*

Term: "seo" (ES)

Closeness

Model
Managers; Professionals
Managers; Professionals

Information and communications

| A novel skill

What kind of skill is it?*

Hard Skill v
How relevant is this suggestion?*

010203 @4 O5 O6

Suggest a correction, if any:

21

The LM expert is
asked to “vote” about
the term
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80

60

Counts

40

20

FR

Generalisation
None

Novel
Specification
Synonymous

77

28

45
21 0
18 18
11
IT RO

Language

Prototype on ES, FR, IT
and RO reveals that the
novelty ranges among
6-20% of identified
terms and includes
synonymous and
specifications and
generalization of
existing ones
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DIg Uala engirneecr \onty riovel SKiiis)

Cloud Computing principles
Artificial Intelligence

- TL techniques
Aqile project management

data structure and algorithms
Python

automation ti

natural language processing

Hadoop

indicator design

NoSQL data stores

Spark

=chn

l

ay

analyse big data

Machine

Learning

Jnstructur

=S|

ol

)

data




nNOovel OCCupations

cloud computing specialist

digital media analyst

digital transformation leader
blockchain specialist

data specialist
big data analyst

I0OT specialist

digital media specialist
big data enqineer

cybersecurity expert

devop experts
Robotic specialist




Real-life Application: skill2job

Analysing million Job Ads to measure
skill mismatch among demand and offer



Skill2job: Support citizens and operators for
upskilling and reskilling

Key elements:

1. "SKills define a job, and not the vice-versa”

2. "Asking people to indicate the three skills that they consider as
fundamental to do their job, rather than processing an historical CV where
the knowledge of a skill might be 0" 1olete or not related with the job at all”

Tell me your skills: #wordpress #design_graphics #adobephotoshop
Which is your current role? Marketing Specialist

ETE

interuniversity
research centre
2 6 for public services



Skill2job: Support citizens and operators for

upskilling and reskilling

Tell me your skills: #wordpress #design_graphics #adobephotoshop
Which is your current role? Marketing Specialist

Importance of skills you hold within
your job

#wordpress

#design_graphics

#adobephotoshop

Reskilling: you should also acquire:
#webanalytics

#serachengine

Upskilling: You might also be interest
#HTMLS

#responsive desig::

Career path: similar jobs

Digital Media Specialist

Web and Multimedia Developer

27 European Training Foundation



Real-life Application: speed of green
skills

Analysing million Job Ads to derive a data-
driven taxonomy of green skills and analyse
the impact of green within jobs



Studying the impact of green economy
within jobs and skills

Facts: Environmental impact of jobs is becoming crucial. There is a call to

reshape job trying to adapt skills and competences to be sustainable.

Research Questions:

1. Which are the jobs that are more in demand for green skills?

2. What characterises a «green job»?

5. Can we estimate the impact of green skills within a job? What is the
pervasiveness of green skills over the known well-established ones?

Countries/Languages: English (EN), German (DE), French (FR), Italian (IT),
and Dutch (NL) -

European Training Foundation



Skill Pillar - Structure

30

Green Terms

Terms to

search for in
the OJAs

Green
Mentions

Linguistic

variations used
by companies
for that term

Task

ESCO Green
Skill

Linkage with
top ESCO
green skills

related

* X ¥
*
*
ETF..
Learning for life
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ESCO
occupation

Occupation at
IV level

Occupation Pillar - Structure

Green
Pervasiveness

Percentage of
OJA asking for
at least one
green skill over
the total

Greenness

Quota of green
skills requested
within the
occupation
with respect to
all skills

Green occupation
pillar

Green Skill
PILLAR

Linkage with
top green skills
related and
relevance

* S
*

*
UK-2019 used as a benchmark to compute green pervasiveness and Greenness ETF”"’
31
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Jobs with green pervasiveness > 2%

Garment and related pattern-makers and cutters
Social welfare managers

Landscape architects
Mining and metallurgical technicians

Electronics engineering technicians

Insulation workers , _
o Ships’ engineers

Civil engineers

Environmental engineers
Incinerator and water treatment plant operators
Electrical engineers

Metal production process controllers
Mineral and stone processing plant operators

Geologists and geophysicists



Top novel green skills identified

water hygiene engineering
safety environmental management

geo environmental engineering
ecological impact assessment

renewable energy project

ecological consultancy mitigation
environmental appraisal planning

range ecological survey
geology environmental science

maintenance water recycling
reduce carbon footprint safety environmental quality

drainage area planning

flood risk assessment
environmental sector chartered



Big data does not mean «all data»

Do we really nead to collect data from
«any» LM source?



Quality Monitoring:
Source Overlap and Source Replacement Policy

Goal of the activity: to estimate how — and to what extent — sources overalp in terms of duplicated OJAs, and to provide a replacement policy to deal
with bizantine sources

Context: A selection of countries to be analysed

Output:
1. Analysis of overlap country-by-country
2. Compute the marginal contribution of sources (i.e., the minimal list of sources to be included that maximises the coverage)
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Quality Monitoring:
Source Overlap and Source Replacement Policy
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Quality Monitoring:
Source Overlap and Source Replacement Policy

37

Num Sources | Coverage | Marginal Contribution

60,4 39,6
69,9 30,1

Look! For UK-19 7 sources out of 15 are enough to cover 90+% of Web
labour market
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Can we trust ML results?

Is there a way to "unbox” the
box, to better understand
the rationale behind the

scenes?



eXplainable Al (XAl)

The notion of Al models as black boxes strongly limits their acceptance in several fields.

Today
=EE" - mE
CEET =335 0
E%gﬂﬁglb Learning :f;,t 2 = | Thisisacat
EMAYES T Process L ! Y g L
HE<s0n -
| Sejunpieckty Prfob e
Training Learned Output
Data Function
Tomorrow
Ve This is a cat:
New .1 A2, oi *It has fur, whiskers,
: wheats and claws.
ll-i’erzrcr:elgg l ' i | i 1L ‘ P | -t has this feature:
At F-v- | R
Training Explainable Explanation
Data Model Interface

User with
a Task

User with
a Task

» Why did you do that?

* Why not something else?
* When do you succeed?

* When do you fail?

* When can | trust you?

* How do | correct an error?

* | understand why

* | understand why not

* | know when you'll succeed
* | know when you'll fail

* | know when to trust you

* | know why you erred

2017, American Defence Advanced
Research Projects Agency (DARPA):
toolkit of machine learning
techniques to produce more
explainable models to garner human
users’ trust and foster adoption of Al

2018, GDPR (General Data Protection
Regulation), defines the right to
explanations (Art. 13-15), asking the
data controllers to provide data
subjects with information about

existing automated decision-making
processes * %

*

*
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eXplainable Al (XAl)

Complex models (such as deep neural networks or support vector machines): increased prediction

performances but is not explainable.
There is a trade-off between performances and explanability.

Learning Techniques (today)
Neural Nets
Graphical
Models
e E bl
Learnin nsemoie
9 Bayesian Methods
Belief Nets 7 —
SRL Random
CRFs HBNs Forests
Statistical AOGs MLNs. N
2eCISION
Models , Markov -}r“):
SVMs Models Sidon

Explainability
(notional)
S
3 »O
©
318
< -0
2 »O
O
2
2
(I
Explainability
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Once a ML-based classifier is updated over time...

Questions

. Can we estimate to what extent M2 classifies coherently to the past

predictions made by M17
.. Why does the criteria used by M1 now leads M2 to classify on a

different class?

. Can natural language summarise those differences to final-users that do

not have technical competences?
ETF::



Once a ML-based classifier is updated over time...

The model now uses the following classification rules for this class:
This class has 6 added classification rules, but only 3 are used to classify the 86%

of the items.
- Having Engineer.

- Having Developer but not Engineer.
- Having JavaDeveloper but not Engineer, and Developer.

This class has 2 deleted classification rules.

- Having WebDeveloper but not Developer, Analyst, Systems, JavaDeveloper, and NetDeveloper.
- Having Software but not Developer, Analyst, Systems, lWebDeveloper, JavaDeveloper, and NetDeveloper.

There are no "unchanged’ classification rules.

Fig. 10. The ContrXT output for 2512, Software Developers vs 2511, Systems Analysts in the class vs class case using a DT to explain the RF model of Table 2.
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ContrXT is a tool developed by CRISP, see contrxt.ai
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