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Frankfurt, 04 August 2022

Dear colleagues,
we hope that you are already enjoying your summer vacation and
have discovered nice places to be during these warm days.
As you may have seen the last weeks have been very active ones for
our network. Therefore, we want to give you some overview on our
current topics.
If you wish to spread some interesting activities through our network,
just let us know and we integrate this information in the next newsletter.

CONFERENCE
As you all know, we had to change the date of our Annual Meeting
due to the current political situation in Italy. Please find attached the
updated program and here again the link for the registration:
https://docs.google.com/forms/d/1jsIYKzhLErNLjplTZhej0nlh0XRem679N_VTk2lKLhs/edit
In case you have already booked and you are now facing problems
with reorganising your travels, please feel free to contact Gianluca
Tornini (gianlu.torni@gmail.com) from EURISPES. He will be there to
assist you.
For those who are still searching the best way to reach Sardinia, we
also would like to recommend the following option:
Train + Boat: Rome – Olbia (Sardinia)
1 -Train Roma (Termini Station) - Civitavecchia (Port)
Two options:
a) Regional train: Frequency every 15/25 minutes. Duration
journey: 70 minutes. Ticket price: Euro 4,60
b) Fast train “Freccia Rossa”. Frequency (afternoon) 16,57;
18,27; 19,43. Duration journey:40 minutes. Ticket price: Euro
9,90
2 - Boat Civitavecchia-Olbia(Sardinia)
Options open for 10 – 11, 12 October 2022 (Tirrenia Company)
Departure: 22:30 o clock – Arrival 06:30 o’clock (1 night)
Duration journey: 8 hours
Price: Euro 42,32 (chair)
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For those who are interested in this option and need assistance in
booking,
please
also
contact
Gianluca
Tornini
(gianlu.torni@gmail.com).
As also the October is a month of high touristic season, please consider arranging your travel in time.

BIG DATA HUB – LOOKING BACK - ONLINE SEMINAR ON 30th JUNE
The second of a series of seminars of the Big Data Knowledge
Hub took place on June 30, 2022. Members of the EN RLMM met
online to discuss a Basque experience by the Public Employment
Service of the Basque Country (Lanbide) on how they have used AI
and Machine Learning to profile jobseekers with the aim of making
the public employment service more efficient in its mission to optimise the employability of users. Borja Pulido (Lanbide, Spain) presented the pilot project explaining the profiling methodology as well
as the potential use of the tool by counsellors or career advisors. The
presentation was followed by an open discussion of European experts
in what can be considered an appetizer for this year's topic of the
Network, which is the relevance of Artificial Intelligence for regional
and local labour market monitoring. Please find attached the PowerPoint Slides and the report that gives you an impression on the seminar in case you were not able to join. A related paper on the topic of
fairness is also attached.
The Speaker of the ENRLMM Big Data Working Group is available for
any further information: Eugenia Atin, Tl. +34 688 809 708, Email: e.atin@prospektiker.es

ETF UPDATE
The European Training Foundation, the EU agency supporting human
capital development in the EU neighbouring countries, has launched
a new initiative focused on skills needs identification and anticipation:
Skills Lab Network of Experts.
Its aim is to co-create, exchange, and disseminate labour market research with a view to fostering a culture of skills anticipation and
matching. The network is open to all interested researchers and experts from the ETF partner countries as well as EU Member States and
third countries, who may represent a variety of public, private or non-
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profit research institutions and universities, as well as international
organisations and other expert networks working on skills demand.
The Skills Lab Network of Experts will steer regular peer exchange,
secure direct links to ETF research as well as EU and global practice,
and discuss joint initiatives building on each other’s knowledge and
experience
The first live event of the Skills Lab Network took place at the University of Gastronomic Sciences in Pollenzo, on 13 – 14 June. Participants
discussed topics related to anticipating skills needs in highly uncertain
contexts and dynamic economies. The ETF Skills Lab Network leaps
forward on skills anticipation | ETF (europa.eu)
Please visit the dedicated web page on ETF Open Space, where you
will find an overview of the network and its objectives, and links to all
relevant background documents. The Skills Lab Network of Experts |
Open Space (europa.eu)
For further information and enquiries on network activities, please
use the following email: skillslabnetwork@etf.europa.eu
Please find attached a reference list from skillslap.

SARDINIA – DID YOU KNOW THAT…?
The region of Sardinia is currently the subject of a major project by
the Italian government aimed at profoundly restructuring the island's
energy and production system to build a totally green reality, "the
first in the world," as the Minister for Ecological Transition (2022) declared. The spread of alternative energy sources and the application
of the most advanced technologies are among the most important
tools, destined to change the way business networks operate, the
world of work, and community relations. Sardinia, in short, is a reality
in which experimentation of international significance that affects the
entire production and labour system is being concretely launched.

With warm regards,
Marco, Christa, Ida & Jenny & the EN RLMM Team
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Dear colleagues, friends, supporters of the European Network on
Regional Labour Market Monitoring (EN RLMM),
In welcoming the participants in the XVII Annual Meeting in Tempio
Pausania (2022), I want to remind that when in 2006 we received the
invitation to participate in the first conference on regional labour
markets in Europe, promoted by the IWAK Institute of the GoetheUniversity of Frankfurt a.M, in Germany, our Institute did not hesitate to
join such initiative. This was due to the high competence of the
promoters and the strategic vision they presented: analysing and
evaluating the characteristics of regional and local labour markets,
promoting their connection by helping to overcome the limits of an
excessively fragmented European situation, working towards the
construction of a single European labour market, as an essential
complementary structure to the wider European single market.

We are all faced with a scenario in which a new system of
conditionality and opportunities is emerging, a situation that requires in
-depth analysis and comparisons and the search for those elements
that can guide these processes in the construction of a "Good
Society".

Professor Gian Maria Fara
EURISPES President

On behalf of EURISPES I want to thank, first of all, the German friends
who in all these years have maintained their faith and worked
consistently according to this strategic vision, making a European
network grow, which has become a model of interdisciplinary analysis
and comparison, Special thanks to its inspirer and founder, Professor
Alfons Schmid who has been a permanent member of the EURISPES
Scientific Committee since 2007, to Dr Christa Larsen, coordinator of
the Network, to the representatives of the international and European
institutions who have always accompanied this important initiative, to
all the collaborators who have worked for the best organisation of this
event.
An element is to underline: the EN RLMM, precisely because the
originality and quality of its approach, has often anticipated in its
analysis the topics destined to assume great relevance in the
European debate over time, as clearly emerges, for example, in the
various editions of the the “Anthology”, the annual publication of the
Network. Also on this occasion of the XVII Annual Meeting 2022, the EN
RLMM addresses a topic of great relevance for the future structure of
our societies, the economic systems and labour activities: the role of
Artificial Intelligence with the structural changes it imposes on the
organisation and functioning of labour markets, in terms of
employment, training and social inclusion perspectives.
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It is a great honor for all of us to host researchers, academics,
representatives of public institutions, partners of the European Network
on Regional Labour Market Monitoring, (EN RLMM) participating in the
XVII International Annual Meeting at the EURISPES Sardegna
headquarters in Tempio Pausania.
The challenge of the double green and digital transition, aimed at a
new development model, more fair and sustainable, requires
everyone to seriously deepen our knowledge, profound innovations in
our way of operating, the identification of new guiding ideas and
practices to be disseminated in our societies, in public and private
service systems. The commitment of the international scientific
community gathered in Tempio Pausania on the initiative of the EN
RLMM constitutes a great stimulus for everyone to operate positively
and actively in a scenario full of great tensions. Having created,
maintained and consolidated over time this channel of cultural and
scientific cooperation is a great value to be protected and supported.
The Annual Meeting will also be an opportunity to introduce
participants to the quality of this territory which has made great
positive contributions to the evolution of our political, economic and
social system and which is strongly committed to combining the
safeguarding of a millenary tradition. with the profound innovations of
this historical phase.
Girolamo Balata

Information on registration & setting
The conference will be held in presence in Sardinia. We ask you to
register upfront until the 19th September 2022.
To fill out the registration you will need the following data:
- E-mail
- Name
- Surname
- Title
- Organisation

For registration please click here.
As soon as the programme is finalised in all details, we will send you
the form to register for the Working Groups. Only one selection per
day will be possible. For further information on currently confirmed
workshops please see the pages 8 -11.
Please be aware that the time settings of the program are in the CET
format. You will receive the final version of the conference programme some time before the event. If you have any questions please
contact Dr Ida Nicotera (Phone: +39 348 9354982; e-mail: idanicotera@gmail.com), Dr Jenny Kipper (Phone: +49 6101 5028708; e-mail:
jenny@jennykipper.de) or Dr Wilma Mavuli (Phone: +39 349 2902263; e
-mail: segreteriaeurispessardegna@gmail.com)

Director of EURISPES - Sardinia

We are looking forward to meet you all in October!

The conference language is English.
The participation is free of charge.
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12 October 2022

Big Data Working Group

Through various activities involving the publishing of Anthologies
and organising meetings, it seeks to further the concepts and
instruments in regional and local labour market monitoring and
to diffuse the common methods for research and analysis in this
field.

Big Data, as a source for data provision in
regional and local labour market monitoring, is of growing importance.
The Big Data Working Group prepared a
Big Data Knowledge Hub to support network members in applying big data by
providing information and practices on
methods, quality criteria, areas of application and data sets.

In 2022, the Annual Meeting of the EN RLMM will take place in
presence. It will be organised jointly by EURISPES Rome, in Tempio Pausania, Sardinia and the Coordination/Management of
the EN RLMM at IWAK from the Goethe University of Frankfurt
am Main, Germany.

17:30 -19:00
BIG DATA WORKING GROUP

19:30 – 21:30

Welcome buffet
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EN RLMM

The European Network on Regional Labour
Market Monitoring (EN RLMM) focuses on
innovative approaches for the monitoring
of labour markets in regions and localities
across Europe.
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Observing the Impact of Artificial Intelligence, as Part of
Digital Transformation Processes, on Occupations, Skills,
Sectors, and Work.
Moderation: Professor Jan Brzozowski, Cracow University of Economics (Poland)
09:00 – 09:30 Check in, Informal Welcome, Coffee

12:10 – 12:45
AI and Digital Innovation in Arts and Cultural Sector: Technology,
Sustainability, and new Creative Jobs. Are we ready?
Dr Alexandra Webb, School of Business and Creative Industries, University of the West of Scotland (United Kingdom)
Discussion
12:45 – 14:00 Lunch Break

14:00 –15:20
Parallel Working Groups

09:30 – 10:30

WG1: Critical Perspectives on AI

Opening Words
Professor Gian Maria Fara, EURISPES (Italy)
Professor Marco Ricceri, EURISPES (Italy)

WG2: Further

Methodological

Approaches

on

AI

Development

15:20 – 15:40 Coffee Break

National and Regional Authorities
15:40 – 16:00
10:30 – 11:00

Conclusions on Working Groups

Artificial Intelligence and Local Labour Markets
State of the Art Observations from the EN RLMM

16:00 – 16:30

Dr Christa Larsen, IWAK/Centre of Goethe University Frankfurt
(Germany)

Report of the Big Data Working Group
16:30 – 16:45

11:00 – 11:50
Catching the Skill Transformation Using Big Data and AI: A novel
Change Index to Observe how Italian Labour Market has been
Changing Through Time
Professor Mario Mezzanzanica, University of Milano-Bicocca (Italy)
The Relevance of Artificial Intelligence in the Digital Transformation of
Regional and Local Labour Markets across Europe

Closing Words Day One and Invitation to the Annual Conference in
2023
N.N.
16:45 – 17:00
Look ahead to the Evening Programme

Layla O’Kane, Emsi Burning Glass (USA)
Discussion

19:00

11:50 - 12:10 Coffee Break

OFFICIAL DINNER (with a visit to the prehistoric site of Nuraghe, located close to the restaurant)
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Working Group 1 - Ciritial Perspectives on AI
Critical Perspectives on Chances and Risks of Digital Transformation and Artificial Intelligence
Professor Renato Fontana, Sapienza – University of Rome (Italy)

Developing skills supported by Artificial Intelligence to
adapt to changes caused by Artificial Intelligence in the
context of life-long-learning.
Moderation: Christian Müller, SECO - State Secretariat for Economic
Affairs (Switzerland)

Dr Ernesto Dario Calò, Sapienza – University of Rome (Italy)
09:00 – 09:30 Check in, Coffee

AI as Black Box
Daniel Porep, WFBB - Wirtschaftsförderung Brandenburg (Germany)

09:30 – 10:00
Opening Words

Moderation:

The Ethical Perspective on AI – State of the Art of Regulation

Professor Mattia Martini, University of Milano-Bicocca (Italy)

Professor Marco Ricceri, EURISPES (Italy)
State of the Art

Working Group 2 - Further Methodological Approaches on AI Development

Dr Christa Larsen, IWAK/Centre of Goethe University Frankfurt
(Germany)

Moderators/Presenters:
Professor Ciprian Pânzaru, West University of Timisoara (Romania) (tbc)
Dr Michel Smoorenburg, UWV (Netherlands)

Automation, artificial intelligence and the need for local adult learning strategies
Dr Lars Ludolph, OECD LEED
10:00 – 11:00
Approaching Skills Development for PES
The Swiss Case
Dr Moreno Baruffini, Università della Svizzera italiana, IRE - Institute for
Economic Research (Switzerland)
Dr Dorit Griga, SECO - State Secretariat for Economic Affairs
(Switzerland)
The Case of Basque Country
Borja Pulido Orbegozo, Lanbide-Basque Employment Service (Spain
Maria Leonor Jalon Del Rio, Lanbide-Basque Employment Service
(Spain)
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Overview of the Working Groups on 13 October 2022

16:20 - 18:20
Scientific Committee

Discussion
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11:20 – 12:00
AI— Platform Economy and Skills Development
Iwona Ganko, European Training Foundation (Italy)
Dr Eva Jansova, European Training Foundation (Italy)

20:00 - 22:00
CLOSING EVENT: Gastronomic Tour through the main streets of the city.
Participants will take part in an evening promenade while enjoying the
specialities of typical products from the stalls.

Discussion
12:00 – 13:30 Lunch Break

13:30 – 15:00
Parallel Working Groups
WG1: AI in PES
WG2: Mainstreaming AI — Role of Regional and Local Labour Market
Observatories and Beyond
WG3: Current Projects from Network Members
15:00 - 15:15 Coffee Break

15:15-15:40
Plenary Session

15:40-16:00
Closing Words
Professor Marco Ricceri, EURISPES (Italy)

16:00 Check out, Informal Good bye
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11:00 - 11:20 Coffee Break

Overview of the Working Groups on 14 October 2022

Implementing Chat Bots and Beyond
Rolf Keil, Hessisches
(Germany) (tbc)

Ministerium

für

Soziales

und

Integration

Marta Sosnoswska, Voivodeship Labour Office in Bialystok (Poland)
(tbc)
Moderation:
Dr Dorit Griga, SECO - State Secretariat for Economic Affairs
(Switzerland)
WG 2: Mainstreaming AI — Role of Regional and Local Labour Market Observatories and Beyond
AI Solutions and Challenges in Modernising the Content and Structures of VET

Javier Armaolea Juaristi, Lanbide-Basque Employment Service
(Spain)
Moderation:
Matteo Sgarzi, Céreq (France)
WG 3: Current Projects from Network members
The Challenge of Socio-Economic Integration of Ukrainians
Professor Jan Brzozowski, Cracow University of Economics (Poland)

Moderation:
Dr Andrew Dean, University of Exeter (England)
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WG 1: AI in PES

Dr Christa Larsen: Co-ordinator of the EN RLMM, Managing Director of
IWAK
Institute for Economics, Labour and Culture (IWAK)
Goethe University Frankfurt
www.iwak-frankfurt.de I www.regionallabourmarketmonitoring.net
Senckenberganlage 31 I 60325 Frankfurt am Main I Germany
Phone: +49 69 798 22152
c.larsen@em.uni-frankfurt.de
Professor Alfons Schmid: Founder of the EN RLMM, Society for Economics, Labour and Culture (GEWAK)
Phone +49 69 798 28229
alfons.schmid@em.uni-frankfurt.de
Professor Marco Ricceri: EURISPES - Host 2022
Phone: +39 3389766007
eurispes.intl-dept@libero.it
Dr Jenny Kipper: Manager of the EN RLMM in 2022
Phone: +49 6101 5028708
jenny@jennykipper.de
Dr Ida Nicotera: Manager of the EN RLMM in 2022
Phone: +39 348 9354982
idanicotera@gmail.com

Wilma Mavuli: EURISPES - Sardinia
Phone: +39 349.2902263
segreteriaeurispessardegna@gmail.com
For Registration:
Please see page 5 or click HERE
The Annual Meeting of the EN RLMM will take place with the kind support of:

IWAK

Institut für Wirtschaft, Arbeit und Kultur
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NOTE
Seminars of the Big Data Knowledge Hub
AI-Machine Learning serving people and employment - profiling jobseekers
Notes of the online seminar promoted by the Big Data Knowledge Hub of the European Network on
Regional Labour Market Monitoring (ENRLMM). June 30, 2022

The second of the Seminars of the Big Data Knowledge Hub took place on June 30,
2022. The aim of these series of seminars is to offer an opportunity to deepen the
Network's knowledge on how to use Big Data for labour market research and
consulting by presenting practical cases and demonstrations.
The project “AI-Machine Learning serving people and employment - profiling
jobseekers" was presented by Borja Pulido (LANBIDE, Basque Country), and
following comments were made by Dorit Griga (SECO, Switzerland). The open
discussion counted with the participation of: Christa Larsen - IWAK Goethe
University Frankfurt am Main, Germany), Anne Lauringson (OECD), Ciprian
Panzaru (Universitatea de Vest din Timișoara, Romania), Aleksandra Webb
(University of the West of Scotland, UK) and Joanna Napierala (Cedefop).

Introduction
Eugenia Atin (Speaker of the Big Data Working Group of the ENRLMM) after the
initial greetings and thanks to the participants, contextualises this session in the work
being done by the Big Data Working Group of the ENRLMM (European Network on
Regional Labour Market Monitoring).
This is the second seminar of the series that we have named "Seminars of the Big Data
Knowledge Hub". The Big Data Knowledge Hub https://bigdatahub.uvt.ro/ is a
collaborative platform for mutual exchange and learning that was set up last year by
the Big Data Working Group of the EN RLMM. The Knowledge Hub is the place
where all the members of the EN RLMM can look for guidance when aiming to use
big data in their labour market monitoring projects. It is an easy accessible source of
information on the techniques used by other reference labour market observatories for
a particular topic or challenge.

Christa Larsen (Founder and Coordinator of the ENRLMM), then presents the
European Network on Regional Labour Market Monitoring (ENRLMM)
http://regionallabourmarketmonitoring.net/, a network of around 400 members from
20 different countries. The network focusses on the process of monitoring regional and
local labour markets and we are active in exploring what kind of data we can use at
these levels. Since 2015 we are working on how to use big data from the internet for
the purpose of labour market monitoring and the Big Data Working Group was
established with the aim to collect examples on how Big Data can be used in local and
regional labour market situations.
The annual topic of the Network is the relevance of Artificial Intelligence for regional
and local labour market monitoring and in this sense, there has been an exchange
among members and in September we will publish an Anthology and we will celebrate
the annual meeting under this topic. So, today we have a very interesting presentation
from a strategic point of view, that can be considered an appetizer for our Annual
Meeting. The Conference will be held in Sardinia, at the EURISPES organization and
will bring the state of the art on artificial intelligence as well as the perspective of the
Public Employment Services, in relation to the activities they are carrying out related
to the application of AI.
So, this second session is dedicated to a project that our partners from the Basque
Country are conducting from Lanbide- the Public Employment Service. Borja Pulido
will present today and describe the process used by the Lanbide-Basque Employment
Service to profile jobseekers with the aim of making the public employment service
more efficient in its mission to optimise the employability of users. He will explain
how they have used AI and Machine Learning to do this profiling.

Presentation by Borja Pulido.
AI-Machine Learning serving people and employment - profiling jobseekers
The presentation of today is about a project that Lanbide (the Basque Employment
Service) is currently developing. The tool has been deployed but it is not yet being used
by the counsellors. It is a demonstration of how big data techniques can be used to
profile jobseekers.
A Profiling process is, essentially, classifying or defining jobseekers according to their
employability on the labour market. It could also be defined as a customised diagnostic
tool to identify the risk levels of the individuals as regards their possibilities of
returning to employment. The Profiling provides information on the employability of
jobseekers. It allows the efficient management of active employment policies and

supports the professionals of the organisation, which results in a quality service
provided to citizens.
The aim of the project is to develop a profiling methodology based on the following
three types of profiling: expert profiling, quantitative profiling, and statistical profiling.
The developed methodology can be applied in other organisations, as it has been shown
that the current data analysis tools can be integrated in the business processes of an
entity such as a PES or similar.
The main objective of the project is to model and classify the jobseekers to better know
them. Once that segmentation is available, we can offer a proactive and personalised
service, and make recommendations to improve the job prospects of our jobseekers.
The implementation of this information system seeks to address four key challenges in
the employment service:
• chronic long-term unemployment
• non-personalised service
• reactive service
• a low intermediation ratio
The first phase of the project was conducted with a very descriptive perspective, started
from a fundamentally quantitative approach, where the emphasis was set on furthering
knowledge of the segmentation of jobseekers in relation to their employability
potential.
The second profiling had a more analytic component. The Lanbide Technical Office
applied a second classification layer, based on the relationship between variables
according to CHAID (Chi-squared Automatic Interaction Detection) decision trees, to
the first pre-determined job-seeker segmentation. It was an initial attempt towards a
more statistical profiling model.
We now turn to the third profiling phase. The aim is to build on the second phase, but
automating the whole process. In this phase, the application of Artificial Intelligence
is especially important, since it brings us different benefits:
• A dynamic model
• A model that is able to self-learn and adapt to the changing circumstances
• A model that is scalable and therefore allows the introduction of new
information levels
This third phase seeks to exceed some of the shortcoming found in early attempts:
• Rigidity of models overly subject to the limits imposed on their design
• Excessive time between the start of the analysis and obtaining operating results.

Lanbide relied on big-data tools to overcome those constraints:
• they are more powerful in the processing of large amounts of data that grow
exponentially when reused
• this type of techniques allows the system to be trained and learn while the data
is analysed
• it provides information in easily interpretable formats that can be inserted in
modules in real time to support Lanbide professionals in their work to design
personalised employment guidance.
Methodology
The first step of the process is to calculate the Employability Indicator.
This is the variable on which the whole profiling model pivots. It provides an idea of
the distance between the group or individual and the labour market, indicating a greater
or lesser probability of being employed given the market’s current characteristics and
the variables associated to each group (or individual).
The historical data of the last 18 months are used to calculate this index and the
following variables are taken into account:
• Number of days the jobseeker has been employed in the last 18 months (a)
• Number of days the jobseekers with the same occupation have been employed
in the last 18 months (b)
• Number of days the jobseekers with the same qualification have been employed
in the last 18 months (c)
A formula is applied (see the full presentation for more details) and the result is
displayed in two different ways:
1. Numerical data: range between 0 and 100, where 0 is the worst figure and 100
is the best.
2. Group of indicators: the numerical indicators are grouped in quartiles
(low/medium-low/medium-high/high employability index).
The following maxims help to better understand the concept:
• A jobseeker is more employable the more days they have been employed (stable
job)
• A jobseeker is more employable if there is high employability of their peers in
the target job sector (growth sector)

• A jobseeker is more employable if there is high employability of their peers in
the completed education sector
• We consider that a jobseeker has full employability (employability index = 1,
distance 0 to the market), if they have been employed as many days as possible
during the period in question
• We consider the long-term unemployed to exhibit the greatest possible distance
to the job market
Once the indicator has been prepared, the recommendations for improvement are based
on the following groups:
1st level: 26 original groups are prepared and based on:
• Employment status of the jobseeker (employed or unemployed) and time in that
employment status
• Age and academic background
2nd level: 6 sub-groups are prepared for each original group based on:
• Occupations requested by the jobseeker
• Proactivity in the offers, that is, how active the person is in the job search.
The preliminary analysis of the group and sub-group allow a set of personal routes to
be defined to guide the jobseekers of low employability subgroups to their maximum
employability subgroups, in other words, to improve their employability situation as
effectively as possible. The optimum subgroup (highest employability index) of their
group is sought for each jobseeker. The quality of an occupation is defined as its
normalized average employability index, its range being from 0 (low quality) to 1 (high
quality). For each applicant, the quality of all their occupations is calculated and the
one with the highest value is taken.
The average employability indexes can be consulted for each subgroup disaggregated
by province and sex, along with the optimum indicator for each subgroup, in other
words, the highest index of each subgroup.
• The total number of jobseekers of each subgroup is also shown.
• This application allows us to consult the temporal analysis of the index (per
months) and to apply various filters.
• However, the most important aspect of this tool is that it allows the information
for each jobseeker to be displayed.
• The tool will show us the subgroup to which the jobseeker has belonged and
belongs, and also the target optimum subgroup, along with their employability

index and the highest value of the current subgroup to which they belong. It will
also show the transition rule, in other words, the recommendation that should be
adopted by the user in order to move up to the optimum sub-group.
This approach of using the temporal development also allows us to see whether a
specific jobseeker is following our recommendations
• If the jobseeker has been given a recommendation to move up to the optimum
subgroup after an interview with a counsellor, and the individual has followed
the recommended steps, we should see a move from the subgroup to which the
jobseeker belongs to one with higher employability values. If, on the contrary,
we see that the individual remains in the same sub-group for several months, we
can conclude that, indeed, the jobseeker had not followed our guidance.
• By introducing the “Employment Status” variable in the system, we can also
determine whether that individual has been able to find a job after following our
guidance.
• The recommendations that we are discussing are based on the two variables that
help us to define the subgroups:
o the occupations requested by the jobseeker (look for other occupations)
o proactivity in the offers (to sign up to offers)
Conclusions
• The ultimate goal is for the counsellors to use this tool in their interviews with
job seekers in order to be able to point them to the best opportunities of the labour
market, in other words, that the profiling is used for the user to be able to reach
the optimum subgroup.
• Given that the guidance is based on two variables that allow subgroups to be
prepared, the recommendations will be at times to be proactive in the search for
job offers and, at other times, to change the search for occupations to-wards
others with better employment prospects (suggesting occupations to be
requested).
• Lanbide is still at an experimental phase. Its use is still limited to consultations,
in other words, it is merely used for observations.
• The employment service has over 200 variables in its databases. The aim is to
incorporate them gradually, once their importance has been assessed when
defining the employability index.
• Apart from the variables used by the employment services, the ESCO skills are
also being incorporated, as it is known that they are increasingly more important
for companies when selecting applicants.

• Macro-trends are also being added so that the occupations with the best future
prospects and trends are rated best and those with poor future employment
forecasts are poorly rated.
• The developed methodology can be applied in other organisations. As what has
been proven is that the current data analysis tools can be integrated in the
business processes of an entity such as Lanbide or similar.
• The optimum profiling design depends, fundamentally, on the appropriateness
of the outcome variable to the goal of the programme and on the variety of the
characteristics used to assess the employability level of the individuals. This
second factor is crucial as the predictive power of the model clearly depends on
the type of variables included in it.
• The profiling must be regularly reviewed and several designed according to the
geographical location or the possible segments of the job market.
Comments by Dorit Griga
Dorit Griga (SECO, Switzerland)
The topic of the use of Artificial Intelligence for decision making is very interesting
and very timely. We expect AI to benefit the quality of the services by standardising
and reducing arbitrariness of judgments.
Another pilot experience was tested in a Swiss canton related to the use of AI in
mediation of job seekers. The project “Job opportunities- Barometer” was developed
to display a forecast of the expected duration of the unemployment. However, the
forecasting quality of the Barometer was not satisfactory, and it was evaluated
negatively by the personnel counsellors.
One of the lessons learned from this experience was that it is crucial to involve relevant
stakeholders in the concept of the model: personnel counsellors and clients of the PES
and social partners.
Dorit Griga (SECO, Switzerland) would like to spark the debate with the following
questions:
• To what extent were the stakeholders involved during the design of the Basque
experience?
• Has the tool been tested with the stakeholders (counsellors and jobseekers), if
so, what were their reactions?
• Has the job seeking process improved thanks to the tool?
• Did you observe some resistance from behalf of the counsellors or jobseekers?
• Compared to other algorithms, it appears that the algorithm of this tool is
transparent, and that jobseekers and counsellors can understand the variables of
the basis. It seems that the variable age is the one that is taken into account but

•
•
•
•

•

other variables such as gender and social/ geographic variables are not
considered.
Is the aim of the tool, only to provide recommendations for search behaviour, or
it is also to monitor and even to sanction?
Have you already made concrete considerations with regard to future inclusion
of variables? For example, the entire dataset of more than 200 variables?
Can the counsellors also overrule the result of the algorithm if necessary?
Concerning the target group, have you considered also perhaps employees
registered with the PES looking to progress in their careers? Or only jobseekers
(unemployed in particular)? It could be interesting for them to know their
employability rate. Then we might have other variables such as, occupational
status measured by income or working conditions. Then career options could be
identified.
The labour demand side is not taken yet into account in the model, would it be
desirable to include an indicator on the number of vacancies on a certain
occupation? The model would be better aligned with the LM.

OPEN DISCUSSION
Christa Larsen (IWAK Goethe University Frankfurt am Main, Germany) stresses that
this is a great example and that this is an approach, a concept, to drive how to
automatically get real time information and have a good support in counselling. The
questions of application that Dorit Griga (SECO, Switzerland) was raising are of course
coming up. Perhaps we can discuss the conceptual approach and the ideas behind and
then also separately, about the application.
Ciprian Panzaru (Universitatea de Vest din Timișoara, Romania) congratulates the
Basque PES for the great job.
Anne Lauringson (OECD) was wondering about the user experience, often, the key on
why some tools are uptaken or not is how the tool is integrated in the overall concept
or system, how well it is integrated with other digital tools that the counsellors use.
Perhaps it could be explained how it fits in the overall system. There are many good
initiatives that are not taken up because the counsellor has so many websites and tools.
So, we must face the challenge of these integration issues.
Aleksandra Webb (University of the West of Scotland, UK) agrees with Anne
Lauringson, particularly in the era of client-centered methodologies and practices. But
also the uptake and support from client facing employees would be important to
consider and their particular role in helping integration of these solutions.

Borja Pulido (Lanbide, Spain) tries to answer some of the questions that were raised.
First, about the variables used in the algorithm. To accelerate the process, they chose 3
variables to start analising the potential of the tool. They used the CHAID decision tree
to identify the 3 most critical variables that are: the proactivity in the offers, the
occupations requested and the employability status. The variables where Lanbide
cannot act (such as the demographic variables) had to be dismissed. The aim is to
gradually incorporate new layers of variables to improve the system.
About the testing, Lanbide is at an early stage and it has not been tested yet by
counsellors in interviews (it will in the near future). It has been used only to consult
the jobseekers situation.
The labour demand side information such as the number of vacancies for a given
occupation is expected to be included soon in the Macrotrends. The occupations with
better prospective will be then better rated.
8-10 people from Lanbide are involved in this project working jointly with a private
consultancy. Lanbide (as a PES) has a Commission formed by different stakeholders
such as Trade Unions, Business associations and social partners. All projects must be
approved by this Commission, which meets regularly, so this means that the project is
supported by this type of stakeholders.
It is not possible now to overwrite the result of the algorithm, but perhaps during the
testing with counsellors, they face this problem, but not now. The aim is to complement
this system with the skills, so maybe the skills help to better rate if one person was over
or under- rated.
Nowadays there are sanctions by the Basque PES when a jobseeker is receiving
benefits and declines 3 job offers. Who knows, maybe in the future, if the tool says that
you have to follow some recommendations and you do not follow them, maybe we can
think about some kind of sanctions.
The system is only for unemployed jobseekers, it does not allow the use of the tool
with employed people. At the moment, if a person is employed, they have a 100%
employability index. To implement it for employed people, we would need another
algorithm, the methodology and maxims would need to be changed.
Christa Larsen (IWAK Goethe University Frankfurt am Main, Germany) raises a
question about the methodology. Big data tools allow to find correlations between
variables that you would not have expected. How was the selection process of the tool?
Borja Pulido (Lanbide, Spain) explains that the statistical programme indicates the
variables that need to be used. They started with the basic variables, age, gender,
academic level, if the jobseekers has a subsidy or not, etc. and they used the CHAID

decision tree, to see what happened when they introduce a new variable into the system.
For example, they introduce the variable gender and the tree says, yes, men have a
higher employability index than women. So, this is a significant variable. Having a
subsidy or not was not a significant variable. So we build the system with the
significant variables only, even if it differs from expectations. The level of introduction
of the variable is also important and you get different results depending on this.
Christa Larsen (IWAK Goethe University Frankfurt am Main, Germany) points out
that this allows to explore on the administrative data that we have in the PES. It is very
worthwhile to have these discussions that brings us forward. Apart from the user
involvement, the acceptance, she wants to ask Dorit Griga (SECO, Switzerland) what
would be the recommendations for the beginning of the process, if there are technical
considerations. Dorit Griga (SECO, Switzerland) answers that stakeholder
involvement must happen the sooner the better. And about the sociodemographic
variables, we need to be careful, an Austrian algorithm was judged to be discriminating
women and had to be readapted. Perhaps we need to be more flexible, the Basque
experience seems rather strict, maybe women get higher employability indexes in
“female- typical” occupations. There is a danger if we use the gender CHAID and not
the whole population. But there are academic discussions and methods to prevent this
unfairness.
Anne Lauringson (OECD) thinks that this is a very relevant point - then an indication
for a female jobseeker that on this occupation is the highest chance to be employed,
but there is another opportunity for you, but you might need to break the glass ceiling...
Borja Pulido (Lanbide, Spain) explains that the tool needs to be used with the
supervision of a career advisor to avoid this kind of situations. It is a tool for the
counsellors, not for the jobseekers. It is always an expert the one who provides the
results to the jobseekers and can over-rule the results if necessary.
Dorit Griga (SECO, Switzerland) will share a paper (find attached) that a colleague
from SECO has developed as part of a further training course on the topic of "Fairness
in statistical jobseeker profiling". The paper does not represent a general view of
SECO, however, SECO is currently working on a framework paper on various
guidelines that are regarded as a basis for the use of AI in public employment services.
Joanna Napierala (Cedefop) thanks Borja Pulido (Lanbide, Spain) for the interesting
presentation.
The next of the series will take please in Autumn, at the end of October, the Network
will send the invitation.
Bilbao, June 2022
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Fairness in statistical jobseeker profiling
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Outline
For public employment services, the idea to use statistical tools to profile jobseekers is appealing
and such tools have found widespread use in OECD countries. They promise a more efficient and
effective allocation of Active Labour Market Programmes (ALMP). Although the Swiss
Unemployment Insurance (ALV) currently uses no statistical jobseeker profiling, it is likely only a
matter of time before this matter will have to be considered.
When designing a statistical profiling, careful consideration should be given to to potentially
harmful and adverse effects. To help give some structure to such an assessment, I propose four
guidelines for the ALV. These guidelines are intended as a starting point for discussion; to be
complemented by legal requirements and further standards at a later stage. The first guideline is
mainly procedural; the remaining three are more substantive.
Guideline 1: Provide an analysis of potential harms and potential adverse effects. This should
happen at the outset of algorithm development and include important stakeholders.
Guideline 2: In order to have clear accountability, prediction and decision should be
separated. Developers should be responsible for prediction quality; the ALV should be
responsible that there is no discrimination in its profiling-based allocation of ALMPs.
Guideline 3: Some specific forms of discrimination can be measured by formal criteria. An
appropriate default criterion is proposed: the criterion of "equalised odds". It measures
whether certain protected groups are equally affected by classification errors (false positives
and false negatives). This can also be enforced by using different group-specific thresholds
(at the cost of some prediction accuracy).
Guideline 4: Potential discrimination should not only be discussed separately for each legally
protected attribute (e.g. age, gender), but also with respect to particularly vulnerable
intersectional groups that rely more heavily on having access to the right kind of ALMPs.

The case of jobseeker profiling
In order to obtain unemployment benefits, jobseekers have to register at the public employment
service. They are required to disclose a broad range of personal data to verify benefit claims and
for job matching. This includes, for instance, information on education, employment history,
language skills and previous income. The broad range of administrative data makes the idea of a
statistical jobseeker profiling obvious.
Usually, statistical profiling tools estimate the risk of long-term unemployment in order to help
targeting Active Labour Market Programmes (ALMPs). The term AMLP is understood broadly to
comprise all actions taken by public employment services, for example job referrals, counselling
by caseworkers, job training, temporary employment programmes or subsidised internships. As
shown in the two figures below, from the World Bank [1] and from the OECD [2], statistical
jobseeker profiling usually produces a risk score, based on which jobseekers are then categorised
into low, middle or high risk groups. Decisions remain at the discretion of caseworkers and
counsellors, but are informed by the profiling output. The decision making is thus at most semiautomated. The exact purpose and design of profiling tools vary in practice [3].

Figure 1: Figure from a World Bank Group report on profiling the unemployed [1].

Figure 2: Figure from an OECD report on profiling in public employment services [2].
The argument for statistical jobseeker profiling is appealing. Often, difficulties in finding a job
become apparent only too late, and "negative duration dependence" means that the callback rate
for job interviews declines during the early stage of unemployment (e.g. [4]). Useful and
supportive ALMPs are thus either deployed too late, partly assigned to people who do not need
them (deadweight loss), or become punitive if the people are sent to the wrong programmes.
Generally speaking, profiling is seen as a desirable step towards individualised service: "As a result,
statistical profiling gives counselors an objective basis for differentiating intervention intensity […]
Statistical profiling enables [public employment services] to deploy special interventions for the high-risk
cases before [long-term unemplyoment] manifests" ([1], p. 18-19).
But statistical jobseeker profiling also raises important fairness concerns. This was recently
experienced in Austria, where such a tool (called AMAS) was developed to categorise jobseekers
into the low, middle and high risk groups. The idea was to allocate ALMPs primarily to the middle
group [5]. It then emerged that AMAS gave women lower average scores, especially if they also
had childcare obligations (while men did not face such a caregiver penalty) or a migrational
background (which also had no effect on men) [6]. The model drew intense criticism and legal
challenges, it ultimately required a decision by the highest administrative court for AMAS to be
allowed [7].

These considerations suggest, that the Swiss unemployment insurance (ALV) should prepare
guidelines for the development and use of such profiling tools. No such tool is currently in use,
but this is probably a matter of time and guidelines should be available in the run-up to the
development.
The setup under consideration is thus: Based on personal data
administrative records) and protected individual attributes
predicts the probability of long-term unemployment

(self-reported data as well as

(e.g. gender), the statistical model

:

. Long-term

unemployment is defined as 12 or more consecutive months of registered unemployment. 1 The
actual profiling

takes one of the three values "high risk", "middle risk" or "low risk" and is

achieved by thresholding the probability:

. For example, the Austrian system AMAS

classifies jobseekers as "low risk" if they had a at least a two-thirds chance of finding work within
half a year, and as "high risk" if they had at least 25% chance of not finding work within two years.
The classification

is then used to inform the allocation of ALMPs. A likely choice is to focus

ALMPs on the middle-risk segment, which is assumed to benefit from supportive ALMPs, but
without requiring the kind of specialized support not available to the ALV but needed for
jobseekers with multiple barriers to employment.
The following guidelines assume that a reasonably precise profiling can be developed. This is not
obvious and at least one previous attempt failed [8]. Finding a job is inherently stochastic with a
good deal of luck involved, and extant administrative records often fail to include relevant
predictors (e.g. motivation or health indicators).
These guidelines are intended as a starting point for discussions within the ALV. They are
intended to be part of a larger (yet to be developed) catalogue of requirements (e.g. transparency,
interpretability of the classifier, explainability of individual predictions).

Guideline 1: Analyse potential harms
and adverse effects at the outset
In the run-up to the development of a statistical profiling tool, the developers are required to
present and publish an analysis of potential harms ("Technik- und Risikofolgenabschätzung"). This
includes working with the ALV and practitioners (e.g. caseworkers) to identify use cases and
potential sources of harm. There is a variety of templates and examples for such analyses [e.g. 10,
23, 24].
The analysis of potential harms should treat statistical jobseeker profiling as a fully-automated
decision, even though it is intended to only provide input for caseworkers. In practice, the degree
of caseworker discretion when using the profiling results will be under constant pressure (ch. 2.4.
in [9]). First, in order to make good on the promise of efficiency gains, caseworkers have to
routinely accept the profiling results. Otherwise they would spend as much time on assessing
each case as without a tool. Second, to deliver on the promise of objectivity and prevention of
arbitrariness, caseworkers should accept the profiling regularly. Third, profiling results will
routinely be adopted given that caseworkers are often short on time and have a high caseload
([5], p. 2). Fourth, there is likely a justification asymmetry. If people complain or if supervisors
inquire, it might be easier to justify acting on the profiling result than deviating from it.
An incomplete list of potential fairness-relevant points to discuss includes:
Proportionality of data collection. From a fairness perspective it is important to note that
available data for profiling are de facto mandatory. Refusing to disclose data, e.g. about
previous employment, could lead to the loss of unemployment benefits. This is especially
important because statistical systems tend to raise the "appetite" for even more data: It is
usually easy to think of important yet unobserved variables that might improve predictions.

This creates an impulse to collect more information, often about sensitive issues like
aspirations, motivations, mental health, substance abuse, ability to work in teams etc.
Making such sensitive information mandatory only to make a statistical profiling more
accurate seems, prima facie, to place an unproportional burden on privacy. At the very least
the trade-off has to be carefully argued.
Bias reflected in input data. Any statistical profiling will depend on data about past
unemployment spells. As a consequence, pre-existing bias and unfairness in job finding rates
will directly influence the profiling. For instance, ageist stereotypes may be one reason for
the difficulties that elderly jobseekers face. The observed long-term unemployment then
already contains discriminatory practices.
It is worth pointing out that our preferred measure of discrimination (see guideline 3)
actually depends on the assumption that sensitive attributes can be used in profiling as long
as they only affect the profiling

by affecting long-term unemployment

. If age correlates

with long-term unemployment then it is allowed to affect the profiling result. This should not
be taken to mean that the effect of age on unemployment duration is fair or nondiscriminatory. But discrimination on the labour market is another matter; here I am only
concerned with an unfair or discriminatory impact of statistical profiling on the allocation of
ALMPs.
Quality of input data. Although administrative records are used, at least two important
problems with data quality remain:
Comparability: Public employment services in Switzerland are operated by the Cantons,
which have substantial freedom to adapt practices and processes. The result are data
that sometimes look nominally the same for all Cantons (they use the same software
and hence the same data fields), but have very different meanings. Working closely with
caseworkers and practitioners could help identify some problems with the input data
(an innovative case is [26]).
Missing data: Even data that seem very safe, e.g. financial data that have to be verified
with copies of previous employment contracts, can be problematic due to non-random
missingness. The reason is that at prediction time (e.g. in the first meeting between
jobseeker and caseworker) the application and the necessary documents might still be
under consideration. For example, complicated and non-standard work arrangements,
or incompletely submitted documents due to language difficulties, mean that checking
the application takes longer and the data are more likely missing at prediction time.
Representational harm. Classifying jobseekers into three segments labelled "low risk",
"middle risk" and "high risk" 2 , might itself be potentially harmful. It suggests that risk of
long-term unemployment is somehow a fixed trait of a person, instead of a complex
interplay between labour market demand, professional history, personal match, luck and so
on. Disproportionately classifying one group as "high risk" can therefore be stigmatizing. To
mitigate the harm, profiling should be as dynamic as possible, e.g. updating the prediction
over the course of the unemployment spell, as well as taking into account developments on
the labour markets. This could avoid reading the scores as personal traits and stresses their
dynamic and contextual nature.
Feedback effects on jobseekers. Related to the representational harm is the danger of
jobseekers being discouraged by a "high risk" classification, or feeling overly optimistic due
to a "low risk" profile. Another type of feedback loop is strategic behaviour, if ALMPs are tied
to certain categories. If only "high risk" jobseekers are eligible for income subsidies, then
there is an incentive to "game the system" by (mis-)reporting data so as to be classified "high
risk". This would, in turn, deteriorate the input data for the statistical profiling.
Effects on caseworkers. Evidently, a statistical profiling tool has substantial consequences
for caseworkers who would use it every day.

The most obvious is that it alters their job and raises fears of "digitization" or of being
"replaced by a computer". Two pilot projects in Switzerland (one a statistical jobseeker
profiling, one a econometric targeting system for ALMPs) failed partly due to resistance
by caseworkers to actually use the system and follow its recommendations ([8, 22]).
Giving a voice to caseworkers and other practictioners in all development and
implementation steps will be necessary.
A second danger is linked to the above-mentioned "appetite" for ever more data. For
caseworkers, this often means having to verify more and more data. This entails a lot of
going through checklists and following prompts from the tool, thus crowding out time
for human interaction and counselling. "This changes the working practice of AMS
counsellors significantly from personal counselling to the processing of a series of “tasks” as
required by the assistance system" [5].
A third effect is "gaming" the profiling tool by caseworkers. If they consider an ALMP
especially useful for a jobseeker, and this ALMP is to be used only for the segment
"middle risk", she might try to "bend" the data in direction of this segment (note that
often information about jobseekers is gathered or at least double-checked by the
caseworker). This will generally lead to less reliable data.
A fourth harmful effect could be "Stereotype reinforcement" and "Confirmation bias"
[10]: The tendency to discount (or explain away) output from the profiling tool that does
not match stereotypes while interpreting any stereotype-matching output as an
"objective" verification.
Dignitary considerations. Although this is rather vague, statistical profiling also raises
important questions relating to personal dignity: Do we really prefer a labour-market policy
that is more mechanical to a more personal but less efficient one? Is there not a danger of
"reducing personal biographies to computer-generated values"? As argue [5, p. 2]; "The shift
from personal needs to population-based calculations has also serious consequences for
jobseekers. For them, the focus on the [predicted] value and the classification means that their
biography and abilities are reduced to a seemingly 'objective' value that is supposed to provide
information about their prospects on the labour market."

Guideline 2: Separate prediction and
decision
An essential legal constraint on any jobseeker profiling is non-discrimination, as stated in Art. 8 of
the Swiss constitution [11]. Some aspects of discrimination are measurable with formal criteria,
which raises two questions: Who should be held responsible if the formal criterion indicates
discrimination (guideline 2) and which such criterion should be used (guideline 3)?
Discrimination with respect to jobseeker profiling is distinct from dicrimination on the labour
market: It refers not to recruitment decisions by employers but to actions taken by the ALV based
on the profiling output

. In this narrow sense, discrimination can be reduced by adjusting how

depends on the output of the profiling tool (i.e. the predicted probability

of long-term

unemployment). In the fairML-literature this is called a post-processing method, because it does
not change the predictor . Alternatives would be altering data before training (pre-processing) or
penalizing the empirical loss function with a measure of discrimination (in-processing) (see e.g.
[12, 15]).
Post-processing methods make separating prediction and decision easy: Developers of the
profiling tool deal with the technical issue of providing the best possible prediction , the ALV
then decides how
decide how

depends on

and the (cantonal) public employment services ultimately

informs the allocation of ALMPs (they only ever see

has several advantages:

, not the underlying ). This

Accountability: The responsibility for the non-discriminatory use of jobseeker profiling
should rest mainly with the ALV, not with scientists or engineers developing the profiling
tool. Holding the ALV responsible for the use of predictive scores automatically involves the
relevant oversight bodies and political stakeholders. (Engineers are still required in the first
guideline to map the potential harms and work with the ALV to find ways to mitigate them.)
Feasibility studies: The difficulty of predicting long-term unemployment means that a first
step will always be a feasibility study. One such study in the Canton Neuchâtel is currently
underway [27]. It is unrealistic to assume, as pre- and in-processing approaches do, that the
debate around non-discrimination has concluded already before development begins.
Usually such debates only become heated once the system has been introduced and actual
cases emerge.
Simplicity: Separating prediction from decision makes non-discrimination easier to
understand and discuss for non-technical stakeholders. They do not have to understand "a
possibly complex training pipeline" ([14], p. 3), such as penalization of discrimination in the
training objective. Nor do they have to accept discrimination if an algorithm trades off better
accuracy for more discrimination (in-processing). The separation also makes it much easier
to change thresholds after development of the profiling tool.
Theoretical reasons: Especially costly types of ALMP are limited to only a small number of
jobseekers. In such a setting, the optimal way to proceed is to take the best available
predictive scores, then using different cutoffs in decision making [13, 21]. "Equity preferences
can change how the estimated prediction function is used (such as setting a different threshold for
different groups) but the estimated prediction function itself should not change." ([13, p. 23]). In
addition, early empirical evidence indicates that post-processing via different thresholds
works well on real problems, decreasing accuracy less than competing approaches [12].

Guideline 3: Use equalised odds as an
imperfect diagnostic criterion
Many formal criteria of non-discrimination have been proposed in the literature [15]. Some are
observational in the sense that they only depend on the values of ,

,

and

. It is well-

documented in the literature that some of the most common criteria are mutually incompatible,
i.e. they cannot be fulfilled at the same time [15]. For example, if two groups have different base
rates of long-term unemployment, the prediction cannot be equally well-calibrated for both
groups and have equal error rates (false positive and false negative rates) for both groups [20].
This suggests that the ALV will at some point have to prioritize one criterion over the others.
In the context of statistical jobseeker profiling the criterion called "equalised odds" seems
appropriate. 3 Technically speaking, it measures whether the classification
independent of the protected attributes
is allowed to depend on attributes

, given the true outcome

, but only insofar as

is statistically

[14]. 4 The predicted score

correlates with the true outcome. For

example, newly registered jobseekers aged 55+ have a 40% chance of long-term unemployment,
whereas those aged 25 to 35 have only a risk of 20% (p. 31 in [16]). Clearly, older jobseekers will
more often be classified as “higher risk” than younger ones, which does not violate the equalised
odds criterion, as long those older jobseekers who actually go on to become long-term
unemployed are not more often wrongly classified as “middle or low risk”. Having equalised odds
implies that the false positive rates and the false negative rates are equal, or almost equal, for the
different groups in

[15].

The criterion of equalised odds thus measures whether the protected groups have the frequency
of being wrongly classified "low risk". And the same holds for being wrongly classified "middle
risk" and being wrongly classified "high risk". It thus treats the different kinds of errors as
"incomparable" in the sense that more false positives cannot be balanced by less false negatives

or vice versa. Alternative formal non-discrimination criteria (e.g. calibration or statistical parity) fail
to ensure that false positives and false negatives occur at similar rates across all protected
groups; they are willing to trade-off false positives with false negatives. This is what happened in
the famous COMPAS scores of recidivism, where one group was primarily affected by false
positives, the other group primarily by false negatives [15].
Not trading-off different kinds of error is important in our context because labour-market policy
in Switzerland is highly decentralized and the allocation of ALMPs based on the profiling output
depends on Cantonal policies. One Canton might use a score to assign a supportive and very
costly measure to high risk jobseekers; another Canton might use the same score to assign milder
supportive measures to the broad group of low or middle risk jobseekers. And the same ALMP
such as temporary employment can be beneficial for some jobseekers but feel degrading and
punitive to others. This complexity means that it does not make sense to generally that one type
of error is more important than the other. The criterion of equalised odds has no need to do this:
It ensures that both kinds of error (false negatives and false positives) are equally likely across the
different protected goups. Another reason for treating the two kinds of error as incomparable is
that they can be qualitatively different. If a jobseeker with a low risk of long-term unemployment
is wrongly assigned to a an intensive training program based on the output "high risk", the costs
are borne by the ALV. But if a high-risk jobseeker cannot participate in the training program
because she is wrongly assigned a low risk score, it is mainly her who bears the cost of the wrong
prediction.
As already mentioned, equalised odds is an observable criterion and can be measured and
reported. Unequal odds can then be taken as indicating that somewhere in the modelling process
(e.g. collecting training data, "cleaning" data, updating the model, the algorithm itself etc.) there is
a bias that results in discrimination [17]. The criterion can thus be used as a diagnostic test for a
very specific form of discrimination and can inform a discussion about the use of statistical
profiling. However, given a predicted probability

from the profiling, equalised odds can also be

enforced by choosing group-specific thresholds, although a small amount or randomization might
be necessary [14]. But it should be kept in mind that doing so is by no means a guarantee for nondiscrimination more broadly construed [15].
Although equalised odds seems an appropriate criterion in the context of statistical jobseeker
profiling, this remains something to be discussed with the relevant stakeholders. Given the
specific circumstances that arise with a concrete tool, they may also opt for another criterion of
non-discrimination instead.

Guideline 4: Give special consideration
to vulnerable groups
The Swiss constitution provides a (non-exhaustive) list of protected groups in Art. 8 No. 2: “No
person may be discriminated against, in particular on grounds of origin, race, gender, age, language,
social position, way of life, religious, ideological, or political convictions, or because of a physical,
mental or psychological disability.”[25]. This does not preclude that these attributes are used in
decisions, but their use has to be particularly qualified (p. 39, [11]).
Of those protected attributes, administrative data in the context of jobseeker profiling is available
on gender, age, language and country of origin. The selection and definition of protected groups
should be discussed transparently with stakeholders before implementing any profiling tool.

In principle, discrimination could be discussed for each of the protected groups independently of
the others. But this approach neglects the potential compounding effect of unequal access to
ALMPs; it neglects intersectionality in the sense of “intercategorical complexity” [18]. Guideline 4
thus requires us to carefully think about how statistical profiling affects vulnerable groups with
regard to access to ALMPs. For example, perceived "social distance" (measured via language skills
and country of origin) decreases the likelihood of being assigned to ALMPs intended for upskilling
[28]. Furthermore, there is some evidence that low-skilled jobseekers and migrant jobseekers are
less frequently assigned to certain ALMPs [29]. Other groups may also face a potential "access
bias" with regard to ALMPs, including for example migrant women and mothers with childcare
responsibilities [6].
Considerations of intersectionality suggest that all intersections should be treated as protected
groups. However, this would lead to a combinatorial explosion in the number of protected
groups 5 , thus decreasing prediction accuracy and ultimately introducing more "artificial"
randomness into the classification. 6 If error rates are to be equal across all groups, then the
maximum performance will naturally be upper-bounded by the group with the worst
performance [14]. It would thus be preferable to apply the criterion of equalised odds to each of
the protected groups separately. Although mathematically this does not guarantee equalised
odds for all intersectional groups, it may be enough in practice: It seems difficult to construct
cases where error rates differ substantially between intersections but not for the main groups. 7
Setting aside such technical issues, intersectionality could instead be interpreted in a more
qualitative way, as challenging us to consider carefully which specific groups may be subject to
access bias or may be more reliant on ALMPs. This is indeed a crucial step in the analysis of
potential harms. A clear definition of protected groups also creates the right incentive: Knowing
from the start for which groups equalised odds will be measured, developers have to make sure
that the satistical profiling performs well in those groups. Nonetheless, because such groups may
be small, predictive accuracy could still suffer if we require equalised odds. As an non-technical
alternative, particularly vulnerable groups could be excluded from the equalised odds criterion
but explicitly recompensated, e.g. by granting additional access to desirable and useful ALMPs.

Conclusions
In this paper, I have discussed a concrete application of semi-automated decision making, namely
the potential use of statistical jobseeker profiling by the Swiss unemployment insurance. Four
guidelines are proposed in order to help structure the assessment of potentially harmful and
adverse effects of such a profiling tool. These guidelines are intended as a starting point for
discussion; they are also meant to be complemented by legal requirements and further
standards.
The first guideline is procedural and probably the most important. It requires an analysis of
potential harms early in the process, thus forcing stakeholders to define clear use cases, critically
assess possibly harmful effects, and work closely with practitioners. The discussion provides a few
hints at what kind of harms should be considered.
The three remaining guidelines are more substantive and provide input for the discussion of
potential harms. The second guideline proposes that the profiling should be built in such a way
that developers are responsible for predictive accuracy, while the ALV is responsible for the nondiscriminatory use of these predictions. The third guideline proposes, as a default, using the wellknown formal criterion of equalised odds to measure discrimination. The fourth guideline makes
it necessary to define groups that are especially reliant on having access to the right ALMPs and
thus merit special attention in the discussion of discrimination and potential harms.

As a limitation I should mention that most of the issues discussed above, as well as potential
solutions, relate the literature on "fairness in machine learning". This is a very active area of
research; and many important questions are still contested and open to debate. The proposed
guidelines and recommendations will thus have to adapt to an eventually emerging consensus
about best-practices and standards.
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1. Because this outcome (long-term unemployment) covers registered unemployment only, there are by definition no missing values. Such a
narrow focus can be justified in this case, as only people registered as unemployed can have access to ALMPs and the profiling tool is
intended to inform the allocation of ALMPs. ↩
2. This is the OECD terminology. In the Swiss version they are "leicht vermittelbar" (easy to place), "mittel vermittelbar" and "schwer
vermittelbar"; there is no mention of "risk". ↩

3. This criterion goes by several names, e.g. "separation" or "predictive equality". ↩
4. Formally, this reads as:

. The output

takes the three values "low risk", "middle risk" and "high risk" and is thus not binary. The

criterion needs to cover cases where an ALMP is targeted to one of the three groups. Equalised odds holds for all possible such
combinations if we simply require that

. Since

( being a thresholding or step-function) if follows that

(e.g. p.

49 in [18]). ↩
5. As an example of the combinatorial explosion, consider just two origin groups, two gender groups, two age groups and three language
groups we already get 24 groups:

. Requiring equalised odds for those 24

groups is strictly more demanding than requiring it for each of the protected attributes separately. ↩
6. We can calculate for each group its own ROC curve [14]. These curves relate the false positive rate on the x-axis with (1 - false negative
rate) on the y-axis. In other words, the group-specific ROC curves contain all the information to assess equalised odds. Feasible for overall
prediction accuracy are only points below all the group-specific ROC curves. For certain groups this might mean moving to a point below the
curve, which can be done by introducing randomization into the thresholding function
threhold

with probability

and a higher threshold

with probability

in

. Concretely, we would use a lower

. All this, however, comes at the cost of accuracy. ↩

7. I constructed (hypothetical) confusion matrices for 2000 jobseekers in a simple case of binary classification (high risk versus low or middle
risk) and a binary outcome (long-term unemployed yes/no). The classifier has an accuracy of 72.8%. Equalised odds is satisfied when
comparing men and women: False positive rates (FPR) are 31.3% and 31.0%; false negative rates (FNR) are 16.2% and 16.3%. It is also
satisfied when comparing Swiss to migrant jobseekers: FPR are 31.1% and 31.3%; FNR are 16.3% and 16.2%. But whereas the FNR for Swiss
women is below 1%, it is 25% for migrant women. However, this example is somewhat contrived and was not easy to construct, which
indicates that such a situation may be rare in practice. ↩
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Preliminary notes

1. Preliminary notes
What is a profiling process?

A Profiling process is, essentially, classifying or defining jobseekers according to their employability on
the labour market. It could also be defined as a customised diagnostic tool to identify the risk levels of
the individuals as regards their possibilities of returning to employment.

The Profiling provides information on the employability of jobseekers. It allows the efficient
management of active employment policies and supports the professionals of the organisation, which
results in a quality service provided to citizens.

1. Preliminary notes
Other considerations

The aim of the project is to develop a profiling methodology based on the following three types of
profiling: expert profiling, quantitative profiling, and statistical profiling.

The developed methodology can be applied in other organisations, as it has been shown that the
current data analysis tools can be integrated in the business processes of an entity such as Lanbide or
similar.
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Background

2. Background
The first phase was conducted with a very descriptive perspective, started from a fundamentally
quantitative approach, where the emphasis was set on furthering knowledge of the segmentation of
jobseekers in relation to their employability potential.
1. Young women

2. Background
The second profiling had a more analytic component. The Lanbide Technical Office applied a second
classification layer, based on the relationship between variables according to CHAID (Chi-squared
Automatic Interaction Detection) decision trees, to the first pre-determined job-seeker segmentation.
It was an initial attempt towards a more statistical profiling model.

2. Background
We now turn to the third profiling phase. The aim is to build on the second phase, but automating the
whole process. In this phase, the application of Artificial Intelligence is especially important, since it
brings us different benefits:
• A dynamic model
• A model that is able to self-learn and adapt to the changing circumstances
• A model that is scalable and therefore allows the introduction of new information levels

This third phase seeks to exceed some of the shortcoming found in early attempts:
• Rigidity of models overly subject to the limits imposed on their design
• Excessive time between the start of the analysis and obtaining operating results.

2. Background

We have relied on big-data tools to overcome those constraints:
• they are more powerful in the processing of large amounts of data that grow exponentially when
reused
• this type of techniques allows the system to be trained and learn while the data is analysed
• it provides information in easily interpretable formats that can be inserted in modules in real time
to support Lanbide professionals in their work to design personalised employment guidance.
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Objectives

3. Objectives

The main objective of this process is to model and classify the jobseekers to better know them.

Once that segmentation is available, we can offer a proactive and personalised service, and make
recommendations to improve the job prospects of our jobseekers.

The implementation of this information system seeks to address four key issues in the running of the
employment service:
• chronic long-term unemployment
• non-personalised service
• reactive service
• a low intermediation ratio

4

Methodology

4. Methodology

The first step of the process is to calculate the Employability Indicator.
This is the variable on which the whole profiling model pivots. It provides an idea of the distance
between the group or individual and the labour market, indicating a greater or lesser probability of
being employed given the market’s current characteristics and the variables associated to each group
(or individual).
The historical data of the last 18 months are used to calculate this index and the following variables are
taken into account:
• Number of days the jobseeker has been employed in the last 18 months (a)
• Number of days the jobseekers with the same occupation have been employed in the last 18
months (b)
• Number of days the jobseekers with the same qualification have been employed in the last 18
months (c)

4. Methodology
We use the following formula:

Once this data have been obtained, the result is
displayed in two different ways:

1. Numerical data: range between 0 and 100, where
0 is the worst figure and 100 is
the best.
2.Group of indicators: the numerical indicators are
grouped in quartiles
(low/medium-low/mediumhigh/high employability index).
Where:
• Number of days the jobseeker has been employed in the last 18 months (a)
• Number of days the jobseekers with the same occupation have been employed in the last 18
months (b)
• Number of days the jobseekers with the same qualification have been employed in the last 18
months (c)
* If the jobseeker is unemployed, his “Indicator" is reduced by 50%, part (a) of the formula

4. Methodology

The following maxims help to better understand the concept:
• A jobseeker is more employable the more days they have been employed (stable job)
• A jobseeker is more employable if there is high employability of their peers in the target job
sector (growth sector)
• A jobseeker is more employable if there is high employability of their peers in the completed
education sector

• We consider that a jobseeker has full employability (employability index = 1, distance 0 to the
market), if they have been employed as many days as possible during the period in question
• We consider the long-term unemployed to exhibit the greatest possible distance to the job
market

4. Methodology

Once the indicator has been prepared, the recommendations for improvement are based on the
following groups:
• 1st level: 26 original groups are prepared and based on:

✓ Employment status of the jobseeker (employed or unemployed) and time in that
employment status
✓ Age and academic background
• 2nd level: 6 sub-groups are prepared for each original group based on:
✓ Occupations requested by the jobseeker
✓ Proactivity in the offers, that is, how active the person is in the job search.
The preliminary analysis of the group and sub-group allow a set of personal routes to be defined to
guide the jobseekers of low employability subgroups to their maximum employability subgroups, in
other words, to improve their employability situation as effectively as possible.
→ the optimum subgroup (highest employability index) of their group is sought for each jobseeker

4. Methodology
The quality of an
occupation is defined
as its normalized
average
employability index,
its range being from
0 (low quality) to 1
(high quality). For
each applicant, the
quality of all their
occupations is
calculated and the
one with the highest
value is taken
Proactive =1 Not proactive =0.5 “No candidatures"=0
A jobseeker is considered a proactive applicant if he/she have submitted to offers in
dissemination and/or have been a candidate by pairing and is an available candidature
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5. Dashboard

The average employability indexes can be consulted for each subgroup disaggregated by province and
sex, along with the optimum indicator for each subgroup, in other words, the highest index of each
subgroup.
The total number of jobseekers of each subgroup is also shown.
This application allows us to consult the temporal analysis of the index (per months) and to apply
various filters.
However, the most important aspect of this tool is that it allows the information for each jobseeker to
be displayed.
→The tool will show us the subgroup to which the jobseeker has belonged and belongs, and also the
target optimum subgroup, along with their employability index and the highest value of the current
subgroup to which they belong. It will also show the transition rule, in other words, the
recommendation that should be adopted by the user in order to move up to the optimum sub-group.

5. Dashboard
This approach of using the temporal development also allows us to see whether a specific jobseeker is
following our recommendations
→ If the jobseeker has been given a recommendation to move up to the optimum subgroup after an
interview with a counsellor, and the individual has followed the recommended steps, we should see a
move from the subgroup to which the jobseeker belongs to one with higher employability values. If, on
the contrary, we see that the individual remains in the same sub-group for several months, we can
conclude that, indeed, the jobseeker had not followed our guidance.

→ By introducing the “Employment Status” variable in the system, we can also determine whether that
individual has been able to find a job after following our guidance.
The recommendations that we are discussing are based on the two variables that help us to define the
subgroups:
• the occupations requested by the jobseeker (look for other occupations)
• proactivity in the offers (to sign up to offers)
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Application

6. Application

The ultimate goal is for the counsellors to use this tool in their interviews with job seekers in order to
be able to point them to the best opportunities of the labour market, in other words, that the profiling
is used for the user to be able to reach the optimum subgroup.

Given that the guidance is based on two variables that allow subgroups to be prepared, the
recommendations will be at times to be proactive in the search for job offers and, at other times, to
change the search for occupations to-wards others with better employment prospects (suggesting
occupations to be requested).
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7. Future challenges

We are still at an experimental phase. Its use is still limited to consultations, in other words, it is merely
used for observations.
The employment service has over 200 variables in its databases. The aim is to incorporate them
gradually, once their importance has been assessed when defining the employability index.
Apart from the variables used by the employment services, the ESCO skills are also being incorporated,
as it is known that they are increasingly more important for companies when selecting applicants.

Macro-trends are also being added so that the occupations with the best future prospects and trends
are rated best and those with poor future employment forecasts are poorly rated.
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8. Conclusions

The developed methodology can be applied in other organisations. As what has been proven is that
the current data analysis tools can be integrated in the business processes of an entity such as Lanbide
or similar.

The optimum profiling design depends, fundamentally, on the appropriateness of the outcome variable
to the goal of the programme and on the variety of the characteristics used to assess the employability
level of the individuals. This second factor is crucial as the predictive power of the model clearly
depends on the type of variables included in it.
The profiling must be regularly reviewed and several designed according to the geographical location
or the possible segments of the job market.
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THE
SKILLS LAB
NETWORK
OF
EXPERTS

A NEW KNOWLEDGE NETWORK

Over the past 25 years, the European Training
Foundation (ETF) has become a leading source
of data and research in skills anticipation and
changes in demand for skills, qualifications
and occupations in the labour markets that
fall under its aegis. Although labour markets
often extend beyond the borders of nations,
they broadly cover the transition countries of
Eastern Europe and Central Asia, the Western
Balkans and Turkey, as well as the Southern
and Eastern Mediterranean.

To this end, the ETF works with a knowledge network that brings
together experts and researchers from these countries. Its aim is
to co-create, exchange, and disseminate labour market
research with a view to fostering a culture of skills
anticipation and matching. By identifying and sharing the
processes and effects of changing skills demand, as well as
education and training systems, necessary adjustments may feed
into skills policies and grassroot practice.
The network is open to all interested researchers and
experts on labour markets from the ETF partner countries
as well as EU Member States and third countries, who may
represent a variety of public, private or non-profit research
institutions and universities, as well as international organisations
and other expert networks.

THE
SKILLS LAB
NETWORK
OF
EXPERTS

Before the launch of network, some preparatory work was done
by the ETF to understand whether such a network is a viable
mechanism for knowledge creation, what would be the added
value of such a network, what areas it would endeavour to cover
and how it would target the needs and interests of network
participants. The Network was launched in 2021, and its modus
operandi was discussed with members.
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1

RESULTS OF THE
PREPARATORY WORK

LEARNING: information on new
research areas and possibilities for

ACCESSING: new

joint research and funding, learning

knowledge and

about other countries’ experience

methodologies in the

and international trends,

research field, as well

and mastering new research

as ETF-facilitated access

methodologies

The launch meeting was preceded by an online survey,

to data sources and

expert consultations and a feasibility analysis which

funding

5

confirmed that networks can be highly effective and that
a thoughtfully structured ETF network of labour market
experts could fill an existing gap in several areas.

ADVOCATING: Putting the

EXPECTATIONS IN FIVE MAIN AREAS WERE IDENTIFIED BY

theory of research findings

THE RESPONDENTS OF THE ONLINE SURVEY AND THROUGH

into practice through evidence-

CONSULTATIONS WITH POTENTIAL NETWORK PARTICIPANTS.

based policymaking by national

THEY CAN BE SUMMARISED AS FOLLOWS:
The research drew responses from across Europe, the
Western Balkans, Eastern Europe, the Southern and
Eastern Mediterranean and Central Asia. While the
overwhelming majority of respondents (70%) were
already part of a network of some kind, they identified
the need for a new focused, international knowledge
exchange platform that could maximise research
effectiveness through joint projects and activities.
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COLLABORATING: Sharing
and dissemination of
knowledge and research

governments and international
organisations.
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MEETING: Making new contacts

results, and getting

and meeting other experts to

feedback from experts and

interact and network with, in

peers in other countries

order to identify possibilities and
interest for joint/multi-country
research and publications

AN ANNUAL LIVE EVENT where the members
of the network can meet, exchange, and review

HOW DOES THE
NETWORK OPERATE?

A NETWORK NEWSLETTER

future plans. The ETF hosts the event in the first

disseminated bi-annually to the

year, then network members and countries are

network members and the wider

encouraged to co-host the annual event on a

public, and a monthly flash news

voluntary basis. Sharing costs and organisational

including news, events, publications.

aspects would make the live events cost-efficient
and sustainable in the years to come.

The Skills Lab Network of Experts
CALL FOR INNOVATIVE RESEARCH

primarily covers four functions:

PROPOSALS restricted to network

•

regular peer exchange,

•

coaching of network participants, and

AS PER THE ETF

•

direct links to ETF research as well as EU

PROPOSAL IN THE

and global practice, and

LAUNCH, THE NETWORK

discuss joint initiatives building on each

COVERS THE FOLLOWING

other’s knowledge and experience

ACTIVITIES AND TOOLS:

•

members in ETF Partner Countries
in the area of skills demand. An
opportunity for network members
for formulating innovative ideas,
obtaining greater visibility for their
outcomes and enhancing knowledge
exchange with other members plus

THEMATIC ONLINE SEMINARS on selected topics to

ETF partners and stakeholders.

enable network members to learn from each other and
present their relevant research. This includes thematic
presentations and discussions on ongoing initiatives in
skills demand, which can be organised and facilitated
both by the ETF and/or network members.

AN ONLINE PLATFORM To regularly

Moreover, network members may propose and

exchange, collaborate, store and

organise their own seminars. Finally, network

disseminate the knowledge (co-) created

members are regularly informed about and invited

within the network. Link and access

to other ETF thematic events in the area of skills

modalities will be published here.

anticipation and demand.

HOW TO JOIN THE NETWORK:

Please visit our dedicated
web page on ETF Open

The Skills Lab Network

Space, where you will find

of Experts is open to all

an overview of the network

researchers, research

and its objectives, and links

institutes and expertise

to all relevant background

networks from ETF partner

documents.

countries, EU Member States
and third countries working
on skills demand.

For further information and
enquiries on network activities,

In order to become a

please send us an email:

member of the network,

skillslabnetwork@etf.europa.eu

please complete this short
form. Feel free to disseminate
this leaflet with whomever
might be interested in
joining the network.

A LIST OF ETF METHODOLOGIES / TOOLS / PUBLICATIONS IN THE FIELD OF
SKILLS DEMAND ANALYSIS, updated in May 2022
1. GUIDES ON SKILLS ANTICIPATION AND MATCHING
ETF has developed in cooperation with Cedefop and ILO six guides below on skills anticipation and
matching methodologies, which were published in 2016 (see below the web links to six guides):
ETF-Cedefop-ILO (2016), Using labour market information - Guide to anticipating and matching skills
and jobs Vol. 1, http://www.etf.europa.eu/web.nsf/pages/Vol._1_Using_labour_market_information
ETF-Cedefop-ILO (2016), Developing skills foresights, scenarios and forecasts - Guide to anticipating
and matching skills and jobs Vol. 2,
http://www.etf.europa.eu/web.nsf/pages/Vol._2_Developing_skills_foresights
ETF-Cedefop-ILO (2016), Working at sectoral level - Guide to anticipating and matching skills and
jobs Vol. 3, http://www.etf.europa.eu/web.nsf/pages/Vol._3_Working_at_sectoral_level
ETF-Cedefop-ILO (2015), The role of employment service providers - Guide to anticipating and
matching skills and jobs Vol. 4,
http://www.etf.europa.eu/web.nsf/pages/Vol._4_Employment_service_providers
ETF-Cedefop-ILO (2017), Establishment Skills Surveys - Guide to anticipating and matching skills
and jobs Vol. 5, www.etf.europa.eu/web.nsf/pages/Vol._5_Establishment_skills_survey
ETF-Cedefop-ILO (2016), Carrying out tracer studies - Guide to anticipating and matching skills and
jobs Vol. 6, http://www.etf.europa.eu/web.nsf/pages/Vol._6_Tracer_studies
2. MODULES ON SKILLS ANTICIPATION AND MATCHING
Based on above-mentioned guides, ETF developed training modules and shorter versions of these
publications as summaries – also published at the following links below:
Employer surveys: http://www.etf.europa.eu/web.nsf/pages/Employer_surveys
LMIS: http://www.etf.europa.eu/web.nsf/pages/LMIS
Skills foresight:
http://www.etf.europa.eu/web.nsf/pages/Skills_foresight_emerging_labour_market_trends
Skills forecast: http://www.etf.europa.eu/web.nsf/pages/Skills_forecasts
Tracer studies: www.etf.europa.eu/web.nsf/pages/Tracer_studies
Employment services: http://www.etf.europa.eu/web.nsf/pages/Employment_service_providers
LM Observatories: http://www.etf.europa.eu/web.nsf/pages/Observatories
Sector councils: http://www.etf.europa.eu/web.nsf/pages/Sector-based_skills_anticipation
3. E-LEARNING TOOLKIT ON SKILLS ANTICIPATION AND MATCHING
A Skills Anticipation and Matching e-toolkit was developed in 2019 and it is available online on the Open
Space Skills Anticipation and Matching e-Toolkit | Open Space (europa.eu). It’s accessible to any
external party on the only condition of registering on the OS. It’s a self-paced course, with additional
examples of practices and resources available directly from the modules. The toolkit has 3 levels of
engagement:
1. Initial, with an interactive module, easy to follow
2. Advanced, with additional information and reading
3. Immersion, with examples, practices and literature for further reading
The toolkit includes all the common guides listed above:
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•
•
•
•
•
•
•
•

Labour Market Information System
Employment Service Providers
Employer Survey
Tracer Studies
Skills Forecast
Skills Foresight
Sectoral Approach
Labour Market Observatories

4. REGIONAL / COUNTRY EXAMPLES
European Commission / ETF (2014): Skills Needs Identification and Anticipation Policies and
Practices in the Eastern Partnership Region: Cross-country Report, Kantor
ETF (2016): Skills Needs Identification and Skills Matching in South Eastern Europe,
http://www.etf.europa.eu/web.nsf/pages/Skills_needs_identification_and_skills_matching_SEE
ETF FRAME Project (2013-2014): www.etf.europa.eu/web.nsf/pages/Frame_project
See ETF 2014 reports: “The Future Frame Foresight Guide for Skills 2020”, “FRAME Skills for the
Future: Regional Report”
EN RLMM (2016); “Anticipation of current and future skill needs in an era of digital revolution: the
examples of skills forecast in Ukraine and policy foresight for skills in South East Europe”, in Digital
(R)evolution and Its Effects on Labour: Opportunities and Challenges for Regional and Local Labour
Market Monitoring, eds.by Larsen et al, Rainer Hampp Verlag Munchen Mering 2016, pp. 317-362,
ISBN-A/DOI 10.978.395710/1693.
ETF-GIZ-Enabel (2019), Tracing technical and vocational education graduates in Palestine –
Graduates of GIZ and Enabel programmes: 2018 tracer study results,
https://www.etf.europa.eu/en/publications-and-resources/publications/tracing-technical-andvocational-education-graduates
ETF (2018), Tracking vocational graduates in the EU candidate countries,
https://www.etf.europa.eu/en/publications-and-resources/publications/tracking-vocational-graduateseu-candidate-countries
ETF (2017), Tracing secondary vocational and tertiary education graduates in the former Yugoslav
Republic of Macedonia: 2016 tracer study results, https://www.etf.europa.eu/en/publications-andresources/publications/tracing-secondary-vocational-and-tertiary-education
ETF (2016), Tracer study implementation in the Kyrgyz Republic: Practical guidelines, internal
document available on request
ETF (2013), Transition from school to work in Kyrgyzstan: results of the 2011/12 transition survey:
http://www.etf.europa.eu/web.nsf/pages/School_to_work_transition_Kyrgyzstan
ETF (2013), Transition from education to work in Syria:
http://www.etf.europa.eu/web.nsf/pages/Education_to_work_transition_Syria
ETF (2012), Youth transition from school to work in Mediterranean, paper prepared for UNESCO,
http://www.etf.europa.eu/web.nsf/pages/Education_to_work_transition_Mediterranean
ETF (2012): ETF Position Paper – Anticipating and matching demand and supply of skills in ETF
partner countries, Turin: ETF
5. NEW METHODOLOGIES/ PUBLICATIONS ON FUTURE SKILL NEEDS
Future of work/ skills has become a new area of work in ETF since 2020. One strand is sectorial
skill needs in the future which led to three case studies: Israel agri-tech, Turkey automotive and Morocco
agri-food sectors. This is followed by the studies of energy sector in Albania and Tunisia and healthcare
sector in Ukraine in 2021.
ETF (2022), Future skills needs in the Albanian energy sector, Future of skills: Energy sector in
Albania | ETF (europa.eu)
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Albania Summary, https://www.etf.europa.eu/en/document-attachments/future-skills-energy-sectoralbania-summary-note
ETF (2022), Future skills needs in the Tunisian energy sector,
https://www.etf.europa.eu/en/document-attachments/future-skills-energy-sector-tunisia
Tunisia Summary, Future of skills: Energy sector in Tunisia - Summary note | ETF (europa.eu)
ETF (2020), The Future of Skills: A case study of the agri-tech sector in Israel,
https://www.etf.europa.eu/sites/default/files/2020-11/future_of_skills_agri-tech_sector_in_israel.pdf
ETF (2021), The future of skills: A case study of the agri-food sector in Morocco,
www.etf.europa.eu/en/publications-and-resources/publications/future-skills-case-study-agri-foodsector-morocco
ETF (2021), The future of skills: A case study of the automotive sector in Turkey, June 2021,
www.etf.europa.eu/en/publications-and-resources/publications/future-skills-case-study-automotivesector-turkey
ETF (2021), Case studies on the future of skills: Methodological note for conducting case studies,
Skills for the future case studies, methodology | Open Space (europa.eu)
ETF (2019), Issues Paper on the future of work and skills in ETF partner countries,
www.etf.europa.eu/en/publications-and-resources/publications/future-work-and-skills-etf-partnercountries
ETF (2021), Changing skills for a changing world: Understanding skills demand in EU neighbouring
countries – A collection of articles, www.etf.europa.eu/en/publications-andresources/publications/changing-skills-changing-world-understanding-skills-demand
ETF-EBRD (2021), Inclusive Skills for Innovative Enterprise Development in the Aftermath of COVID19 in the Agribusiness Sector (including Georgia, Morocco, Serbia, Turkey, and Uzbekistan),
https://www.etf.europa.eu/sites/default/files/2021-08/etf_ebrd_inclusive_skills_agribusiness__final_report.pdf
Summary note, https://www.etf.europa.eu/en/publications-and-resources/publications/inclusive-skillsinnovative-enterprise-development-agri
Future skill needs for Craftspersons and Artisans
Country portraits are available on Albania, Armenia, Turkey, Ukraine, Kyrgyzstan, Georgia,
Azerbaijan, and Uzbekistan, Craftsmanship and Skills for the Future | Open Space (europa.eu)
Forthcoming (ETF 2022): In-depth country studies and cross-country synthesis report on Armenia,
Azerbaijan, Georgia and Uzbekistan
6. ETF’S WORK ON SKILLS MISMATCH
ETF (2019), Skills mismatch measurement in Georgia, www.etf.europa.eu/en/publications-andresources/publications/skills-mismatch-measurement-georgia
ETF (2019), Skills mismatch measurement in Moldova, https://www.etf.europa.eu/en/publicationsand-resources/publications/skills-mismatch-measurement-moldova
ETF (2019), Skills mismatch measurement in Montenegro, https://www.etf.europa.eu/en/publicationsand-resources/publications/skills-mismatch-measurement-montenegro
ETF (2019), Skills mismatch measurement in North Macedonia,
https://www.etf.europa.eu/en/publications-and-resources/publications/skills-mismatch-measurementnorth-macedonia
ETF (2019), Skills mismatch measurement in Serbia, https://www.etf.europa.eu/en/publications-andresources/publications/skills-mismatch-measurement-serbia
ETF (2019), Skills mismatch measurement in ETF partner countries,
www.etf.europa.eu/en/publications-and-resources/publications/skills-mismatch-measurement-etfpartner-countries
ETF (2022) Forthcoming publication on new wave of Skills Mismatch analysis including North
Macedonia, Kosovo, Georgia, Bosnia and Herzegovina, Montenegro, Palestine, Kirghizstan, Moldova,
Serbia, Turkey, Ukraine, Belarus and Tunisia
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In addition, ETF launched a new initiative to implement European Skills and Jobs Survey (ESJS)
in ETF Partner countries. It aims to build on the experience of Cedefop in the EU countries and extend
the implementation of a nationally representative survey to selected ETF Partner Countries, to
strengthen the existing skills intelligence and exploring new evidence on skills demand. It is aimed to
cover 6 country surveys in 2022 with the priority given to the six Western Balkan countries and Israel.
7. NEW FORMS OF EMPLOYMENT AND PLATFORM WORK
ETF (2021), New forms of employment in the Eastern Partnership countries: Platform work, The
future of work – New forms of employment in the Eastern Partnership countries: Platform work | ETF
(europa.eu)
ETF (2021), New forms of employment and platform work in EaP countries: a summary note
ETF (2021), Country profile: Platform work in Armenia
ETF (2021), Country profile: Platform work in Azerbaijan
ETF (2021), Country profile: Platform work in Belarus
ETF (2021), Country profile: Platform work in Georgia
ETF (2021), Country profile: Platform work in Moldova
ETF (2021), Country profile: Platform work in Ukraine
The future of work: new forms of employment and platform work | Open Space (europa.eu)
A similar study of platform work is launched for 2022 in the six Western Balkan countries (Albania,
Bosnia and Herzegovina, Kosovo, Montenegro, North Macedonia, Serbia), following the same
approach and methodology used in the EaP region.
8. SKILLS ANALYSIS FOR SMART SPECIALISATION
ETF (2021), Skills for smart specialisation in Moldova: Understanding and managing skills as a key
resource for growth and competitiveness, Vera Chilari and Corina Gribincea for the ETF, Skills for
smart specialisation in Moldova: Understanding and managing skills as a key resource for growth and
competitiveness | ETF (europa.eu)
Moldova summary notes: https://www.etf.europa.eu/sites/default/files/202105/skills_for_smart_specialisation_in_moldova_summary_note.pdf
ETF (2020), Skills for smart specialisation in Montenegro: Understanding and managing skills as a
key resource for growth and competitiveness, Dr Jelena Janusevic and Rajko Kosovic for the ETF,
Skills for smart specialisation in Montenegro: Understanding and managing skills as a key resource
for growth and competitiveness | ETF (europa.eu)
Montenegro summary notes: https://www.etf.europa.eu/sites/default/files/202103/skills_for_smart_specialisation_in_montenegro_summary_note.pdf
9. YOUTH STUDIES WITH SOME ELEMENTS OF SKILLS DEMAND
ETF (2021), Youth in transition in the Southern and Eastern Mediterranean: Identifying profiles and
characteristics to tap into young people’s potential, Youth in transition in the Southern and Eastern
Mediterranean: Identifying profiles and characteristics to tap into young people’s potential | ETF
(europa.eu)
ETF (2021), Youth situation in Serbia: Employment, skills and social inclusion, Youth situation in
Serbia: Employment, skills and social inclusion | ETF (europa.eu)
ETF (2020), Skills demand and supply in North Macedonia: An analysis at regional and local levels,
Prof. Blagica Novkovska for the ETF, Skills demand and supply in North Macedonia: An analysis at
regional and local levels | ETF (europa.eu)
ETF (2020), Unlocking youth potential in South Eastern Europe and Turkey: Skills development for
labour market and social inclusion, https://www.etf.europa.eu/en/publications-andresources/publications/unlocking-youth-potential-south-eastern-europe-and-turkey
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ETF (2019), Policies supporting youth transition to work in Armenia, Azerbaijan, Belarus, Georgia,
Moldova and Ukraine: Regional Report. https://www.etf.europa.eu/en/publications-andresources/publications/policies-supporting-youth-transition-work-armenia
ETF (2018), Youth transition to work in Georgia: www.etf.europa.eu/en/publications-andresources/publications/youth-transition-work-georgia
ETF (2018), Youth transition to work in Moldova: www.etf.europa.eu/en/publications-andresources/publications/youth-transition-work-moldova
ETF (2018), Youth transition to work in Belarus, see: www.etf.europa.eu/en/publications-andresources/publications/youth-transition-work-belarus
ETF (2019), Youth transition to work in Armenia, https://www.etf.europa.eu/en/publications-andresources/publications/youth-transition-work-armenia
ETF (2019), Youth transition to work in Ukraine, https://www.etf.europa.eu/en/publications-andresources/publications/youth-transition-work-ukraine
ETF (2021), Youth situation in Serbia: Employment, skills and social inclusion, Youth situation in
Serbia: Employment, skills and social inclusion | ETF (europa.eu)
10. BIG DATA FOR LABOUR MARKET INTELLIGENCE
ETF (2019), Big data for labour market intelligence: an introductory guide,
https://www.etf.europa.eu/sites/default/files/2019-06/Big%20data%20for%20LMI.pdf
Versions in Russian and in French
Open Space webpage: LMI in transformation – Focus on Big Data
ETF - Learn all about Big Data for Labour Market Intelligence: training programme, webinars and
interactions: YouTube channel
ETF Training programmes on Big Data for LMI: on ETF website
•
•
•

Big Data LMI (June 2021) – online learning
Workshop: training programme for data analysts and experts, November 2019
Webpage of webinar on Big Data for LMIS, December 2020

ETF Landscaping and ranking of OJV sources report (2020): Big Data for LMI, Web Labour Market
Landscaping Ukraine
ETF Landscaping and ranking of OJV sources report (2020): Web LM in Tunisia: Landscaping and
brief overview
ETF Analytical report (2020): Big Data for LMI: analytics and insights (Ukraine).
ETF Analytical report (2020): Big Data for LMI: analytics and insights (Tunisia).
OJV Data dashboards: Countries Ukraine, Tunisia, and Georgia consolidating the analysis of online
job vacancies in 2022 and expand to more countries. A short intro briefing at the link:
big_data_lmi_en_web.pdf (europa.eu)
ETF contribution in ILO (2020), The feasibility of using big data in anticipating and matching skills
needs, https://www.ilo.org/wcmsp5/groups/public/---ed_emp/--emp_ent/documents/publication/wcms_759330.pdf
11. SKILLS AND LABOUR MOBILITY
ETF (2022), ‘Use it or lose it!’ How do migration, human capital and the labour market interact in the
Western Balkans, 'Use it or lose it!' How do migration, human capital and the labour market interact in
the Western Balkans? | ETF (europa.eu)
ETF (2021), How migration, human capital and the labour market interact in Serbia, How migration,
human capital and the labour market interact in Serbia | ETF (europa.eu)
ETF (2021), How migration, human capital and the labour market interact in North Macedonia, How
migration, human capital and the labour market interact in North Macedonia | ETF (europa.eu)
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ETF (2021), How migration, human capital and the labour market interact in Bosnia and Herzegovina,
How migration, human capital and the labour market interact in Bosnia and Herzegovina | ETF
(europa.eu)
ETF (2021), How migration, human capital and the labour market interact in Kosovo:
https://www.etf.europa.eu/en/publications-and-resources/publications/how-migration-human-capitaland-labour-market-interact-2
ETF (2021), How migration, human capital and the labour market interact in Montenegro:
www.etf.europa.eu/en/publications-and-resources/publications/how-migration-human-capital-andlabour-market-interact-3
ETF (2021), How migration, human capital and the labour market interact in Albania:
www.etf.europa.eu/en/publications-and-resources/publications/how-migration-human-capital-andlabour-market-interact-4
Landesmann, Michael and Isilda Mara (2021), Interrelationships between human capital, migration
and labour markets in the Western Balkans: an econometric investigation, wiiw Working Paper No.
196, https://wiiw.ac.at/interrelationships-between-human-capital-migration-and-labour-markets-in-thewestern-balkans-an-econometric-investigation-p-5694.html
Leitner, Sandra (2021), Net Migration and its Skill Composition in the Western Balkan Countries
between 2010 and 2019: Results from a Cohort Approach, wiiw Working Paper No.197,
https://wiiw.ac.at/net-migration-and-its-skill-composition-in-the-western-balkan-countries-between2010-and-2019-results-from-a-cohort-approach-analysis-dlp-5695.pdf
Leitner, Sandra (2021), A skill-specific dynamic labour supply and labour demand framework: A
scenario analysis for the Western Balkan countries to 2030, wiiw Working Paper
No.200, https://wiiw.ac.at/a-skill-specific-dynamic-labour-supply-and-labour-demand-framework-ascenario-analysis-for-the-western-balkan-countries-to-2030-p-5820.html
ETF (2015); Migrant Support Measures from Employment and Skills Perspective (MISMES): Global
Inventory with a focus on Countries of Origin,
http://www.etf.europa.eu/web.nsf/pages/MISMES_global_inventory
ETF (2015), MISMES Armenia report, http://www.etf.europa.eu/web.nsf/pages/MISMES_Armenia
ETF (2015), MISMES Georgia report, http://www.etf.europa.eu/web.nsf/pages/MISMES_Georgia
ETF (2015), MISMES Moldova report, http://www.etf.europa.eu/web.nsf/pages/MISMES_Moldova
ETF (2015), MISMES Morocco report, http://www.etf.europa.eu/web.nsf/pages/MISMES_Morocco
ETF (2015), MISMES Tunisia report, http://www.etf.europa.eu/web.nsf/pages/MISMES_Tunisia
ETF (2017), MISMES Jordan report, www.etf.europa.eu/web.nsf/pages/MISMES_Jordan
ETF (2017), MISMES Lebanon report, http://www.etf.europa.eu/web.nsf/pages/MISMES_Lebanon
12. SKILLS FOR GREEN TRANSFORMATION
ETF has recently launched a new study for mapping sustainability policies and initiatives focusing on
skills for the green transition in eight countries as pilots: Algeria, Azerbaijan, Serbia, Uzbekistan,
Ukraine, Georgia, Morocco and North Macedonia. The results will be available in 2022.
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