Job matching and fairness
Experiences from a partnership with VDAB

Pieter Delobelle
Workshop on Data-Driven and Algorithmic Tools in Public Employment Services
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Belgium has the lowest employment rate for non-EU persons

Employment rate, by country of birth

(% of people aged 20-64 years, 2020)

Native-born persons @ Persons born in another EU Member State Non-EU born persons

60 ---—-- - e 3} B 4 BEEEEEEEEEEE
D I e i i i i b
= C >V 8 8 X ©@ @ T B G O Y X5 T T 6B U £ 06 6 D60 € > U S T >
Ww 9 £ cEce 853 S e g o SEeeSXESER®RE Q S
P ESYSEBREISS 2252855883888 38
S = ¥ B € 3 a0 ¢ > c £ 9V o = = = E 0 = W = 5 ¢ O
S < o U a S5 W o G v
A 0 0 U W g < i = = 3 o = ¢ = g g UV N — 2
o < 0 g n L Qo ae mmn:m y ot
"q')' X S
Z = i

Note: ranked on employment rate for native-born persons. Germany: provisional data. Bulgaria and Romania: data not available for persons born in another EU Member State; data with limited reliability for non-EU born.
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Partnership with VDAB

* ‘Proof of concept’ In Flemish Al programme

e Research collaboration with Flemish employment service
* Very unrestricted and research-oriented
e Access to data to test hypotheses etc...

* Already Al-based systems In use

* Linking job seekers and vacancies together: Jobnet
* Collaboration to develop new software
 See Desiere and Struyvens (2019) or an analysis of current systems

{'::ODTAI Desiere, S., & Struyven, L. (2020). Using Artificial Intelligence to classify Jobseekers: The Accuracy-Equity Trade-off. VDAB L
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Partnership with VDAB
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Figure by Vincent Buekenhout (2020).
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Our research



Language modeling
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RobBERT
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Causal language modeling Masked language modeling (MLM)
GPT-2, GPT-3 BERT, RoBERTa, RobBERT, ...



Extracting features from text

Goal

Using language models to extract features from unstructured data
(e.g. text from resumes, ..). These extracted features will then be used
for a fairness evaluation, for instance when linking resumes to skills.

- RobBERT
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Using domain adapted language models
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Predicting skills based on profession titles

Most probable tokens for "Software engineer” Most probable tokens for "Veiligheidscoordinator” Most probable tokens for "Schoonmaker"
SAP | | EHBO | schoonmaak |
IBM veiligheid producten
PHP Veiligheid hygiéne
Java | brandveiligheid PC
Adobe D . VCA schoonmaken
oacle I ............. ICT internet
Microsoft [ .......................... ............. veiligheidsmaatregelen ICT
Windows T .......................... ............. toepassing materialen
Lnux .......................... ............. elektriciteit computer
cre .......................... ............. netwerken : Internet :
(|) 0,62 0,64 (|) 012 (|) | | 011 |
Non-calibrated posterior probability Non-calibrated posterior probability Non-calibrated posterior probability
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Our research
What Is fairness in PES?




Gender stereotyping — Do LM fairness metrics make sense?

Discovery of correlations (DisCo) Log probability bias score
Pprior = P (Xm =1 | x\{zp};0)
Ptgt = P (Xm =1 | X, ‘9) 1 Dtgt
| Og Pprior

Difference between associations

Target t is usually a pronoun (‘He’, ‘She’) of two targets

Gender stereotyping in RObBERT

<mask> gaat naar een <T>. <mask> is een <T> <mask> werkt als een <T>.
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Associated gender Associated gender Associated gender

5.f:,DTAI Webster et al. 2020. ‘Measuring and Reducing Gendered Correlations in Pre-Trained Models'
Delobelle et al. 2020. ‘RobBERT: A Dutch RoBERTa-Based Language Model.



Gender stereotyping

Third person pronouns commonly used, does this make
sense for resumes?

DTAI

<mask> gaat naar een <T>.

<mask> is een <T>.

<mask> werkt als een <T>.
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Delobelle, Pieter, Thomas Winters, and Bettina Berendt. 2020. ‘RobBERT: A Dutch RoBERTa-Based Language Model.



This affects predictions

 Evaluate sensitive attributes on Dutch book reviews

“RObBERT thinks women are more predictable than men”

Positive (> 3 stars)
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| | © Threshold (male)
| Threshold (female)
0.0
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False Positive Rate

.-, DTAI Delobelle, Pieter, Thomas Winters, and Bettina Berendt. 2020. ‘RobBERT: A Dutch RoBERTa-Based Language Model.

Highly positive (5 stars)
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Sources of bias —pre-training and finetuning

Intrinsic measures
* Bias in language models

e eg. gender stereotyping

Extrinsic measures

e Bias In downstream tasks / \

e Resource allocations

Ay Bob
s/ Bobson

e Real harms

/\
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- DTAI Webster et al. 2020. ‘Measuring and Reducing Gendered Correlations in Pre-Trained Models:
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Using context from CVs

e Leverage MLM task to predict
protected attributes

* This is a contextualized
prediction given the resume

16



Using context from CVs

e Leverage MLM task to predict
protected attributes

* This is a contextualized
prediction given the resume

e “Cleaning ladies aren’t Belglans”
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Most probable nationalities
() Kamermeisje () Software-ingenieur

Belg

Belgie
Belgische -
Belgisch -
Japan -

Irak

Syrié
Afghanistan

...............................................................

...............................................................

Bulgarije

Congo

Non-calibrated posterior probability
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What's next?



Resume

»a BOb
{?‘} Bobson
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Stereotyping in LMs might create harms in

downstream tasks

Dutch Book Reviews dataset
Demographic parity ratio: 0.702

Positive (> 3 stars)

Textual data Textual data Eg ual opportunity: 0.028 \
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Thank you!

pieter.delobelle@kuleuven.be



mailto:pieter.delobelle@kuleuven.be?subject=RobBERT%20talk

