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Al in the GLAM sector
Recommender systems
Automatic classification, tagging
Metadata creation and enrichment
Handwriting recognition, OCR, etc.

:
3 |

Photo by Bruce Mars on StockSnap

2




Transparency?
Privacy?
Inclusivity?
Diversity?
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Responsible Al

A broad research field related to developing, assessing and deploying Al in an ethical way.
Fairness, bias, non-discrimination, diversity, privacy, security, transparency, accountabillity, etc.

Relevant for machine learning (incl. deep learning/generative Al) but also for knowledge
representation and reasoning (e.g. knowledge graphs, thesauri)
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A broad research field related to developing, assessing and deploying Al in an ethical way.
Fairness, bias, non-discrimination, diversity, privacy, security, transparency, accountabillity, etc.

Relevant for machine learning (incl. deep learning/generative Al) but also for knowledge
representation and reasoning (e.g. knowledge graphs, thesauri)

This talk

What happens in the Al research community that is relevant for GLAM?
e.g. Inclusivity and, in the Netherlands: decolonisation of heritage data

What is (or can be) the role of GLAM in creating responsible Al?

—xXamples from :\'/ Culltural Al #:éd_ 9
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Different goals for
responsipble Al

What do we mean when we say we want
‘fairness’ or ‘diversity’?
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Different goals for responsible Al systems - examples from the
media and culture sector.

National Library of the Netherlands aims to be Neutral: “IWe do not develop or use Al
applications that actively aim to manipulate people's behavior or thinking.”

ATl in Libraries: Seven Principles
Jan Willem Van Wessel https://
doi.org/10.5281/zenodo.3865343

Recommendations should be as close as possible to the items someone would
consume on their own?

Recommendations should offer a wide variety of items”?




Different goals for responsible Al systems - examples from the

media and culture

sector.

Diversity Is often mer
systems [1, 2]. [3] defi

tioned as a goal of news recommender
ne diversity metrics depending on the

role of media In democracy:

Participatory model: media should give citizens what

they need to be (politically) engaged -> recommendations
should be a reflection of the real political world, with a
larger share for more prevalent opinions.

Critical model: m
status quo -> reco
‘alternative voices’,

edia should critically reflect on the
mmendations should highlight
.e. content from people from minority

or marginalised groups.

[1] Balazs Bodo. 2019. Selling News to
Audiences — A Qualitative Inquiry into
the Emerging Logics of Algorithmic News
Personalization in European Quality News
Media. Digital Journalism 0, 0 (2019),
1-22.

[2] Helberger, N., K. Karppinen, L.
D’Acunto. 2018. Exposure Diversity as a
Design Principle for Recommender
Systems. Information, Communication &
Society 21(2):191-207.

[3] S. Vrijenhoek, M. Kaya, N. Metoui,
J. Moller, D. 0dijk, and N.Helberger.
Recommenders with a Mission: Assessing
Diversity in News Recommendations. In
Proc of CHIIR '21




Ongoing work: we study varying notions of ‘diversity’

Interviews with 3 public organisations - a library, a news
organisation and a TV broadcaster - about how they see
‘diversity” In the context of a recommender system.
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Danii Vrijenhoek




Ongoing work: we study varying notions of ‘diversity’

Interviews with 3 public organisations - a library, a news
organisation and a TV broadcaster - about how they see
‘diversity” In the context of a recommender system.

Sanne
Vrijenhoek

“‘ensuring that [...] everyone feels that there is something for
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We found differences In diversity

= goals (e.g. diverse content vs. a
diverse user base)

= granularity (e.g. diverse lists vs.
diverse items)

= characteristics to consider
(gender, ability, genre, etc.).

“If you're diverse, you don't take a stance.
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Ongoing work: we study varying notions of ‘diversity’

Interviews with 3 public organisations - a library, a news
organisation and a 1V broadcaster - about how they see
‘diversity” In the context of a recommender system.

Savvina Sanne
Danil Vrijenhoek

“‘ensuring that [...] everyone feels that there is something for
[them]” and “[that people] recognise themselves in the author
or in the main characters or the topics [[”

We found differences In diversity

= goals (e.g. diverse content vs. a
diverse user base)

_ o » . . = granularity (e.g. diverse lists vs.
In Al, ‘diversity’ usually means: items in a list diverse items)

are sufficiently different from each other, often = characteristics to consider
N terms of genre, topic, producer, etc. (gender, ability, genre, etc.).

“If you're diverse, you don't take a stance.
Because you show everything”



Varying notions of ‘fairness’ in Mehrabi et al.

Definition 2 (Treatment equality) “/reatment equality is
achieved when the ratio of false negatives and false positives is
the same for both protected group categories’

Definition 8 (Counterfactual Fairness) “a decision is fair
towards an individual if it Is the same In both the actual world
and a counterfactual world where the individual belonged 1o a
different demographic group.”

A Survey on Bias and Fairness in Machine Learning

NINAREH MEHRABI, FRED MORSTATTER. NRIPSUTA SAXENA, KR STINA LERMAN,
and ARAM CALSTYAN, usC-I51

Wik (e widespread use of artfcial i alligence (AD syatoes arc apphcations 10 cur everydey live:, sooouat
ing for fabrarig has gained dgaificant impoarmnee in Arigning and engineering nf aick sparys Al sywems
cam be used ir many sensit e environman's %0 maks importat and life-changing decicions; thus, it & aracial
to ensur: tha: these dedsians do not rdlect dearninatory brhavioe toward cortedn groaps or popalations
Moee recent 'y seme work Bas deen develaped 0 rad tionsl machine brsming and doep Iraming that addeess
such chalenpe: in ciferent nubtdomaine. 'With the commerciditaien of thece rvatacr s, researchere ars be-
caming mar: aware of tae biases that hease epplcations can contain anc are attempteg 20 addeess tham [n
this survey we investgated difesen: reed - workd epglications that have shown blases in varioas ways aniwe
Listed A¥eart conrces cf Piaces that can a¥scl Al apphicahans Wo then sreatad a taconamry for Furrmes def-
initens thet machine lrarring rescarchers Bave definee o avoid the existiag bica in Al spstera (2 addition
W Usal. we examdined Jfaea doassss and s2>bxeaing in Al showing abasl rocarcien heve vloerved with
regcd ta vmfair enffeamws 1n Pas cateaf-theant melkede sne aaye they Faue irad 1e addmecc them There
ere il sy Fatuse directions aac selubicns tha! san 5: taken lo mulygaic tke pc Elezs of Bias = Al ayslems
Wre e bgtag el Caa 2urvey will postivale sevcasdhizr: W tscsce thoye asan i e near falwae by obscaviag
existing work in their respactive Mside 115

CUs Concepts: « Computing methodologles «« Jrtificaf fa'elligerce

Additicnd Key Words exc Phecacs: Fairress and bias inertificidintelligeree, wochine lonrniyg, deep lcaeniry,

nimural Rnzaage Yyecessing, representeion aming

AUM Refervncs foemat:

Nirarsh Mehrabi, Fred Mocetatter, Nripsuta Sovena Eristion Lerman, and Aram Salstyan 2001 A Swrvey on
Bass smad Feiimess in Machar Lo ning, ACH Covgsel, Surv, 54,6 Asticie 15 1 hdy 20211 35 papes

hitpe: Mo arg 1 1184 v)

INTRUDLCHION
Mochiae kearning algoritams have pensizatad every aspeet of our lives. Algoritam: make movie
rexummendatinas, sugz=st prodiz=s o buy, anc who to date. They ar= increasingly usec im Figh-
stakes scenarios suck & lcans ll'l"' ard hicrg decisiors [12, 32], There ase deas berehits to
elporithmic deciston-making: unlike people. macnines do no: become tired or bored [45, 115, and

Thas seabenial 15 basad oom work sapported by the Detenss Advanced Reseanch Frojoets Agescy DARPA) urder Agree
raent No. HROO1 #0001 €
Atnors addrecs N Vahwaki, F Messtaster, N, Sacera, K Lorvan, and A Calsnan 50 infemnit on Seonoes Institute

icalty Way, Sate 1001 Maciaae dad Foy CA 2009, room L riaars hanSrusc, odu, frodmerni@is «dy

Parmias an % nake cighal or hard copies of ol or poct of txs wedk for poasonal o Casmoom uw s ganoed witheut fre

[

peavided thet copies we nct mace or dut-izated for profit orsnercial advartage anc ‘Eat copies bear this notice and

the Tl Gtative wu e fus! page. Coprrnights o conpeoens of Hus wad oweed by 0das Jas e aslois aus

bonneed, Alalrsctien wih cacd Lis praasied, Tocouy abe wive, or ropklnds, W poal o serrers ¢ o srdnls Bude 1 lints
rogedres price specific permbsdon and/or 2 fee. Loques permiesicns fom permistioasdacn
0 M50 Uapyr g el by P vavwe Nutha(c) Mbleatin ngiclemed 1y 200N
CEAMMNYMZINTT AR ISSISD
bry g/10.: 1453457607
ACM Compating Suavers, Vol 50 Na. 6 Artide 118 Pablcazon date ulv 2001

Ninareh Mehrabi,
Fred Morstatter,
Nripsuta Saxena,
Kristina Lerman, and
Aram Galstyan. 2021.
A Survey on Bilias and
Fairness in Machine
Learning. ACM
Comput. Surv. 54, 6,
Article 115 (July
2022)



Varying notions of ‘fairness’ in Mehrabi et al.

Definition 2 (Treatment equality) “/reatment equality is
achieved when the ratio of false negatives and false positives is
the same for both protected group categ~r i~
Group-fairness
Definition 8 (Counterfactual Fairness) “a decision is fair
towards an individual if it Is the same In both the actual world
and a counterfactual world where the individual belonged 1o a

different demographic group.” Individual-fairness
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User-fairness and producer-fairness

Recommender

Producers

Both are relevant for GLAM.

—.g. does art by female artists get the same visibility as male artists?

—.g. do readers from minority groups get the same quality recommendations?



(Un)availability of data

What data do we need/have
to measure whether Al is fair, diverse, etc?
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Sensitive data

- ]o study user-fairness, we need sensitive data
albout users

Low availability
In GLAM

High availability
In GLAM

- Jo study producer-fairness, we need sensitive data
about producers




Sensitive data

To study user-fairness, we need sensitive data

about users

o study producer-fairness, we need sensitive data
about producers

Users

1

U

[tems
[ 2 P ... m
2103 |
2

Low availability
In GLAM

High availability
In GLAM

In the Al research community,
we generally have neither.

Image from
https://www.researchgate.net/figure/Sample-of-user-item-matrix figl 284737564
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Popularity bias

+ A known phenomenon in recommender SyStems "WNEre  Tmeiiseiing s comeer

Investigating and counteracting
popularity bias in group

popular items tend to be suggested over long-tail ones, recomnendations, Information

Processing & Management, 58(5)

even If the latter would be of reasonable interest for
individuals™

+ Can be studied with just user-item matrices

2
-
Users
Image from
https://www.researchgate.net/figure/Sample-of-user-item- ,7
matrix figl 284737564
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Example study on popularity bias

+ Abdollahpouri et al. study this from a user
perspective:

18

User groups: Niche users, Diverse users,
Blockbuster users.

RQ: How does popularity bias affect each
group?

Results: All algorithms were extremely unfair to
users with lesser interest in popular items.

Ml
US

ar studies have been done on e.g. books and
C.

Abdollahpouri, H.,
Mansoury,

R.,

M.,

Mobasher,

Burke,

B

The unfairness of
popularity bias 1in
recommendation.

arXiv preprint

arXiv:1907.13286

(2019)
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Example study on popularity bias

+ Abdollahpouri et al. study this from a user
perspective:

+  User groups: Niche users, Diverse users,
Blockbuster users.

- RQ: How does popularity bias affect each
group’?

Results: All algorithms were extremely unfair to
users with lesser interest in popular items.

- Similar studies have been done on e.g. books and

" Has the focus of the field on popularity
bias been mostly data-availability-driven,
rather than interest-driven?

Abdollahpouri, H.,
Mansoury, M., Burke,
R., Mobasher, B.:
The unfairness of
popularity bias 1in
recommendation.
arXiv preprint
arXiv:1907.13286
(2019)
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Producer-fairness: using the LOD cloud

to get (sensitive) data about book authors

We developed a pipeline to add sensitive
characteristics to the well-known Book-

Crossing dataset.
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Collaborative filtering algorithms have the advantage of not requir-
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Author data in Wikigata

Zadie Smlth (Q140052)

British novelist, essayist, and short-story writer
Zadie Adeline Smith

~ In more languages

Configure
Language Label

English Zadie Smith
Dutch Zadie Smith
German Zadie Smith
French Zadie Smith

All entered languages

Statements
instance of ¢ human

» 3 references
image '

Description

2 edit

Also known as

British novelist, essayist, and short-story writer  Zadie Adeline Smith

Brits schrijfster
britische Schriftstellerin

écrivaine britannique

sex or gender

country of citizenship

# edit

<+ add value

¢ female

» 2 references

$ United Kingdom

» 2 references
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With that we were able to study not only popularity bias but also author-bias in book recommendation.

- First study is on country of citizenship-bias. We also have data on age and gender.



Measuring bias In datasets: the effect of

dataset selection
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Measuring bias in the output of recommender algorithms

+ Most algorithms (in fact, all but matrix factorization algorithms) over-represent
U.S.-authored books in their recommendations.

+Algorithms that display a bias in favor of U.S. authors are also the ones that
display a popularity bias.
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Figure 4: Average ratio of recommended books by every al-
gorithm that were written by US citizens. Comparison with Figure 5: Relative increase in average popularity between
the average ratio of American-authored books in the users’ profile and recommendation by every algorithm, averaged

profiles. over all users.



Measuring bias in the output of recommender algorithms

Most algorithms (in fact, all but matrix factorization algorithms) over-represent
U.S.-authored books in their recommendations.

Algorithms that display a bias in favor of U.S. authors are also the ones that
display a popularity bias.

2NNl ____ @Y% Profile mwa VAECF
— i VAECF 0 =N BPR
A= i ———- =
1] LR _
/ \ — =  mmm NeuMF 00 === UserkKNN
\ —a = R a -. PF
/ \ EEE = s UserKNN e ==
/\ =iy 20 = mmm PF g<9] S
/\ SRy RN BN = e WMF > I i
T X o 0 s 0000 - - - I * » » » [ e - 100
/ \ =" PMF — X S
\ — = MF -lll“ stPop
4§ EEE = o NMF 0 ENIERDeE & wss=  Random
/| . D

e Cnclu e that the relatively acceptedm
and harmless phenomenon of popularity

Figure 4: Average ratio of recomn

corithm that were written by Us c01@S leads to undesired forms of bias.

the average ratio of American-aut\\fla call this hidden bias.’
profiles.

erage popularity between
every algorithm, averaged



Infer user information from interaction with the system

Interaction signals user interest

You can study e.q. if the system performs equally well for each user group.

Sut: different groups might require different success mettrics.

‘Success’ metrics differ between groups & genres

Slide from Henriette Cramer

on FAT* 2019 Translation Tutorial:

Challenges of incorporating algorithmic fairness
https://www.youtube.com/watch?v=UicKZv93S0Y

Jazz listeners consume Jazz and other playlists for longer pernod than average.




Example study on defining user groups based on interaction with the
historic newspaper archive of the National Library of the Netherlands

We assume (facetted) queries
and clicks on documents
represent users’ interests.

EXEEE . - -

2.023.057 krantenartikelen gevonden voor: batavia x  Nederlands-indié / Indonesié x

Nederlandse Antillen X Wissen

Sorteer op relevantie v O Weergave

Periode

=
tr

[l 18e eeuw (7) Advertentie
We take subsets of the usage 150 coum (751410
r L) 20e eeuw (1271634) Krantentitel De locomotief : Samarangsch handels- en adverten-
logs that show a particular user = . todd
Verspreidingsgebied o BT -U4-
iNnterest - and analyse ) Lani (60000 ——
¥ Nederlands-Indié / 2
. . ' Indonesié (2019087) o Bt Familiebericht
behaviour within these subsets. BoowyoiN I
(3970) DEAF N W i F,
[] Regionaal/lokaal Do et Krantentitel Hel nieuws van den dag voor Nederlandsch-Indie
(696497) Datum 30-09-1939
["] Suriname (8557) Meer details w
Bogaard, Tessel, Laura Hollink, Jan
. [ | onbekend (3548)
Wielemaker, Jacco van Ossenbruggen, and — i
Lynda Hardman. "Metadata categorization Sl
fc?r | identJ:.fying search patterns 1in a Soort bericht " IR
digital library." Journal of | 1 Advertentie (980056) o Datum 26-06-1813 |

Documentation (2018). facets search results



Example study on defining user groups based on interaction with the
historic newspaper archive of the National Library of the Netherlands

- Different user interests connected to differ user behaviours:
-+ Users interested in WOII: long sessions, many (complex) queries, clicks and downloads (indications of success?)

- Users interested Iin family announcements: short sessions, few clicks and downloads, many unigue queries,
usage of quotes

NIEUWE HAARLEMSCHE COURANT |

BAKKERSSTAKING VOORTGEZET
VOOR ONBEPAALDE TIJD

Passief verweer tegeiz vordering tves guiden per biakle afdragen. Over- '

Dia-dagmiddag'hobbended\ms\terdmn bakkers besloten | 50, l

de staking voor cnbepaalde tijd voort te zetten. In een veel sendaaio troieststakh on de
te kleino zaal in Krasnapolsky te Amsierdam waar de hitte | V¥ medegedeeld, wn in
broeide als in een bakkersoven, hadden te voren ialrijke e B e e S e
sprekers op veorizeiting der staking aangedrongen, Slechis | Bet Werk gegaan.

één spreker was voorzichtiger en wilde een onderzoek naar (Vervoly op pag. 2)

Recommendations to the Library (selection)

+ include a facet to easily select the WOIl period
+prioritise post-correction of OCR tools for articles from Surinam




Example study on defining user groups based on interaction with the
historic newspaper archive of the National Library of the Netherlands

- Different user interests connected to differ user behaviours:
-+ Users interested in WOII: long sessions, many (complex) queries, clicks and downloads (indications of success?)

- Users interested in family announcements: short sessions, few clicks and downloads, many unigque queries,
usage of quotes

NIEUWE HAARLEMSCHE COURANT |

BAKKERSSTAKING VOORTGEZET
"'VOOR ONBEPAALDE TIJD

Passief verweer tegen vordering

Dinsdagmiddag hebben de Amsterdamse bakkers besloten ;ic'u -
de staking voor enbepaalde tijd voort te zetten. In een veel | een

Recommendations to the Library (selection)

+Include a facet to easily select the WOII period
- prioritise post-correction of OCR tools for articles from Surinam

men de Hlnm .solidl

: s : vergaderi od Nd,
ie kleino zaal in Krasnapolsky te Amsierdam waar de hitte o w it “f:“’ht — oy
broeide als in een bakkersoven, hadden te voren ialrijke|oa. in
sprekers op voorizetting der steking aangedrongen, Slechis het werk gegaan.
eéén spreker was voorzichtiger en wilde een onderzoek naar o

Alternative: clustering of user interests

Results show 5 large clusters that are stable over time, plus
several smaller, less stable clusters.

Stable clusters show different user behaviour, as above.

T. Bogaard, L. Hollink, J. Wielemaker, L. Hardman, and J.
van Ossenbruggen. Searching for 0ld News: User Interests and
Behavior within a National Collection. In Proc of CHIIR '19.




Example study on defining user groups based on interaction with the
historic newspaper archive of the National Liorary of the Netherlands

- Different user interests connected to differ user behaviours:
-+ Users interested in WOII: long sessions, many (complex) queries, clicks and downloads (indications of success?)

- Users interested in family announcements: short sessions, few clicks and downloads, many unigque queries,
usage of quotes

NIEUWE HAARLEMSCHE COURANT |

BAKKERSSTAKING VOORTGEZET
"VOOR ONBEPAALDE TIJD - prioritise post-correction of OCR tools for articles from Surinam

Recommendations to the Library (selection)
iNnclude a facet to easily select the WOIl period

nen, De Haagse bakkers ziller daarioe | °

Passief verweer tegen vordering | Xage bk pien e

wogen word: of men de Haagse solida-
riteit deze week ook nog tot witdrukking

Dinsdagmiddag hebben de Amsterdamse bakkers besloten 200 Runfian brongen in e vitm vai ea . . . .
de staking voor enbepaalde tijd voort te zetten. In een veel | eendaakse proteststaking Naar op de
te kleine zaal in Hrasnapolsky te Amsierdam waar de hiite vergadering werd medegedeeid, ;?: = L

- R ey verschillende plaatsen in het den,
broeide als in een bakkersoven, hadden te voren ialrijke|oa. in Den Basch de b.ﬁm weor ..':,

sprekers op voorizeiting der steking aangediongen, Slechis | et Werk gegaan.

HE S e Yoorchion A BEAR AN K] ., TS 05 + Results show & large clusters that are stable over time, plus
Note: present studies not about several smaller, less stable clusters.
responsible Al. - Stable clusters show different user behaviour, as above.

Main pOiﬂt: user behaviour data can T. Bogaard, L. Hollink, J. Wielemaker, L. Hardman, and J.

van Ossenbruggen. Searching for 0ld News: User Interests and

be used as Proxy for perSOnaI data Behavior within a National Collection. In Proc of CHIIR '19.




Blassed perspectives In data
and metadata

or example, data that is created, collected,
escribed from an outdated, colonial
erspective.

it h" '
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Heritage collections have been compiled over long periods of time

Q europeana collections - Explore ~ Exhibitions ~ Blog~

collections

(® See this page on our new Europeana experience

A Returnto Home / Results / Item

We want your feedback on our new item page, use our feedback button to leave your comments.

Exotic visitors for London_x000D_H H

Exotic visitors for London x000D
H H the Mangku Negoro , reigning Prince of Surakarta ( Java ) with his wife

and child , who are now on their way to Holland . They will spend a few
weeks in London ._x000D_
25 June 1926

Created by Screenshot. Europeana catalogue: https://
TooF classic.europeana.eu/portal/en/record/2024904/
opFoto https_ www_topfoto_co_uk_asset_3022471



Detection is not straightforward -> Context is key

eUropedna collections - Explore ~ Exhibitions - Blog~
collections

e

[# See this page on our new Europeana experience

A Returnto Home / Item

We want your feedback on our new item page, use our feedback button to leave your comments.

Exotic cultivated mushrooms - Cinna-
mon

Exotic cultivated mushrooms - Cinnamon Cap _x000D_
credit: Marie-Louise Avery / thePictureKitchen / TopFoto

Created by

thePictureKitchen / EUED Screenshot. Europeana catalogue: https://
www.europeana.eu/en/item/2024904/

https  www_topfoto _co uk asset 1827839



Different strategies to handle contentious terms

| Certify that Ruth a [U¥IELWG] Girl a Slave born in my
House was given by mgio my Daughter Catharine Now
the Wife of Pierre Vagiymin s

said Ruth was a Chil s person of mixed white and black ancestry

of the said Pierre Va (commonly used in 18th- and 19th-century

_ descriptions of enslaved individuals but
gEIORGISWASIGQUBEWE . cidered offensive today).

Geo Clinton VIEW ALL GLOSSARY TERMS >

People Not Property

Stories of Slavery in the Colonial North

P PLAY INTRCDUCTION

Screenshots. Historic Hudson Valley. People Not Property: Stories of Slavery in the Colonial North. https://peoplenotproperty.hudsonvalley.org



Different strategies to handle contentious terms

HOME - NIEUWS

AMSTERDAM MUSEUM ~ a%"°<
GEBRUIKT TERM S
'6OUDEN EEUW’ NIET

P
12 SEPTEMBER 2013 TICRETS

Het Amsterdam Museum zal vanaf heden de term ‘Gouden | Q ‘
Eeuw’ niet meer gebruiken om de periode van de 17e eeuw

aan te duiden. Volgens het museum dekt de term de lading O 0 o
van de 17e eeuw niet. Het Amsterdam Museum is al geruime KALVERSTRAAT 92
tijd actief om voor steeds meer mensen relevant te zijn en ziet AMSTERDAM

het afstand doen van de term ‘Gouden Eeuw’ als stap om Dagelijks geopend

van 10:00 tot 17:00
uur

andere perspectieven op die tijd mogelijk te maken.

Amsterdam museum
does not use the term
‘golden age’ any
more

Screenshot. Amsterdam Museum gebruikt term
‘Gouden Eeuw’ niet meer. https://
www.amsterdammuseum.nl/nieuws/gouden_eeuw


https://www.amsterdammuseum.nl/nieuws/gouden_eeuw
https://www.amsterdammuseum.nl/nieuws/gouden_eeuw

Different strategies to handle contentious terms

N

nationaal
archief

Home

Taalgebruik in onze archieven Language in our archives

You may encounter words that
Op onze website kunt u archieven doorzoeken met behulp van beschrijvingen en were aCCG,Otab/e then, but can be

toegangen die vaak net zo oud zijn als de archieven zelf. De mogelijkheid bestaat exper/enced as thth/, /’aC/'St Or
dat u woorden tegenkomt die toen acceptabel waren, maar nu als kwetsend, O’/SCf/m/nat/ng NnOoWwW

racistisch of discriminerend ervaren kunnen worden.

Het Nationaal Archief kiest ervoor deze oorspronkelijke beschrijvingen te behouden, The Naﬁona/ Arch/'\/e C/")OOSQS to
omdat deze een beeld geven van de tijd waarin ze zijn gemaakt of in de collectie kee,O the Or/'g/'na/ O’GSCf/,Ot/OHS

acceptabel en gangbaar waren, te verklaren en te voorzien van hedendaagse because...

zijn opgenomen. We onderzoeken de mogelijkheid om taal die in het verleden

alternatieven.

Screenshot 20207 Het Nationaal Archief. Taalgebruik in onze archieven.
https://www.nationaalarchief.nl/taalgebruik-in-onze-archieven



https://www.nationaalarchief.nl/taalgebruik-in-onze-archieven

Ongoing process

g N
nationaal (7 nationaal @ Home Onderzoeken Beleven Archiveren

archief archief

Language in our archives

Taalge

Taalgebruik in onze archieven You may encounter words that
Op onze were acceptable then, but can be
toegang experienced as hurtful, racist or

dat u we Op onze website kunt u archieven doorzoeken met behulp van inventarissen (beschrijvii

discriminating now.

racistiscl grchieven, ook wel toegang genoemd). Deze inventarissen zijn vaak net zo oud zijn als
archieven zelf. De mogelijkheid bestaat dat u woorden tegenkomt die vroeger gewoon The National Archive CUI’I’GI’)ZL/)/

Het Nati
omdat d Maar nu als kwetsend, racistisch of discriminerend ervaren worden. investigates the possibilities to
Zijn opge adapt, explain or replace this

acceptat Het Nationaal Archief onderzoekt momenteel de mogelijkheden om dit taalgebruik in

language in the inventories.

alternati inventarissen aan te passen, te verklaren of te voorzien van hedendaagse alternatiever

Screen: Screenshot 2023. Het Nationaal Archief. Taalgebruik in onze archieven.
https://v https://www.nationaalarchief.nl/taalgebruik-in-onze-archieven



https://www.nationaalarchief.nl/taalgebruik-in-onze-archieven
https://www.nationaalarchief.nl/taalgebruik-in-onze-archieven

Blassed terminology might have consequences outside the archive

| Certify that Ruth a [U¥IELWG] Girl a Slave born in my
House was given by mgio my Daughter Catharine Now
the Wife of Pierre Vagiymin s

said Ruth was a Chil s person of mixed white and black ancestry
of the said Pierre Va (commonly used in 18th- and 19th-century

_ descriptions of enslaved individuals but
gEIORGISWASIGQUBEWE . cidered offensive today).

Geo Clinton VIEW ALL GLOSSARY TERMS >

Y

~ N
N— -
Training People Not Property
set Stories of Slavery in the Colonial North Hfs;.‘i:origt
Hudson
P PLAY INTRCDUCTION vValley s

Screenshots. Historic Hudson Valley. People Not Property: Stories of Slavery in the Colonial North. https://peoplenotproperty.hudsonvalley.org



We developed a knowledge graph of contentious terminology .

Based on domain expert knowledge about
contentious words Iin the cultural sector

GLOSSARY OF TERMS

Andrel
Exotic Nesterov

g\;gg%ées

HISTORY, USE & POSSIBLE SENSITIVITIES

ESWC 2023 '

This term is derived from the Ancient Greek word "exdtikos,” literally
meaning “from the outside.” It entered the Dutch language with the

meaning of foreign/alien, which it still has today. The term has become . .
intertwined with ideas about the (racialized and sexualized) Other. A KHOWledge Gra'ph Of Contentlous Termln()logy
The term “exotic” is commonly used to describe plants and animals, for Inclusive Representation of Cultural Heritage

but is also used for people (usually people of color), where it has a
connotation of being different from the norm, especially in reference to
appearance and name (for example “what an exotic name!”). Sometimes

)‘ \{ " > | 4
it has a sensual connotation. Andrei Nesterov

Marieke van Erp?/0000-0001-9195-8203] "anq Jacco van
Ossenbruggen?(0000—0002—-7748—4715]

1(B) [0000-0001—-9697—-101 X | Laura II()"iIlk] (0000 -0002—-6865-0021]

b}

' Centrum Wiskunde & Informatica, Amsterdam, The Netherlands
{nesterov,hollink}®@cwi.nl
¢ KNAW Humanities Cluster, Amsterdam, The Netherlands
marieke.van.erp@dh.huc.knawv.nl
* VU University Amsterdam, Amsterdam, The Netherlands
jacco.van.ossenbruggen@vu.nl

SUGGESTIONS

Abstract. Cultural heritage collections available as linked open data
(LOD) may contain harmful stereotypes about people and cultures, for
example, in outdated textual descriptions of objects. Galleries, libraries,
archives, and museums (GLAM) have suggested various approaches to
tackle potentially problematic content in digital collections. However,

ol in

Applicable when referring to plant and animal species. It is, however,
contested to use the term to describe people.

Al

nfinished Guide Modest, Wayne & Lelijveld, Robin (editors) 2018.

to Word Choices Words Matter, Work in Progress |. National Museum of
World Cultures. https://www.materialculture.nl/en/
publications/words-matter

in the Cultural Sector
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https://www.materialculture.nl/en/node/1016

We developed a knowledge graph of contentious terminology

OLOSSANY OF TERMS

Slave

Entry

Title ’ t(633Cr>rr:]tent|ous

HISTORY, USE & POSSIDLE SENSITMTIES

The tarm “slave” is used to describe a perscn who is the legal property of
another and is forced to obey them by law and/or by force,

The term itself refers to differemt forme of un-freedom, with different
MEanings and ConSecuences cuer time and placs. In the 4th century, for
example, “sklabos” (Greek) maant an un-free porson of Slavic descent,
while in medieval Latin “sclavus® more generally meant “a person who is
owned by ancther.”

Today, the term i more generally used to describe people from Africa
who were bough/captured and enslwed by Eurcpesns and forced to
work on plantations, often under Inhumanes conditions, within Eurcpean
colonial projects.,

Increasingly “slave” has become contested by activists, scholars and
the pubic alike, as it i3 argued that using the term |5 to nomMmalize the
category “save” a5 an inherent identity of & person, thus ignering that
this identity was created not by choice but through viclent force. The term
also denies the humanity of the parson, reducing them Lo being No maore
than the property of another.

Recently thae term has Deen used Lo dascribe the victims of
contermnporary buman trafficking or forced labor,

Description

o e e - -

: Contentious
, term

| P ——

r——_——-ﬂ

: Suggested !

|
, term ,

L--——-—J

SJIGGESTIONS

o “Enslaved” or "enslaved person” (see Richaed Koh in this publication)

: Suggested
, term

Suggestion

|
|
|
4




We developed a knowledge graph of contentious terminology

— — — — —

» literal

rdf:value
hasUsageExample

A

Contentiouslssue

Suggestion |«
hasSuggestion
suggestedFor

hasSuggestedLl abel
hasAltLabelExample

skosxl:literalForm

dcterms:title
dcterms:description

skos:exactMatch

dcterms:references

A

hasContentiousLabel

>

skosxl:Label

a

Fig. 2. The knowledge graph schema with custom classes and properties underlined.

The italicized properties are optional.

/5 English and 83 Dutch
potentially contentious

terms
Linked 10 S

uggestions,

explanatior

S, examples

Linked to other LOD

resources.

WordNet

Wikidata

Getty AAT
NMVM Thesaurus

The resulting resource has been made openly available with a CC BY-SA 4.0 license following FAIR practices.
https://github.com/cultural-ai/wordsmatter/



We developed an annotated text corpus
of contentious terminology

"De vrouw tegenover hem was nog maar een meisje, twintig naar schatting.

Andrel Ryan

Een nauwsluitend zwart manteltje en rok, witte satijnen blouse, een kleine, Nesterov Srate
chique, zwarte toque, modieus gedragen op €én oor.

Ze had een mooi, exotisch gezichtje, mat-witte huid, groote bruine oogen,
git-zwart haar.

Ze rookte een sigaret in een langen houder.
K-CAP 2021

Haar gemanicuurde handen hadden donkerroode nagels.”

Capturing Contentiousness:
Constructing the Contentious Terms in Context Corpus

Ryun Braw Andrei Nesterov' \"alcnlin Vogcluruux
ENAW ” v hes Cluste Centonmn Wiscunde & Tofoon alica ENAW H s Clade
Amsterdam, II Nt thvlu\ds Amsierdam, The Netherlands 'mlcrjam l] ‘Jcth ke nds
rvarbrate@dh buc knaw.nl nesterosghew:nl valentin.vogelmann@ih ac knawn!
Jacca vas Ossenbrigge- Lanra Holli=k Marieke van Emp
VU Urnuveraity Amsterdem Centrum Wiskunde & [nformaciea ENAW Eumaritxs Chustor
Amsterdam The Nath -rl nrs Amstercar, Th: Nc'.hcrlu‘.du Amsterdam 'Th-.- Natherluncs
annotators per sample N
AB\ I I(M l q 'Tr ra ll ll" in ']Ilh Pll cl “.n' ll." LUSY) z ll](.\.‘- o
FEromilis exlivenliurd her nsd oo im ol lun.inl-_n - Thay are pr )\‘d 4 2"" xplanatior. o Y e work and
dated and o 1. axue l thwir eallest ons demorsteite do mot refleet the openca '-h J‘* ¢ thar organsatioes
the neod bor lh-t nde \4 ; when terms are problem ,
u u ' wtic ar cocden o This p Py = e ] | ‘-d vl ol 1 INTRODODCTION AND MOTIVATION
4 u CO n te n t I O u S 3 u n Ot CO n te n t I O u S 1 u I O n t k n OW 2,715 wnigus saryples of terms I context, An\;m fn:m s historteal Cultural heritige instivgione harbour vass collactions tha have
rcwxpupr.' arcuve, ml,ulm; !l.?-]l minctations of conbarlicwin otlen been r.t:uulm over kvnc penods of ime, Cellestion mnd dx
n , u , u Fro expeat a rd crowd worker --vl..liu-p stheredie il tl e .I;mnluuiiJn--ln
\\ desriw the coten xu-'lic varpus by ara’vsing inter-rater of the variou Uru. periods d lr(\hl ‘v:) ompled As
agresmen: end diferences batoreen exaerts and crod we k‘rlr ‘I.".‘h“v 3 berras Lthat ¢ apprapr n Moces
addition. we demon txkt!'[khiﬂ' ’Jul omstod ity An qkf wilentic l lst ﬁilh l
Cetecton of contertionsress We show it o sinphe 'In ilfer up- lv. uments 4z 'hl._f!k J oden p :!;l cf mlxsc cescent. Nowa
plind w the mnfwi.ing ng-ntmla'un ::l at Wgo‘ word proddes dovs, thes term 5 considered ( LIve woRn ;h:x: sing poople
o betber than bescine performance in predicting cordentiousneas, altha gi tiss l coeplable when i sing for _-l.- ariknels
W Giml tha the term itaed M tl e conte xt liln:.’ arle in wheler or -
8 Lt e considered xatprticw: ln ingtinnic oxusice the problem of o ol languape i

their callections. ."cx c:u:ncb:. {h: Amsicrdem I.‘.us::u:t publishcd
CONS CONCEMTS astalemr Lin 2119 tha they e kool me= the teom *Co'de Ax"



We developed an annotated text corpus
of contentious terminology

20
+ new words

experts + feedback

OCR'd texts in / \

newspaper |
84 query terms grchive of the annotated COI’pUS..
" National Library - 21,800 annotations
of the - of 2,715 unigque
Netherlands \ samples
\
* Stratified sample over: 399 /
- query term crowd
- time period 1890-1941 -
- newspaper SOourcing

Conconcor
(potentially contentious words, text snippets in which they occur,
annotators’ responses, and metadata of the newspaper articles)
is available from https://github.com/cultural-ai/ConConCor

37


https://github.com/cultural-ai/ConConCor
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https://github.com/cultural-ai/ConConCor

| arge scale manual annotation of contentiousness: lessons learned

Inter-rater agreement is low:
- ¢ = 0.54 among experts

- a = 0.31 for crowd annotators

but can be improved (to a = 0.50)

by filtering out underperforming annotators:
- using control questions?
- using pairwise agreement between annotators?




| arge scale manual annotation of contentiousness: lessons learned

Inter-rater agreement is low:
- ¢ = 0.54 among experts

- a = 0.31 for crowd annotators

but can be improved (to a = 0.50)

by filtering out underperforming annotators:

- using control questions?
- using pairwise agreement between annotators?

Multiple annotators helps to get reliable data:
on half of the samples,
over 80% of
annotators agreed
with each other.




| arge scale manual annotation of contentiousness: lessons learned

Inter-rater agreement is low:
- ¢ = 0.54 among experts

- a = 0.31 for crowd annotators

but can be improved (to a = 0.50)

by filtering out underperforming annotators:

- using control questions?
- using pairwise agreement between annotators?

Multiple annotators helps to get reliable data:
on half of the samples,
over 80% of
annotators agreed
with each other.

Context is necessary to judge contentiousness:
most words are sometimes contentious and
sometimes noncontentious, depending on the

context.




| arge scale manual annotation of contentiousness: lessons learned

Inter-rater agreement is low:
- ¢ = 0.54 among experts

- a = 0.31 for crowd annotators

but can be improved (to a = 0.50)

by filtering out underperforming annotators:

- using control questions?
- using pairwise agreement between annotators?

Multiple annotators helps to get reliable data:
on half of the samples,
over 80% of
annotators agreed
with each other.

First experiments demonstrate that the corpus can be
used to train a model to predict contentiousness
baseline: balanced accuracy = [0.54-0.55]

model: balanced accuracy = [0.76-0.78]

Context is necessary to judge contentiousness:
most words are sometimes contentious and
sometimes noncontentious, depending on the

context.




Ongoing work: We study how contentious terms
are used in Linked Open Data

~LOD: Wikidata, The Getty Art & Architecture

Thesaurus, WordNet (English and Dutch) Andrei
Nesterov

Visit the main page

WIKIDATA Half—breed (Q17144151)

obsolete term for mixed Native American and European ancestry

Vain page
R _ + In more languages
community portal _
Caonfigure
Project chat

Create a new ltem Language Label Description

Recent changes : . . .
- English Half-breed obsolete term for mixed Native American and

Random ltem
European ancesiry

Query Service

Nearby Dutch
Help .
Jonale Croatian
ltalian
Lexicographical data 2

Memalo o o oas L oo o




Ongoing work: We study how contentious terms
are used in Linked Open Data

_Results:
Contentious terms are used on a large scale in preferred

labels, alternative labels and descriptions.
The LOD community is trying to address the issue Iin various

ways:
Some LOD datasets mention it in their guidelines for

editors
All LOD datasets contain properties that can be used to

mark labels as offensive/slur/outdated, etc.
In all LOD datasets, we found cases where editors choose

words to flag something as offensive/slur/outdated, etc.
All of the above methods are used sparsely and

iInconsistently.

Andrel
Nesterov

Potentially large effects
outside single LOD
reSOurces:
https://babelnet.org/synset?

1d=bN%3A0003754 /n&orig=ho

Mmoseksuele&lang=N



https://babelnet.org/synset?id=bn:00037547n&orig=homoseksuele&lang=NL
https://babelnet.org/synset?id=bn:00037547n&orig=homoseksuele&lang=NL
https://babelnet.org/synset?id=bn:00037547n&orig=homoseksuele&lang=NL

Thank you!

https://www.cwi.nl/en/groups/human-centered-data-analytics/
cultural-ai.nl/
aim4dem.nl/



https://www.cwi.nl/en/groups/human-centered-data-analytics/
http://cultural-ai.nl/
http://aim4dem.nl/

