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Data quality as a risk

Stories of data reuse



The promise of the data economy

Data quality as a risk

Data creates
value

Sharing data 
creates more 
value



Reusing data to support innovation

Esther Huyer & Laura van Knippenberg. The Economic Impact of Open Data Opportunities for 
value creation in Europe. Etude pour le European Data Portal. 2020



What is reusable data?

• Data reusers raise data quality as a major obstacle
• Ex. Etalab survey 2020:

• Issues on freshness
• Insufficient or inaccurate documentation
• Issues on dataset uniqueness

Data quality as a risk
https://www.go-fair.org/wp-content/uploads/2020/02/GO_FAIR_Flyer_Update19022020-1.pdf



How can we measure data 
quality?
• Multiple frameworks and dimensions

Data quality as a risk

IMF

European data portal/JoinUp

Zaveri, A., Rula, A., Maurino, A., Pietrobon, R., Lehmann, J., & Auer, S. (2016). Quality assessment for linked data: A survey. Semantic 
Web, 7(1), 63-93.

Linked data

Metadata, data and 
information quality

Stvilia, B., Gasser, L., Twidale, M. B., & Smith, L. C. (2007). A framework for information quality 
assessment. Journal of the American society for information science and technology, 58(12), 1720-
1733



A study in 2020 by DAMA NL found 127 
quality dimensions

https://www.dama-nl.org/wp-content/uploads/2020/09/DDQ-Dimensions-of-Data-Quality-Research-Paper-version-1.2-d.d.-3-Sept-2020.pdf



A few examples of data reuse
and the data quality issues they raised



A distributed digital library



Metadata aggregation

Data quality as a risk



Agregate and share: Low cost, low touch

Data quality as a risk



Decontextualized data

Wendler, Robin. The Eye of the Beholder: Challenges of Image Description and Access at Harvard. In Hillmann, Diane I. and Westbrooks, Elaine L., eds., 
Metadata in Practice. American Library Association, Chicago, IL, 2004, 51-69.

Foulonneau, M., Cole, T. W., Habing, T. G., & Shreeves, S. L. (2005). Using 
collection descriptions to enhance an aggregation of harvested item-level 
metadata. Proceedings of the 5th ACM/IEEE-CS Joint Conference on 
Digital Libraries, 2005. JCDL’05, (pp. 32 –41).

● By using the 
collection 
description we
could create a full 
match on 17% of 
multi-term
searches

https://hollis.harvard.edu/primo-
explore/fulldisplay?docid=HVD_VIAolvgroup12088&context=L&vid=HVD2&search_scope=everything&tab=everything&lang=en_US



Pseudo-duplicates

● For 2.8% of collections, every time a query matched an 
item of the collection, it matched all of them

Foulonneau, M. (2007). Information redundancy
across metadata collections. Information processing
& management, 43(3), 740-751.

https://www.data.gouv.fr



Standardization: Data does not always 
conform to expectations



Data completeness and usability for specific
user tasks

Stvilia, B., Gasser, L., & Twidale, M. B. (2007). Metadata quality problems in federated 
collections. In Challenges of Managing Information Quality in Service Organizations (pp. 
154-186). IGI Global.



Assess and show impact based on user tasks
User tasks
● Find
● Identify
● Select
● Obtain
● Explore

(FRSAD and FRBR)



Educational test items generation



Assessment item generation

Data quality as a risk

Foulonneau, M., Ras, E. (2013). Assessment Item Generation, the way forward. International Computer Assisted Assessment (CAA) Conference, Southampton, UK
Adapted from Gierl, M. J., & Haladyna, T. M. (Eds.). (2012). Automatic item generation: Theory and practice. Routledge. New York

Foulonneau, M. (2012). Generating educational assessment items from linked open data: The 
case of DBpedia. In Extended Semantic Web Conference (pp. 16-27). Springer, Berlin, 
Heidelberg.



Risks on datasets interdependencies

● 6 out of 30 missing links Foulonneau, M. (2012). Generating educational assessment items from linked open data: The 
case of DBpedia. In Extended Semantic Web Conference (pp. 16-27). Springer, Berlin, 
Heidelberg.



Lexical consistency
Who succeeded to …. ?

● Charles VII the Victorious
● Charles 09 Of France
● Louis VII



Risks on data accuracy



Data accuracy and the challenge of semantic
data modelling



Quality indicators and thresholds to assess 
usability
Based on quality issues in source data, what is the risk 
generating a “good” item?

Brumes et pluies
Ô fins d'automne, hivers, printemps trempés de boue,

Endormeuses saizons ! je vous aime et vous loue

D'envelopper ainsi non coeur et mon cerveau
D'un linceul vaporeux et d'un vague tombeau.

Graph Which part of the statements are accurate?

NELL 74%

YAGO 95%

A. Carlson, J. Betteridge, B. Kisiel, B. Settles, E. R. Hruschka Jr, and T. M. Mitchell, 
“Toward an architecture for never-ending language learning,” in AAAI, 2010 

F.-e. M. Suchanek, G. Kasneci, and G. Weikum, “YAGO: A core of semantic knowledge,” 
in WWW, pp. 697–706, 2007 



A question-answering system



Answering factual questions

Data quality as a risk

What is the 
capital of 

Mozambique?



Multiple sources – multiple risks

https://aws.amazon.com/fr/neptune/knowledge-graphs-on-aws/

https://www.amazon.science/blog/the-fever-data-set-what-doesnt-kill-it-will-make-it-stronger

Open 
structured
data

Unstructured
data

Closed
structured
data

• How do I know what’s 
true?



How many sources agree?

Data quality as a risk

https://obamawhitehouse.archives.gov/sites/default/files/rss_viewer/birth-certificate-long-form.pdf



Data source quality is a moving target

Data quality as a risk

Li, Yaliang, et al. "On the discovery of evolving truth." Proceedings of the 21th acm sigkdd international conference on knowledge discovery and data mining. 2015.



Consistency with prior knowledge

• Rules: 
• a person cannot manage a company if 

they are dead
• a horse cannot fly

• Data:

Data quality as a risk

Fisher, J., Palfrey, D., Christodoulopoulos, C., & Mittal, A. (2019). Measuring social bias in knowledge graph embeddings. arXiv preprint arXiv:1912.02761.  

https://www.europeana.eu/en/item/03919/public_mistral_jocond
e_fr_ACTION_CHERCHER_FIELD_1_REF_VALUE_1_50030
026886



Labelling, annotating and fixing data manually

Data quality as a risk

• Humans are not perfect



The risk of getting it wrong

Data quality as a risk

https://www.wired.com/2016/03/fault-microsofts-teen-ai-turned-jerk/



What’s the truth?

Data quality as a risk

Who is the president of North Korea?
https://commons.wikimedia.org/wiki/File:Mansudae_Grand_Monument_08.JPG



Anti-money laundering



Finding connections

Data quality as a risk

https://offshoreleaks.icij.org/nodes/56101617



Finding company structure

https://register.openownership.org/



Entity resolution to establish connections
Is this the same person?
Is this the same company?

https://data.inpi.fr/



Some issues due to international data 
collection
● Transliteration
● Multiple names
● Uneven variability of 

patronyms
● Geographic locations 

names change
● Geopolitical changes

https://en.wikipedia.org/wiki/Yevgeny



Completeness issues

Sparse data makes it difficult to answer: 
‘is this the same person?’



Assess a risk on 
data freshness

● The risk of data 
obsolescence

“Experts say 2 percent of records in a 
customer file become obsolete in one month 
because customers die, divorce, marry, and 
move.”

Eckerson, W. W. (2002). Data quality and the bottom line: Achieving business success through a commitment to high 
quality data. The Data Warehousing Institute, 1-36.  

https://data.inpi.fr/entreprises/450516737?q=wimi#450516737



Exploration of the UK company registry
UK Companies House



Exploration of the UK company registry



Some financial data on the company

https://find-and-update.company-information.service.gov.uk/company/10625481/filing-history



Business associates



Indirect connections to other companies and 
business associates



Data collection method



Data input interfaces and honest(?) mistakes



Lack of data standardizations makes
connections difficult

https://www.standard.co.uk/news/crime/ps2million-mafia-cash-laundered-in-london-is-seized-by-police-a4506351.html

● 29 Chichele Road, London, United Kingdom, NW2 
3AN

● Office 2092, No.1, Fore Street, London, England, 
EC2Y 5EJ

● 20-22, Wenlock Road, London, England, N1 7GU
● ….



Aim for excellence but build services that
are resilient to imperfections



Data has multiple roles

Analyze data to support 
(political) decision makingEnrich own

data

Validate algorithm
performance

Validate own data
Train model

Represent data

Provide access in a new context

Personalize experience

Skbkekas, CC BY 3.0 <https://creativecommons.org/licenses/by/3.0>, via Wikimedia Commons



Data quality as fitness for use or fitness for 
purpose

• A multiplicity of reuse contexts
• The data has a multiplicity of roles

not all are well known in open environments

Data quality as a risk



Quality is a construction
- I need good data, it’s very

simple 

… that should not require a 
lot of work

… or does it?

Illustration Etienne Appert

- Distribute
- Share
- Assess quality
- Store
- Aggregate in a 

database
- Fix, standardize
- Measure

https://www.ecologie.gouv.fr/sites/default/files/Principes_generaux_qualite_des_donnees_MTE_MTECT_1-1.pdf

● Explain it



Show impact

Data quality as a risk

Most of the data is not bad in its original environment



Acknowledge excellence is a target

Aroyo, L., Lease, M., Paritosh, P., & Schaekermann, M. (2022). Data excellence for AI: why should you care?. Interactions, 29(2), 66-69.

• But 
understand
the risks

• To some extent
it is possible to 
account for 
imperfection 
and work
around it



Quality, excellence and perfectionism

“Osborn employs the concept of perfectionism to describe a 
hyper-emphasis on exactitude and precision-in this case, 
quality gone awry by being taken to an extreme.”

Thomas, Sarah E. "Quality in bibliographic control." (1996).
https://www.ideals.illinois.edu/items/7998/bitstreams/27643/stream



Muriel Foulonneau
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