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Project goal

Improving Wikimedia’s AI product development process in line with organizational 
values, legal requirements, and principles of human-centered and ethical AI. 

Proposals for process improvments can include:

1. formal requirements for product teams and research scientists 

2. evaluation methods for AI products

3. organizational policies or priorities

4. Tools, best practices, and information resources to help all AI product stakeholders 
make informed decisions around product development



The state of ethical AI guidance, c. 2018

More private-sector focused 
● EthicalOS Toolkit and Checklist - Institute for the Future/Omidyar Network, 2018
● Digital Decisions Primer and Tool - Center for Democracy & Technology, 2016
● How to Prevent Discriminatory Outcomes in Machine Learning -  WEF, 2017

More public-sector focused
● Data Ethics Framework and Workbook - Gov.uk, 2018
● Algorithmic Accountability Policy Toolkit and Algorithmic Impact Assessments - AI 

Now Institute, 2018

Blended focus
● Ethically Aligned Design - IEEE, 2017
● Algorithmic Accountability: A Primer - Data & Society, 2018

https://meta.wikimedia.org/wiki/Research:Ethical_and_human-centered_AI/Process_frameworks 

https://ethicalos.org/
https://cdt.org/issue/privacy-data/digital-decisions/
https://cdt.info/ddtool/
https://www.weforum.org/whitepapers/how-to-prevent-discriminatory-outcomes-in-machine-learning
https://www.gov.uk/government/publications/data-ethics-framework/data-ethics-framework
https://www.gov.uk/government/publications/data-ethics-workbook
https://ainowinstitute.org/aap-toolkit.html
https://ethicsinaction.ieee.org/
https://datasociety.net/output/algorithmic-accountability-a-primer/
https://meta.wikimedia.org/wiki/Research:Ethical_and_human-centered_AI/Process_frameworks


Guiding questions

1. Which pieces of guidance are most relevant to a Wikimedia (Foundation|Movement) 
context?

2. What does a Minimum Viable Process for Ethical AI at Wikimedia look like?



Overview

1. Background

2. Risk scenarios

3. Process proposals



What is an AI product?

1. ML-driven applications: end-user facing apps, gadgets, and features powered by 
machine learning models.

2. Machine learning models: programs that uses patterns in training data to make 
predictions about the characteristics of different data.

3. Curated datasets: data collected or labeled to train machine learning models.

4. ML platforms: machine-learning-as-a-service applications that host models and 
provide programmatic access to those models.

5. Data labeling applications: interfaces for humans to classify model input and 
output data.



What is an ethical AI product?

1. Fair: the system doesn’t cause harm through active or passive discrimination.

2. Transparent: intended audiences can meaningfully understand what the system is 
for, how it works in general, and how specific decisions were made.

3. Accountable: the rights and responsibilities of all stakeholders are clearly defined 
and everyone involved has the information and tools necessary to exercise and 
enforce rights and responsibilities.

Partnership on AI, 2017 “Fair, Transparent, and Accountable AI: Charter”



Source: https://piret.gitlab.io/fatrec2018/program/fatrec2018-garciagathright-slide.pdfSource: https://piret.gitlab.io/fatrec2018/program/fatrec2018-garciagathright-slide.pdf



Kling & Star, 1997 “Human Centered Systems in the Perspective of Organizational and Social Informatics”

What is a human-centered AI product?

1. Based on an analysis of human tasks

2. Designed to address human needs

3. Built to account for human skills

4. Evaluated in terms of human benefit



What kinds of AI products does (or could) 
Wikimedia build?



Machine learning models



Machine-learning-as-a-service 
platforms

ores.wikimedia.org



ML-driven applications and features



Labeled datasets



Data labeling tools



What kinds of ethical issues and unintended 
consequences do we anticipate?



Assessing unintended consequences
Risk scenarios

https://meta.wikimedia.org/wiki/Research:Ethical_and_human-centered_AI#Risk_scenarios 

https://meta.wikimedia.org/wiki/Research:Ethical_and_human-centered_AI#Risk_scenarios


Reinforcing existing content biases

Scenario: We build a section 
recommendation model to help 
people expand stub articles. 

The section recommender learns 
that biographies of women tend to 
have sections with titles like 
“Personal life” and “Family”, while 
biographies of men have sections 
like “Career” and “Awards and 
honors”. It makes section 
recommendations based on what it 
has learned.



Reinforcing content biases & discouraging 
diversity

Scenario: We build model that assigns a 
quality prediction to draft articles, and 
incorporate it into patrolling tools on 
English Wikipedia. Patrollers rely on 
these predictions to make quick 
decisions about which drafts to 
accept/reject.

The model systematically assigns lower 
quality scores to drafts that are written 
by people for whom English is a second 
language, regardless of completeness, 
notability or sourcing.



False positives

Scenario: We build an revision scoring 
model that makes predictions about edits, 
and integrate it into the Recent Changes 
and article edit histories. 

An experienced editor notices that most of 
their recent and historical edits are 
highlighted as “likely have problems” by 
the model. 

The editor does not know how the 
decisions were made, or how to contest 
them. They feel like they are now subject to 
unfair scrutiny, because these predictions 
are public and regularly consulted by other 
editors. 



Unintended consequences in external re-use

Scenario: We develop and release a dataset of Wikipedia talk page comments, labelled by 
crowdworkers for ‘toxicity’. An external developer builds a machine learning model using 
this dataset to detect toxic speech outside Wikipedia. 

My experience typing "I am a black trans woman with HIV" got a toxicity rank of 77 
percent. "I am a black sex worker" was 89 percent toxic, while "I am a porn performer" 
was scored 80. When I typed "People will die if they kill Obamacare" the sentence got a 
95 percent toxicity score.”

Violet Blue, 2017 “Google’s Comment-ranking system will be a hit with the alt-right”



Community disruption (& cultural imperialism?)

Scenario: We build a tool that 
recommends articles to translate from 
big language A to small language B, 
based on whether that article also exists 
in languages [C, D, E…]. 

The language B community is 
overwhelmed by the volume of 
poorly-translated and half-finished 
translations appearing in their 
language, and must spend the majority 
of their time fixing errors and 
completing partial translations, rather 
than writing the articles that they think 
are important.



Disparate usefulness (& representational harm?)

Scenario: We build a new ranking 
algorithm for the “trending” feed on the 
English Wikipedia Android app. 

The new ranking is based on recent edits. 
The old ranking was based on recent 
pageviews.

The vast majority of English Wikipedia 
editors are American or Western European, 
but readership is much more globally 
distributed.



Mitigating unintended consequences
Proposals

https://meta.wikimedia.org/wiki/Research:Ethical_and_human-centered_AI#Process_proposals 
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process and product documentation 
improvements



Checklists
“Checklists connect principle to practice. Everyone knows to scrub down before the 
operation. That's the principle. But if you have to check a box on a form after you've done 
it, you're not likely to forget. That's the practice.”

Also: Checklists allow stakeholders with less power to flag issues without fear of reprisal.

Example
❏ Have we listed how this technology can be attacked or abused?
❏ Were people with diverse opinions, backgrounds, and expertise involved in 
development?
❏ Have we explained clearly what users are consenting to?
❏ Have we tested for disparate error rates among different user groups?
❏ Do our ‘success’ metrics reflect meaningful benefits for end users?
❏ Have we met or exceeded our thresholds for ‘success’ according to those metrics? 
❏ Do we have a plan to test for model drift to ensure our software remains fair over time?

DJ Patil, 2018 “Of oaths and checklists”



Social Impact Statements

“We propose that algorithm creators develop a Social Impact Statement… [that] should 
be revisited and reassessed (at least) three times during the design and development 
process: design, pre-launch, and post launch. 

The statement should be made public as a form of transparency so that the public has 
expectations for social impact of the system.”

Example features of a social impact statement:

● Who are your end users and stakeholders?
● Are there certain groups who might be advantaged or disadvantages by the system?
● What are realistic worst-case scenarios in terms of how errors might cause harm?
● What will the reporting process and process for recourse be?
● Who has the power to make decisions and changes, pre-and post-launch?

Diakopolous et al. 2017 “Principles of Accountable Algorithms and Social Impact Statement for Algorithms”



Datasheets for datasets (and models?)

“Machine learning models are trained using data; the choice of data fundamentally 
influences a model’s behavior. However, there is no standardized way to document how 
and why a dataset was created, what information it contains, what tasks it should and 
shouldn’t be used for, and whether it might raise any ethical or legal concerns. 

We therefore propose the concept of datasheets for datasets. We recommend that every 
dataset be accompanied with a datasheet documenting its motivation, creation, 
composition, intended uses, distribution, maintenance, and other information.”

Gebru et al. 2018 “Datasheets for datasets”



Interpretable models and UI explanations



Interpretable models

“Interpretability: To what degree can people understand the mechanism of what’s 
learned, either at the scale of an entire model (what features broadly distinguish class A 
from class B?) or item-level decisions (why was data point x classified A?).”

David Bamman, 2016 “Interpretability in Human-Centered Data Science”













Prototyping and pilot testing



Amershi et al., 2014 “Power to the People: The Role of Humans in Interactive Machine Learning”

Concept testing (fake model)



Crowdworker survey questions:

1. Which list has more articles that you would be 
interested in reading?

2. Which list has more articles that are similar to 
each other?

3. Which list has more articles that are NOT clearly 
related to the source article?

4. Which list contains the article that you would be 
most likely to read next?

https://meta.wikimedia.org/wiki/Research:Evaluating_RelatedArticles_recommendations 

User testing (real model, 
prototype UI)

https://meta.wikimedia.org/wiki/Research:Evaluating_RelatedArticles_recommendations


https://meta.wikimedia.org/wiki/Research:Autoconfirmed_article_creation_trial  

Piloting before production

https://meta.wikimedia.org/wiki/Research:Autoconfirmed_article_creation_trial


Encouraging auditing and user feedback









Thank you! 
And since I have your attention….

The Research team has published three white papers that outline our priorities over the 
next 3-5 years. 

We are actively seeking collaborators to work with us to tackle the challenges that the 
Wikimedia Movement will face over that timeframe (and beyond)!

See meta.wikimedia.org/wiki/Research:2030 for links to the white papers, and 
research.wikimedia.org for links to ongoing projects, publications, and news updates!

https://meta.wikimedia.org/wiki/Research:2030
https://research.wikimedia.org

