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Research Interests
Thanks to:

• Information Access (since 2005)
Structured/Unstructured data (SIGIR12), Entity Types (ISWC13, WSemJ16)
Entity Recognition (WWW14, CSUR), Prepositions (CIKM14), Entity Cards (SIGIR19)
Eval (ECIR16 BestP, CIKM17, SIGIR18, CIKM19, WWW22, TOIS23, ICTIR23 BestP, ECIR26)

• Human-AI Systems (since 2012)
Entity Linking (WWW12,VLDBJ), CrowdQ (CIDR13), Learnersourcing (LAK21,LAK22,JCAL)
LLM (COLING25, CHI25), Misinfo (ECIR20 Best SP, SIGIR20, CIKM20, IP&M, ICWSM24)
Decision making (CHB-R25 , HBET26), Critical Thinking (IP&M25)

• Better Crowdsourcing Platforms (since 2013)
Platforms (WWW15, CSCWJ18, CACM25), Experiments (CSCW21), Pricing (HCOMP14)
Task Allocation (WWW13, WWW16, COR), Workers (CHI15, CSCW20 Hon. Mention)
Metadata (IP&M), Attacks (HCOMP18 Best P, JAIR), Time (HCOMP16)
Modus Operandi (UBICOMP17, HT19, WSDM20, TOIS24), Complexity (HCOMP16)               
Abandonment (WSDM19, TKDE, ACM TSC)

• Data Bias and Better Data (since 2018)
Gender (SIGIR18,ACIS24,WWW25), Management (CACM24), SES (WebSci22,ICWSM25)
Impact on ML (CIKM22), Political (WWW25, ICWSM26), 
Noise (WWW19, ICWSM25), Data Workers (SIGIR20, TOIS, TKDE, WWW23)
Know. Graphs (ISWC19), Unknown Unknowns (ECAI20, HCOMP21), Behaviors (CIKM20)
Fairness (CIKM22, SIGIR23, FAccT24, KDD24, TMLR), Active Learning (AAAI24)



The Problem – Bias in AI



Bias in Humans and Bias in AI

- Gender completeness in Wikipedia

- Gender exploration in Wikipedia

- The impact of bias on ML models

- Bias Management

Humans Using AI – Trust and Reliance

- Joint decision-making quality

Designing AI that Supports Human Decision Making

- Topics that require expertise

- Provoking critical thinking

Human-AI Collaboration Design

- LLM Agents to complete tasks for us

- A spectrum of Human-AI collaboration

Outline
Data

AI

People



Using an automatic gender classifier based exclusively on the persons’ name

How is gender represented in Wikipedia articles?

Hrishi Patel, Tianwa Chen, Ivano Bongiovanni, and Gianluca Demartini. Estimating 

Gender Completeness in Wikipedia. In: The Australasian Conference on 
Information Systems (ACIS 2024). Canberra, Australia, December 2024.



Exploration of Gender in Wikipedia

Yahya Yunus, Tianwa Chen and Gianluca Demartini. Exploring Wikipedia Gender Diversity Over Time - The Wikipedia 

Gender Dashboard (WGD). In: The 2025 ACM Web Conference (TheWebConf 2025) - Demo track. Sydney, Australia, April 2025.



Using statistical estimators based on how often articles are edited

Estimating gender cardinality (and completeness)



Estimating the completeness of each class/gender



What happens when we train ML models with 

biased labels?

Online Demo at: https://recant.cyens.org.cy/

Periklis Perikleous, Andreas Kafkalias, Zenonas Theodosiou, Pınar Barlas, Evgenia 
Christoforou, Jahna Otterbacher, Gianluca Demartini, and Andreas Lanitis. How Does 
the Crowd Impact the Model? A tool for raising awareness of social bias in 
crowdsourced training data. In: The 31st ACM International Conference on 
Information and Knowledge Management (CIKM 2022). Atlanta, Georgia, USA, Oct 2022







Bias Management, not bias removal

Employing an explicit and not transparent bias removal intervention might be potentially harmful to the user

Demartini, Roitero, Mizzaro. “Data Bias Management”, in Communications of the ACM, Vol. 67, No. 1, Jan 2024



Bias in Humans and AI

- Gender completeness in Wikipedia

- Gender exploration in Wikipedia

- The impact of bias on ML models

- Bias Management

Humans Using AI – Trust and Reliance

- Joint decision-making quality

Designing AI that Supports Human Decision Making

- Topics that require expertise

- Provoking critical thinking

Human-AI Collaboration Design

- LLM Agents to complete tasks for us

- A spectrum of Human-AI collaboration
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Social Media platforms have a scale challenge when it comes to content moderation.

Task: Online hate speech detection; Humans making the final decision, aided by AI.

AI: gpt-5-2025-08-07

Humans: crowd workers from the Prolific platform

Step 1: Humans are shown a tweet

and asked to make a decision and report confidence level

Step 2: Humans are presented with AI decision, explanation,

and confidence

Step 3: Humans make a final decision

Making Decisions with AI



What happens to human confidence once they get the AI recommendation?

Blue: The AI agrees with the original

human decision

Red: The AI disagrees with the human

Findings – Confidence in the decision



What heuristics do humans employ to handle disagreement under different relative confidence 

levels between human and AI, and how do these heuristics affect complementary team 

performance?

Findings – Changing decision if the AI disagrees?



Can complementary team performance be achieved between humans and AI, and if so, under 

what conditions and through what mechanisms?

Findings – Humans+AI better than Humans or AI?



Bias in Humans and AI

- Gender completeness in Wikipedia

- Gender exploration in Wikipedia

- The impact of bias on ML models

- Bias Management
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AI for Emotion Regulation and Opinion Formation

Shangqian Li, Lei Han, and Gianluca Demartini. Provoking Critical Thinking: 
Using Counter-arguments in Online Discussion Summarisation. In: 

Information Processing & Management (IP&M), Elsevier, June 2025

RQ1: How do AI-generated summaries of human discussions and counter arguments affect 

people’s decision-making?

RQ2: How does AI summarisation affect user-perceived fairness and bias?



Example



Observations. 

• Users are more likely to shift opinions after receiving (perceived) 

‘unbiased’ AI assistance

• The system triggers reflective thinking by posing fresh 

arguments: The ‘challenge’ system assumed a starting stance of 

the user -> bias



Bias in Humans and AI

- Gender completeness in Wikipedia

- Gender exploration in Wikipedia

- The impact of bias on ML models

- Bias Management
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Trust in AI Agent

Gaole He, Gianluca Demartini, and Ujwal Gadiraju. Plan-Then-Execute: An Empirical Study of User Trust and Team 

Performance When Using LLM Agents As A Daily Assistant. In: ACM CHI 2025 Conference on Human Factors in 
Computing Systems (CHI 2025). Yokohama, Japan, April 2025.

Agents as daily assistants 
Tasks with different levels of risk
AI agents used in a plan-then-execute manner 

A double-edged sword
(1) they can work well with a high-quality plan 
and necessary user involvement
(2) users can easily inappropriately trust the AI 
agents with plans that seem plausible 



Human-AI Collaborative Spectrum

Guglielmo Faggioli, Laura Dietz, Charles Clarke, Gianluca Demartini, 

Matthias Hagen, Claudia Hauff, Noriko Kando, Evangelos Kanoulas, 
Martin Potthast, Benno Stein, and Henning Wachsmuth.
Who determines what is relevant? Humans or AI? Why not both!

In: Communications of the ACM (CACM). 2024.

Humans used to annotate data

LLMs can replace humans in data annotation tasks

Microsoft Bing now uses GPT-4 for relevance judgments!

“Who is better?”

versus

“How can they work together?”



• Bias is present in human-generated data and is propagated in data pipelines

• LLMs carry human bias, but can help in decision making

• How do we make humans and LLM work together effectively?

Lessons learned and what to do

• Increasing transparency, (e.g., track and profile 

data bias across AI pipelines)

• Select and diversify the sources of data (i.e., 

diverse human annotators, LLMs)

• Bias management instead of bias removal

demartini@acm.org

linkedin.com/in/gianlucademartini

To be continued …

mailto:demartini@acm.org
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