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1. Introduction  

A technology is biased if it unfairly or 
systematically discriminates against certain 
individuals by denying them an opportunity or 
assigning them a different and undesirable outcome 
[1]. As we delegate more and more decision-making 
tasks to computer autonomous systems and 
algorithms, such as using artificial intelligence for 
employee hiring and loan approval, digital 
discrimination is becoming a serious problem. In her 
New York Times best-seller book “Weapons of Math 
Destruction: How Big Data Increases Inequality and 
Threatens Democracy,” Cathy O’Neil refers to those 
math-powered applications as “Weapons of Math 
Destruction” and provides examples to show how such 
mathematical models encoded human prejudice, 
misunderstanding, and bias into the software systems 
that increasingly managed and harmed our lives [2].  

Discrimination is defined as treating a person or 
particular group of people differently, especially in a 
worse way from the way in which you treat other 
people, because of their race, gender, sexuality, etc., 
according to Cambridge Dictionaries Online [3]. 
Digital discrimination refers to discrimination 
between individuals or social groups due to lack of 
access to Internet-based resources or in relation to 
biased practices in data mining and inherited 
prejudices in a decision-making context [4]. It is a 
form of discrimination where users are treated 
unfairly, unethically, or just differently based on their 
personal data such as income, education, gender, age, 
ethnicity, religion, or even political affiliation during 
the process of automating decision making [5]. Digital 
discrimination in AI refers to the systematic 
disadvantages that algorithms impose on certain 
groups due to biases emerging throughout the 
algorithm’s development lifecycle [6]. 

Artificial Intelligence (AI) decision making can 
cause discriminatory harm to many vulnerable groups. 
In a decision-making context, digital discrimination 
can emerge from inherited prejudices of prior decision 
makers, designers, engineers or reflect widespread 
societal biases [7]. One approach to address digital 
discrimination is to increase transparency of AI 
systems. However, we need to be mindful of the user 
populations that transparency is being implemented 
for. In this regard, research has called for 
collaborations with disadvantaged groups whose 
viewpoints may lead to new insights into fairness and 
discrimination [8]. 

Potential ethical concerns also rise in the use of 
AI that builds on Large Language Models (LLM) such 
as ChatGPT, the virtual AI chatbot that debuted in 
November 2022 by the startup OpenAI and reached 
100 million monthly active users just two months after 
its launch. Professor Christian Terwiesch at Wharton 
found that ChatGPT would pass a final exam in a 
typical Wharton MBA core curriculum class [9], 
which sparked a national conversation about ethical 
implications of using AI in education. While some 
educators and academics have sounded the alarm over 
the potential abuse of ChatGPT for cheating and 
plagiarism, industry practitioners from legal industry 
to travel industry are experimenting with ChatGPT 
and debating on the impact of the AI on the business 
and future of the work [10]. In essence, a Large 
Language Model is a deep learning algorithm that 
trains on large volumes of text. The bias inherited in 
the data can lead to emerging instances of digital 
discrimination especially as various LLM-based 
models are trained on data from different modalities 
(e.g., images, videos, etc.). Furthermore, the lack of 
oversight and regulations over data collection and 
model training and use can also prove to be 
problematic and unethical in some cases. Given the 
rapid developments and penetration of AI chatbots, it 
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is important for us to investigate the boundaries 
between ethical and unethical use of AI, as well as 
potential digital discrimination in the use of LLM 
applications. 

Addressing the problem of digital discrimination 
in AI requires a cross-disciplinary effort. For example, 
researchers have outlined social, legal, and ethical 
perspectives of digital discrimination in AI [11]. In 
particular, prior research has called for our attention to 
research the three key aspects: how discrimination 
arises in AI systems; how design in AI systems can 
mitigate such discrimination; and whether our existing 
laws are adequate to address discrimination in AI [12].  

2. Scope 

This minitrack focuses on understanding and 
addressing the discrimination problems arising in the 
design, deployment and use of artificial intelligent 
systems. This minitrack publishes empirical studies, 
design research, theoretical framework, case studies, 
etc., from scholars across various disciplines such as 
information systems, computer science, library 
science, sociology, and law, etc. Topics presented in 
this minitrack include, but are not limited to: 

• AI-based Assistants: Opportunities and 
Threats 

• AI Explainability and Digital Discrimination 
• AI Systems Design and Digital 

Discrimination 
• AI Use Experience of Disadvantaged / 

Marginalized Groups 
• Biases in AI Development and Use 
• ChatGPT and Ethical Use 
• Digital Discrimination in Online 

Marketplaces 
• Digital Discrimination and the Sharing 

Economy  
• Digital Discrimination with Various AI 

Systems (LLM based AI, AI assistants, etc.) 
• Effects of Digital Discrimination in AI 

Contexts 
• Ethical Use/ Challenges/ Considerations and 

Applications of AI systems 
• Literacy of AI Users 
• Responsible AI practices to Minimize 

Digital Discrimination 
• Responsible AI Use Guideline and Policy 
• Societal Values and Needs in AI 

Development and Use  
• Sensitive Data and AI Algorithms 
• Social Perspective of Digital Discrimination 
• Trusted AI Applications and Digital 

Discrimination 

• User Experience and Digital Discrimination 
 

3. Summary of Articles 

This mini-track presents six papers in HICSS-58. 
The six papers collectively focus on themes of 
fairness, bias mitigation, and the broader socio-
technical implications of AI systems. We introduce the 
papers briefly below.  
 

Discussing bias mitigation across the machine 
learning value chain, several papers highlight 
strategies to identify and reduce bias in machine 
learning (ML), emphasizing fairness as a critical goal 
[13, 14, 15]. These approaches address biases at 
various stages, from data collection and model training 
to outputs, showcasing techniques like multi-objective 
learning (MELF) and multi-agent frameworks that 
utilize causal reasoning for more nuanced detection 
and correction. Surles et al. [13] review cognitive bias 
in the ML algorithmic value chain, identifying gaps in 
bias translation, metrics, and the need for human 
intervention. The study also proposes research themes 
linking human cognition to ML fairness. Additionally, 
Konak & Rodriguez [13] proposes Multi-Objective 
Ensemble Learning for Fairness (MELF), balancing 
fairness and predictive accuracy in ML models and 
demonstrates effectiveness across algorithms and 
datasets. Amin and Jesser [15] introduce a multi-agent 
framework using causal reasoning to detect and 
mitigate biases contextually which outperforms 
traditional models in detecting and mitigating biases 
by adapting to nuanced biases across domains. 

 
The importance of integrating socio-legal and 

technical viewpoints is underscored by Ciatto et al. 
[16], who propose the FairBridge meta-methodology 
to align these perspectives in AI fairness.  This theme 
also resonates with broader discussions about 
contextual bias evaluation [15] and the socio-cultural 
dimensions influencing algorithmic outputs [17]. For 
instance, Gurung et al. [17] explore semiotics in social 
media campaigns, finding higher engagement and 
dissemination when social, cultural and political 
(SCP) symbols align with LLM-generated text.  
 

Reimer and Peter [18] and Amin and Jesser [15] 
emphasize that biases in AI systems are not always 
overt and can be context-dependent, especially in large 
language models (LLMs). Reimer and Peter [18] 
examine covert racial bias in LLMs, finding bias in 
resume generation despite debiasing efforts. This 
study of covert racial bias in LLM-generated resumes 
and Amin and Jesser’s multi-agent framework 
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highlight the challenges of addressing biases that are 
subtle, embedded in context, and potentially harmful 
in real-world applications. 

Across the papers in this mini-track, there is a 
consensus on the need for multidisciplinary 
methodologies that combine technical, cognitive, and 
socio-cultural insights. Techniques like ensemble 
learning, abductive reasoning, and semiotic analysis 
[17] reveal that fairness is not just a technical 
challenge but also a complex socio-technical issue 
requiring collaborative solutions. 
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