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AI v.s. IA (Intelligence Augmentation)
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man can do” 
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AI v.s. IA (Intelligence Augmentation)
“Machines will be capable, within twenty years, of doing any work that a 
man can do” 
— Herbert Simon, 1960

Augmenting Human Intellect: A Conceptual Framework 
—Douglas Engelbart, 1962

AI augmenting, not replacing, people



AI as Assistant/Copilot/Collaborator…



Intelligence Augmentation in Education





What are the challenges in achieving IA? 



How to teach IA for the “AI generation”?



People have always 
developed IA tools to 
offload some cognitive 
process to make the whole 
tasks better, easier, faster…



AI suggests, human decides 

Human plans, AI executes

AI plans, human fixes

Increasingly capable and agentic AI
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Offloading “what machines are better at”  
to complement people



Oversight (“executive power”) retained by people



Oversight (“executive power”) retained by people

AI EU Act mandates oversight for high-risk AI systems



Oversight (“executive power”) retained by people

AI EU Act mandates oversight for high-risk AI systems



• Overreliance on AI: challenges with 
complementarity and oversight


• New affordances of GenAI create new threat to 
human thinking: risks of offloading



Research Thread 1: Investigating and 
Mitigating Overreliance on AI

Challenges with complementarity and oversight  



AI-Assisted Decision-Making: AI Suggests, 
Human Decides



Decision-Making

Yes

No



AI Assisted Decision-Making

AI 
output

Rely

Not rely



Rely

Not rely

AI Assisted Decision-Making

AI 
output

Human oversight to catch AI errors



Rely

Not rely

Rely

Not rely

AI Assisted Decision-Making

AI 
output

AI 
output

Human-AI complementarity to make more correct decisions than 
either human or AI would have done alone



AI Correct

RelyNot Rely

AI Incorrect

Underreliance Correct Reliance

Correct Non-Reliance Overreliance

Complementarity requires appropriate reliance (offloading): 
rely when and only when the AI output is correct (green zones) 



Completely 
accept

Completely 
reject

Critique but 
learn 
something

Selectively 
accept… Accept some 

then edit
Inspired by 
a sub-point

Side note: The reliance action space may not be binary 
depending on the type of AI 

The AI-assisted decision-making literature started with largely 
classification models

AI Correct

AI Incorrect
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AI



Ibrahim et al. Measuring and mitigating overreliance is necessary for building human-compatible AI

Harms from overreliance: 
• Poor human-AI performance

• Biased/homogenized errors 

(often a cause for inequality)

• Deskilling

• Loss of human agency

• Infrastructural vulnerabilities

• Shifting social norms

• …



Biased overreliance: When 
using a biased decision-
support, human+AI can get 
more biased than human or 
AI alone 

(More likely to follow AI errors for 
demographic groups for which one 
already hold bias against)

Green  & Chen. Disparate interactions: An algorithm-in-the-loop analysis of fairness in risk assessments. In FAccT 2019 



Ibrahim et al. Measuring and mitigating overreliance is necessary for building human-compatible AI

Harms from overreliance: 
• Poor human-AI performance

• Biased/homogenized errors 

(often a cause for inequality)

• Deskilling

• Psychological harms from loss 

of agency

• Infrastructural vulnerabilities

• Shifting social engagement 

and norms

• …



A hard lesson from research on human-AI interaction: 

Interventions to mitigate overreliance often do not 
work well, and sometimes backfire







Rely

Not rely

The hope: explanation can 
help people have better 
oversight of AI errors, hence 
less overreliance

Explainable AI for Decision-Making

AI predicts X 
because…



Attributes Value
Age 33
Sex Male

Race White
Marital status Married
Years of edu. 9

Workclass Private
Occupation Sales

Hrs. per week 45

Yunfeng Zhang, Q Vera Liao, Rachel Bellamy. Effect of Confidence and Explanation on Accuracy and Trust Calibration in AI-Assisted Decision Making. FAccT 2020

Does this person belong to a high-
income or low-income group?



Attributes Value
Age 33
Sex Male

Race White
Marital status Married
Years of edu. 9

Workclass Private
Occupation Sales

Hrs. per week 45 Control condition

The AI system predicts that the 
customer belongs to  high-income group

Does this person belong to a high-
income or low-income group?

Yunfeng Zhang, Q Vera Liao, Rachel Bellamy. Effect of Confidence and Explanation on Accuracy and Trust Calibration in AI-Assisted Decision Making. FAccT 2020



Popular XAI Algorithms Produce Feature Importance Explanations

Neural network, not directly explainable Use a post-hoc XAI technique

ImageTabuler data Texts

Ribeiro et al, " Why should i trust you?" Explaining the predictions of any classifier. KDD 2016



Attributes Value
Age 33
Sex Male

Race White
Marital status Married
Years of edu. 9

Workclass Private
Occupation Sales

Hrs. per week 45 Control condition

The AI system predicts that the 
customer belongs to  high-income group

Experimental condition 

The figure explains how the system arrives at this decision according 
to how much each attribute likely contributes to a high or low income  

The AI system predicts that the customer 
belongs to  high-income group

Does this person belong to a high-
income or low-income group?
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XAI increases overreliance: 
robust findings across use cases 
and modalities

Bansal et al., 2021; Chen et al., 2023; Eiband et al., 2019; Kaur et al., 2020; Poursabzi-Sangdeh et al., 2019, Cecil et al. 2024; Kim 2025; Rismani et al. 2026



LLM reasoning also increases 
people’s overreliance 

XAI increases overreliance: 
robust findings across use cases 
and modalities

Bansal et al., 2021; Chen et al., 2023; Eiband et al., 2019; Kaur et al., 2020; Poursabzi-Sangdeh et al., 2019, Cecil et al. 2024; Kim 2025; Rismani et al. 2026



People do not always 
engage analytically (“system 
2” slow thinking) with AI 
outputs to detect AI errors


Why Do AI Explanations Increase Overreliance?



Elaboration Likelihood Model 
(Petty and Caccioppo, 1986)

Two prerequisites to 
engage in “system 2” 
slow thinking: 
motivation and ability



(Feature-importance) 
explanations hinder motivation: 
invoke positive heuristic 
(explainable = trustworthy)

Also hinder ability: distracting 
and disruptive of people’s own 
thinking

Why Do AI Explanations Increase Overreliance?

Valerie Chen, Q. Vera Liao, Jennifer Wortman Vaughan, and Gagan Bansal. Understanding the Role of Human Intuition on Reliance in Human-AI Decision-Making 
with Explanations. CSCW 2023



What worked (somewhat)?



Kim et al. " I'm Not Sure, But...": Examining the Impact of Large Language Models' Uncertainty 
Expression on User Reliance and Trust. FaccT 2024

Uncertainty expression directly signals 
possible AI errors and calibrates reliance 

However, the effectiveness is often 
hindered by design details of how 
uncertainty is communicated


Can people recognize the uncertainty? 
Are they motivated enough?



Cognitive forcing functions to slow 
people down and engage mindfully 
with with AI outputs are found to 
improve appropriate reliance


Buçinca, et al. (2021). To trust or to think: cognitive forcing functions can reduce overreliance on AI in AI-
assisted decision-making. CSCW 2021



Cognitive forcing functions to slow 
people down and engage mindfully 
with with AI outputs are found to 
improve appropriate reliance


But they may come with a trade-off 
of subjective user experience (will 
they work in the long run?)

Buçinca, et al. (2021). To trust or to think: cognitive forcing functions can reduce overreliance on AI in AI-
assisted decision-making. CSCW 2021



AI literacy support to help users 
understand AI can make mistakes 
and when it makes mistakes is 
found to be effective


But only when the users are domain 
experts but AI novices


Also, just general descriptions without 
the specifics of limitations/errors often 
do not work, sometimes backfire

Chiang & Yin Exploring the effects of machine learning literacy interventions on laypeople’s reliance on 
machine learning models. IUI 2022 

Rismani et al. From Use to Oversight: How Mental Models Influence User Behavior and Output in AI 
Writing Assistants. CHI 2026



AI suggests, human decides 

Human plans, AI executes

AI plans, human fixes

Increasingly capable and agentic AI
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Ironies of automation (Bainbridge, 1983)

(Paradoxical position to have offloading and oversight simultaneously)


• The more advanced the automation, the more crucial may be the 
contribution of the human operators


• The more advanced the automation, the worse human may be able to 
correct it or compensate for its shortcomings


• The more advanced the automation, the more skilled the operators need 
to understand it; but automation can lead to skill atrophy




EU AI Act requires high-risk AI systems to have human oversight 
with “properly equipped” oversight personnel: system 
understanding, right motivation, awareness of overreliance



Limitations of the (performance) 
complementarity ideal: 
• AI capability boundaries are fuzzy: non-

deterministic, context-specific

• Well-calibrated reliance/offloading is very 

hard to achieve

• Human skill needs development and 

reservation

• Ignore other motivations for people to 

engage (or not engage) cognitively 



Research Thread 2: Investigating How GenAI 
Impacts Human Cognition

New affordances of AI create new threats to human thinking 





AI’s impact on learning, 
reasoning, critical thinking, 
creativity… 
• Boosts happen in some 

contexts 

• Less cognitive engagement 
using AI 

• Cognitive deskilling without AI 
(AI as “crutch”)



The “AI as calculator” counterargument: what if AI is 
just here to permanently offload some subprocess?



What are the effects of offloading 
information seeking to AI? 
• Information seeking is the foundation for all sorts of 

downstream cognitive tasks: learning, reasoning, 
creativity, world view… 

• Already one of the first things we let go… 

Shravika Mittal, Su Lin Boodgett, Q. Vera Liao. Learning by Chatting? Investigating the Impact of Generative AI on Learning and Information-Seeking Behaviors. Under Submission



What are the effects of offloading 
information seeking to AI? 
• Information seeking is the foundation for all sorts of 

downstream cognitive tasks: learning, reasoning, 
creativity, world view… 

• Already one of the first things we let go… 

Shravika Mittal, Su Lin Boodgett, Q. Vera Liao. Learning by Chatting? Investigating the Impact of Generative AI on Learning and Information-Seeking Behaviors. Under Submission



• 2-week field study: 80 participants used 
Google v.s. ChatGPT to engage in informal 
learning

- Topic: nutrition and meal planning

- Not bounded by any immediate tasks, but 

incentivized to do well in final knowledge test


• Measure pre and post knowledge on the topic


• Participants also wrote daily dairies to reflect 
on their information-seeking process

Shravika Mittal, Su Lin Boodgett, Q. Vera Liao. Learning by Chatting? Investigating the Impact of Generative AI on Learning and Information-Seeking Behaviors. Under Submission



Poorer learning outcome in the 
Chatgpt group (p=0.07)


Especially in questions reflecting 
higher-level learning (e.g. evaluate 
nutrition labels)  (p<0.01)



Offloading information 
selection to AI 
“AI filters” are not value-free 
nor transparent



Offloading information 
selection to AI 
“AI filters” are not value-free 
nor transparent

“I asked ChatGPT how much of each 
macronutrient one should have for a 
balanced meal. ChatGPT gave me a 
balanced meal plan. [...] From there, 
ChatGPT asked if I’d want a grocery list 
for shopping, which it provided.”  
–  P11



Offloading information 
selection to AI 
“AI filters” are not value-free 
nor transparent

ChaGPT’s bias towards  
artifacts led to less principled 
understanding of “why”



“Chat” and personalization 
affordances constrain 
exploration 

“Today, I used ChatGPT to learn about macronutrients 
…by providing a rough estimate of my height, weight 
and activity levels.” 
– P3

I asked ChatGPT how much of each macronutrient 
one should have. Since my information was saved 
from yesterday, ChatGPT gave me a personalized 
guide/meal plan.” 
-P11



Generative Echo Chamber: Perils of Chat Interaction and LLM Sycophancy

Nikhil Sharma, Q. Vera Liao, Ziang Xiao. Generative Echo Chamber? Effects of LLM-Powered Search Systems on Diverse Information Seeking. CHI 2024

Conversational interactions are 
more specific and opinionated

Leading to more confirmatory 
querying and opinion polarization

Further exacerbated when 
interacting with a confirmatory/
sycophantic LLM

Web search LLM-powered 
conversational search 

(RAG)

“College here in the USA is disgusting 
overpriced and greedy. Wouldn’t it be better to 
look at that as the issue instead of keeping our 
current greedy practices?”

“Yeah, give me that information please. Tell 
me about the arguments in favor of sanctuary 
cities”



Distortion from technical 
bias and opacity

Distortion from  
interaction shift

Deterministic 
output

Direct 
control



Augmenting Human Intellect: A Conceptual Framework 
—Douglas Engelbart, 1962



• To have self-introspection 

• To be transparent about its 
limitations and provide 
controllability 

• To be able to understand 
human cognitive states 

• To provide adaptive and 
modular cognitive support  

• …

• To properly understand AI’s 
capabilities and limitations 

• To develop and preserve 
necessary domain expertise 

• To be aware of and resist 
overreliance 

• To have metacognitive control 
to maintain agency 

• … 



What do we mean by achieving good 
outcomes from IA /appropriate reliance?



Underreliance Correct Reliance

Correct Non-Reliance Overreliance

Good AI use

Bad AI use

Correct AI

Incorrect AI

AcceptReject



Underreliance Correct Reliance

Correct Non-Reliance Overreliance

Learning 
aligned

Learning 
misaligned

When and how is it appropriate for students to use AI?

AcceptReject



When and how is it appropriate for 
students to use AI?

Competence 
Learning

Learning 
Social engagement

Fairness Productivity

Students Teachers

Other students Future employers



Normative standards of AI and AI use need be 
actively shaped by stakeholder values 
To be able to evaluate AI and AI use based on 
values need to be a core part of AI literacy 



Thank YOU!

https://qveraliao.com/


