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Intended learning outcomes
By the end of this course, students will be able to  

❏ understand ethical considerations and methods for incorporating human perspectives 

in AI systems and technologies. 

❏ evaluate the human-centered aspects of AI technologies. 

❏ explain methods to study HCI in AI-powered systems, formulate sound and valid 

arguments in written form, and orally prepare and orally present and discuss scientific 

work
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Topics
• Interaction design for HCAI 

• Fairness, accountability, transparency, and explainability 

• AI and creative work 

• AI and knowledge work 

• AI for user experience research 

• Artificial general intelligence and superintelligence
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Course logistics
See the syllabus
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Get help
• For questions that are not sensitive → post on OLAT forum 

“Monitored forum”. Chat respond on Wednesdays and Fridays 

• “Unmonitored forum” are for students only to form teams 

• Chat’s office hours are on Wednesdays 14:00–15:30. With 

exceptions: chatw.ch/h No advance appointments needed. Just 

come by at BIN 2.B.07. 

• Last resort: Email via OLAT’s “Email Chat” section 

• If all other channels fail, email chat@ifi.uzh.ch
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Roles of reflection
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and the level of familiarity one has with the process. The complexity of a
mental process is invariant—the number of steps and their relationship do not
change. However, familiarity with a process will change over time. The more
familiar one is with a process, the more quickly one executes it, and the easier
it becomes. To use an obvious example, the process of driving an automobile
in rush-hour freeway traffic is very complex in terms of the number of inter-
acting and complementary processes that are involved, each with a vast array
of component parts. Yet most seasoned drivers would not consider the task
difficult and frequently execute it while engaged in other unrelated tasks,
such as talking on a cell phone, listening to the radio, and so on.

Although mental processes cannot be ordered hierarchically in terms of
difficulty, they can be ordered in terms of control: Some processes exercise
control over the operation of other processes. The model used to develop the
New Taxonomy as described in this book is presented in Figure 1.1.

The Need for a Revision of Bloom’s Taxonomy 11

Figure 1.1 Model of Behavior

Self-system decides
to engage

Metacognitive system
sets goals and strategies

Cognitive system processes
relevant information

Knowledge

Continues current
behavior

New Task

Yes No

The model depicted in Figure 1.1 not only describes how human beings
decide whether to engage in a new task at some point in time, but it also
explains how information is processed once a decision to engage has been
made. The model presents three mental systems: the self-system, the
metacognitive system, and the cognitive system. The fourth component of
the model is knowledge.

Model of behavior

Marzano & Kendall (2007) - The New taxonomy of Educational Objectives. p.11Center for Instructional Technology and Training. University of Florida

https://citt.it.ufl.edu/resources/course-development-resources/the-learning-process/designing-the-learning-experience/blooms-taxonomy/


Reflective practice

“The purpose of reflection is therefore to bring our reasoning processes and behaviour patterns to 

the surface and make them explicit. However, uncovering these can be difficult because so much of 

this knowledge is tacit and spontaneous.  When we develop a pattern of behaviour that works in 

certain situations, we will tend to repeat it until it becomes automatic.  We can’t describe the 

processes involved because we are not aware of what is going on. It is only when something goes 

wrong or something unexpected happens that we may stop and think about what we did and what 

we could or should have done in the situation.” 

8 Maughan (1996). Learning how to learn:  the skills developer’s guide to experiential learning. in Julian Webb & Caroline Maughan, eds., Teaching Lawyers’ Skills p. 59



How might this course to contribute to your professional life? 

Some questions that you might consider:


• What are your long-term goals? Whether you have a specific career goal or not, imagine you are 
talking to a friend five years from now: how would you like to describe what you are doing?


• What made you choose what you are doing at the moment? What do you hope to gain from it?

• What kind of professional practitioner do you want to be? 

• Where does your sense of achievement lie?

• What are you looking forward to most?

• What are the key areas where you feel you need to develop?

• What could hinder your development?

• How could you overcome the barriers to your development?

(from Bassot, 2024, Theme 3.1)


(Leave this margin empty)Write your private reflection below:
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Leave ~1/4 right margin blank. 

Write a private reflection on the following 

question 

How might this course to contribute to your 

professional life? 

⏳ 10 minutes 👤work individually

Exercise: Your first reflective writing



Levels of reflective writing
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Descriptive 
writing

• Description of the situation  
• No reflection

Descriptive 
reflection

• Interpretation of the situation 
• Justification of one's own actions

Dialogical 
reflection

• Evaluation of the situation 
• Including alternative explanations 
• Conversation with oneself and the situation

Critical  
reflection

• Contextual thinking 
• Multi-perspective 
• Recognizing own patterns & limits

Adapted from Hatton & Smith (1995) Reflection in teacher education: Towards definition and implementation. in Teaching and Teacher Education. 11(1), appendix.

https://doi.org/10.1016/0742-051X(94)00012-U


Homework 1/3 — Reviewing the basics
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⏳ 2 hours of work 
Finish by March 4

Choose two topics from below 

1. McGrath: Trade-off among research strategies (pp. 8–15) 

2. Shneiderman: HCAI framework (Ch. 8) 

3. Dhar: Paradigm shifts in AI (entire article) 

Make notes to answer the following questions 
• What concepts are described? 
• What are their relationships? 
• How might they connect/apply to HCAI? 
• What are still unclear to you 
Be prepared to explain these topics to your classmates in 
the next session
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Fig 8.4 Designers need to prevent the failures from excessive automation and
excessive human control (gray areas).

from only one of the two angle of attack sensors which indicate whether the
plane is ascending or descending. When this sensor failed, the control system
forced the plane’s nose downwards, but the pilots did not know why, so they
tried to pull the nose up more than twenty times in the minutes before the
crash, which killed everyone on board. The aircraft designers made the terri-
ble mistake in believing that their autonomous system for controlling the plane
could not fail.Therefore, its existence was not described in the user manual and
the pilots were not trained in how to switch to manual override. The unneces-
sary tragedies were entirely avoidable.The IBMAIGuidelines wisely warns that
“imperceptible AI is not ethical AI.”8

While the four quadrants suggest neat separations, the relationship between
human control and computer automation is more complex. Human control
may require vigilance over many hours as in cars, aircraft, or power station
control centers, but human attention can lapse, requiring alerts or alarms to
get operators to focus on emerging problems. The human vigilance problem
grows as computer controls become more reliable, so that operators only rarely
need to intervene, which eventually leads to the deskilling of operators, so they
can no longer intervene quickly and correctly.

Excessive human control allows people tomake deadlymistakes. Sometimes
control panels are so complex that users are confused and uncertain how to
operate a device. Swansea University’s Harold Thimbleby tells troubling stories
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accounting, tax planning, and config-
uring computer systems.28

The prototypical exemplar for rep-
resenting knowledge in this paradigm 
is via symbolic relationships expressed 
in the form of “IF/THEN” rules,30 “se-
mantic networks,”35 or structured 
object representations.29 But it is dif-
ficult to express uncertainty in terms 
of these representations, let alone 
combine such uncertainties during 
inference, which prompted the devel-
opment of more principled graphical 
models for representing uncertainty in 
knowledge using probability theory.31

The exemplar in this paradigm was 
largely shaped by logic and the existing 
models of cognition from psychology, 
which viewed humans as having a long-
term and a short-term memory, and a 
mechanism for evoking them in a spe-
cific context. The knowledge declared 
by humans in expert systems, such as 
the rule “excess bilirubin high pallor,” 
constituted their long-term memory. 
An attention mechanism, also known 
as the inference engine or “control re-
gime,” evoked the rules depending on 
the context, and updated the system’s 
short-term memory accordingly. If a 
patient exhibited unusually high pal-
lor, for example, this symptom was 
noted in short-term memory and the 
appropriate rule was evoked from long-
term memory to hypothesize its cause, 
such as "excess bilirubin." In effect, the 
declaration of knowledge was separate 
from its application, which was con-
trolled by the attention mechanism.

Research in natural language pro-
cessing (NLP) was along similar lines, 
with researchers seeking to discover 
the rules of language. The expectation 
was that once these were fully speci-
fied, a machine would follow them in 
order to understand and generate lan-

sure of intelligence should consider 
how such capabilities are manifested 
across a wide range of tasks.

The Paradigm Shifts in AI
To understand the state of the art of AI 
and where it is heading, it is important 
to track its scientific history, especially 
the bottlenecks that stalled progress 
in each paradigm and the degree to 
which they were addressed by each 
paradigm shift.

The figure sketches out the his-
tory of AI from the expert systems 
era—which spanned the mid-1960s 
to the late 1980s—to the present. I do 
not cover the era of adversarial game-
playing algorithms and the emergence 
of graph-traversal search algorithms 
such as A*,16 which primarily fall into 
the realm of optimization and heuris-
tic search on well-specified problems. 
Indeed, game playing continues to be 
an active line of inquiry within AI, with 
the emergence of championship-level 
algorithms such as AlphaGo and its 
variants.42 I start with the era of knowl-
edge-based systems, which began to 
focus on the systematic representation 
and use of human knowledge at scale.

Expert systems. Expert systems are 
attractive in well-circumscribed do-
mains where human expertise is iden-
tifiable and definable. They perform 
well at specific tasks where this exper-
tise can be extracted through interac-
tions with humans, and it is typically 
represented in terms of relationships 
among situations and outcomes. AI 
was applied to diagnosis, planning, 
and design across a number of do-
mains, including healthcare, science, 
engineering, and business. The think-
ing was that if such systems performed 
at the level of human experts, they 
were intelligent.

An early successful demonstration 
of AI in medicine was the Internist 
system,33 which performed diagnosis 
in the field of internal medicine. In-
ternist represented expert knowledge 
using causal graphs and hierarchies 
relating diseases to symptoms. The 
rule-based expert system Mycin41 pro-
vided another early demonstration of 
diagnostic reasoning in the narrow 
domain of blood diseases. Expert sys-
tems were also successful in a number 
of other well-specified domains, such 
as engineering, mineral prospecting, 

guage.40 This turned out to be exceed-
ingly difficult to achieve.

The major hurdle of this paradigm 
of top-down knowledge specifica-
tion was the “knowledge engineering 
bottleneck.” It was challenging to ex-
tract reliable knowledge from experts, 
and equally difficult to represent and 
combine uncertainty in terms of rules. 
Collaborations between experts and 
knowledge engineers could take years 
or even decades, and the systems be-
came brittle at scale—rules that made 
sense in isolation often produced 
unexpected and undesirable results 
in the presence of many others. Fur-
thermore, researchers found that ex-
pert systems would often make errors 
in common-sense reasoning, which 
seemed intertwined with specialized 
knowledge. Evaluating such systems 
was also difficult, if one ever got to that 
stage. Human reasoning and language 
seemed much too complex and heter-
ogenous to be captured by top-down 
specification of relationships in this 
paradigm.

Machine learning. The center of 
gravity of AI began to tilt toward ma-
chine learning (ML) in the late 1980s 
and 1990s, with the maturation of da-
tabase technology, the emergence of 
the Internet, and the growing abun-
dance of observational and transac-
tional data.2 AI thinking shifted away 
from spoon-feeding highly specified 
human abstractions to the machine 
and toward automatically learning 
such relationships from data, guided 
by human intuition. While symbolic 
expert systems required humans to 
specify a model, ML enabled the ma-
chine to learn the model automati-
cally from curated examples. Model 
discovery was guided by a “loss func-
tion,” designed to directly or indi-

Figure. The history of artificial intelligence.
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Homework 2/3 — Multi-pass reading
Use the article HCI for AGI (Morris, 2025) 

1. Read the first pass from start to finish. 
2.Write down key arguments from your memory in your 
own words. 

3. For those arguments, go back to the article to check 
whether you get it right or are missing any details. 

4. Connect this article with three concepts you previously 
learned in your study. Write down these connections. 

5. Find out the background of the author. Write down 2–3 
factors that could have influenced their opinion 
expressed in this article. Explain how these factors lead 
to each opinion. 

Bring your notes to the next class
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⏳ 3 hours of work 
Finish by March 4

C OV ER S TORY

techniques, interface designs, physical 
form factors, design methods, 
evaluation methods, benchmarking 
approaches, and data collection 
techniques.

INTERACTION TECHNIQUES
Interfaces for advanced AI systems are 
in their infancy. While ChatGPT 
demonstrated that even simple user 
interfaces are powerful in making 
models accessible to a broad user base, 
prompt-based systems remain 
challenging for most users to harness 
effectively [1]. This has resulted in the 
emergence of new areas of expertise, 
such as prompt engineering, and the 

The past few years have seen rapid 
advances in frontier AI models, 
demonstrating increasing performance 
and generality. As progress continues 
toward artificial general intelligence 
(AGI), HCI scholarship and practice has 
a critical role to play in ensuring that AI 
technology is useful to and usable by 
people to accomplish tasks they value. 
HCI insights can help us maximize the 
benefit of AI technologies to individuals, 
communities, and society while 
allowing us to understand how to 
mitigate harms. In this article, I 
describe a research vision for the field of 
HCI in the AGI era, examining how HCI 
researchers can innovate in interaction 

T
HCI  

for AGI
  Meredith Ringel Morris, Google DeepMind

Insights
 → The advent of increasingly 
powerful AI systems 
requires new research 
agendas for HCI and 
innovations in HCI/UX 
practice.

 → We must update and 
innovate design and 
evaluation methods for 
AGI systems and their 
precursors. 

 → HCI research can support 
the creation of useful, 
usable AGI systems. 
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Homework 3/3 — Reflective writing
Use the excerpts of The Reflective Journal (Bassot, 2024) 

1. Read the Introduction, Theme 1.3, and Theme 1.5 

2. Write a private reflection based on this input 

3. Read Theme 2 

4. Re-read your private reflections so far 

5. Write another private reflection based on this input 

Keep all private reflection in one place. You will need 

them as input for your meta-reflection later.
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Bassot, Barbara. The Reflective Journal, Bloomsbury Publishing Plc, 2024. ProQuest Ebook Central,
         http://ebookcentral.proquest.com/lib/uzh/detail.action?docID=31342465.
Created from uzh on 2026-02-03 17:30:38.
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⏳ 3 hours of work 
Finish by March 4
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❗If you decide not to attend the 

seminar you should immediately cancel 

your booking. This instruction also 

applies if you are on the waiting list.

https://chatw.ch/shai

🖊 Always have a pen with you in 

future sessions



Supplemental slides
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Student activation
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Which semester of the master degree 
are you currently in?
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Which major are you in?
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What is AI?

19

Line up in two rows 
Take 1 minute to discuss the following question



What are the roles of human in AI?
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Discuss the following question (2 minutes)



What should be the roles of human in AI?
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Discuss the following question (2 minutes)


