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Al literacy?

EU Artificial
Intelligence Act

“Providers and deployers of Al systems shall
take measures to ensure, to their best extent,
a sufficient level of Al literacy of their staff
and other persons dealing with the operation
and use of Al systems on their behalf, taking
into account their technical knowledge,
experience, education and training and the
context the Al systems are to be used in, and
considering the persons or groups of persons
on whom the Al systems are to be used.”



Al I Itera Cy'P What is Al Literacy? Competencies and Design Considerations

Authors: Duri Long, Brian Magerko Authors Info & Claims

EU Artiﬁcial CHI '20: Proceedings of the 2020 CHI Conference on Human Factors in Computing Systems « Pages 1-16
. https://doi.org/10.1145/3313831.3376727
Intelligence Act

Al literacy as a set of competencies that enables
individuals to critically evaluate Al technologies;
communicate and collaborate effectively with Al;
and use Al as a tool online, at home, and in the

workplace.



Al literacy?

st{ Computers and Education: Artificial Intelligence
ELSEVIER Volume 2, 2021, 100041

Conceptualizing Al literacy: An exploratory
review

Davy Tsz Kit Ng © & B, Jac Ka Lok Leung ® &, Samuel Kai Wah Chu ® &, Maggie Shen Qiao ¢ X

@ Faculty of Education, The University of Hong Kong, Pokfulam, Hong Kong
® Center for Education Innovation, Hong Kong University of Science and Technology, Hong
Kong

Al literacy Definitions N Sample references
Know & Know the basic functions of Al and how 27  Even though transparency in algorithms and Al in general has been
understand to use Al applications. acknowledged to be ethically important, the public lacks understanding of
Al even the basic functions of Al Efforts to make Al more comprehensible exist
(Robinson, 2020).
Use & Apply Al | Applying Al knowledge, concepts and 30  Apply k-means clustering in science contexts.. explore the mapping
applications in different scenarios. relationship between facial features and data values and apply the concept to
brainstorm other objects such as Lego (Wan et al., 2020).
Evaluate & Higher-order thinking skills (e.g., 19  Design & build experiences: Technology exploration and creation activities
create Al evaluate, appraise, predict, design) with supported students in making sense of the underlying Al concepts. (Lee,
Al applications. 2020).
AT ethics Human-centered considerations (e.g., 19  “AlI for social good” measures an individual’s perception of the social

fairness, accountability, transparency,
ethics, safety).

environment surrounding the behavior, which is related to subjective
norms (Chai et al., 2020).




empowering people

in Human-Al interactions by
supporting them in

understanding, using, applying,
evaluating and creating Al



empowering people

visualisation  expert audiences
visual analytics .. data scientists
human-in-the-loop .. researchers
ai-in-the-loop .. decision-makers
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Artificial Intelligence Review (2023) 56:3005-3054
https://doi.org/10.1007/5s10462-022-10246-w

®

Check for
updates

Human-in-the-loop machine learning: a state of the art

Eduardo Mosqueira-Rey' ©©' . Elena Hernandez-Pereira’ - David Alonso-Rios’ -
José Bobes-Bascaran’ - Angel Fernandez-Leal’

Published online: 17 August 2022 . .
© The Author(s) 2022 ° Active Learning (AL)
Curriculum Learning (CL) Organize dataset Whois in w
< by aasing control?
complexit N Machine Teaching (MT)

Human-in-the-loop
Machine Learning
(HITL-ML)

Usable Al plaining to

Humans

Explanaible Al (XAl)

Beyond Learning

Useful Al




Do | YR A[S|eawt 'L ELri o2 O0ET r0EN 000 O v

Enhancinga Social = .. ¢ i =
Science Model- R 1 £
building Workflow i

with Interactive

° . ° é 5 % s o g EW46 51
Visualisation
Turkay, C,, Slingsby, A., Lahtinen, K., AR R R L
Butt, S, & Dykes, J., ESANN 2016 (&

Neurocomputing 2017) matenty

ethnicth

= T

PR R

polintri

soctrus

poltrust

happy|

stflifef

health)

7."5; s O
4,1." =

o ﬁ giCentre

Survey, www.gicentre.net




“We (social scientists) need (data-
based) models that we can
understand and explain so that
we can defend them to our peers
in full confidence.”

A quote from collaborators at our AddResponse
project on data-based models

s L |
somBl o, 1
B .
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CASE STUDY —
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Interactive User Behaviour Analytics in Cyber Systems

VASABI: Hierarchical User Profiles for
Interactive Visual User Behaviour Analytics

Nguyen PH, Henkin R, Chen S, Andrienko N, Andrienko G, Thonnard O, Turkay C.

IEEE TVCG, 2019
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| Understanding User Behaviour through Action
| | Sequences: from the Usual to the Unusual

Nguyen, PH., Turkay, C., Andrienko, G., Andrienko, N., Thonnard, O. and Zouaoui,
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color hue — type Search Account Display Account Unlock Account

1 ' position — time

08:30  09:00 09:30  10:00  10:30  11:00  11:30  12:00  12:30  13:00

Preserving the sequence (but dropping actual time):



Most important decision to make is:

How expected is

... given that the user has done all of ...

... before?



the algorithm says ...




Many facets / questions to think about ...

* Is the set of actions in this session are indicative of problematic behaviour?
* What kinds of tasks might the user be conducting?

* Is this a “usual” session when the history of all the sessions from this user is
considered?

* Is this a “usual” session when the history of all the sessions from similar
users are considered?

* Does the session fit within the roles of the user?

* What tasks are common for that particular role?



actions in session
kinds of tasks
history of all the sessions

similar
users

roles of the user
tasks common role



User Groups Minimam D User Profiles
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How does VIS empower people here?

 Ability to bring in contextual knowledge

» Selecting relevant data features, e.g., those that relate to a particular social theory
 Discarding data features / regions that are known to be problematic

* Facilitating interpretation

* Explaining observations in dialogue with theory/knowledge, e.g., why do we see the
model/pattern we are seeing

* Generating knowledge based on the observations

* Supporting translation to real-world actions
* Making decisions and taking actions based on the observations



Al*-in-the-loop — a new paradigm?
(Note: Al understood as Foundational Generative Al (e.qg. LLMs))

LLM4DS: Evaluating Large Language Models for
Data Science Code Generation

Nathalia Nascimento Everton Guimaraes Sai Sanjna Chintakunta Santhosh Anitha Boominathan
EASER, Eng. Division EASER, Eng. Division EASER, Eng. Division EASER, Eng. Division
Pennsylvania State University Pennsylvania State University Pennsylvania State University Pennsylvania State University
Great Valley, USA Great Valley, USA Great Valley, USA Great Valley, USA
nqm5742@psu.edu ezt157@psu.edu 5qc6557 @psu.edu sfa5971 @psu.edu

A Survey on Large Language Model-based
Agents for Statistics and Data Science
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Google Cloud Overvie

Al data analytics New BigQuery customers get $300 in free credits, plus free usage to store data and run queries, up to monthly limits
Overview

Al data analytics
How It Works

Write SQL, build predictive models, and
visualize data with Al data analytics

Use foundational models and chat assistance for predictive analytics, sentiment analysis,
and Al-enhanced business intelligence

Get started for free Request a demo

New customers et $300 in free credits to try Al data ana

OVERVIEW

https://github.com/jupyterlab/jupyter-ai




Human-in-the-loop or Al-in-the-loop?
Automate or Collaborate?

Sriraam Natarajan', Saurabh Mathur!*, Sahil Sidheekh!*,
Wolfgang Stammer?>, Kristian Kersting>>

1 University of Texas at Dallas,
2 Technical University of Darmstadt,
3 Hessian Center for Artificial Intelligence (hessian.ai), Darmstadt, Germany

Human In The Loop Al In The Loop
Environment Environment
Perception Subsystem Perception Subsystem
primarily processes data Human perception primarily processes data
Human perception is secondary is secondary
7 - . - - - -""--""""-—— === - T 0~
B e i
T | 1 !
|
Inference Subsystem (I | ! Inference Subsystem |
Al drives .Human intervenes H I Al ! AL LG LI LA Human |
to provide corrections and additional uman | 1 Svystems | assists
Systems supervision | : y I with supplementary insights !
|
|
I I |
l\ -— -— -_— -_— -
N —
N kActr:or:c.Stxlbsygtgm Action Subsystem
JTELEUINIITE] declsu?n b.Ut may Human makes the ultimate decision
defer to human for validation. .
b b
Decisions Decisions

Natarajan, S., Mathur, S., Sidheekh, S., Stammer, W. and Kersting, K., 2025, April. Human-in-the-loop or Al-in-the-loop? Automate or Collaborate?.
In Proceedings of the AAAI Conference on Artificial Intelligence (Vol. 39, No. 27, pp. 28594-28600).



LEVA: Using Large Language Models to Enhance
Visual Analytics

Onboarding Exploration Summarization
Select onboarding guidance on i . . . SO i
B . nggs - Lea.’"'“g VA Systen .by an =) Adopt recommendations =%  Validate the hypothesis =) Retrace historical insights == Review and export
Chat view menu interactive tutorial reports
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System Insights recommendation strategy Report Summarization Report Generation
class SystemSpec {
Information about the overall system View composition
Info: : . : ;
sy:;::e:,;:me{ string - : l~ Understand the interaction and underlying data %+ Summarize logical «» Write the reportin
viewtiaber: randien Single view relationships of insights LaTeX code format
} Style and data = Choose insight types related to user’s task
** Style and coordination between views ° o ) ) 0 Split for as paginated & Insertscreenshot to
vievsl:folz 1( P mapping %, Execute the insight calculation function presentation each page of report
viewdtylelnfo: lewdtylelnio * — .
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} Coordination and 28 Structure the insights to annotation format conclusion for the report
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v
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Y. Zhao et al., "LEVA: Using Large Language Models to Enhance Visual Analytics," in IEEE
Transactions on Visualization and Computer Graphics, vol. 31, no. 3, pp. 1830-1847, 2025



LEVA: Using Large Language Models to
Enhance Visual Analytics

Yuheng Zhao, Yixing Zhang, Yu Zhang, Xinyi Zhao, Junjie Wang,
Zekai Shao, Cagatay Turkay, Siming Chen
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Ask questions
nteract with views

Capture Interaction and
summarized data
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Task recommendation
Insight calculation

Insight type

Description

Outstanding No.1
Outstanding Top 2
Outstanding Last
Attribution

Change Point

Outlier

Seasonality

Trend

Correlation

Difference

Aggregation

Value

Text summary
Important nodes or links
Important text or keywords

The leading value is significantly higher than all the remaining values.

The leading two values are significantly higher than all the remaining values.

The value is remarkably lower than all the remaining values.

The leading value dominates (accounting for > 50%) the group.

A specific point in time where there is a significant change or shift in the underlying data-generating process.
An observation or data point that significantly deviates from the rest of the data.

A regular and predictable pattern of fluctuations or variations that occur at specific intervals of time.

A time series has an obvious trend (increase or decrease) with a certain turbulence level (steadily/ with turbulence).

The statistical relationships between random variables, multidimensional data or time series.
The similarity or difference between two or more datasets

The descriptive statistical indicators (e.g., average, sum, count, etc.) based on the data attributes.
The the exact value of data attribute(s) under specific criteria.

The core ideas of a text dataset. The summary might have spatial or temporal features.

The important nodes or links in a graph under specific criteria.

The important original texts or keywords under specific criteria.

You have selected a time
period:19:09-19:18, during which there
are 108 messages.

(What are the main events in high-risk j

regions?

You have selected a time
period:19:35-19:43, during which there
are 270 messages.

Q What are the main events in high-risk
regions?

Summary added.

Which messages are related to these
events?

Related messages found.

Which nodes are related to these
events?

Related nodes found.

You added a keyword van into events list.

e Which events related to this keyword?

Story added to timeline.



Prompt template for insight type selection:

When the user makes an action, the system changes. You should
analyze data types of connected views based on the coordination
information between views.

{ current selection }

{ view style info }

{ views coordination info }

According to the data info in each view and the analytical task,
you should select all suitable analytical functions related to the
user’s task. You also need to give a relevance score to assess
how closely related the insight is to the task.

{ analytical task }

{ insight function APIs }

Please give your answer in the following format:

{ format requirements }

According to the data info in each view and the analytical
task, you should select all suitable analytical functions related to
the user’s task. If a view contains more than one measure, all
measures need to be considered to find appropriate functions.
Cross-view insights, such as correlation, are allowed. You also
need to give a relevance score to assess how closely related the
insight type is to the task.

1 {"user task": "Analyze the sales of the superstore from
different perspectives."}
2 "functions": [

3 {

4 "name": "get_change_point",

5 "description": "Get the change point in a time
series dataset"”

6 1,1

7 "name": "get_seasonality",

8 "description": "Get the seasonality in a time
series dataset"”

9 1.4

10 "name": "get_trend",

11 "description”: "Get the trend in a time series
dataset”

12 },{

13 "name": "get_outlier",

14 "description": "Get outliers in a dataset”,

15 },{
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Type Specific questions

R1: Perceptual visual encoding

01:What do the visual encoding and corresponding data mean for the timeline view?

§1: Do you know what each data variaiables means?
$2: Do you understand the meaning of the visual elements?

R2: Interaction and Coordination

02: How the timeline view coordinated with other views?
83: Are you clear on how to interact in each view?
S4: Are you clear on how the views are related?

R3: Data Pattern Discovery

03: What high-risk level events occurred in the peak period?
§5: Is it easy to get data findings (such as events, key nodes) in these views?

R4: Hypothesis Formulation and Validation

04: What are the key player and location of the summarized event?
S6: Are you clear about the next step analysis for validation?
§7: Do you have easy access to rich hypotheses?

RS: Summarization of Exploration Results

05: Discover related events of the keyplayer and summarize them into a report.
S8: Is it easy to write an analysis report on the interaction results?
S9: Are you satisfied with the quality of the report you wrote?




How Al empowers people?

As an interaction mechanism, i.e., natural l[anguage interface to functionality,
lowering barriers

As a guidance mechanism

» Suggestions/recommendations: data sections to inspect for fuller data/pattern
coverage

By communicating disclaimers/assumptions/additional context, e.g.,

model/data assumptions — improving the quality and rigour of the process and
insights drawn



empowering people

visualisation  expert audiences
human-in-the-loop .. data scientists
ai-in-the-loop .. researchers
.. decision-makers

everyone else?



Human-Al Interaction

R st 8

Developers (Expert) users Decision-Subject
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How your score
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See how your score compares to the UK
average, as well as the average in your
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Moving from Explainability to Actionability

Move beyond understanding Al decisions to empowering action.

Can explanations empower users to identify and challenge mistakes when algorithms go
wrong?

Explainability - Actionability (Contestation as an action)

An Actionability Assessment Tool for Explainable
Al

Ronal Singh, Tim Miller, Liz Sonenberg, Eduardo Velloso, Frank Vetere, Piers Howe, Paul Dourish

“An explanation of a decision is actionable if people can use the
information to identify actions to take to change the decision”



Financial Conduct Authority

Research Note

24 February 2025

Credit where credit is due:
how can Al's role in credit
decisions be explained?

Cameron Belton, Daniel Bogiatzis-Gibbons, Isaac
Keeley, Jackie Spang, Cagatay Turkay, Yulu Pi

O] 5z kP840

What?: to explore how different
methods (‘genres’) of explaining Al-
assisted decisions about
creditworthiness can empower users
to better understand whether an
Al-assisted decision is
appropriate for them and to what
extent they enable people to
contest the decision



Sampling &
Task Setting

) Explanation
genre groups

3 Ability to Assess Al Decisions

4 Comprehension

Test

5  Attitude Survey

A sample of
N = 8708 UK adults

QD

.. asked to imagine
themselves as someone
receiving an Al-assisted
decision to a credit card
application

Each participant is assigned

to one of the explanation
groups

Explanations involve ...

data logical
data features rules
- o2
—
= qlol %;J

Four explanations

e~

.
G1: =
o202
G2: plloll

e~
. .
G3: =+ [l
~
G4: =

Each participant considers five hypothetical credit

application scenarios all exp/(lvined with their

assigned

= Two correct decisions

/
N\

N\
v

Correct Acceptance

Correct Rejection

Wrong Rejection: input ~—

data error =

Wrong Rejection: over- o2

reliance on one feature DI]DI]

Wrong Rejection: failure to conside\‘ﬁ‘v’ﬁ

relevant information ouo
— "

o2o® -
+ I:I [l[l[l + %; \ ~ Three incorrect decisions

with distinct error types

A-

I
/

.. and asked, do you ..

ACCEPT

or

CHALLENGE

.. the Al-assisted

decision
and then asked
WHY?

After doing the task once,
they are then asked to
complete a
comprehension test on:

Role of algorithm in
credit decision-
making

Feature Effect

Feature Importance

After doing the task four
more times, they are then
asked to complete a
survey on:

Importance of
Information

Helpfulness of
Information

Sufficiency of
Information

Confidencein
Disagreement



Profile Summa

Profile 1: Correct
acceptance

Profile 2: Col

Your profile (about you):

Debt collection accounts opened in last 24 months: 0

+  Late payments or overdue accounts in last 24 Months: 0
« Percentage of credit that you've already paid off: 100%

Percentage of available credit that you're using: 11%

Current total credit card limit: £2.300

Your profile (about you):

Debt collectio
Late payment
Percentage of
Percentage of
Annual incom
Current total

Annual income: £40,000
Message received from the credit provider:

Message received from the credit

Thank you for your application for our Regular Credit Card. We would like to
inform you that the result of your application is: Accepted

We have a tool that uses algorithms to assess credit card applications. The tool
doesn't make decisions on its own and the application would not be rejected by
the tool alone, but it helps our credit card officers find applications that might
have a higher risk of not being repaid.

How the algorithm helped us make this decision:

We use information about you te see how your application compares to other
people’s data in our system. This helps us understand your situation better. The
table below shows informatien about you, how it compares to the average of
past applicants, and where the information came from. However, not all the
information shown below is always censidered by the algorithm.

Your information  Average of
past applicants information
Debt collection 0 0.10 Credit reporting

accounts opened
against you in last

agencies

24 montl
Late paymentsor 0 0.14 Credit reporting
overdue accounts agencies

in last 24 months

Percentage of 100% a7
credit that you've

already paid off
now

Credit reporting
agencies

Percentage of 1% 38% Credit reporting
credit limit that agencies
vou're using

Annual income £40,000 £43,166 You provided
Current total credit  £2,300 £10,257 Credit reporting
card limit agencies

If you believe there is something wrong with how the algorithm assisted us in
making the decision, you can challenge the decision. Please note that we can
only reconsider the decision if you provide a valid, appropriate reason for why
you'd like to challenge the decision.

Thank you for your application for ot
inform you that the result of your ap

We have a tool that uses algerithms
doesn't make decisions on its ewn ar
the tool alone, but it helps our credit
have a higher risk of not being repai

How the algorithm helped us mal

We use information about you to see
people’s data in our system. This hel
table below shows information about
past applicants, and where the inforr
information shown below is always ¢

Information type Yo

Debt collection 4
accounts opened
against you in last

24 month:

Late paymentsor 1
overdue accounts
in last 24 months

Percentage of 20%
credit that you've
already paid off

now

Percentage of 96%
credit limit that
vou're using

Annual income £21,117

Current total credit  £400
card limit

If you believe there is something wre
making the decision, you can challe
only re the decision if you pr

you'd like to challenge the decision.

*Please note: All profile examples from controi

Your profile {(about you):

Debt collection accounts opened in last 24 months: 0
Late payments or overdue accounts in last 24 months: 1
Percentage of credit that you've already paid off: 2%
Percentage of available credit limit that you're using: 80%
Annual income: £280,000

Current total credit card limit: £2,000

Message received from the credit provider:

Thank you for your application for our Regular Credit Card. We would like to
inform you that the result of your application is: Rejected

We have a tool that uses algorithms to assess credit card applications. The tool
doesn't make decisions on its own and the application would not be rejected by
the tool alone, but it helps our credit card officers find applications that might
hawve a higher risk of not being repaid.

How the algorithm helped us make this decision:

We use information about you to see how your application compares to other
people’s data in our system. This helps us understand your situation better. The
table below shows information about you, how it compares to the average of
past applicants, and where the information came from. However, not all the
information shown below is always considered by the algorithm.

Information type Your information Source of
nformation

Debt collection 0 Credit reporting

accounts opened agencies

against you in last

24 months
Late payments or 1 0.14 Credit reporting
overdue accounts agencies
inm last 24 months
Percentage of 2% 47 Credit reporting
credit that you've agencies
already paid off
now
Percentage of 30%: 38% Credit reporting
credit limit that agencies
you're using

@nme £280,000 £43,16€> You provided
Current total credit  £2,000 £10,257 Credit reporting

card limit agencies

If you believe there is something wrong with how the algorithm assisted us in

e e 1 v Bl o ol e

v ey m—amer a0l oo Bl v s o . Ml e o d o Bl s e o

Profile 5: Incorrect
rejection

n last

000

24 months: 1

1ts in last 24 months: 0
ilready paid off: 100%
it that you're using: 11%

Your profile (about you):

Debt collection accounts opened in last 24 months:
Late payments or overdue accounts in last 24 months: 1
Percentage of credit that you've already paid off: 2%
Percentage of available credit limit that you're using: 80%
Annual income: £280,000

Current total credit card limit: £2.000

Message received from the credit provider:

ted

d appl

res to

gorith

rd. We would like to

lications. The tool

ould not be rejected by
pplications that might

on compares to other
our situation better. The

the average of

However, not all the
Jorithm.

Source of
information

Credit reporting
agencies

Crediit reporting
agencies

Crdit reporting
agendies

Credit reporting
agencies

You provided

Credit reporting
agendies

m assisted us in

Please note that we can
ropriate reasen for why

Thank you for your application for our Reqular Credit Card. We would like to
inform you that the result of your application is: Rejected

We have a tool that uses algorithms to assess credit card applications. The tool
doesn't make decisions on its own and the application would not be rejected by
the tool alone, but it helps our credit card officers find applications that might
have a higher risk of not being repaid

How the algorithm helped us make this decision:

We use information about you to see how your application compares to other
people’s data in our system. This helps us understand your situation better. The
table below shows information about you, how it compares to the average of
past applicants, and where the information came from. However, not all the
information shown below is always considered by the algorithm.

Information type Your information Average for our Source of
past nts formation

Debt collection [} 0.10 Credit reporting

accounts opened agencies:

against you in last

24 month:

Late paymentsor 1 0.14 Credit reporting

overdue accounts agendies

in last 24 months

Percentage of 2% 47% Credit reporting

credit that you've agencies

already paid off

now

Percentage of 80% 38% Credit reporting

«credit limit that agencies

you're using

Annual income £250,000 £43,166 You provided

Current total credit  £2,000 £10,257 Credit reparting

<card limit agencies

If you believe there is something wrong with how the algorithm assisted us in
making the decision, you can challenge the decision. Please note that we can
only reconsider the decision if you provide a valid, appropriate reason for why
you'd like to challenge the decision.

ne

Reason:
failure to consider
relevant feature




Genre-1:

Data-centric explanation

Information type

Debt collection

accounts opened
against you in last

24 months

Late payments or
overdue accounts in

last 24 months

Percentage of

credit that you've

already paid off
now

Percentage of
credit limit that
you're using

Annual income

Current total credit

card limit

Your information

100%

11%

£180,000
£6,000

Average for our

past applicants

0.10

0.14

47%

38%

£43,166

£10,257

Source of
information

Credit reporting
agencies

Credit reporting
agencies

Credit reporting
agencies

Credit reporting
agencies

You provided

Credit reporting
agencies



Genre-2:
Features-based explanation

Information type Your application Importance of Effect of
information information

Debt collection 1 Most important Decreased your

accounts opened likelihood of approval

against you in last
24 months



Genre-3:

Data-centric + Features-based explanation

Information
type

Debt collection
accounts opened
against you in
last 24 months

Your
application

Average
for past
applicants

0.10

Importance
of
information

Most
important

Effect of
information

Decreased
your
likelihood of
approval

Source of
information

Credit
reporting
agencies



Genre-4:
Data + Features + Decision Logic
explanation

Information Your Average Importance Effect of Source of
type application for past of information information

applicants information

Debt collection 1 0.10 Most Decreased Credit
accounts opened important your reporting
against you in likelihood of agencies
last 24 months approval

4 )

The following decision rule was applied:
If debt collection accounts opened against you in last 24 months is greater than
0.5 then Reject the application
N /
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1 Sampling & 2 Explanation 3 Ability to Assess Al Decisions 4 Comprehension 5 Attitude Survey
Task Setting genre groups Test
Explanations involve ... Each participant considers five hypothetical After doing the task
N _';;(a)g‘Plz °; : credit application scenarios all explained with four more times, they
- Uteadats data data  logical their assigned genre .. | Atier doing the task e
features rules = Two correct decisions /’ once, they are then complete asurvey on:
2 = e 4 = asked to complete a
— nlol N ’\ Correct Acceptance comprehension test Importance of
v on: Information

.. asked to imagine
themselves as someone

Four explanations genres

Corect Rojocti
orrect felacton .. and asked, do you ..

Role of algorithm

Helpfulness of

receiving an Al-assisted Gl: == WrongRejecior: v Y Accerr in credit decision- Information
decision to a credit card - SLU making
application G2: ﬁﬁﬁﬁ Wieng Blecion; Sher o] or Sufficiency of
. reliance on one feature Feature Effec.t Informatlon
G3 - + oﬁdﬁ Wrong Rejection: failure to ﬁﬁﬁﬁ < oo
% u‘ I] [I consider relevant information s
—1 Feature Confidence in
e - =Y .. the Al-assisted Importance Disagreement
Each participant is G4: =y 4 + %;I \ ; o decision
: Th td
assigned to one of the S’/ UDUH i e S:'Z:s and then asked
explanation genre groups WHY?

Table 6: Error Types and Corresponding Correct Reasons for Contestation

Error Type Correct Contestation Reason

Incorrect Data Input ”I would like to challenge the decision because my information has been
(Scenario 3) entered into the algorithm incorrectly”

”1 would like to challenge the decision because the algorithm is over-relying
on one piece of information and not considering other important pieces of
information”

Overreliance on One Fea-
ture
(Scenario 4)

”I would like to challenge the decision because the algorithm is not considering
a piece of information that is important for the decision”

Failure to Consider Rele-
vant Features
(Scenario 5)




Explanation Details and Error Types Influence the Capacity to Identify Al Errors

Performance Metrics

10- 096 097 097
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Performance Metrics



Increased Confidence and Perceived Information Sufficiency Despite Decreased
Performance

Comprehension Metrics

e 0.88

mrlismntch Between Subjective Experience and Objective Performance

[ Reported As Confident
[ satisfied with Sufficiency
mm Overall Performance

Likelihood of providing the correct answer

0.2 - —
&
2
c
©
o
0.0 - g
Role of Al Directionality of Features Feature Importance £
Comprehension Metrics f
-
Attitude Metrics b
1.0 - 0.95* o
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w
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=
£
-
0.2 -
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Important Helpful Sufficient Confidence
Attitude Metrics



Ability to contest effectively

(i.e., correctly judge an incorrect decision and identify the relevant error)

... not great..

Error type: Misclassification due to failure
to consider relevant features (Profile 5)

Treatment

% identifying
correct error
having said that
decision was
incorrect*

Error type: Incorrect prediction due Error type: Misclassification due to

to data input error (Profile 3) overreliance on one feature (Profile 4)

Treatment % identifying Treatment % identifying
correct error correct error
having said that having said that
decision was decision was
incorrect* incorrect*

Data-centric 69% Data-centric 18%

Features-based 81% (+12pp) Features-based 12% (-6pp)

Combination data- 78% (+9pp) Combination data- 15% (-3pp)

centric/features- centric/features-

based based

Combination 79% (+10pp) Combination 15% (-3pp)

data/features + data/features +

rules rules

*Please note: Refers to proportion of participants from pool that
correctly identified the incorrect AI-decision for these profiles

Data-centric

Features-based

Combination data-
centric/features-
based

Combination
data/features +
rules

62%
41% (-21pp)

45% (-17pp)

44% (-18pp)



empowering people

visualisation  expert audiences
human-in-the-loop .. data scientists
ai-in-the-loop .. researchers
.. decision-makers

explainable Al  everyone else
2?77
27?7



C1: the “humans” in the human-in-the-loop?

- Are we (as VIS community) obsessed with “expert humans”?
- How to be more inclusive?
- Al offer new opportunities but is Al human-literate?



C2: Balancing what people & Al are best at

- [

_—— i ;! | 1 |
| |
Inference Subsystem | I 1 1 Inference Subsystem |
| Al Al drives inference. Human intervenes 1 (' Al 1 Human drives the inference Himan |

I | syst to provide corrections and additional | Human 1 | | Systems ! Al Inference assists
] ystems supervision I | I with supplementary insights !
Ambiguous | 1 I | I |
! I 1 \ 1 _ |

Human In The Loop

Environment

Perception Subsystem
Al Perception primarily processes data
Human perception is secondary

Action Subsystem
Al makes the final decision but may
‘ defer to human for validation.

Decisions

Al In The Loop

Environment

Perception Subsystem
Human perception primarily processes data
Al Perception is secondary

Action Subsystem
Human makes the ultimate decision

Decisions

Natarajan, S., Mathur, S., Sidheekh, S., Stammer, W. and Kersting, K., 2025, April. Human-
in-the-loop or Al-in-the-loop? Automate or Collaborate?. In Proceedings of the AAAI
Conference on Artificial Intelligence (Vol. 39, No. 27, pp. 28594-28600).



C2: Balancing what
people & Al are best at

DOI:10.1145/3495256

Given the complexity of data science projects
and related demand for human expertise,
automation has the potential to transform
the data science process.

BY TIJL DE BIE, LUC DE RAEDT, JOSE HERNANDEZ-ORALLO,
HOLGER H. HOOS, PADHRAIC SMYTH,
AND CHRISTOPHER K.I. WILLIAMS

Automating
Data Science

Data Engineering: Model Building:
data wrangling, algorithm selection,
data integration, parameter optimization,
data preparation, performance evaluation,
data transformation, model selection,
Data Exploration: Exploitation:
domain understanding, model interpretation and visualization,
goal exploration, reporting and narratives,
data aggregation, predictions and decisions,

data visualization, monitoring and maintenance,

... useful and significant advances in the
automation of data science in the three most
accessible quadrants in Figure 1: data engineering
model building and exploitation

...the most challenging quadrant of data
exploration, and for tasks in the other quadrants
where representation of domain knowledge and
goals is needed, we anticipate that progress will
require more effort. ... we see great potential for
the assistance form of automation, through
systems that complement human experts, tracking
and analyzing workflows, spotting errors, detecting
and exposing bias, and providing high-level
advice...



C2: Balancing what

people & Al are best at S o _
Visualization and Automation in Data Science:

Exploring the Paradox of Humans-in-the-Loop

Jen Rogers, Marie Anastacio, Jirgen Bernard, Mehdi Chakhchoukh, Rebecca Faust, Andreas Kerren,
Steffen Koch, Lars Kotthoff, Cagatay Turkay, Emily Wall

A B C D

Desired Automation

1 3 2

— Desired Human Involvement —

Current Automation

N © -l
3 2 IR
1

m: ¢ =N

— Current Human Involvement —
Data Aquisition . 1 4 o)
.

Data Preparation 7

—
a

Data Exploration 5

(o))

Feature Engineering 3 2

Model Selection and Training - 2 2

Result Analysis and Validation

N

—
(@)]
—

w
(€}

w

—

N

w
N

~

Y
—
N
N

Result Communication

[l
6 | M 4
1 PD. M. 2 1 2 1 1

Post-Deployment Monitoring

w

low low medium medium high medium high much smaller role  somewhat smaller  remainthe same  somewhat larger much larger role

role role



Th e Home + Research + Research projects

AlanTuring Understanding Public Attitudes to Al
Institute

Understanding public awareness, experience and attitudes
towards different uses of artificial intelligence

"To what extent do you think that the use of this technology will be beneficial?” ‘Which of the following, if any, would make you more comfortable with Al technologies being used?

. Very . Somewhat % Don’t know / Prefer not to say

i o
B vt very . Not at all Laws and regulations 62%

Procedures for appealing decisions 59%
Assessing risk of cancer 53% 35% /m pp g %

Facial recognition for border control % 45% m
Facial recognition for policing % 4% /m
Facial recognition far unlocking phones % 6% 7  14% a%
Virtual reality in education % a6% 7, Th Monitoring to check for discrimination
Climate research simulations % 38%
Smart speakers % 53%
Robotic vacuum cleaners % 49% / 18% 6% Government regulator approval
Ropte care sssstants - — //////// - Don’t know / Prefer not to say
Assessing loan repayment risk % %7 18% 8%
Virtual healthcare assistants % 3% 22% 9% Nothing
priveriess cars - = Something else
Assessing welfare eligibility 0 37% //////////// 21% 1%
Targeted consumer advertising [[R a7% AP
e % 77777 wn e 0% 20% 40% 60% 80%
Assessing job eligibility FE 33% //////// 31% 16%
Targeted political advertising [ 7% 7 % 24%

0% 20% 40% 60% 80% 100%

Security of personal information

Explanations on how Al decisions are made

More human involvement




C2: Balancing what
people & Al are best at

Reflecting on what’s difficult, complex, valuable in
human-Al interaction?

How to distribute the tasks?

Moravec's paradox
I dK/dt . “It is comparatively easy to make computers
D 14 > % —

exhibit adult level performance on intelligence
tests or playing checkers, and difficult or

dS/dr impossible to give them the skills of a one-year-old
S | @47 when it comes to perception and mobility.”

data visualization user

[van Wijk., 2005]



C3: limited means of expression for “human input”

- Are we providing sophisticated enough means for people to express
themselves? e.g., contestation, relabelling?

- What is the “bandwidth” of interaction in interactive data analysis?

C3: Existing algorithms (Al) are not setup for humans-in-the-loop

- e.g., You can contest a decision but what does that mean for the next
person?

- Can models learn meaningfully from human input? Are new Al models too
intractable by design?



A few final reflections..

Critical, informed and rigorous engagements with data,
models and Al artefacts for everyone

Is the loop really a loop? Tighter/deeper involvement of the
human and new algorithms to “close the loop”

everyday human-Al interactions



Thanks ..

Yulu Pi, CIM, Warwick

Daniel Bogiatzis-Gibbons, Jackie Spang, Cameron Belton, Isaac Keeley from
the UK’s Financial Conduct Authorithy

Siming Chen and Yuheng Zhao from Fudan
DiSIEM project (EU Horizon 2020 - 700692)
Helwig Hauser, University of Bergen

Selim Balcisoy, Erdem Kaya from Sabanci University
giCentre and AddResponse team @ City, University of London

Automated Data Science”

.. Sabanc1 .
Unuiversitesi



Al literacy: Empowering People in
Human-Al interactions

Cagatay Turkay

Professor,

Centre for Interdisciplinary Methodologies V '
University of Warwick WARWICK

ELLITT Symposium, Norrkopping, 15 May 2025
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