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Q. Vera Liao and Kush R. Varshney. 2022. Human-Centered Explainable Al (XAl): From Algorithms to User Experiences.
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Algorithmic XAl approaches
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Alejandro Barredo Arrieta et al. 2020. Explainable Artificial Intelligence (XAl): Concepts, taxonomies, opportunities and challenges

toward responsible Al. Information Fusion 58: 82—115. https://doi.org/10.1016/j.inffus.2019.12.012
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Algorithmic XAl approaches

J. Krause, A. Perer, and K. Ng. 2016. Interacting with predictions: Visual inspection of black-box machine learning models. 5686—5697.

https://doi.org/10.1145/2858036.2858529
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Algorithmic XAl approaches

7

Feature
relevance

Scott M Lundberg and Su-In Lee. 2017. A Unified Approach to Interpreting Model Predictions.
Advances in Neural Information Processing Systems.
https://proceedings.neurips.cc/paper/2017/file/8a20a8621978632d76c43dfd28b67767-Paper.pdf
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Marco Tulio Ribeiro, Sameer Singh, and Carlos Guestrin. 2016. “Why Should | Trust You?”: Explaining the Predictions of Any Classifier. In Proceedings of the
22nd ACM SIGKDD International Conference on Knowledge Discovery and Data Mining (KDD ’16), 1135-1144. https://doi.org/10.1145/2939672.2939778
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Algorithmic XAl approaches

Data Filter
P Predict X Clean

@ Controls Collapse All Hievel 4

S
P
v Model Info &
| I & alcohol
type: rule-explainer \ P
A | l\-f oS W
model: wine_quality_red-nn-40-46 Fll
40-40-40-40 | I 4
SN sulphates
v Dataset: wine quality red I 1 5 4
v
m test  sample trair : Il . Filte
\ sample test \
T 8
1 der
v Styles | l\ 9
, ’ o\
X x ow Width | 1 Filt
@3 F y 12
27 g Rect Width: | I ™
o1t Model Rect Height — 15 tota suur dide
. . . ; \ L "
simplification Color Scheme: | Seq [ Div ] Qu: - " : & %%
' b | il Filte
/ Sett ] : \ . !
Coe . 18 (Bl 1 k
-l = r fixed acidity
- =~ Conditiona ) I ( i
- ~ o — 2 Ll | @ W
[ X y \ Detail Qutput [ @) [ | L Filte >
. M, ! z Ll K -
(P / v Rule Filters I
~ - _ 28 g b volatile acidity
— r

_ — Min Evidence (o)
b Z/ Filte
Fidelity | o
N 37 ]
- free sulfur dioxide

@ v Data Table: train | (1199/1199)

total sulfur volatile free sulfur
Label alcohol sulphates density

fixed acidit . citric acid H chlorides residual sugar
Y acidi ty dioxide P 9

dioxide

level 5 9,500 9.5500 9,9971 22.00 9,300 @.4300 9.000 @,4400 3.280 0.08500 1.900
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Human-centred XAl approaches

Data

Output

Performance

How
(global model-wide
explanation)

Q. Vera Liao, Daniel Gruen, and Sarah Miller. 2020. Questioning the Al: Informing Design Practices for Explainable Al User Experiences.
In Proceedings of the 2020 CHI Conference on Human Factors in Computing Systems, 1-15. https://doi.org/10.1145/3313831.3376590

What kind of data was the system trained on?
What is the source of the training data?

How were the labels/ground-truth produced?

What is the sample size of the training data?

What dataset(s) is the system NOT using?

What are the potential limitations/biases of the data?
What is the size, proportion, or distribution of the
training data with given feature(s)/feature-value(s)?

What kind of output does the system give?

What does the system output mean?

What is the scope of the system’s capability? Can it
do...?

How is the output used for other system
component(s) ?

How should I best utilize the output of the system?
How should the output fit in my workflow?

How accurate/precise/reliable are the predictions?
How often does the system make mistakes?

In what situations is the system likely to be correct/
incorrect?

What are the limitations of the system?

What kind of mistakes is the system likely to make?
Is the system'’s performance good enough for...?

How does the system make predictions?
What features does the system consider?
® s [feature X] used or not used for the
predictions?
What is the system’s overall logic?
® How does it weigh different features?
What kind of rules does it follow?
How does [feature X] impact its predictions?
What are the top rules/features that determine
its predictions?
What kind of algorithm is used?
® How were the parameters set?

Why

Why not

How to be that
(a different prediction)

How to still be
this
(the current prediction)

What If

Others

® Why/how is this instance given this prediction?

What feature(s) of this instance determine the system'’s prediction
of it?
Why are [instance A and B] given the same prediction?

Why is this instance NOT predicted to be [a different outcome
QJ?

® Why is this instance predicted [P instead of a different outcome Q]?

Why are [instance A and B] given different predictions?

How should this instance change to get a different prediction Q?
What is the minimum change required for this instance to get a
different prediction Q?

How should a given feature change for this instance to get a different
prediction Q?

What kind of instance is predicted of [a different outcome Q]?

What is the scope of change permitted for this instance to still
get the same prediction?

What is the range of value permitted for a given feature for this
prediction to stay the same?

What is the necessary feature(s)/feature-value(s) present or absent to
guarantee this prediction?

What kind of instance gets the same prediction?

What would the system predict if this instance changes to...?
What would the system predict if a given feature changes to...?
What would the system predict for [a different instance]?

How/why will the system change/adapt/improve/drift over time?
(change)

® (Can I, and if so, how do I, improve the system? (improvement)

Why is the system using or not using a given algorithm/feature/rule/
dataset? (follow-up)

What does [a machine learning terminology] mean?
(terminological)

What are the results of other people using the system? (social)
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Human-centred XAl approaches
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“XAl presents as much of a design challenge as an algorithmic challenge” (Q. Vera Liao and Kush R. Varshney, 2022)

Sina Mohseni, Niloofar Zarei, and Eric D. Ragan. 2021. A Multidisciplinary Survey and Framework for Design and Evaluation of
Explainable Al Systems. ACM Transactions on Interactive Intelligent Systems 11, 3—4: 24:1-24:45. https://doi.org/10.1145/3387166
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Explainable Al through visualisation
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Control

Hoe is je nieuw niveau bepaald?
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7gen in. Beide veranderen bij hel oplossen van celeningen
Je niveau is gestegen na het maken van de reeks oefeningen
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Na feedback

Na resks

How good do you think you are at mathematics?

There is no right or wrong answer. Wiski uses your answer to find suitable exercises for you

' Expert: mathematics holds no secrets for you

@‘ Proficient: you score better than average on mathematics
. @ Competent: you score average on mathematics.

’ A i : basic

’ Novice: you often have a hard time understanding mathematics.

are not a problem for you.



Explainable Al through visualisation

Visual analytics

visualization

+m-
- healthcare
3 o
interaction opportunities adopts
L]
1 -
e im . . .
- mﬂ L visual analytics @ @ algorithms

L can shepherd
shepherding
—— e
- e o how? often require
FE

- el .

direct explanation explainability

Price evolution of in *



healthcare
o

opportunities 4 adopts

visual analytics @ @ algorithms
can shepherd

how? often require

o
explainability

9":: e

Jeroen Ooge, Gregor Stiglic, and Katrien Verbert. 2022. Explaining artificial intelligence with visual analytics in
healthcare. WIREs Data Mining and Knowledge Discovery 12, 1: e1427. https://doi.org/10.1002/widm.1427
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Jeroen Ooge, Gregor Stiglic, and Katrien Verbert. 2022. Explaining artificial intelligence with visual analytics in
healthcare. WIREs Data Mining and Knowledge Discovery 12, 1: e1427. https://doi.org/10.1002/widm.1427
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Jeroen Ooge, Gregor Stiglic, and Katrien Verbert. 2022. Explaining artificial intelligence with visual analytics in
healthcare. WIREs Data Mining and Knowledge Discovery 12, 1: e1427. https://doi.org/10.1002/widm.1427
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Level 3
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(b) Fixed settings panel, manually rerun algorithm ' (f) Interact with visualization
=
(d) Configuration in visualization

interface, automatically rerun algorithm

Jeroen Ooge, Gregor Stiglic, and Katrien Verbert. 2022. Explaining artificial intelligence with visual analytics in
healthcare. WIREs Data Mining and Knowledge Discovery 12, 1: e1427. https://doi.org/10.1002/widm.1427
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(a) Partial dependence plot (b) Feature importance

Visual analytics systems targeting laypeople, supporting shepherding,
or containing direct explanations are rare!

Jeroen Ooge, Gregor Stiglic, and Katrien Verbert. 2022. Explaining artificial intelligence with visual analytics in
healthcare. WIREs Data Mining and Knowledge Discovery 12, 1: e1427. https://doi.org/10.1002/widm.1427
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Price evolution of

Past data Future prediction Future uncertainty Past fit

Jeroen Ooge and Katrien Verbert. 2021. Trust in Prediction Models: a Mixed-Methods Pilot Study on the Impact of Domain Expertise.
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Scenario

Experts have different trust evolutions
when using an unknown prediction model

In 2021 IEEE Workshop on TRust and EXpertise in Visual Analytics (TREX), 8—13. https://doi.org/10.1109/TREX53765.2021.00007
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.- Usability Usefulness and needs

Understanding the visualisation Need for comparisons
Overall usefulness of the visualisation
Usefulness of the visual components
Workflow Need for tailored explanations

Need for control
Model understanding )

Visual encoding of information
Interacting with the visualisation

"> Trust

Presence of uncertainty
Explanations Understan

Model understandin%—/’— Understan

Model performance £ Understan

Usability, usefulness and needs, and model
understanding affect appropriate trust

Depending on their experience with
predictive modelling, users have different
needs and trust perceptions

Jeroen Ooge and Katrien Verbert. 2022. Visually Explaining Uncertain Price Predictions in Agrifood: A User-Centred Case-Study.

Agriculture 12, 7: 1024. https://doi.org/10.3390/agriculture12071024

experience with predictive regression

9 e Very experienced

very inexperienced

P3 P8 Pe P5 P10 P9 P1 P4
Understanding the visualisation
Past fit and uncertainty are not understood
Need for control
More control over the prediction model o . .
Need for comparisons
Comparing countries is relevant . E e
Comparing products is relevant ° o o o o
Comparing prediction models is relevant . .
Need for tailored explanations
Explaining the past data o .
Explaining the model’s development process o o o o
Explaining the prediction model . . o a o a
Understanding the algorithmic level
Visual components gradually improve mental model . . o o @ o o .
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Explainable Al through visualisation

Transparency
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Risk Reconery o PR S—

£

Maak een aangeraden oefening
van hetzelfde hoofdstuk

Waarom deze oefening? Wiski denkt dat jouw huidig
niveau past bij dat van deze oefening!

Aangeraden
Wiski verwacht dat je 1 of 2 pogingen nodig gaat
hebben om oefening 21 juist te maken, gebaseerd op de
resultaten van jou en je medeleerlingen

Aantal pogingen medeleerlingen nodig hadden om
oefening 21 juist op te lossen

Poefening 21

Maak oefening 21

... of kies zelf je volgende oefening

Naar het oefeningenoverzicht



Patient ID
Region
Institution:

Gender :

Patient Summary

Blood Sugar:

2631
Savinja
04
Male

Age

Blood Sugar :

BMI

Waist Measure

_ l T‘:‘
47 63

N
i

Waist Measure

1
@loh _
3

e

N

.~/

Patient Measures

Risk Recovery

Alcohol Drinking Status

3394

1124

Pulse
Drinking Status
Smoking Status:

Physical Activity Level

Smoking Status:

Nom

Smoker

Physical Activity Level

Patient Behaviours

x 100
2]
@ 80 ’,_..—-——.—".\ _—9
T 0 o—0—9o —0— %
T 40
E
Z 20
L
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Year 2022

High

Smoker Overall Risk

Recommendations to reduce risk

nt: Physical Activity Level = [

Action - Exercise everyday for 30 mins

@ Other patients like Patient - 2200 who have taken t tion have Low risk

ent: Waist Measure = |

Action - Reduce waist measure by 14 cm

tients like Patient - 1570 who have taken this action have Moderate risk

Important Risk Factors

Blood Sugar: 7.5 Physical Activity Level: (Low)
e @)
47 63 7.5 Low

Smoking Status: (Non Smoker)
Waist Measure: 112

—O——() @ Non Smoker
80 98 112
Alcohol Drinking Status:
BMI: 33.9 (Rarely Drinks)
e Om—C—)
18 25 330 Rarely Drinks

Participants preferred data-

centric explanations that provide
local explanations with a global
overview over other methods

S h+

o

Aditya Bhattacharya, Jeroen Ooge, Gregor Stiglic, and Katrien Verbert. 2023. Directive Explanations for Monitoring the Risk of Diabetes Onset:
Introducing Directive Data-Centric Explanations and Combinations to Support What-If Explorations. In Proceedings of the 28th International
Conference on Intelligent User Interfaces (1Ul '23), 204-219. https://doi.org/10.1145/3581641.3584075
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Transparency: why these exercises?

‘@ because ...
beginner




Maak een aangeraden oefening
van hetzelfde hoofdstuk

Maak een aangeraden oefening

Fenosrden e e
Van hetZEIfde hoofdstuk Textual r .Oe[ening 27 algoritme van Wiski dat zo heeft berekend.
Waarom deze oefening? Wiski denkt dat jouw huidig explanatlon r +RaR®

niveau past bij dat van deze oefening!

Aangeraden

Wiski verwacht dat je 1 of 2 pogingen nodig gaat
hebben om oefening 21 juist te maken, gebaseerd op de

» resultaten van jou en je medeleerlingen.
Aantal pogingen medeleerlingen nodig hadden om Visual ... of kies zelf je volgende oefening
b
oefening 21 juist op te lossen .
Y _ explanation —
Oefening 21

Placebo explanation

leerlingen

1
I

1 2 3 > 4 pogingen

nodig Maak een aangeraden oefening

van hetzelfde hoofdstuk

Maa k OEfenIng 2 1 Aangeraden Wiski raadt de volgende oefening aan
P A

'Oefening 27
GOOD
Jos

Maak oefening 27

... of kies zelf je volgende oefening

Naar het oefeningenoverzicht ) ) )
... of kies zelf je volgende oefening

Naar het oefeningenoverzicht

No explanation

Jeroen Ooge, Shotallo Kato, and Katrien Verbert. 2022. Explaining Recommendations in E-Learning: Effects on Adolescents’ Trust.
In 27th International Conference on Intelligent User Interfaces (IUl '22), 93—-105. https://doi.org/10.1145/3490099.3511140
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Randomised controlled experiment

o
Maak een aangeraden oefening
van hetzelfde hoofdstuk
ing?
mdat
t ber
-
J PLACEBO
3 7 Maak een aangeraden oefening
van hetzelfde hoofdstuk
d I Wiski raadt de volgende oefening aan
adolescents S .
% NONE
Jos

Maak oefening 27

Jeroen Ooge, Leen Dereu, and Katrien Verbert. 2023. Steering Recommendations and Visualising Its Impact: Effects on Adolescents’ Trust in E-Learning Platforms.
In Proceedings of the 28th International Conference on Intelligent User Interfaces (1Ul '23), 156—170. https://doi.org/10.1145/3581641.3584046
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Final questionnaire: trust

Competence

Q1  Wiski is like an expert (for example, a teacher) for recon
exercises.

Q2  Wiski has the expertise (knowledge) to estimate my mat

Q3  Wiski can estimate my math level.

Q4  Wiski understands the difficulty level of math exercises -

Q5  Wiski takes my math level into account when recomme:

Benevolence
Q6  Wiski prioritizes that I improve in math.
Q7  Wiski recommends exercises so that I improve in math.

Q8  Wiski wants to estimate my math level well.

Integrity

Q9  Wiski recommends exercises as correctly as possible.
Q10 Wiski is honest.

Q11 Wiski makes integrous recommendations.

Trust (one-dimensional)
Q12 Itrust Wiski to recommend me math exercises.

Intention to return
Q13 IfIwant to solve math exercises again, [ will choose Wi
Q14 IfIwant to be recommended math exercises again. I wil

Perceived transparency
Q15 Ifind that Wiski gives enough explanation as to why an
recommended.

Trusting beliefs

Multidimensional trust

Trust effects

PLACEBO

Maak een aangeraden oefening
van hetzelfde hoofdstuk

Aangeraden Waarom deze oefening?

REAL

Poctening 21

Maak een aangeraden oefening
van hetzelfde hoofdstuk

Waarom deze oefening? Wiski denkt dat jouw huidig

1D trust

1D trust

MD trust

MD trust

Jeroen Ooge, Leen Dereu, and Katrien Verbert. 2023. Steering Recommendations and Visualising Its Impact: Effects on Adolescents’ Trust in E-Learning Platforms.
In Proceedings of the 28th International Conference on Intelligent User Interfaces (1Ul '23), 156—170. https://doi.org/10.1145/3581641.3584046
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Maak een aangeraden oefening

van hetzelfde hoofdstuk

Waarom deze oefening? Wiski denkt dat jouw huidig

niveau past bij dat van deze oefening!

Wiski verwacht dat je 1 of 2 pogingen nodig gaat

hebben om oefening 21 juist te maken, gebaseerd op de
> resultaten van jou en je medeleerlingen.

‘0efening 21

Maak een aangeraden oefening
van hetzelfde hoofdstuk

Aangeraden Waarom deze oefening?
N Oefening 27 is aangeraden omdat het
Oefening 27

B

+

Maak oefening 27

algoritme van Wiski dat zo heeft berekend

... of kies zelf je volgende oefening

Naar het cefeningenaverzicht

Aantal pogingen medeleerlingen nodig hadden om

oefening 21 juist op te lossen

leerlingen

1
]

1 2 3 >4 pogingen

nodig
Maak oefening 21

If je volgende oefening

oefeningenoverzicht

"Oefenin

Maak een aangeraden oefening
van hetzelfde hoofdstuk

Wiski raadt de volgende oefening aan

g 27 a

GOOD
Jos

Maak oefening 27

... of kies zelf je volgende oefening

MNaar het oefeningenoverzicht

Visual explanations can increase trust may not
be the most important factor for building it

Jeroen Ooge, Shotallo Kato, and Katrien Verbert. 2022. Explaining Recommendations in E-Learning: Effects on Adolescents’ Trust. In 27th International Conference
on Intelligent User Interfaces (IUl ’22), 93-105. https://doi.org/10.1145/3490099.3511140
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Explainable Al through visualisation

Control

Hoe is je nieuw niveau bepaald?

Wiski schat jouw niveau en de moeilijkheid van oefer ide veranderen bij het oplossen van oefeningen.

g
Je niveau is gestegen na het maken van de reeks oefeningen.

Daarna is het nog extra gestegen door je feedback
Bpen ’

Na feedback

Competent Na resks

How good do you think you are at mathematics?

There is no right or wrong answer. Wiski uses your answer to find suitable exercises for you

' Expert: mathematics holds no secrets for you.
(‘\/ Proficient: you score better than average on mathematics

. @ Competent: you score average on mathematics.

@ A i : basic exercises are not a problem for you.

’ Novice: you often have a hard time understanding mathematics.



o competent

Control: | want other exercises

-:@:- -@



Oefen wiskundeleerstof van de middelbare school

Leren op maat

Honderden meerkeuzevragen over
42 onderwerpen uit de leerstof van
het middelbaar: kies zelf wat je wilt

oefenen

Inloggen ‘ Registreren ’

Ig Oefenen op jouw niveau @ Geef feedback

Niet elke leerling heeft hetzelfde Ben je het niet helemaal eens met
Wiski

beste oefeningen te maken voor

niveau helpt jou om de Wiski? Wiski zal naar je luisteren en

er rekening mee houden

JOuw niveau.




Randomised controlled experiment

Wiski would like additional information from you

You solved a complete series of recommended exercises, congratulations! For the next series, you can give
Wiski additional information so that Wiski knows better how you feel.

What difficulty of exercises would you like?

Easier Similar Harder

Submit feedback

NONE

Wiski would like additional information from you

You solved a complete series of recommended exercises, congratulations! For the next series, you can give
Wiski additional information so that Wiski knows better how you feel o

>
What difficulty of exercises would you like? ek 4 CO N T RO L

o ——

Easier Similar Harder sy g

Submit fesdback

How is your new level determined?

; 6 Wiski would like additional information from you

You solved a complete series of recommended exercises, congratulations! For the next series, you can give
Wiski additional information so that Wiski knows better how you feel.

a d 0 I e S C e n t S What difficulty of exercises would you like? ’:"“ @ C O N T R O L
e @
s : + IMPACT

Easier Similar Harder

Submit feedback

Jeroen Ooge, Leen Dereu, and Katrien Verbert. 2023. Steering Recommendations and Visualising Its Impact: Effects on Adolescents’ Trust in E-Learning Platforms.
In Proceedings of the 28th International Conference on Intelligent User Interfaces (1Ul '23), 156—170. https://doi.org/10.1145/3581641.3584046
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Final questionnaire: control

Control

Q18 Ifeel in control of telling Wiski what I wan
Q19 Idon’t feel in control of telling Wiski what
Q20 Idon’tfeel in control of specifying and cha

Q21  Wiski seems to control my decision process

Preference elicitation

Q22  Wiski provides an adequate way for me to «
Q23 Ifound it easy to tell Wiski about my prefe:
Q24 It is easy to learn to tell Wiski what I like.
Q25 It required too much effort to tell Wiski wh

Preference revision

Q26  Wiski provides an adequate way for me to :
Q27 Ifound it easy to make Wiski recommend ¢
Q28 It is easy to train Wiski to update my prefe:
Q29 Ifound it easy to alter the recommended ex

Q30 It is easy for me to inform Wiski if [ dislike

Q31  Itis easy for me to get a new set of recomn

7-point Likert-type questions + open comments

Final guestionnaire: trust

Competence

Q1 Wiski is like an expert (for example, a teac
Q2 Wiski has the expertise (knowledge) to est
Q3 Wiski can estimate my maths level.

Q4 Wiski understands the difficulty level of m
Q5 Wiski takes my maths level into account w

Benevolence
Q6 Wiski prioritises that I improve in maths.
Q7 Wiski recommends exercises so that I imp:

Q8 Wiski wants to estimate my maths level w

Integrity

Q9 Wiski recommends exercises as correctly a
Q10  Wiski is honest.

Q11 Wiski makes integrous recommendations.

Trust (one-dimensional)
Q12 I trust Wiski to recommend me maths exer

Intention to return
Q13  IfI want to solve maths exercises again, I v
Q14 IfI want to be recommended maths exercis

Transparency

Q15 Tunderstood why the exercises were recon
Q16  Wiski helps me understand why the exerci
Q17  Wiski explains why the exercises are recos

" Trusting beliefs

Jeroen Ooge, Leen Dereu, and Katrien Verbert. 2023. Steering Recommendations and Visualising Its Impact: Effects on Adolescents’ Trust in E-Learning Platforms.
In Proceedings of the 28th International Conference on Intelligent User Interfaces (1Ul '23), 156—170. https://doi.org/10.1145/3581641.3584046

Multidimensional trust
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What are the effects of the control mechanism?

NONE VS. Wiski would like additional information from you

CONTROL You solved a complete series of recommended exercises, congratulations! For the next series, you can give

Wiski additional information so that Wiski knows better how you feel.

Benevolence

Trusting beliefs What difficulty of exercises would you like?
Transparency ®

One-dimens. trust Easier Similar Harder

Multidimens. trust

Preference revision Submit feedback

*p < 0.01, **p < 0.001, non-significant resul

Trust in the e-learning platform Reflection on own mastery Reflection on recommendations

Jeroen Ooge, Leen Dereu, and Katrien Verbert. 2023. Steering Recommendations and Visualising Its Impact: Effects on Adolescents’ Trust in E-Learning Platforms.
In Proceedings of the 28th International Conference on Intelligent User Interfaces (1Ul '23), 156—170. https://doi.org/10.1145/3581641.3584046
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What are the effects of visualising the control’s impact?

NONE VS.

CONTROL VS.

CONTROL+IMPACT CONTROL+IMPACT

Benevolence 0.61 (p = 0.011) 0.45 (p = 0.035)
Trusting beliefs 0.38 (p = 0.042) 0.40 (p = 0.030)
Transparency 1.04 (p = 0.000)** 0.74 (p = 0.002)*
One-dimens. trust 0.78 (p = 0.017) 0.78 (p = 0.020)
Multidimens. trust 0.55 (p = 0.009)* 0.40 (p = 0.039)
Preference revision 0.43 (p = 0.030)

*p < 0.01, p < 0.001 ts (p > 0.5) are greyed out

Trust in the e-learning platform

Reflection

Wiski would like additional information from you

You solved a complete series of 3 For the next series, you can give
Wiski additional information so that Wiski knows better how you feel.

What difficulty of exercises would you like?

’ Similar Harder
How is your new level determined?
Wiski estimates your level and the difficulty of exercises. Both change when solving exercises
Your level remained similar after solving the exercise series Submit feedback
Then, it increased even further because of your feedback.

9

s 4
Proficient

L Anter teedback
e
Betore senes Ayor woving

oy
bogener

S

Solve more exercises on this topic

Understanding through model inspection?

Jeroen Ooge, Leen Dereu, and Katrien Verbert. 2023. Steering Recommendations and Visualising Its Impact: Effects on Adolescents’ Trust in E-Learning Platforms.
In Proceedings of the 28th International Conference on Intelligent User Interfaces (1Ul '23), 156—170. https://doi.org/10.1145/3581641.3584046
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How is your new level determined?

Wiski estimates your level and the difficulty of exercises. Both change when solving exercises.

Your level remained similar after solving the exercise series.
Then, it increased even further because of your feedback

Expert 5'3
L

Proficient “@/°
D:
Competent “\@/°

Advanced
beginner

Novice Z%E

After feedback

After series
Before series

How good do you think you are at mathematics?

Solve more exercises on this topic

' Expert: mathematics holds no secrets for you
@ Proficient: you score better than average on mathematics
@ g‘ Competent: you score average on mathematics

Wiski would like additional information from you
@ Advanced beginner: basic exercises are not a problem for you

s! For the next series, you can give

There is no right or wrong answer. Wiski uses your answer to find suitable exercises for you

? Novice: you often have a hard time understanding mathematics

Control mechanisms do not necessarily increase
trust; showing the impact of control is essential

QT+
o (o]

¢ +

Jeroen Ooge, Leen Dereu, and Katrien Verbert. 2023. Steering Recommendations and Visualising Its Impact: Effects on Adolescents’ Trust in E-Learning Platforms.
In Proceedings of the 28th International Conference on Intelligent User Interfaces (1Ul’23), 156—170. https://doi.org/10.1145/3581641.3584046
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Explainable Al through visualisation

Visual analytics

Transparency

Pasent 1D o ase o Puse 'y
visualization Regon swan Bioodsugar wse Drnkng saas s re High
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healthcare -
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[ ] [} S a—
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can shegherd e v —
T - Tmportant Risk Factors
how? often require y J | ] s
direct explanation explainability Rk Recovery ° [
= =7 3 ey oo Soter
o e - HE re——— e
L e
Maak een aangeraden oefening
Price evolution of b | o e s | @ groscn
i e g van hetzelfde hoofdstuk
Waarom deze oefening? Wiski denkt dat jouw huidig
niveau past bij dat van deze oefening!
Aangeraden
Wiski verwacht dat je 1 of 2 pogingen nodig gaat
hebben om oefening 21 juist te maken, gebaseerd op de
d » resultaten van jou en je medeleerlingen.
Aantal pogingen medeleerlingen nodig hadden om
. oefening 21 juist op te lossen
— Poefening 21
(\/‘m‘\/\/\l\ c“’ﬁ 1 2 3 24 pogingen
e N\ '
Maak oefening 21
... of kies zelf je volgende oefening
8 rdn @ ton B Fonreusierainy ot Pastuncaranty

Naar het oefeningenoverzicl

Control

Hoe is je nieuw niveau bepaald?

Wiski schal jouw niveau en de moeilijkheid van oef

7gen in. Beide veranderen bij hel oplossen van celeningen
Je niveau is gestegen na het maken van de reeks oefeningen
Daarna is het nog extra gestegen door je feedback

Na feedback

Na resks

How good do you think you are at mathematics?

There is no right or wrong answer. Wiski uses your answer to find suitable exercises for you

' Expert: mathematics holds no secrets for you

@‘ Proficient: you score better than average on mathematics
. @ Competent: you score average on mathematics.

’ A i : basic

’ Novice: you often have a hard time understanding mathematics.

are not a problem for you.



@ gevorderde beginner | Volgens mi| is dit nu je level v

Welke moeilijheidsgraad wil je voor de voigende oefeningenreeks

- visualization
e-mmm = Expert §
) | healthcare
& [ === ] Bedreven §
a e -
ompetent §
interaction opportunities adapts
L ] L] beginner §
P R L -
- T Beg
u- & - Wy visual analytics @ @ algorithms. oo, ®

for Al decisions =
L
ostering trust with transparency and control * | e

Waarom deze oefening? Wiski denkt dat jouw huidig
niveau past bij dat van deze oefening!

Aangeraden
Wiski verwacht dat je 1 of 2 pogingen nodig gaat
hebben om oefening 21 juist te maken, gebaseerd op de
R resultaten van jou en je medeleerlingen.
Aantal pogingen medeleerlingen nodig hadden om
- oefening 21 juist op te lossen
Hoe is je nieuw niveau bepaald? Poetening 21
>

Wisii schal jouw niveau en de moeiljiheid van oefeningen in. Beide veranderen bij het |
Je niveau is gestegen na het maken van de reeks oefeningen.
Daama is het nog extra gestegen door je feedback

leerlingen

1

—
1 2 3 24 pogingen

Jeroen Ooge . -9

Wat is de hoofdstad van de staot Florida?

Aantwoord - Becroven @ Maak oefening 21

Jjeroenooge.com oo - o

i; Campeten > Na reeks.
— @ Los Angeles [
\: . [r—
begnner

of kies zelf je volgende oefening

- Limburg e
R 4

l lIII - L= Naar het oefeningenoverzich

How good do you think you are at mathe

Thare s o ight o wiong answor. Wisk usos your answer (0 fnd

Katrien Verbert
augment.cs.kuleuven.be

9 Expert: mathamatcs hoids o sacrets for yo

@ Profclent: you scor betr than average on
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