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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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Explainable Al through visualisatio
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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

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

Maak oefening 21

... of kies zelf je volgende oefening

Naar het oefeningenoverzicht




Participants preferred data
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Wiski verwacht dat je 1 of 2 pogingen nodig gaat
hebben om oefening 21 juist te maken, gebaseerd op de
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b
oefening 21 juist op te lossen 2
N _ explanation —
Oefening 21

Placebo explanation

leerlingen

1
I

1 2 3 2 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 OogeShotalloKato, and Katrien Verbert. 2022. Explaining Recommendationf iSE Ny A ydY 9FFSOGa 2y ! R2f Sa0SydaQ ¢ NXza ¢
In 27th International Conference on Intelligent User Interfacés; L QOb6ittp&/daparg/10.1145/3490099.3511140



https://doi.org/10.1145/3490099.3511140

Randomised controlled experiment
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Final questionnairetrust

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

Trusteffects

PLACEBO

1D trust

Maak een aangeraden oefening
van hetzelfde hoofdstuk

Aangeraden Waarom deze oefening?

REAL
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MD trust
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Maak een aangeraden oefening
van hetzelfde hoofdstuk

Waarom deze oefening? Wiski denkt dat jouw huidig
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Wiski verwacht dat je 1 of 2 pogingen nodig gaat
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Explainable Al through visualisatio

Control
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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
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Leren op maat
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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

2
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S
g
2
&

CONTROL

Submit feedback

; 6 Wiski would like additional information from you

You solved a complete series of recommended exercises, congratulations! For the next series, you c:

ad O I e S C e n ts Wiski additional information so that Wiski knows better how you feel.

What difficulty of exercises would you like?

8
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H
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Finalquestionnaire:control

Control

Q18 Ifeel in control of telling '
Q19 Idon’tfeel in control of te
Q20 Idon’tfeel in control of sj

Finalquestionnairetrust

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

)
Q21  Wiski seems to control my Q5 Wiski takes my maths level into account w :"q__)

©
Preference elicitation Benevolence o
Q22  Wiski provides an adequa Qo6 Wiski prioritises that I improve in maths. =
Q23 Ifound it easy to tell Wisk Q7 Wiski recommends exercises so that I imp1 2
Q24  Itis easy to learn to tell W o
Q25 It required too much effor Q8 Wiski wants to estimate my maths level w (o
Preference revision Integrity

Q26  Wiski provides an adequa
Q27 Ifound it easy to make W
Q28 Itis easy to train Wiski to
Q29 Ifound it easy to alter the

Q30 It is easy for me to inform

Q31 Itis easy for me to getan

Q9 Wiski recommends exercises as correctly 2
Q10  Wiski is honest.
Q11 Wiski makes integrous recommendations.

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

Intention to return
Q13  If I want to solve maths exercises again, I
Q14 IfI want to be recommended maths exerci:

Transparency
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Q16  Wiski helps me understand why the exerci
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