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SOCIAL WORLD:

contracts. social laws. culture. ...

PRAGMATICS:
intentions. communication. conversations.
negotiations, speech acts, ...
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Visualisaties in rapporten
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1. Vis in rapporten

6 tips om je rapporten te
verbeteren met vigrincipes




Tip 1: Maak tabellen inzichtelijk

ALGORITHM

"
B
]
& 5
= w =4 = QL
o = & E § s ®
—_ ] —
£ g £ 2 E ¥ % ¢ 2
9 % 3 R § @ w £ g o el o
Y - |T c B 5 mE cwE v =
o o Y s M E 5 G T — 3 -
T 2|2 " ® LY E FE G o0 E T g o = o
s |l o g v E et 158 8E  E oL
= Eom o om o2 g ¥ 5 B w s £ o 2 5 8 ¢ &
[T 11 o A E ® = L w £ O o S5 o0 9 g
+ fal c £ m 8 = w = @0 ¢ B L O £ ®x = a T =
S o g VU UOQCWLwm O | U WWwxEunn
Abbasloo et al. (2019) . . o @ I
Abdullah et al. (2020) . . . » . s o
Afzal et al. (2011) . . . . .
Yu et al. (2017) . . . . . . .
Zhao et al. (2017) . . .

Hoe kun je patronen
verduidelijken?

Universiteit

Utrecht healthcare WIREs Data Mining and Knowledge Disco%@ryl: e1427https://doi.org/10.1002/widm.1427

Interpretation

Prediction

Anomaly detection

Artificial neural network

Classical statistics

ALGORITHM

Clustering/similarity
Dimension reduction

Classification
Data mining

Feature selection

Segmentation

Other

Abstract/elaborate

Connect

Encode

Explore

Filter

Reconfigure

Select

Shepherd

Abbasloo et al. (2019)
Abdullah et al. (2020)
Afzal et al. (2011)
Alsaad et al. (2019)
Barlowe et al. (2013)
Behrisch et al. (2018)
Borland et al. (2020)
Brunker et al. (2019)
Cao et al. (2011)

Clark et al. (2017)
Dang et al. (2015)
Dingen et al. (2019)
Dixit et al. (2017)

Fang et al. (2017)
Farag et al. (2015)
Feller et al. (2018)
Geurts et al. (2015)
Gotz et al. (2011)

Gotz et al. (2014)

Gotz et al. (2020)

Guo et al. (2020)

Guo et al. (2018)
Herold et al. (2010)
Hinterberg et al. (2015)
Huang et al. (2015)
Huang et al. (2019)
Hund et al. (2016)

Hur et al. (2020)

Ji et al. (2017)

Ji et al. (2019a)

Ji et al. (2019b)
Jénsson et al. (2019)
Kakar et al. (2019)
Klemm et al. (2014)
Klimov et al. (2015)
Kovalerchuk et al. (2012)
Krause et al. (2014)
Krause et al. (2016)
Krause et al. (2018)
Kumar et al. (2015)
Kwon et al. (2018)
Kwon et al. (2019)
Kwon et al. (2020)
L'Yi et al. (2015)

L'Yi et al. (2017)

Lamy and Tsopra (2019)
Li et al. (2012)

Li et al. (2020)

Liao et al. (2017)

Males et al. (2020)
Malik et al. (2015)
Meschonas et al. (2016)
Miiller et al. (2020)
Nauta et al. (2020)
Nguyen et al. (2011)
Nguyen et al. (2012)
Raidou et al. (2016a)
Raidou et al. {2016b)
Riegler et al. (2016)
Santamaria et al. (2008)
Santamaria et al. (2019)
Seo and Shneiderman (2002)
Song et al. (2017)
Spitz et al. (2020)
Stolper et al. (2014)
Verma et al. (2017)

Von Landesberger et al. (2013)
Widanagamaachchi et al. (2017)

Xing et al. (2014)
Yu et al, (2017)
Zhao et al. (2017)

e e

.

-

.
.

ce s

cseeee

.

ee e ee eesecssssscce

s s e sseses ssssse s

s s

.

s e s e

IR

.o

DRI

Jeroen Ooge, Gregor Stiglic, and Katrien Verbert. 2022. Explaining artificial intelligence with visual analytics in


https://doi.org/10.1002/widm.1427

Tip 1: Maak tabellen inzichtelijk

ALGORITHM

"
B
3]
& 5
= w =4 = QL
o = & & § s ®
— 4 -
£ g £ 2 E ¥ % ¢ 2
9 % 3 R § @ w £ g o el o
= = c % 5 o .E c o ¥ [ =
I = b = o m B T 3 -
5 2|l2% % 0 &8 =2 5 o E T = o = £
s |l o g v E et 158 8E  E oL
= Eom o om o2 g ¥ 5 B w s £ o 2 5 8 ¢ &
9 2 m @ =2 ¥ E @ wm £ w £ 0O o & o @ g
< & c £ 8 2 @ = @ o ¥4 0 £ x = @ W L
S o g VU UOQCWLwm O | U WWwxEunn
Abbasloo et al. (2019) . . o @ I
Abdullah et al. (2020) . . . » . s o
Afzal et al. (2011) . . . . . »
Yu et al. (2017) . . . . . . . . o o
Zhao et al. (2017) . . . . . o

Total

Universiteit
Utrecht

11 38 11 18 3 4 5

Interpretation

Prediction

Anomaly detection

| neural network

Classical statistics

ALGORITHM

Clustering/similarity
Dimension reduction

Classification
Data mining

Feature selection

Segmentation

Other

Abstract/elaborate

Connect

Encode

Explore

Filter

Reconfigure

Select

Shepherd

Abbasloo et al. (2019)
Abdullah et al. (2020)
Afzal et al. (2011)
Alsaad et al. (2019)
Barlowe et al. (2013)
Behrisch et al. (2018)
Borland et al. (2020)
Brunker et al. (2019)
Cao et al. (2011)

Clark et al. (2017)
Dang et al. (2015)
Dingen et al. (2019)
Dixit et al. (2017)

Fang et al. (2017)
Farag et al. (2015)
Feller et al. (2018)
Geurts et al. (2015)
Gotz et al. (2011)

Gotz et al. (2014)

Gotz et al. (2020)

Guo et al. (2020)

Guo et al. (2018)
Herold et al. (2010)
Hinterberg et al. (2015)
Huang et al. (2015)
Huang et al. (2019)
Hund et al. (2016)

Hur et al. (2020)

Ji et al. (2017)

Ji et al. (2019a)

Ji et al. (2019b)
Jénsson et al. (2019)
Kakar et al. (2010)
Klemm et al. (2014)
Klimov et al. (2015)
Kovalerchuk et al. (2012)
Krause et al. (2014)
Krause et al. (2016)
Krause et al. (2018)
Kumar et al. (2015)
Kwon et al. (2018)
Kwon et al. (2019)
Kwon et al. (2020)
L'Yi et al. (2015)

L'Yi et al. (2017)

Lamy and Tsopra (2019)
Li et al. (2012)

Li et al. (2020)

Liao et al. (2017)
Males et al. (2020)
Malik et al. (2015)
Meschonas et al. (2016)
Miiller et al. (2020)
Nauta et al. (2020)
Nguyen et al. (2011)
Nguyen et al. (2012)
Raidou et al. (2016a)
Raidou et al. {2016b)
Riegler et al. (2016)
Santamaria et al. (2008)
Santamaria et al. (2019)
Seo and Shneiderman (2002)
Song et al. (2017)
Spitz et al. (2020)
Stolper et al. (2014)
Verma et al. (2017)

Von Landesberger et al. (2013)
Widanagamaachchi et al. (2017)

Xing et al. (2014)
Yu et al, (2017)
Zhao et al. (2017)

s s s s s s s ss sesse o

e e

.

-

.
.

cseeee

.

es oo

e e e

.

IR

.o

DRI

Jeroen Ooge, Gregor Stiglic, and Katrien Verbert. 2022. Explaining artificial intelligence with visual analytics in

healthcare WIREs Data Mining and Knowledge Disco%@ryl: e1427https://doi.org/10.1002/widm.1427



https://doi.org/10.1002/widm.1427

ALGORITHM

statistics

Tip 1: Maak tabellen inzichtelijk

Artificial neural network
ation

Clustering/similarity

Dimension reduction

Feature selection

Segmentation

Abstract /elaborate

Anomaly detection
Other

Interpretation
Data mining
Reconfigure

Prediction
Encode
Explore
Filter

* * | Connect
.

Abbasloo et al. (2019)
Abdullah et al. (2020) . .
Afzal et al. (2011) . .
Alsaad et al. (2019) . . .

Barlowe et al. (2013)
Behrisch et al. (2018)
Borland et al. (2020
ALGORITHM e ot o1 (2019)
Cao et al. (2011)
Clark et al. (2017)
Dang et al. (2015)
Dingen et al. (2019) . .
Dixit et al. (2017)
Fang et al. (2017)
Farag et al. (2015)
Feller et al. (2018)
Geurts et al. (2015)

.
® o o Select

ses e
.
.

secss e
o« .
.
e s
s oo

Gotz et al. (2011)

Gotz et al. (2014)

Gotz et al. (2020)

Guo et al. (2020)

Guo et al. (2018)
Herold et al. (2010)
Hinterberg et al. (2015)
Huang et al. (2015)
Huang et al. (2019) . .
Hund et al. (2016)
Hur et al. (2020) . . .
Jiet al. (2017)

Ji et al. (2019a)

Jiet al. (2019b)

Jansson et al. (2019)
Kakar et al. (2019)
Klemm et al. (2014)
Klimov et al. (2015)
Kovalerchuk et al. (2012)
Krause et al. (2014)
Krause et al. (2016)
Krause et al. (2018)
Kumar et al. (2015)
Kwon et al. (2018) . . - -

Kwon et al. (2019} . . .

Kwon et al. (2020) . . .
L'Yi et al. (2015) . .

L'Yi et al. (2017) . .

Lamy and Tsopra (2019) . .

Li et al. (2012) . . . .

Li et al. (2020) . .
Liao et al. (2017)
Males et al. (2020)
Malik et al. (2015)

Yu ;t al. {Eﬂl?} : . . . . . . = . s @ Moschenas o al. (2016)

Miller et al. (2020)

Nauta et al. (2020 . .

Zhao et al. (2017) . . . . * . Ny
Nguyen et al. (2012)
Raidou et al. (2016a)
Raidou et al. (2016b)

1] 10 - F Riegler et al. (2016)
38 11 13 3 } Santamaria et al. (2008)

2] =B T K
2 B 20 11 b
— - O . Santamarfa et al. (2019)
Seo and Shneiderman (2002)
Song et al. (2017)

nmi

lar
eduction

seessseesscas
.
s e s e e
.

ining

.
.
.
ses e

Imension r

Artificial neural network

Interpretation
Prediction
Anomaly detection
Classical statistics
Classification
Clustering /s

Data m

D

Feature selection
Segmentation
Other
Abstract/elaborate
Connect

Encode

Explore

Filter

Reconfigure

Select

Shepherd

ee e
e

Abbasloo et al. (2019)
Abdullah et al. (2020)
Afzal et al. (2011) . .

T ek

[ ]
-
L ]
L ]
. @
L ]
L] L]
L]
L
L ]
- 8

.
.
.

ses s s s s s s

se s e

.
.

s ee e

ce e
.

.
s s
.

Total

.
ses e

v e

Spitz et al. (2020) . . .
Stolper et al. (2014)
Verma et al. (2017) . .
Von Landesberger ¢t al. (2013)

Widanagamaachchi et al. (2017)

Xing et al. (2014)
Yu et al. (2017)
Zhao et al. (2017)

.
ses e

cesse
.
e
.
.
.

o ¢ o | Shepherd

Total 38 1 )

2 8 20 11 5 3 5
_.I.I.I—--

Universiteie  JE70€N O0ge, Gregor Stiglic, and Katrien Verbert. 2022. Explaining artificial intelligence with visual analytics in
Utrecht healthcare WIREs Data Mining and Knowledge Disco%@ryl: e1427https://doi.org/10.1002/widm.1427



https://doi.org/10.1002/widm.1427

Tip 1: Maak tabellen inzichtelijk

6.1.1. Domain 19830 6.3. ML Processing Phase 198
Biology 2801 Pre-processing / Input 360 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018
Business 191 In-processing / Model 45
Computer Vision 591 Post-processing / Output 1620 -
Computers 6tJ 6.4, Treatment Method 196
Health 3007 !

— Model-agnostic / Black Box 144 0
Humanities B fodelspecific / White B 70
Nutrition S0 specific ite Box (|
Simulation 8] 6.5.1. Dimensionality 199
Social / Socioeconomic 221 2D 19
Other 93] 3D 50
6.1.2. Target Variable 1910 6.5.2. Visual Aspects 19
Binary (categorical) 391 Computed 195
Multi-class (categorical) 128 Mapped 109
Multi-label (categorical) 9] _ _

Continuous (regression problems) 24[] 6.5.3. Visual Granularity 200
Other 3801 Aggregated Information 1831
Instance-based / Individual 146
6.2.1. ML Methods 198 _ _
Convolutional Neural Network (CNN) | 250J|  |6-54. Visual Representation | 199
Deep Convolational Network (DCN) 81 Bar Charts 82[]
Deep Feed Forward (DFF) fog| | BoxPlots 1101
Decp Neural Network (DNN) 1907 Matrix i 501
Deep Q-Network (DQN) 9] Glyphs / Icons / Thumbnails 631
Generative Adversarial Network (GAN) | 10[] Grid-based Approaches 1901
Long Short-Term Memory (LSTM) 301 Heatmaps 4600
Recurrent Neural Network (RNN) 1801 Histograms 561
Variational Auto-Encoder (VAE) 1407 ;f_‘“l"'cilf’m‘“ 52 E
ANE 5
Other (DL method) g e = 15 18 27 28 32 24 74 58 68 62 32

A. Chatzimparmpas, R.M. Matrtins, I. Jusufi, K. Kucher, F. Rossi, and A. Kerren. 2020. The State of the Art in EnharMexghifiredtearning Models with the
Use of Visualization€omputer Graphics Forud9, 3: 718756.https://doi.org/10.1111/cqf.14034

b Universiteit ~ ANQelos Chatzimparmpas, Rafael M. Martins, Ilir Jusufi, and Andreas Kerren. 2020. A survey of surveys on the usdiohvisualizgpreting machine

Utrecht learning modelslnformation Visualizatiod9, 3: 20€233. https://doi.org/10.1177/1473871620904671



https://doi.org/10.1111/cgf.14034
https://doi.org/10.1177/1473871620904671

Tip 1: Maak tabellen inzichtelijk

P3 P8 P6 P5 P10 P9 P1 P4
Understanding the visualisation
Past fit and uncertainty are not understood
Need for control
More control over the prediction model . . .
Need for comparisons
Comparing countries is relevant . . .
Comparing products is relevant . e o o
Comparing prediction models is relevant . .

Need for tailored explanations

Explaining the past data
Explaining the model’s development process .
Explaining the prediction model

Understanding the algorithmic level H oe kU n Je INZI Chte n
Visual components gradually improve mental model kO p p e I en aan | nfo

over de deelnemers?

M Universiceie | JETO0EN O0ge and Katrien Verbert. 2022. Visually Explaining Uncertain Price Predictions in Agrifoo@ehtuseCasStudy.Agriculturel2, 7: 1024.
S Utrecht https://doi.org/10.3390/agriculture12071024



https://doi.org/10.3390/agriculture12071024

% Universiteit

Tip 1: Maak tabellen inzichtelijk

experience with predictive regression

very inexperienced —9 Q
medium \
P8

Understanding the visualisation
Past fit and uncertainty are not understood

VEry EKPEI’IEHCEd

Pe P5 P10 P9 P1 P4

Need for control
More control over the prediction model . . .

Need for comparisons

Comparing countries is relevant . . .
Comparing products is relevant . . o e .
Comparing prediction models is relevant . .

Need for tailored explanations

Explaining the past data . .
Explaining the model’s development process ) .

Jeroen Ooge and Katrien Verbert. 2022. Visually Explaining Uncertain Price Predictions in Agrifoo@ehtistCasStudy.Agriculturel2, 7: 1024.
U Utrecht https://doi.org/10.3390/agriculture12071024

10


https://doi.org/10.3390/agriculture12071024

Tip 2: Structureer met kleur

Universiteit
Utrecht

A | or

prices and uncertainty in the predictions. We evaluated
who are active in different parts of agrifood; collecting :
quantitative data. In particular, we focused on the follo

RQ1 Usability : How user-friendly are the interaction f
in our visual DSS?

RQ2 Usefulness and needs : How useful is our visual
the needs of people active in agrifood?

RQ3 Model understanding : How does visualising u
understanding of the prediction model underlyin

RQ4 Trust : How does visualising uncertain predictis
diction model underlying our visual DSS?

Our research contribution consists of extensively e
perspectives. First, considering our prototype as a pro«

I S [ . Y .S B, IR N S TR IR Ty N S N . SR S

- .
| agric ulture

Article

Visually Explaining Uncertain Price Predictions in Agrifood:

A User-Centred

Jeroen Ooge *' and Katrien

check for
updates

Citation: Ooge, J.; Verbert, K.
Visuall

xplaining Uncertain Price
Predictions in Agrifood: A
User-Centred Case-Study. Agriculture
2022, 12,1024, https://doi.org/
10.3390/agriculture12071024

Academic Editor: Maciej Zaborowicz

Received: 13 June 2022

Published: 14 July 2022

Publisher’s Note: MDPI stays neutral
with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2022 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://
creativecommons.org/licenses/by/

4.0/)

farming [7-9]. While the adoption of such technologies
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B
Abstract: The rise of ‘big data’ in agrifood has increased the need for decision support systems
that harvest the power of artificial intelligence. While many such systems have been proposed,

their uptake is limited, for example because they often lack uncertainty representations and are

rarely designed in a user-centred w. present a prototypical visual decision support system

that incorporates price prediction, uncertainty, and visual analytics techniques. We evaluated our

prototype with 10 participants who are active in different parts of agrifood. Through semi-structured
interviews and questionnaires, we collected quantitative and qualitative data about four metrics:
usability, usefulness and needs, model understanding, and trust. Our results reveal that the first
three metrics can directly and indirectly affect appropriate trust, and that perception differences exist

between people with div

ping experience levels in predictive modelling. Overall, this suggests that
user-centred approaches are key for increasing uptake of visual decision support systems in agrifood.

Keywords: visual analytics; visualisation; uncertainty; explainable artificial intelligence; decision

support systems;

xed-methods; thematic analysis

1. Introduction

Under the impulse of success stories in other domains, artificial intelligence and
‘big data’ are on the rise in agrifood [1], leading to promising research directions such as
Agriculture 4.0 [2] and the broader Agrifood 4.0 [3], pre n agriculture [4-6], and smart
still modest in real-life agrifood
applications [10], it is expected that the wide availability of cloud computing and remote
sensing [11] will further boost their spread [12]. To process the explosive amount of
information in this era of growing digitisation and to make data-grounded decisions,
agrifood stakeholders increasingly need the assistance of decision support systems (DSSs) [2]
that facilitate learning and allow to modify decision processes by integrating domain
knowledge, rather than systems that merely prescribe actions [13,14].

Yet, even though the need for DSSs in agrifood has been acknowledged for over two
decades [13] and many prototypes have been proposed [2,15], the uptake of these systems
has been limited so far. Parker et al. [16,17], Zhai et al. [2], and Rose et al. [18] discussed
several reasons for this low uptake: user interfaces of DSSs are not always user-friendly
and lack visuali
needs or decision-making styles, outputs of

ations, DSSs are not nece:

arily relevant when they do not meet end users’
n miss uncertainty representations, and end

users often distrust DSSs with opaque underlying algorithms. In other words, developers
of DSSs for agrifood face important design challenges such as increasing usability, guarding
usefulne

for end users, and raising appropriate trust in underlying decision models.
Tackling these challenges requires human-centred approaches, which lie at the core
of human—computer interaction (HCI), an interdisciplinary field that connects computer sci-
ence, social sciences, and technology-applying domains such as agrifood. Specifically, HCI
studies how interfaces can be designed and tailored to specific end users or application
contexts to improve user experience, for example [19-21]. Two subdomains of HCI spe-
cialise in visualising complex information and explaining artificial intelligence, respectively.

Jeroen Ooge and Katrien Verbert. 2022. Visually Explaining Uncertain Price Predictions in Agrifoo@ehtustCasStudy.Agriculturel2, 7: 1024.
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thinking out loud (Explore the new component in the visualisation. Explain what you see. What
grabs your attention?); (2) we asked them about their trust and model understanding (Do

very inexperienced you trust the prediction model? Do you understand how the prediction model works? Which parts
of the visualisation made you say that?); and (3) we quantitatively measured their trust.

Finally, after completing all scenarios, participants report 7 77777 T ey sy e mmmm e e T e pammmm iy fEy g AT reer v e
Y P g . . P P P phisticated models. Still, P1 emphasised: “[I] would expect each model to be discussed: why
four concepts related to predictive modelling and answered ad

does this model predict dj t val th d th ing behind that”.
model understanding and usefulness (Which combination(s) oes this model predict different values from another one and the reasoning behind tha

most useful to get insights into the prediction model? Would you like tc I Need for tailored explanations: participants required tailored explanations about

. . .. Aledeaceto oot dunlalibe diata oo cmadiotiom cmadal? Thloodd ciansasaathd different aspects with different levels of detail.
Understanding the visualisation

Past fit and uncertainty are not understood Participants brought up four different aspects for which they needed explanations,
and, interestingly, Table 2 shows that these participants had low to high experience with

Need for control
More control over the prediction model . e« o

Need for comparisons

Comparing countries is relevant Usability Usefulness and needs
éompﬁ rng proj _u‘;_ts s rcl;vla nt levant ; Understanding the visualisation Need for comparisons
OMpaTTRE prediction mode’s 15 reevam _ Visual encoding of information Overall usefulness of the visualisation

Need for tailored explanations ? Interacting with the visualisation Usetulness of the visual components
Explaining the past data Workflow Need for tailored explanations
Explaining the model’s development process Need for control

Explaining the prediction model "> Trust

[_‘Inderstanding the algorithnvlic level Presence of uncertainty Model understanding

Visual components gradually improve mental model Explanations

Understanding the algorithmic level
Mode! understanding% Understanding the outcome level
Model performance Understanding by comparing countries

<
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Participants distributed over the research groups Evolution of participants’ Elo ratings during the experiment
NONE (22), CONTROL (25), and CONTROL+IMPACT (24) Average trend for parficipants in HONE, CONTREOL, and CONTROL+IMPACT
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ims for Attribution & Feature Visualization

) WHERE

Where has deep learning
visualization been used?

on Domains & Madels

ant Research Community

vvnere) 1s given 1S OWI Section 10T dISCUssion, oraered Lo
best motivate why visualization and visual analytics in
deep learning is such a rich and exciting area of research.

Why do we want to visualize deep learning?
Why and for what purpose would one want to use
visualization in deep learning?

-] Who wants to visualize deep learning?
Who are the types of people and users that would use
and stand to benefit from visualizing deep learning?

m What can we visualize in deep learning?
What data, features, and relationships are inherent to
deep learning that can be visualized?
How can we visualize deen learnine?
How can we vi WHY WHO
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When in the di
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WHAT

WHEN WHERE
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Bilal, et al., 2017 [29) TVCG

Bojarski, et al., 2016 [30]

arXiv

Fred Hohman, Minsuk Kahng, Robert Pienta, and Duen Horng Chau. 2019. Visual Analytics in Deep Learning: An InteregatiibeShiext Frontiers EEE
Transactions on Visualization and Computer Graf#c8: 26742693.https://doi.org/10.1109/TVCG.2018.2843369
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Tip 4: Onderdruk bijzaken

Evolution of participants” Elo ratings during the experiment

Table 1: Comparing the research groups with t-tests (Mann- T N
Average trend for participanis in NONE, CONTROL, and CONTROL+IMPACT

Whitney U test for one-dimensional trust). Cells contain the ..

effect sizes (second group mean minus first group mean).

2200
21004
MNONE VS. MONMNE V5. CONTROL VS.
CONTROL CONTROL+IMPACT CONTROL+IMPACT 20007
1900
Benevolence 0.61 (p = 0.011) 0.45 (p = 0.035)
Trusting beliefs 0.38 (p = 0.042) 0.40 (p = 0.030) 1200
Transparency 1.04 (p = 0.000)"* 0.74 (p = 0.002) 1700 -
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) 1800 1 e e ——

Preference revision 0.43 (p = 0.030) 1500 - _;_E__—"—-_—=-'-‘_

*p < 0,01, " p < 0.001, non-significant resulls (p = 0.5) are greyed oul 1400

1300 4

1200 4

11004

1000 4

900 4

Start Ewsscisel Exercise? Controll Exercised Exsrcised Conbrol? ExerciseS Exercisef Control
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Tip 4: Onderdruk bijzaken

Competence Benevolence Integrity Return Transparency 1D Trust Contral Eref Elicitation  Pref. Revision
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Figure 9: Relations between trust-related and control-related constructs. Lower triangle: dot plots with fitted regression lines.

Diagonal: density plot of constructs. Upper triangle: correlations colour-coded by value (*p < 0.01, **p < 0.001). Non-significant
relations (p > 0.05) are greyed out.
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Tip 5: Toon niegeaggregeerde data

Q1. Wiski is like an expert [...] for recommending maths exercises
Q2. Wiski has the expertise (knowledge) to estimate my maths level
Q3. Wiski can estimate my maths level

Q4. Wiski understands the difficulty level of maths exercises wel

Q5. Wiski [considers] my mathe level when recommending exercises

Q6. Wiski prioritises that | improve in maths
Q7. Wiski recommends exercises so that | improve in maths
Q8. Wiski wants to estimate my maths level well

Q9. Wiski recommends exercises as coreclly as possible
210, Wiski s honest
Q11 Wiski makes integrous recommendations.

Q12. | trust Wiski ta recommend me maths exercises

Q135 I want to solve maths exercises again, | will choose Wiski
Q14 If | want recommended maths exercises agaln, | will choose Wiskl

Q15. | understood why the ises were recc d to me
Q16 Wiski helps me und; [why rece s ware suitable]
Q17. Wiski explains why the exercises are recommended to me

Q18. | feel in control of tefing Wiski what | want

Q18. | don't feel in control of teling Wiski what | want

Q20. | don't feel in contrel of specifying and changing my preferences
Q21. Wiski seems to control my decision process rather than me

Q22. Wiski [allows] to express my preferences

Q23. | found it easy to tell Wiski about my preferences
Q24. Itis easy to leamn w tell Wiski what | ke

Q25. It required too much effort to tell Wiski what | ke

Q26. Wiski [allows] to revise my preferences

Q27. | found it easy fo make Wiski recommend different things to me
Q28. It is easy to train Wiski to update my preferences

Q29 | found it easy to alter the recommended exercises [ ]

Q30, It is easy [...] to inform Wiski if | {dis)like recommended exercises

Q31. It is easy for me to get a new =at of recommended exercises

Completely disagree 1l Disagrea

Universiteit

Toon data van Liketiype met

NONE CONTROL CONTROL+IMPACT

s ' Y . 1

2 2 | | 2 |

H g i ]

i | : 1 : |
m

Q26. Wiski [allows] to revise my preferences

Q27. | found it easy to make Wiski recommend different things to me

B Q28. It is easy to train Wiski to update my preferences
- Q29. | found it easy to alter the recommended exercises [...]

: . JQ30. Itis easy [...] to inform Wiski if | (dis)like recommended exercises
=l n . .
Q31. It is easy for me to get a new set of recommended exercises

2
§ Completely disagree 1l Disagree Rather disagree Neutral
H
g
:

BID 4‘0 2‘0 a ZII] 4‘0 Blﬂ 3‘0 1IIIK] SID 4‘0 2ID (I] 2‘0 4‘0 5:0 BID 100 EIO 4‘0 20 (IJ 2‘0 4:1 8‘0 BI{] WéD

Percent of responses Percent of responses Percent of responses
Rather disagree Neutral Rather agree Agree Completely agree 1l

Utrecht In Proceedings of the 28th International Conference on Intelligent User Inteéfdces L

divergerende bar charts

Preference Revision

T T T 1 1T T 1
60 40 20 0 20 40 60 80 100

Percent of responses

Rather agree Agree I Completely agree Il
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Tip 5: Toon niegeaggregeerde data

o

w

Figure 8: Box plots of the responses to the questionnaire in Table 2 for each research group. For visual clarity, the overlaying

Trusting Beliefs

Intention to Return

Transparency

Multidimensional Trust

o

Score
w S
¥
L

Multidimensional Trust

MNOME CONTROL CONTROL
+ IMPACT

Control

NONE CONTROL CONTROL
+ IMPACT

Preference Elicitation

NONE CONTROL CONTROL
+ IMPACT

Preference Revision

R

Sl

T f

NONE CONTROL CONTROL
+ IMPACT

NOME CONTROL CONTROL
+ IMPACT

dot plots are slightly jittered horizontally and vertically.

MOME CONTROL CONTROL
+ IMPACT

CONTROL CONTROL
+ IMPACT

NONE CONTROL CONTROL

+ IMPACT

Jeroen Ooge, Leen Dereu, and Katrien Verbert. 2023. Steering Recommendations and Visualising Its Impact: Effects oin At@#tscdh earning Platforms.
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Tip 6: Verrik visualisaties betekenisvol

6_
> 775 ; ; 7 P4 Welke lijn is wie?
N7 P -

4- / — P2 Info scenarios?
5 — P8 Info deelnemers?
o —— P7
8 3 —— P3
o —— P10
F ~\ g

—— P5

1- J—\ — Pl

0_

1 2 3 4 5 6 7 8
Scenario

M Universiceie | JETO0EN O0ge and Katrien Verbert. 2022. Visually Explaining Uncertain Price Predictions in Agrifoo@ehtuseCasStudy.Agriculturel2, 7: 1024.
U Vtrecht https://doi.org/10.3390/agriculture12071024
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Tip 6: Verrik visualisaties betekenisvol

Pa Welke lijn is wie?

i :
4 / ~7 —— P2 Info scenarios?
: —— P8 Info deelnemers?
a - P7
i 3 fe— P3
) —— P10
= , ‘ I
—— P5
11 J—\ — P1
G_
1 2 3 4 5 6 7 8
Scenario
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Tip 6: Verrik visualisaties betekenisvol

Scenarios with one country Scenarios with two countries

ﬁ_

5 - — P4 Welke lijn is wie?

7 ) Info scenarios?
L — p8 Info deelnemers?
g —— P7
o 31 e P3
o e P10
g 27 o PG

— P5
1 A — P1
0_
1 > 3 4 5 6 7 8
Scenario

M Universiceie | JETO0EN O0ge and Katrien Verbert. 2022. Visually Explaining Uncertain Price Predictions in Agrifoo@ehtuseCasStudy.Agriculturel2, 7: 1024.
S Utrecht https://doi.org/10.3390/agriculture12071024
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Tip 6: Verrik visualisaties betekenisvol

Trust score

Figure 4. Participants’ trust in the prediction model over eight scenarios. Scenarios 1-4 showed data
for one country; Scenarios 5-8 showed data for two countries. Lines are slightly jittered for clarity.
The legend includes the level of experience with predictive regression (. low, Eil§ medium, Ji§ high).

A% Universiteit
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Scenarios with one country Scenarios with two countries

— L
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Jeroen Ooge and Katrien Verbert. 2022. Visually Explaining Uncertain Price Predictions in Agrifoo@ehtustCasStudy.Agriculturel2, 7: 1024.
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Visualisaties in rapporten
Interactieve visualisaties

2. Interactieve vis

Jippie, bewegende vis!

23



Waarom Interactie?

Schaal

Veel datapunten of dimensies

Exploratie

Data verkennen zonder verhas

Storytelling

Visueel verhaal vertellen

Betrokkenheid

Plezier en interesse wekken

24



Interactieve VIS

Touching Bus Ridesttps://www.youtube.com/watch?v=wQpTM7ASe

é‘}“ :”% Universiteit
%{mﬁ Utrecht
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Interactieve vis

M Uoiversiteie | € Making of AcademyScojtps://www.youtube.com/watch?v=pdgKBnalFos
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Interactievormen voor VIS

teit

%ﬂ Utrecht
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SW% Universiteit

W Utrecht Transactions on Visualization and Computer Grad8¢$: 12241231.https://doi.org/10.1109/TVCG.2007.70515

Interactievormen voor VIS

Explorere Welke interactievormen je kiest hangt af van:
A het doel van gebruikers
A de inzichten die je wilt ondersteunen

Connectere
Filteren

Configurere

Encodere

Representatie Interactie

Samenvatten/detaillere

Selectere

Ji Soo Yi, Youn ah Kang, John Stasko, and J.A. Jacko. 2007. Toward a Deeper Understanding of the Role of InterawimnivisdatizationlEEE

28
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A% Universiteit

Interactievormen voor VIS

Statische vis focust meestal
op 1 centrale boodschap

>
Analyseren
Exploratief

Samenvatten/detaillere

Selectere

4 Ji Soo Yi, Youn ah Kang, John Stasko, and J.A. Jacko. 2007. Toward a Deeper Understanding of the Role of InterawimniVisudafizationlEEE
S Utrecht Transactions on Visualization and Computer Grad8¢$: 12241231.https://doi.org/10.1109/TVCG.2007.70515
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Selecteren

Duid interessante datapunten aan
Typisch eemerste stapsoor verdere interacties

Voorbeeld traceer een datapunt ® ®

M Goiversiteie J1 S00 Yi, Youn ah Kang, John Stasko, and J.A. Jacko. 2007. Toward a Deeper Understanding of the Role of InterewtmniV isiatizationlEEE
%;T Utrecht Transactions on Visualization and Computer Grad8¢$: 12241231.https://doi.org/10.1109/TVCG.2007.70515
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GitHut

A SMALL PLACE TO DISCOVER LANGUAGES IN GITHUB

2M ACTIVE REPOSITORIES

M

Q212 Q312 Q4/12 Q113 Q2113 Q313 Q413 Q1/14 Q2114 Q314 Q4I114
< Q44 >

REPOSITORY ACTIVE TOTAL PUSHES NEW FORKS OPENED ISSUES
PER REPOSITORY

LANGUAGE REPOSITORIES PUSHES
JavaScript
Java

Python

PER REPOSITORY

C++

C

Shell

C#
Objective-C
R

VimL

Go

Perl
CoffeeScript
TeX

Swift
Scala
Emacs Lisp
Haskell
Lua
Clojure
Matlab
Arduinc

Makefile
Groovy
Puppet

Rust

PowerShell

Selectere

NEW WATCHERS APPEARED
PER REPOSITORY IN YEAR

w
in
~
=]
I}
m
n
o
m

GitHut, A small place to discover languages in GitHitps://githut.info
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(GAMEof [HRONES Selectere

Game of Thrones has
shown over 5,000 on-
Causes of Death screen deat.hs_ including Most Episode Appearances
Death Toll a number of major

: ‘ characters . . . .
According to online polis, the most ? , g 1 25 a5 35+

important death scene is the Red 10
Wedding, which saw the deaths of Robb 2 died thi (# episodes appeared in)
Stark (King of the North and Our Hearts), L& Saor Chace e e acay')

his mother Catelyn Stark, and his
pregnant wife, Talisa. Oh, and his

F =
2 -
5 % ,;S
direwolf, Grey Wind o § g" :\,v oY
M 14 characters are in ’ g &
8% - Deceased allegiance with stark oy~ &
| &
\ L
oo I I
/ ot
/ R
Show Deceased ¢ ‘Q,"e e
52"
‘0
a \ = wo(\\\
Allegiances by \ =— = oo Se®
Gender W\ e e S
Game of Thrones is groundbreaking S 7— . 1 podrick Payne

in its cast of both strong male and
female characters. Emilia Clarke’s
Daenerys has become so popular,
146 baby girls were named Khaleesi
in 2013

lc
m,
7 g
Show Male Characters %66

Game of Thrones is so

o - - popular that it has
House Allegiances -~ 2 2 broken illegal downioad
5 - = world records—the
' . . . i< 2 2 season 4 finale "The
F ] ? d Children™ had roughly
1 5 10 10+ T o 2 1.5 million downloads
(# major characters in house) B a *

within just the first 12
hours after the finale
aired

Universiteie  V1SU@lIZINg Game of Throngwtps:/github.com/josselyntsai/thronesviz.github.io
Utrecht http://chenhui.li/courses/beadata2023/thronesviz
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Samenvatten/detailleren

Toon meer of minder details

Voorbeeld tooltips GhSNIBASSG FANRBROS

then detailson-demand

o _ Overview first, zoom and filter,
Hier zijn dAetvails over Ahet ) , , then detaillson-demand

Fy3aSRdzZA RS RO Lddzy U X Qverview first, zoom and filter,
@) @ then detailson-demand

® o ® Overview first, zoom and fivlter,

then detailson-RS Y I Y R¢€

O ® O ® Visual InformatiorSeeking Mantra. Ben Schneiderman, 2003.

https://doi.org/10.1016/B9781558609150/50046-9

M Universiteie 1 00 Yi, Youn ah Kang, John Stasko, and J.A. Jacko. 2007. Toward a Deeper Understanding of the Role of InteretamiVisdalizationEEE 33
> Utrecht Transactions on Visualization and Computer Grad8¢$: 12241231.https://doi.org/10.1109/TVCG.2007.70515
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An Extremely Detailed
Map of the 2024 Election

D o0D

By Saurabh Datar, Alex Lemonides, llana Marcus,
Eli Murray, Ethan Singer and Christine Zhang

Updated Jan. 17, 2025
Q Search an address, ZIP code or city

This map shows detailed results from 41 states and
the District of Columbi presenti 3 percent of
all votes cast in the 2024 presidential election. Learn
more about this map »

Candidate

e ’ r - & TS A : 2. -

® Kamala Harris

ALa. @ Donald J. Trump

Margin, in pct. pts.

Ehe Newilork Times Samenvatten/detaillere

Votes Pct 2024 margin
63,454 69% + 41
26,145 29% Harris

e

—— e —
D+75 D+50 D+25 R+25 R+50 R+75

s universiteie -\ EXtremely Detailed Map of the 2024 Electiottps://www.nytimes.com/interactive/2025/us/elections/2024lectionmap-precinctresults.html

¥ Utrecht
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May 5, 2008

Mapping the Human ‘Diseasome’

Researchers created a map linking different diseases, represented by circles, to the genes they have in common, represented by squares.

Related Article: Redefining Disease, Genes and All 1
.o Klassiek zoome

Samenvatten/detaillere

@<,
Za 58
A

ceee®

Sc

Pseudohypo-
© aldosteronism - .'

Alternating
hemiplegia -

childhar
o
/ Slgunes
( r/lsk"\l )
TYPE OF DISEASE SCALE
@ Cancer Connective tissue @ Cardiovascular Endocrine Gastrointestinal Ear, nose, throat Developmental @ Multiple types  Each circle represents a
Bone ® Muscular @ Hematological Immunological @ Nutritional @ Ophthaimological & Neurological Unclassified  disease or disorder and is
Skeletal @ Dermatological @ Renal ® Metabolic ® Respiratory @ Psychiatric scaled in proportion to the

number of genes associated
with that disease.
Sources: Marc Vidal; Albert-Laszlo Barabasi; Michael Cusick;

Proceedings of the National Academy

of Sciences

s www.nytimes.com/interactive/2008/05/05/science/20080506 DISEASE.html
Utrecht
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data visualiztevtion
references network

A navigable selection of sites and
resources about data visualization

© blogs
Q studios
© people
QO tools
©Q books

@& visualisinadata com ra
8 aranhircacinlanv ra
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A datablan ca

@& datavisualization ch ra
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A narcantualadaa ra

A axecalcharts hlna/nosts ra
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8 dailvinfaaranhic com ra
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Data visualization references netwotttps://moebio.com/datavisnetwork
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Encoderen Animatie helpt om

datapunten te volgen

Toon een andere representatie

Universiteie 91 ©00 Yi, Youn ah Kang, John Stasko, and J.A. Jacko. 2007. Toward a Deeper Understanding of the Role of InteremtmniVisiiafizationlEEE
%% Utrecht Transactions on Visualization and Computer Grad8¢$: 12241231.https://doi.org/10.1109/TVCG.2007.70515
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Mandatory

$2.5 trillion

About 70 percent of
budgetary spending is
controlled by existing
laws, including
entittements like
Medicare, Medicaid and
Social Security.

Four Ways to Slice Obama’s 2013 Budget Proposal

Explore every nook and cranny of President Obama's federal budget proposal.

All Spending Types of Spen@f'ng Changes

Department Totals

Discretionary
$1.1 trillion

Only about 30 percent
ofthe budgetis
controlled by the annual
budget process. Last
August, the White
House and Congress
agreed to a cap on this
spending.

Encodere

Chart shows $3.7 trillion authorized to be spent in 2013. (Total spending is estimated fo be $3.8 trillion, including funds autharized in other years). Negative budget authority, which results from
fees or other collections, is shown only on the department totals tab, but is included in other totals

By SHAN CARTER | Send Feedbadk

Office of Management and Budget

C2dzNJ 2 &a G2 {fAOS h ohtdsl/dyimesiconvinteractivef2812/02/18/0spdliirsi2n ibddgetproposalgraphic.html
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Toon datapunten onder gekozen voorwaarden
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Toon gerelateerde datapunten en relaties

Voorbeeld highlight overeenkomstige datapunten in verschillende visualisaties
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