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Data & Information 

time

variables
On the one hand, a huge amount of 
highly structured data and information 
is available in working situations and 
the daily life, ...

On the other hand, different 
kinds of data and information 
analysis methods were 
developed to gain more 
insights (information and 
knowledge gains). 

time-oriented, multivariate, irregular sampled, 
having different temporal granularities, qualitative, quantitative, etc.
 structured and unstructured  enriched by meta data



WHY VISUALIZATION?



Anscombe's Quartet

[http://en.wikipedia.org/wiki/Anscombe's_quartet; 
Anscombe, 1973]



Anscombe's Quartet
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Anscombe's Quartet

[http://en.wikipedia.org/wiki/Anscombe's_quartet; 
Anscombe, 1973]



Same Stats, Different Graphs

 The hidden dinosaurs 
[Matejka and Fitzmaurice, 2017]



Visual Analytics – What is it?

James Thomas & Kristin A. Cook 
NVAC (National Visualization and Analytics Center), Seattle, USA

“Visual Analytics 
is the science of analytical reasoning 
facilitated by  
interactive visual interfaces”

[Thomas & Cook 2005] [Keim, et al.  2010]: 
Miksch & Pohl contributions



Visual Analytics – Process
[Keim, et al., 2008]



Visual Analytics – Process
[Keim, et al., 2008]



Background ::: Visualization Models 

[Sacha et al., 2014] 

[van Wijk, 2005] 

[Pirolli & Card, 2005] 

[Wang et al., 2009] 

[Sacha et al., 2014; Ribarsky & Fisher, 
2016]

[Ceneda et al, 2017] 



User-Centered Design

Visual Analytics
Methods

data

goals/tasks users/audienceappropriateness

What?
Data (time & space) 1
Why?
user tasks 2
How?
visualization & interaction 3



Mixed-Initiative Process

A mixed-initiative 
process is an 
approach where both 
humans/users and 
systems can “take 
the initiative” and 
both contribute to the 
process. 



Mixed-Initiative Process
[Ceneda, et al., 2018]
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GUIDANCE-ENRICHED VA



Characterizing Guidance in Visual Analysis

Davide Ceneda, Theresia Gschwandtner, Silvia Miksch

[Ceneda, et al., 2017]

Hans-Jörg Schulz, Christian Tominski

Marc Streit

Thorsten May



Many VA users are overwhelmed …

[Ceneda, et al., 2017]



… by the number of visualizations…

[Ceneda, et al., 2017]



… algorithms …

Algorithms

[Ceneda, et al., 2017]



… and possible parameters

Algorithms

[Ceneda, et al., 2017]



When trying out each and every option
is not possible

[Ceneda, et al., 2017]



We can support users with

Guidance there

[Ceneda, et al., 2017]



Guidelines vs. Guidance vs. Onboarding

Guidelines are applied in the development phase of 
visualizations

Guidance aims to support the user while working with 
visualizations and keep the analysis loop going

Onboarding helps users to learn, interpret, and use the 
applied visualization methods correctly



What is Guidance in VA?

The Short Answer

Guidance is a computer-assisted process that aims to actively 
resolve a knowledge gap encountered by users during an 
interactive VA session.

Based on [Smith and Mosier 1986] [Engels 1996] [Dix et al. 2004]

[Ceneda, et al., 2017]



Guidance is Mixed Initiative
[Ceneda, et al., 2018]



Aspects of Guidance
[Ceneda, et al., 2017]



Aspects of Guidance

[May et al., 2012]
…find interesting data cases

[Ceneda, et al., 2017]



Aspects of Guidance

[Streit et al.2012]
…assist task resolution

[Ceneda, et al., 2017]



Aspects of Guidance

[Bernard et al.2014]
…assist model building

[Ceneda, et al., 2017]



Aspects of Guidance

Input and Output

INPUT OUTPUT

Data

Domain Knowledge

User Knowledge

History

Visualization Images

Answer

Means

To the knowledge gap

Guidance(gap, input)  answer

Goal  Solve Knowledge gap

Knowledge

[Ceneda, et al., 2017]



Aspects of Guidance

Input and Output

INPUT OUTPUT

Data

Domain Knowledge

User Knowledge

History

Visualization Images

Answer

Means

[Ceneda et al.2019]
[May et al., 2011]

Highlighting

to convey guidance

[Ceneda, et al., 2017]



Aspects of Guidance

Input and Output

INPUT OUTPUT

Data

Domain Knowledge

User Knowledge

History

Visualization Images

Answer

Means to convey guidance

Motion

[Ceneda et al.2019]
[Johansson et al., 2005]

[Ceneda, et al., 2017]



Aspects of Guidance

Input and Output

INPUT OUTPUT

Data

Domain Knowledge

User Knowledge

History

Visualization Images

Answer

Means to convey guidance

Glyphs/Forms

[Ceneda et al.2019]
[May et al., 2012]

[Ceneda, et al., 2017]



Aspects of Guidance
[Ceneda, et al., 2017]



Aspects of Guidance

Some Examples

[Ceneda, et al., 2017]

Guidance Degree

N
Orienting

Directing

Prescribing

DEGREE

[Streit et al., 2012]

Alternative actions



Aspects of Guidance

Some Examples

[Ceneda, et al., 2017]

Guidance Degree

N
Orienting

Directing

Prescribing

DEGREE

[Wongsuphasawat et al., 2016]

Recommendation of appropriate visualizations



Aspects of Guidance

Some Examples

[Ceneda, et al., 2017]

Guidance Degree

N
Orienting

Directing

Prescribing

DEGREE

[Ip et al., 2011]

Step-by-step exploration of the most interesting viewpoints



The Computer-Assisted Process

modeled after [van Wijk 2006]

? ?

[Ceneda, et al., 2017]



The Computer-Assisted Process

modeled after [van Wijk 2006]

? ?

[Ceneda, et al., 2017]



The Computer-Assisted Process

Orienting

Directing

Prescribing

[Ceneda, et al., 2017]



An Example : Guided Visual Exploration of 
Cyclical Patterns in Time-Series

Problem: identify cycles in a time series

Solution (guidance): use statistical methods to show where 
such cycles can be found in the data

[Ceneda, et al., 2018]



Guided Exploration of Time-Series

Knowledge Gap
Target unknown (parameters)
Data (find cycles)

Data 

[Ceneda, et al., 2018]



Guided Exploration of Time-Series

Knowledge Gap
Target unknown (parameters)
Data (find cycles)

Input
Data itself
Algorithms 
(Fourier Transform/Chi-sq Periodogram)

Data 

Algorithms 

Possible cycles

[Ceneda, et al., 2018]



Guided Exploration of Time-Series

Knowledge Gap
Target unknown (parameters)
Data (find cycles)

Input
Data itself
Algorithms 
(Fourier Transform/Chi-sq Periodogram)

Output
Indication of possible parameter settings
Encoded in the spiral and in the sliders Parameters

Data 

Algorithms 

Spiral Plot 

Possible cycles

[Ceneda, et al., 2018]



Guided Exploration of Time-Series

Knowledge Gap
Target unknown (parameters)
Data (find cycles)

Input
Data itself
Algorithms 
(Fourier Transform/Chi-sq Periodogram)

Output
Indication of possible parameter settings
Encoded in the spiral and in the sliders

Degree
Orienting guidance Cycles

Parameters

Data 

Algorithms 

Spiral Plot 

Possible cycles

[Ceneda, et al., 2018]



Guidance in Detail

Normal slider Guidance enhanced

Details on demand

SLIDERS

Algorithms

[Ceneda, et al., 2018]



Guidance in Detail

SPIRAL

Getting closer to the cycle, a glow appears around the spiral

[Ceneda, et al., 2018]



[Ceneda, et al., 2018]



GuidedVA: Guidance-Enriched VA for Temporal Data

DoRIAH: Domain-Adaptive Remote Sensing Image 
Analysis with Human-in-the-Loop



UXO Detection from Aerial Images

UXOs … UneXploded Ordnances

[Pérez-Messina, et al. 2024]



UXO Detection from Aerial Images

Guided Visual Analytics for Image Selection 
in Time and Space

[Pérez-Messina, et al. 2024]



Visual Encoding in Time

Images Flight Attacks Timeline User selection

[Pérez-Messina, et al. 2024]



[Pérez-Messina, et al. 2024]



[Pérez-Messina, et al. 2024]



Co-Adaptive Guidance

Learning & Training
[Sperrle, et al. 2020]
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KNOWLEDGE-ASSISTED VA









Data, Information, and Knowledge

Explicit Knowledge
… that can be processed 
by a computer, 
transmitted electronically, 
or stored in a database 

Tacit Knowledge 
… is personal, 
specialized, and can only 
be extracted by a human

Operational Knowledge
how to interact with the 
visualization system

Domain Knowledge 
how to interpret the 
content

[Chen, et al. 2020 - Dagstuhl]



Knowledge-Assisted VA – Approach
[Federico, et al., 2015]



Knowledge-Assisted VA – Processes 

externalization
analysis

exploration

perception
visualization

image
explicit knowledge
tacit knowledge
specification
data

[Federico, et al. 2017]

enhanced [van Wijk 2006]



Characterizing Analysis

U

G

M

simulation

mining

guidance

[Federico, et al. 2017]



CareCruiser Project 

Interactive Exploration of Effects of 
Therapeutic Actions on a Patient’s Condition

Wolfgang Aigner, Theresia Gschwandtner, 
Katharina Kaiser, Silvia Miksch, Andreas Seyfang 

[Gschwandtner, et al., 2010-2011]



CareCruiser
[Gschwandtner, et al., 2010, 2011]

Users
Medical Experts and 
Physicians

Data
Patient Data and 
Treatment Plans 
Data: multivariate, 
abstract
Time: linear, instant

Task
Exploring the Effects of 
Clinical Actions on a 
Patient’s Condition



Communicating Different Aspects with 
Multiple Views



Aligning Clinical Actions



Color-Coding Effects of Actions/Treatments

Distance from intended value range

Slope

Progress from initial value (at start of the treatment)

intended values

far away from 
intended values

bettering

worsening

start value

rise

drop



CareCruiser Video 



CareCruiser

specific interaction techniques
+

task & interaction taxonomies

[CHI09 workshop, VisuExplore project]

[Gschwandtner, et al. : CareCruiser]



IMMV: Interactive Music Mapping Vienna: 
Exploring a City, 1945 up to the Present Day

Paolo Federico, Velitchko Filipov, 
Victor Schetinger, Silvia Miksch

[Filipov 2019]

Susana Zapke, Stefan Schmidl, Rosemarie Burgstaller, 
Paul Lohberger, Georg, Kö, Kathrin Raminger, et al. 

Exiled but not Forgotten: A Visual Analytics Approach 
to Investigate Posthumous Commemoration

PEEK



IMMV

… focus is the valorisation
and the mediation of the 
capabilities of music as an 
urban identification tool. 

The interaction between 
music and urban texture 
(identity, political symbolism, 
mental determination, 
imagination) should be made 
accessible to academic and to 
a wide audience through 
interactive Visual Analytic 
Technologies.



Exiled but not Forgotten …

Users
Domain Experts (Humanist)

Data
Event-based Networks 
Multivariate, abstract
Time: linear, instant 
Space

Task [Brehmer and Munzner, 2013]

Present
Compare 
Explore
Verify

[Filipov, et al. 2021]



Circular: Visualization Prototype
[Filipov, et al. 2021]

Time

Birth Death

Lifespan EventsExile 
period

Events



Circular: Visualization Prototype
[Filipov, et al. 2021]



Circular: Visualization Prototype
[Filipov, et al. 2021]



Circular: Visualization Prototype
[Filipov, et al. 2021]



Circular: Visualization Prototype
[Filipov, et al. 2021]



ArtVis: Dynamic Network Perspectives on 
Digital Art History

Velitchko Filipov, 
Michaela Tuscher, Victor Schetinger, Silvia Miksch

Teresa Kamencek, Raphael Rosenberg 

Mapping the Avantgarde: Visualizing Modern Artists’ 
Exhibition Activity



Mapping the Avantgarde …

Users
Domain Experts (Art Humanist)

Data
DOME
Event-based Networks 
Multivariate, abstract
Time: linear, instant 
Space

Task 
Detecting geospatial and temporal (exhibition) patterns
Grouping/ordering the exhibitions by different attributes
Comparing artists’ exhibition patterns

[Tuscher, et al. 2024]



Database of Modern Exhibitions (DoME)
https://exhibitions.univie.ac.at/

Project by University of Vienna
European Paintings and Drawings between 1905 and 1915

Contains
> 13,000 artists
> 1,300 exhibitions
> 207,000 paintings
> 300 venues

[Rosenberg, et al.]



Geospatial and Temporal Patterns 
Pierre-Auguste Renoir [Tuscher, et al. 2024]



Multiple Perspectives (T3)
Pablo Picasso [Tuscher, et al. 2024]

Exhibition Types City



Multiple Perspectives
Pablo Picasso [Tuscher, et al. 2024]

Interactions



Comparative Analysis
Vassily Kandinsky and Gabriele Münter [Tuscher, et al. 2024]
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Generative AI ... LLM  ::: Visualization

Prompt-to-Vis Systems

Image Synthesis for Vis

[Bertini, 2025]



Generative AI ... LLM  ::: Visualization

Narrative Sequences

Evaluation Results of LLM

[Bertini, 2025]



SWOT

Weaknesses
Limited analytical reasoning & accuracy  hallucination
Computational cost & latency
Biases & interpretable issues
Blackbox nature  VA: transparency & explainability
Unclear domain knowledge integration
Fragmented implementation

Threats
Data privacy & security
Regulatory & ethical challenges
Over-reliance & skill degradation

[Agarwal and Sonbhadra 2025]



Challenges and Opportunities

Agentic Visualization / Visual Analytics

“ … interactive visual analysis systems that 
incorporate autonomous agents (whether AI-driven 
or rule-based) while maintaining human agency in 
the analytical process.” [Dhanoa, et al. 2025]

Task

[Miksch & Aigner, 2014]

What?
data 1
Why?
user tasks 2
How?
visualization & interaction 3



CHALLENGES & OPPORTUNITIES



Challenges & Opportunities

Towards Conceptual Models ::: Visual Analytics
Knowledge-Assisted Visual Analytics

[Federico, et al. 2017]



Challenges & Opportunities

Towards Conceptual Models ::: Visual Analytics
Knowledge-Assisted Visual Analytics
Guidance-Enriched Visual Analytics

[Federico, et al. 2017]

[Cedena, et al. 2019]



Challenges & Opportunities

Towards Conceptual Models ::: Visual Analytics
Knowledge-Assisted Visual Analytics
Guidance-Enriched Visual Analytics

[Federico, et al. 2017]

[Cedena, et al. 2019]

[Miksch & Aigner, 2014]

algorithm

idiom

abstraction

domain

[Brehmer & Munzner, 2013]



Challenges & Opportunities

Towards Conceptual Models ::: Visual Analytics
Knowledge-Assisted Visual Analytics
Guidance-Enriched Visual Analytics

Aspects
Data Quality
Data Provenance
Temporal Uncertainty
Science of Interaction

[Federico, et al. 2017]

[Cedena, et al. 2019]

[Miksch & Aigner, 2014]

algorithm

idiom

abstraction

domain

[Brehmer & Munzner, 2013]



Challenges & Opportunities

Towards Conceptual Models ::: Visual Analytics
Knowledge-Assisted Visual Analytics
Guidance-Enriched Visual Analytics

Aspects
Data Quality
Data Provenance
Temporal Uncertainty
Science of Interaction

Evaluation 
Qualitative 
Quantitative
Heuristics
Multi-steps

IEEE TVCG  25(1):491-500, 2019 



Challenges & Opportunities

Towards Conceptual Models ::: Visual Analytics
Knowledge-Assisted Visual Analytics
Guidance-Enriched Visual Analytics

Aspects
…

Evaluation
…

Explainable *  [van Harmelen, talk, August 2022]
Faithful 
Rational Reconstruction
Constructive 
Social
 How to Evaluate the Quality of Explanation: ???



Challenges & Opportunities

Towards Conceptual Models ::: Visual Analytics
Knowledge-Assisted Visual Analytics
Guidance-Enriched Visual Analytics

Aspects
…

Evaluation
…

Explainable *  [van Harmelen, talk, August 2022]
…

Application domains
Health Care 
Business Intelligence
Digital Humanities – Digital Art History  
Financial Sectors 
other disciplines of Natural, Social, and Economic Sciences



CONCLUSION



Visual Analytics – Process
[Keim, et al., 2008]



Conclusion
Visual Analytics –

Detect the Expected and Discover the Unexpected

Interactive
Visual Analytics

Methods

data

goals/tasks user/audienceappropriateness

What?
Data (time & space) 1
Why?
user tasks 2
How?
visualization & interaction 3
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