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Data Science
• Extract knowledge and 

insights from data, 
often using advanced 
analytics methods 
from:
• Mathematics

• Statistics
• Algorithms

• Machine learning
Src: Kiranshastry - Flaticon

Dhar, V. (2013). Data science and prediction. Communications of the ACM, 56(12), 64-73.



Visualization
Computer-based 
visualization systems 
provide visual 
representations of 
datasets designed to 
help people carry out 
tasks more effectively.

Source: IPCC

https://www.ipcc.ch/assessment-report/ar6/


Why visualize?
• “visual representation”
• replace cognition with 

perception

• “representations of 
datasets”
• details matter, 

summaries can lose 
information
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Matejka, J., & Fitzmaurice, G. (2017). Same stats, different graphs: generating datasets with varied appearance and identical statistics through 
simulated annealing. In Proceedings of the 2017 CHI conference on human factors in computing systems (pp. 1290-1294).



Why visualize?
• Rashomon Effect
• Different models, 

parameters, 
representations, etc. 
can tell different stories

• Visualization can help 
us spot and 
understand reasons for 
these differences

Breiman, L. (2001). Statistical modeling: The two cultures (with comments and a rejoinder by the author). Statistical science, 16(3), 199-231.



Why user in the loop?
• Visualization is not 

necessary if there is a 
trustworthy automatic 
solution

• Augment human 
capabilities, not 
replace

• Many analysis 
problems are 
ill-specified
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Munzner, T. (2014). Visualization analysis and design. AK Peters Visualization Series, CRC Press, Visualization Series. Chp 1
Garrison, L., Müller, J., Schreiber, S., Oeltze-Jafra, S., Hauser, H., & Bruckner, S. (2021). Dimlift: Interactive hierarchical data exploration through dimensional 
bundling. IEEE Transactions on Visualization and Computer Graphics, 27(6), 2908-2922.



Why user in the loop?
• Visualization integral throughout

analysis pipeline to help steer a 
path of inquiry

• Help answer and form new 
questions:
• What do my data look like?
• What are the requirments for 

developing a more complex model?
• What if I remove/adjust this 

parameter?
• Do I trust/can I verify the 

data/model?

Keim, D., Andrienko, G., Fekete, J. D., Görg, C., Kohlhammer, J., & Melançon, G. (2008). Visual analytics: Definition, process, and challenges. 
In Information visualization (pp. 154-175). Springer, Berlin, Heidelberg.



Visualization in YOUR workflow
• Good visualization is 

possible for anyone

• Consider:
• Data
• Users

• Tasks

10

Miksch, Silvia, and Wolfgang Aigner. "A matter of time: Applying a data–users–tasks design triangle to visual analytics of time-oriented 
data." Computers & Graphics 38 (2014): 286-290.



Visual Analysis Framework
• Domain 
• Who are you visualizing for? Yourself?

• Abstraction
• What is shown (data abstraction)
• Why showing (task abstraction)

• Idiom
• How is it being shown

• visual encoding idiom (how do you draw the picture)

• interaction idiom (how do you manipulate the picture)

• Algorithm
• efficient computation to show the picture 

11



What is shown
[data abstraction]
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Data
• 21.11.2022, 11, 58, 2665
• What does/could this sequence of numbers mean? 

13



Data
• 21.11.2022, 11, 58, 2665
• What does/could this sequence of numbers mean? 
• Date, stair flight count, average heart rate, step count  

14



Data Interpretation
• Semantics
• Real world meaning of the data 

• Type
• Structural or mathematical interpretation

• item, link, attribute, position (if in a grid)

• Different from data types in programming languages! 

• Think about operations that are meaningful for each type
• e.g. 22.11/01.11 makes sense if this is a decimal, but not if this is a date

15



Major Data Types

16Munzner, T. (2014). Visualization analysis and design. AK Peters Visualization Series, CRC Press, Visualization Series. Chp 2.



Attribute Types and Ordering
• Item
• Discrete, individual 

entity
• e.g., patient

• “independent variable”

• Attribute
• Property that is 

measured, observed
• e.g., height, BMI 

• “dependent variable”

17Munzner, T. (2014). Visualization analysis and design. AK Peters Visualization Series, CRC Press, Visualization Series. Chp 2.



Table
• Flat table
• Row = item 
• Column = attribute

• Cell = item-attribute pair
• Unique key (possibly 

implicit)

18Munzner, T. (2014). Visualization analysis and design. AK Peters Visualization Series, CRC Press, Visualization Series. Chp 2.



Multidimensional Table 
• Index according to 

multiple keys 

19Munzner, T. (2014). Visualization analysis and design. AK Peters Visualization Series, CRC Press, Visualization Series. Chp 2.



Network
• Nodes (vertices) 

connected by links

• Trees are special case 
of acyclic network
• usually directed

• usually w/roots

20Munzner, T. (2014). Visualization analysis and design. AK Peters Visualization Series, CRC Press, Visualization Series. Chp 2.



Spatial Field
• Attributes associate 

with cells

• Grid subdivides 
continuous domain into 
cells
• e.g. temperature

• Measured or simulated 
data

• Concerns

• Divisions

21Munzner, T. (2014). Visualization analysis and design. AK Peters Visualization Series, CRC Press, Visualization Series. Chp 2.

https://altair-
viz.github.io/gallery/wind_vector_
map.html



Geometry
• Explicit position 

• Shape of items
• Point
• 1D line
• 2D shape

• 3D volume

22Munzner, T. (2014). Visualization analysis and design. AK Peters Visualization Series, CRC Press, Visualization Series. Chp 2.

https://altair-viz.github.io/gallery/choropleth.html



Data Abstraction Steps
1. Identify dataset type(s) and attribute 

type(s)

2. Identify cardinality
1. How many items in dataset?
2. Cardinality of each attribute?

1. Number of levels/segments for categorical 
data 

2. Range of continuous data

3. Consider whether to transform data
1. Determine if necessary according to 

user task

23Munzner, T. (2014). Visualization analysis and design. AK Peters Visualization Series, CRC Press, Visualization Series. Chp 2.



24Munzner, T. (2014). Visualization analysis and design. AK Peters Visualization Series, CRC Press, Visualization Series. Chp 2.



Why showing?
[task abstraction]
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{action, target}
• Action: Analyze, search, query 

• Target: What is being acted on 

• {action, target}”
• Discover distribution

• Compare trends

• Browse outliers 
• Explore topology 
• ...

26



Actions: 
High Level 
Choices
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Brehmer, M., & Munzner, T. (2013). A multi-level typology of abstract visualization tasks. IEEE transactions on visualization and computer 
graphics, 19(12), 2376-2385.



Actions: High Level Choices

28Munzner, T. (2014). Visualization analysis and design. AK Peters Visualization Series, CRC Press, Visualization Series. Chp 3.



Actions: Search
• What does the user 

know? 
• Target
• Location

29Munzner, T. (2014). Visualization analysis and design. AK Peters Visualization Series, CRC Press, Visualization Series. Chp 3.



Actions: Query
• How much of the data 

matters?
• One: identify
• Some: compare

• All: summarize

30Munzner, T. (2014). Visualization analysis and design. AK Peters Visualization Series, CRC Press, Visualization Series. Chp 3.



Targets
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Data <-> Task Abstraction
• Data abstraction required within task abstraction
• Specify targets
• May lead to data transformation (if task requires)

• e.g., species diversity index

• Iterate between data and task abstraction
• Not just a one-way street 

32Munzner, T. (2014). Visualization analysis and design. AK Peters Visualization Series, CRC Press, Visualization Series. Chp 3.
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How showing?
[visual abstraction]
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“A picture is worth a 
thousand words...if you 
know how to read it.” 

35

- Alberto Cairo



Visual Encoding

36Munzner, T. (2014). Visualization analysis and design. AK Peters Visualization Series, CRC Press, Visualization Series. Chp 5.



Marks and Channels 
• Marks
• Represent items or links

• Channels
• Change the 

appearance of marks 
based on attributes

37



Marks for Items
• 0D, 1D, 2D (3D is rarely used)

• Can also indicate links 

38



Channels
• Control appearance of 

marks 

• Channel properties 
differ
• Type and amount of 

information that can be 
conveyed to human 
perceptual system 

39



Analyze idiom structures
Charts can be thought of combinations of marks and channels
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Mark: line

Channel:
vertical position

Mark: point

Channel:
vertical position
horizontal position

Mark:
point

Channel:
vertical position
horizontal position
color (hue)

Mark:
point

Channel:
vertical position
horizontal position
color (hue)
size (area)



Match types
Expressiveness
• match channel type 

to data type

41



What is “best?” 
Effectiveness
• some channels ARE 

better than others 
(perceptually)
• spatial position ranks 

high for both

42



Exercise
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Exercise

44

Source: IPCC

https://www.ipcc.ch/assessment-report/ar6/


Other possibilities?
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Other 
possibilities?
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Source: IPCC

https://www.ipcc.ch/assessment-report/ar6/
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How showing?
[interaction abstraction]

48



Interaction encodings
• Efficiency

• Deal with complexity 
through interactions in 
addition to directly visually 
encoding data 

49



Manipulate 
• Change over time 

• e.g., animated 
transitions 

• Select
• e.g., highlighting

• Navigate
• e.g., pan within a view, 

scrollytelling, reduce 
attributes

50
day_05/basic_charts/linked_scatter_bar.py



Facet
• Juxtapose

• Partition
• e.g., split into 

regions by attributes

• Superimpose
• e.g., map layers 

(roads, terrain)

51

!! Tooltips/rollover are a 
type of faceting – but if 
you employ these, 
assume the user may not 
discover this information 



Design Choices
Coordinated views

52



Coordinated Multiple Views
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Garrison, L., Müller, J., Schreiber, S., Oeltze-Jafra, S., Hauser, H., & Bruckner, S. (2021). Dimlift: Interactive hierarchical data exploration through 
dimensional bundling. IEEE Transactions on Visualization and Computer Graphics, 27(6), 2908-2922.



Reduce
• Filter

• Aggregate

• Embed

Not mutually exclusive!

Can combine these and 
other interaction classes 

54

e.g., DR methods



Derive 
Derived H-index (top 
view)

Can you identify 
other interaction 
techniques in this 
visualization?
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Caveats
• Interaction has a time cost

• Users might not interact as you expect
• NYTimes found that 90% of users don’t interact beyond scrollytelling

(Aisch 2016)

• Cognitive load for remembering prior state

• Controls vs invisible functionality 
• controls may take up valuable real estate

• invisible functionality may be too invisible (no one figures it out)

56
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Summary
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60
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Data abstraction -> Task abstraction -> 
Visual + Interaction Encoding



Next Up
• Visualization in practice 

• After lunch
• Introduction to Vega-Altair
• Mini-project in visualization 
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https://altair-viz.github.io/gallery/index.html



Questions? 
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Further Reading & Acknowledgement
• Web material for Visual Analysis & Design: 

https://www.cs.ubc.ca/~tmm/talks/vadbook
(source material for many slides in this lecture)

64Munzner, T. (2014). Visualization analysis and design. AK Peters Visualization Series, CRC Press, Visualization Series. Chp 2.

https://www.cs.ubc.ca/~tmm/talks/vadbook

