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Lecture Topic Projects
1 Intro and logistics 
2 Basic visualizations and tasks, data types, examples, ethical considerations
3 Data preparation (cleaning, imputation, data set integration) 
4 AI-assisted coding for VIS applications (design, debugging, refactoring) Project #1 out 
5 Big data and data reduction (distance/sim metrics, intro to clustering)
6 High-D data: concept, subspaces, dimension reduction, PCA
7 Cluster analysis:  hierarchical, density, model, embedding, temporal
8 Perception and cognition (human visual system, color, contrast) Project #2(a) out
9 Visual design and aesthetics
10 Visualization of multivariate and high-D data: linear methods, projections 
11 Vis. of multivariate and high-D data: non-linear methods, embeddings
12 Visualization and AI: mutual support and capabilities (VIS4AI, AI4VIS) Project #2(b) out
13 Principles of interaction: drive what is visualized, analyzed & how  (HCI4VIS)
14 Visual analytics, human-centered AI, mixed-initiative & collaborative VA

15 Midterm #1 (tentative date)

16 VA system design and evaluation, the nested model

17 Midterm #1 discussion (tentative date) Final proj. proposal call out
18 Visualization of hierarchical data
19 Visualization of maps and data with geo-reference
20 Vis. of time-varying, time-series, streaming data, progressive visualization Final project proposal due
21 Applications in Visualization Research
22 Applications in Visualization Research
23 Ed Tufte’s principles and critiques, responsible visualization, uncertainty
24 Design of effective infographics Final proj. prelim report due
25 Foundations scientific and medical visualization
26 Intro to volume rendering Bonus project out (Vol Ren)
27 Scientific visualization 
28 Midterm #2 (tentative date)
Final Final project demo on zoom (public) All final proj. materials due



Example (from Kuchar et al. IEEE CG&A May/June 2006)



Question

Why are temporal relationships difficult to discern?  



Time Series Data Are Everywhere

Temporal relationships can be difficult to discern because

• temporal ordering can be hard to determine 

• event may occur in spatially disjoint locations

• what came before what – cause and effect

• what time shifts are acceptable/plausible?

To understand temporal relationships, an analyst:

• might need to reread the paragraph many times 

• needs to cognitively make inferences between pieces of information

Visualization is key to externalize these relationships

• put it all out on “paper” and reason with it



Time is Special

What actually is time?

• how can one work with the metaphor of time’s flow?

• what is the proper formalism that captures the time’s special role in 
reasoning

The time variable is different than the other variables

• people consider it as an independent quantity 

• can’t go back in time

• our perception is that we have no control over it

• time is an ever-present thread that can help tie events together



Time as a Reference Frame

Calendars and time have reference frames

• Gregorian, Greenwich, EDT

Time is also often used in relative terms:

• “today”, “yesterday”, “fortnight”, “before Tuesday”, …

• must normalize different reference systems into a common framework

• but it might be unknown what reference system was used individually

• “This robbery is similar to a crime spree that started on the Chinese 
New Year …” – when is Chinese New Year?

• causes ambiguities, uncertainties, biases, conflicts



Back to Example (from Kuchar et al. IEEE CG&A May/June 2006)



Time: Tasks and Taxonomies

Often asked questions:

• when was something greatest/least?

• is there a pattern?

• are two series similar?

• does a data element exist at time t, and when?

• how long does a data element exist and how often?

• how fast are data elements changing 

• in what order do they appear?

• do data elements exist together?

Different types of time series data:

• discrete vs. interval

• linear vs. cyclic

• ordinal vs. continuous

• ordered vs. branching vs. time with multiple perspectives

W. Mueller and H. Schumann ‘03



Traditional Time Series Visualizations 

NVIDIA stock vs. NASDAQ (from yahoo! finance)  



Fun one… (found in J. Stasko lecture)



Next…

A few good visualization metaphors for time

• there are quite a few of them… 



ThemeRiver (Havre et al., 2002 )

Each vertical line is a stacked bar chart for data at time t 

• assembled into a “river” by ordering the bar charts along t and 
centering them on y for at each t



ThemeRiver (Havre et al., 2002 )

River widens or narrows to depict changes in the collective strength of 
selected themes in the underlying documents. Individual themes are 

represented as colored "currents" flowing within the river.

Example shown here: newspaper themes around the Cuban Missile crisis



Stream Graphs



Stacked Area Charts



Name Voyager (http://www.babynamewizard.com)

also here

https://web.archive.org/web/20210316190212/https:/www.babynamewizard.com/voyager#prefix=&sw=both&exact=false
https://namerology.com/baby-name-grapher/


Question

Can you tell me who is who?

• I tell you all the names there are and the age of each person

• can you assign them? (hint: use the Name Voyager)



Medical Data

Medical data are often displayed along time

• natural to humans

• progression of disease

• appearance of symptoms

• time course of treatment and outcome 

• but also time signals (ECG, blood pressure, etc.)

A popular example is Lifelines and Lifelines2 

• Shneiderman and Plaisant et al.

• http://www.cs.umd.edu/hcil/lifelines/



LifeLines: Patient-Centric



LifeLines2: Pattern-Centric

Goals:

• bring out temporal categorical patterns across multiple records

• categorical event data such as complaints, diagnoses, treatments

• play important roles in health providers decision making

Features

• allows users to manipulate multiple records simultaneously 

• understand relative temporal relationships across records

• 3 operators: align, rank, filter

• temporal summaries allow multiple groups of records to be compared



LifeLines2: Screenshot



Multi-Scale and Abstractions (Aigner at al., IEEE TVCG, 2008)

Deal with different levels 
of detail

• illustrative abstraction

• overview + detail

• used here for medical 
data



Cyclic Patterns

Time data are often cyclic

• spiral displays are good to bring out cyclic patterns

• one period per loop (for example, a year)

sunshine pattern

linear layout radial layout

Weber et al., 2001 



Cyclic Patterns

May have to play around to discover the cycles 

from J. Stasko, lecture notes



Combine Space and Time

OculusInfo Geotime application

• events are represented in an X,Y,T coordinate space 

• the X,Y plane shows geography

• the vertical T axis represents time

• events animate in time vertically through the 3-D space as the time 
slider bar is moved. 

http://www.oculusinfo.com/SoftwareProducts/GeoTime.html



Geotime



Interaction

As complexity increases, interaction capabilities are key

• show more context of what else was going on at that time

• likely have to abstract some of the information

• allow several different levels of detail at once

• allow drill-down for details

• use dashboard design with many linked information displays 

Example: Computer system management

• LiveRAC system (McLachlan et al.)

• next two slides



LiveRAC



LiveRAC



LiveRAC Video

Video

video

https://www.youtube.com/watch?v=ld0c3H0VSkw


Next – Streaming Data

Time series data with no end…



Types of Streaming data

Transaction streams

• credit card, point-of-sale transaction

• at a supermarket, or online purchase of an item

Web click-streams

Social streams

• online social networks such as Twitter

• speed and volume of the stream typically scale super-linearly with the 
number of actors

Network streams

• communication networks contain large volumes of traffic streams

• often mined for intrusions, outliers, or other unusual activity



Challenges (1)

One-pass constraint

• data is generated continuously and rapidly

• it is assumed that the data can be processed only once

• archival for future processing is not possible

• prevents use of iterative mining or model building algorithms that 
require multiple passes over the data

Concept drift, concept evolution, feature evolution 

• data may evolve over time

• various statistical properties, such as correlations between attributes, 
correlations between attributes and class labels, and cluster 
distributions may change over time



Concept Drift

Negative instance

Positive instance

A data chunk

Current hyperplane

Previous hyperplane

Instances victim of concept-drift

Latifur Khan, et al. IBM



Concept Evolution
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CluStream Clustering

The concept drift in an evolving data stream changes the 
clusters significantly over time

• need a clustering algorithm that can deal with this 

• CluStream is such an algorithm

CluStream’s online microclustering clustering stage

• processes the stream in real time to continuously maintain 
summarized but detailed (micro-)cluster statistics of the stream

CluStream’s  offline macroclustering stage 

• further summarizes these detailed clusters 

• provides the user with a more concise understanding of the clusters 
over different time horizons and levels of temporal granularity.



Microclustering Algorithm

There are k microclusters 

• a new data point either needs to be absorbed by a microcluster, or it 
needs to be put in a cluster of its own

Algorithm

• determine distance of the new data point to all current microcluster 
centroids 

• assign the point to the closest cluster and update the statistics

• if the point does not fall within the maximum boundary of any microcluster 
create a new microcluster

• to create this new microcluster, the number of other microclusters must 
be reduced by 1 to free memory availability

• achieve this by either deleting an old microcluster or merging two of the 
older clusters

• decide by examining the staleness (using the time stamp statistics) of the 
different clusters, and the number of points in them

• determine whether one of them is “sufficiently” stale to merit removal

• if no microcluster is stale, then a merging of the two microclusters is 
initiated 



Pyramidal Time Frame

Store microclusters statistics periodically to enable time 
horizon-specific analysis of the clusters

• the microcluster snapshots are stored at varying levels of granularity 
depending on the recency of the snapshot



Progressive Visual Analytics:
Refine Visualizations Over Time



Concept

Enables users to interact with and analyze partial, 

intermediate results of long-running computations rather 

than waiting for complete results.



Key Aspects

Partial Results: 

▪ Algorithms are adapted to output refined results iteratively, 

allowing analysis to begin immediately.

User Steering: 

▪ Analysts can interact with the system to guide computations 

towards relevant data subspaces, prioritizing interesting data 

points before the full analysis finishes.

Improved Efficiency: 

▪ By providing early results, PVA prevents long waiting periods and 

allows users to terminate, adjust, or refine analyses in real-time.



Benefits

User-driven exploration: 

▪ Analysts can pivot quickly based on partial insights, improving 

efficiency.

Handling Big Data: 

▪ Allows visualizing trends in massive datasets where traditional 

full-computation is too slow.

Immediate feedback: 

▪ Reduces the "latency gap" between asking a question and getting 

an answer, leading to more responsive and engaging



Example

Steering by Example: 

▪ Side-by-side view from a progression that uses the ‘steering-by-

example’ approach to steer the computation on the left, compared 

to a progression using random uniform sampling on the right.

M. Hogräfer et al. ACM Trans on Intelligent Systems and Technology, 2022


	Slide 1: cse 564 Visualization and Visual Analytics  Time Varying and Streaming Data
	Slide 2
	Slide 3: Example (from Kuchar et al. IEEE CG&A May/June 2006)
	Slide 4: Question
	Slide 5: Time Series Data Are Everywhere
	Slide 6: Time is Special
	Slide 9: Time as a Reference Frame
	Slide 10: Back to Example (from Kuchar et al. IEEE CG&A May/June 2006)
	Slide 11: Time: Tasks and Taxonomies
	Slide 12: Traditional Time Series Visualizations 
	Slide 13: Fun one… (found in J. Stasko lecture)
	Slide 14: Next…
	Slide 15: ThemeRiver (Havre et al., 2002 )
	Slide 16: ThemeRiver (Havre et al., 2002 )
	Slide 17: Stream Graphs
	Slide 18: Stacked Area Charts
	Slide 19: Name Voyager (http://www.babynamewizard.com)
	Slide 20: Question
	Slide 22: Medical Data
	Slide 23: LifeLines: Patient-Centric
	Slide 24: LifeLines2: Pattern-Centric
	Slide 25: LifeLines2: Screenshot
	Slide 26: Multi-Scale and Abstractions (Aigner at al., IEEE TVCG, 2008)
	Slide 27: Cyclic Patterns
	Slide 28: Cyclic Patterns
	Slide 29: Combine Space and Time
	Slide 30: Geotime
	Slide 31: Interaction
	Slide 32: LiveRAC
	Slide 33: LiveRAC
	Slide 34: LiveRAC Video
	Slide 35: Next – Streaming Data
	Slide 36: Types of Streaming data
	Slide 37: Challenges (1)
	Slide 38: Concept Drift
	Slide 39: Concept Evolution
	Slide 46: CluStream Clustering
	Slide 47: Microclustering Algorithm
	Slide 48: Pyramidal Time Frame
	Slide 49: Progressive Visual Analytics: Refine Visualizations Over Time
	Slide 50: Concept
	Slide 51: Key Aspects
	Slide 52: Benefits
	Slide 53: Example

