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Presenter Notes
Presentation Notes
Hi everyone! My name is Adam Coscia. I’m a fifth year PhD student at Georgia Tech. Along with my co-authors Ashley, Remco, and Alex, I’m excited to present to you: Preliminary guidelines for combining data integration and visual data analysis



Encode VisualizeMerge

A data integration + visual analytics scenario

Presenter Notes
Presentation Notes
A while back, i was watching analysts merge columns from separate data sources into a single file to visualize in Excel. A pretty standard vis task, I'd say. however, they spent a lot of time on data integration - tasks like copying and pasting columns, cleaning missing data. They spent much less time actually visualizing the data!



Encode VisualizeMerge

A data integration + visual analytics scenario

How can we combine the 
process of data integration
with visual data analysis?

Presenter Notes
Presentation Notes
so I thought to myself, 'what if we combined the process of data integration with visual analytics?' would that speed things up? keep analysts more on task? would anything be lost by doing this?



Merge + Encode Visualize

A data integration + visual analytics scenario

Presenter Notes
Presentation Notes
This might look something like this: having menus for encoding attributes that can also integrate attributes from other files automatically into your current dataset! in other words, instead of thinking about integration issues, you're thinking about visualizing the data instead!



1. Where and how should data integration 
operations be supported in tandem with visual 
analytics operations?

2. How will incorporating data integration into 
an on-going visual analytics process affect 
user behaviors?

Two open research questions

Presenter Notes
Presentation Notes
we synthesized two questions about how to support data integration during visual analytics. First, where and how should data integration operations be supported in tandem with visual analytics operations? Second, how will incorporating data integration into an on-going visual analytics process affect user behaviors?



Goal: Contribute 
preliminary guidelines
for incorporating data 
integration into an active 
visual analytics process

Presenter Notes
Presentation Notes
Our aim in this paper is to contribute preliminary guidelines for incorporating data integration into an active visual analytics process.



Manual “ex-situ” data 
integration with Excel

Automatic “in-situ”
data integration built-inVS

Presenter Notes
Presentation Notes
To answer these questions, we developed two interface alternatives featuring contrasting approaches to the data preparation and analysis workflow



Manual “ex-situ” data 
integration with Excel

Automatic “in-situ”
data integration built-inVS

Presenter Notes
Presentation Notes
A Separated interface featuring manual file-based ex-situ integration as a separate step from visual analytics operations



Manual “ex-situ” data 
integration with Excel

Automatic “in-situ”
data integration built-inVS

Presenter Notes
Presentation Notes
And a Combined interface featuring automatic UI-based in-situ integration merged with visual analytics operations such as encode and filter



Separated Interface
Combined Interface

Study design
• Participants: 16 university students (P1-16)

• Fields: Computer Science (8), Analytics (4), Human-Computer Interaction (2), 
Human-Centered Computing (1), and Industrial Design (1)

• Experience: Tableau (15), Python/Matplotlib (11), R/ggplot2 (6), Microsoft 
Power BI (4), D3.js (2), SAS (2), and AWS Quicksight (1)

• Procedure (counter-balanced interface/task):
• #1 Practice  Task 1/2  Task 2/1     Practice  Task 1/2  Task 2/1

• #2 Practice  Task 1/2  Task 2/1     Practice  Task 1/2  Task 2/1

Presenter Notes
Presentation Notes
With these interfaces, 16 study participants were asked to complete a practice task and two live tasks with each interface. The tasks were to browse for patterns, generate insights, and summarize relationships between attributes distributed across multiple CSV files. Afterwards, participants would de-brief by comparing their thoughts, processes, and insights while using each interface.



Study results  |  Time spent integrating

Separated Interface Combined Interface

Minutes ElapsedMinutes Elapsed
Task: CQ1 

Presenter Notes
Presentation Notes
First, we analyzed the time participants spent integrating by comparing stacked horizontal bar charts, where the height of the bar is the minutes participants spent integrating (in dark pink) versus analyzing data (in light grey). To simplify the results, we’re showing just one pair of charts for 1 of the 4 tasks in our conditions. By comparing time spent integrating (the dark pink bars) between the separated and combined interfaces, we found participants exhibited several unique integration strategies. Many participants would integrate all their attributes up front, or in a few intervals throughout the session, in both interfaces. This was expected, as this is the classic workflow that tools like Tableau support



Study results  |  Time spent integrating

Separated Interface Combined Interface

Minutes ElapsedMinutes Elapsed
Task: CQ1 

Presenter Notes
Presentation Notes
Some participants exhibited a unique strategy – they exclusively visualized data on the fly on purpose using in-situ integration, spending little to no time explicitly integrating data.



Study results  |  Time spent integrating

Presenter Notes
Presentation Notes
We then computed bootstrapped confidence intervals of the total task time and percentage of time spent integrating between interfaces. By comparing these times with time spent integrating, a surprising pattern emerged. Interface and task type did not significantly affect total task time…



Study results  |  Time spent integrating

Presenter Notes
Presentation Notes
but those with the combined interface were spending much less time integrating data and more time encoding and visualizing it. 



Study results  |  Attribute interactions

Presenter Notes
Presentation Notes
We then compared this with total interactions and found a similar number of interactions between interfaces, further suggesting that participants may have been uniquely allocating their time differently between interfaces, potentially spending more time analyzing data in the combined interface!



Study results  |  Participant behaviors
• Satisficing

• Some participants prioritized insight generation over data processing, 
potentially missing important attributes

• While others used integration to gain additional insights at the cost of speed

“I had less time to decide which attributes 
to use and spent more time pre-

processing data. I prefer the [Combined]
interface more. In visual data analysis, it’s 

more important to gain insights.” - P5

“In terms of accuracy and insights, the 
[Separated] interface was better. For 

workflow, the simplicity of the [Combined]
interface was better... I think it all comes 

down to how much you trust the data.” - P9

Presenter Notes
Presentation Notes
We also observed user’s analytical behaviors related to satsificing and exhibiting bias from a sensemaking perspective. For satisficing, many participants felt tension between time and accuracy, even though we allowed unlimited time to analyze the data. While many felt in-situ integration simplified analysis, it may affect the balance of sensemaking that proceeds under time constraints and data overload.



Study results  |  Participant behaviors
• Exhibiting bias

• Some participants visualized the same subset of “familiar” attributes even 
when integrating new ones was a single click (confirmation bias)

• Others explicitly stuck to their initial integrated set of attributes (anchoring)

“When I work on visualizations, I think of it as a two-step process: I find the 
attributes first, then make the visualizations. Otherwise, it’s a lot to keep 
track of and think about... I’m just in the habit of making my list before
visualizing... I think of the tasks as separate... I think my experience in 

Tableau makes me expect to have to connect data in sheets first.” - P9

Presenter Notes
Presentation Notes
For bias, we observed examples of confirmation bias and anchoring effects, particularly when participants would integrate first and then analyze their data. Importantly, these biases persisted even when our interface afforded integration with a single menu click! We believe this mirrors the common expectation of mentally separating data integration and analysis, as P9 points out.



1. Show where and how data are being integrated

2. Use in-situ integration for exploring the space of attributes

3. Balance manual and automated approaches

Discussion  |  Design guidelines

Presenter Notes
Presentation Notes
With our results, we synthesized three guidelines for designing future visual analytics interfaces that can support integrating attributes throughout an active analysis process: (1) show where and how data are being integrated; (2) use in-situ integration for exploring the space of attributes; and (3) balance manual and automated approaches.



1. Show where and how data are being integrated
2. Use in-situ integration for exploring the space of attributes
3. Balance manual and automated approaches

Discussion  |  Design guidelines

“In the [Separated] interface, I had to 
manage column names and [avoid] 

manual errors… I feel like the [Combined]
interface would do a better job of 

overcoming [copy-and-paste errors].” - P1

Challenge: “Anonymous” integration Solution: Integration “pop-up” windows
Cashman et al. 2020 CAVA

Presenter Notes
Presentation Notes
Providing transparency in data integration is vital. Participants often trusted "anonymous” integration, where potential join errors are hidden by the interface. Yet outcomes from such integration could be dangerous if not carefully evaluated. Systems like Cashman et al.'s CAVA solve this by showing a pop-up explaining the join process before final integration.



1. Show where and how data are being integrated
2. Use in-situ integration for exploring the space of attributes
3. Balance manual and automated approaches

Discussion  |  Design guidelines

“I would often look for just the 
attributes I felt like were relevant to the 

task. I ignored the rest because I had 
to go through the tables to find them [in 

the Combined interface].” – P10

Challenge: Too many attributes Solution: Automatically determine 
subset of relevant attributes to show

1. Limit the number of in-situ attributes 
shown at once (attributes on demand)

2. Use semantic relevance to suggest 
related attributes (e.g., with a 
knowledge graph)

Presenter Notes
Presentation Notes
However, some participants felt tension between exploring all attributes and satisficing. Systems that automatically select relevant attributes could alleviate pressures, either by offering more attributes on demand or suggesting related attributes using semantic similarity.



1. Show where and how data are being integrated
2. Use in-situ integration for exploring the space of attributes
3. Balance manual and automated approaches

Discussion  |  Design guidelines

“I copied the values into the 
wrong file because so many 
windows were open [in the 

Separated interface].
That wasted my time.” - P2

Challenge: High cost of integration Solution: Visual data “scents”

“I didn’t know what all attributes 
were [in the Combined interface], 

but I checked the names of the files
for the attributes in order to choose

which attributes to use” - P5

Presenter Notes
Presentation Notes
While in-situ integration can help users spend more time on data analysis, issues from ex-situ integration persisted, such as missing potentially relevant attributes. In our Combined interface, we saw that visual “scents”, like file names, offered users immediate feedback on integration and promoted more data-driven decisions during integration.



1. Show where and how data are being integrated
2. Use in-situ integration for exploring the space of attributes
3. Balance manual and automated approaches

Discussion  |  Design guidelines

“Since I wasn’t the one doing the joins [in the 
Combined interface], it was harder to 

remember the attributes that were available 
to me. I would have remembered them if I 
had to manually join the attributes.” - P2

Challenge: Manual preferred Solution: Provide manual data prep 
for important joins, like in Tableau

Tableau © 2024 Salesforce, Inc.

Presenter Notes
Presentation Notes
Differences in user behaviors between ex-situ and in-situ integration revealed preferences for each approach. Manual integration aided participants in recalling relevant attributes and understanding data better. To ease ex-situ integration pressures, we should provide on-the-fly data preparation when integration is critical for sensemaking.



1. Show where and how data are being integrated
2. Use in-situ integration for exploring the space of attributes
3. Balance manual and automated approaches

Discussion  |  Design guidelines

“It takes a long time to do manual integration. 
When I open a file, I have thoughts about what 
it may contain. It’s not the same operation to 

find and use the attribute, unlike in the 
[Combined] interface.” - P2

Challenge: Automated preferred Solution: Allow data “blending” for 
trivial integration steps, like in Tableau

Tableau © 2024 Salesforce, Inc.

Secondary attributes
Primary attributes

Presenter Notes
Presentation Notes
Alternatively, when integration is trivial, designers should aim for a minimal, fluid design for automated in-situ integration to support users’ concurrent mental processes while maintaining data context. Tableau’s data blending is a great example of this.



Discussion  |  Design guidelines

Data blending in Tableau

1. Combines primary and 
secondary attributes in 
the same interface

2. Blends the data sources 
based on table keys

Secondary attributes
Primary attributes

Tableau © 2024 Salesforce, Inc.

3. Balance manual and 
automated approaches

Presenter Notes
Presentation Notes
Data blending automatically joins secondary attributes into primary tables, maintaining human-in-the-loop control while simplifying integration. This allows users to explore attributes faster and focus more on visualizing data.



1. Show where and how data are being integrated
• Use integration “pop-up” windows to avoid “anonymous” integration
• Show only relevant subset of attributes to avoid satisficing

2. Use in-situ integration for exploring the space of attributes
• Use visual “scents” to support sensemaking during in-situ integration

3. Balance manual and automated approaches
• Provide manual integration for important joins that need verification
• Allow automated integration for trivial steps (e.g., blending in Tableau)

Discussion  |  Design guidelines

Presenter Notes
Presentation Notes
Overall, our guidelines aim to help designers more seamlessly incorporate data integration into visual analytics. Integration should be visible and tailored to user workflows, with visual cues aiding sensemaking, and both manual and automated methods, like Tableau’s data blending, should be preferred at different stages of analysis.



• Where and how should data integration operations be supported in 
tandem with visual analytics operations?
• Several integration strategies: before analysis, on the fly, & switching between

• Time spent on tasks + interactions not significantly different b/w interfaces

• In-situ integration could enable analysts to explore attributes 
faster than analogous ex-situ strategies, leaving more time for 
analysis tasks

Discussion  |  Revisiting our questions

Presenter Notes
Presentation Notes
How do our guidelines relate to the open questions we raised in the beginning? First, in terms of supporting both integration and analysis operations, participants integrated data in several unique ways during analysis, with no significant time difference between interfaces. Thus, in-situ integration may allow for faster exploration of attributes compared to ex-situ methods, freeing up more time for analysis.



• How will incorporating data integration into an on-going visual 
analytics process affect user behaviors?
• Participants used integration to generate and track hypotheses and insights

• Yet we observed satisficing and biases in participants’ analytical behaviors

• Supporting integration in visual analytics tools will require:
• transparency up front about what and how data are integrated

• balancing both automated and manual approaches

Discussion  |  Revisiting our questions

Presenter Notes
Presentation Notes
Second, in terms of effects on user behavior, participants used integration to generate hypotheses and insights, while also revealing patterns of satisficing and cognitive biases. Future visual analytics tools should ensure transparency throughout data integration while balancing both automated and manual methods.



Types of integration
• Deduplication, entity resolution, operation latency, data quality (e.g., missingness)

Task requirements
• Task performance (e.g., correctness), dataset size, performing "real" integration

Users’ experience
• Different analysis backgrounds/experience, effects of familiarity with domain

Discussion  |  Limitations & future work

Presenter Notes
Presentation Notes
Finally, we identified several opportunities for future work that build off the limitations of our study, including types of integration, task requirements, and users’ experience.



Types of integration
• Deduplication, entity resolution, operation latency, data quality (e.g., missingness)

Task requirements
• Task performance (e.g., correctness), dataset size, performing "real" integration

Users’ experience
• Different analysis backgrounds/experience, effects of familiarity with domain

Discussion  |  Limitations & future work

Presenter Notes
Presentation Notes
While this study focused on column concatenation and selection, issues like deduplication and data quality remain underexplored. One way to study these issues could be single-table data wrangling, offering more complex integration tasks and conditions compared alongside UI-based field calculations.



Types of integration
• Deduplication, entity resolution, operation latency, data quality (e.g., missingness)

Task requirements
• Task performance (e.g., correctness), dataset size, performing "real" integration

Users’ experience
• Different analysis backgrounds/experience, effects of familiarity with domain

Discussion  |  Limitations & future work

Presenter Notes
Presentation Notes
Task performance effects were also inconclusive. It's unclear if there's a threshold for changes in user behaviors based on task, dataset, or type of integration.



Types of integration
• Deduplication, entity resolution, operation latency, data quality (e.g., missingness)

Task requirements
• Task performance (e.g., correctness), dataset size, performing "real" integration

Users’ experience
• Different analysis backgrounds/experience, effects of familiarity with domain

Discussion  |  Limitations & future work

Presenter Notes
Presentation Notes
Finally, it's unclear if combining data integration and visual analytics depends on familiarity with software, analysis practices, or the domain of the data. For example, decision-makers may not change their existing routines even if on-the-fly integration is possible. At the same time, our results suggest starting with a single file of attributes may be neither preferable nor realistic.
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Combining Data Integration and 
Visual Data Analysis
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Presenter Notes
Presentation Notes
To read more about our work, you can find the paper, data analysis and code at the QR code above. Thanks for listening!



Study results  |  Time spent integrating
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