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used to determine the correlation. He also said he would possibly even
want the ability to “define” what moderate and strong correlations are,
indicating that he did not feel comfortable accepting the system defaults.
In contrast, five non-expert users (P6, P7, P9, P11, P12) said that they
liked that the system did not give them complex statistical values and
kept things simple. These mixed reactions suggest exploring design
alternatives such as the use of embedded configurable widgets as a part
of a data fact’s text [18, 38] as an open direction for future work.

Overall, these comments and observations highlight that an impor-
tant consideration when designing NLG-based systems like Voder is
that of trust. While systems need to ensure that they abstract out low-
level details and make information easy for users to consume, they also
need to provide users effective means to understand the system’s reason-
ing for generating content. Furthermore, data facts do not incorporate
domain knowledge and are generated based on heuristically-defined
statistical functions. Correspondingly, by relying solely on system-
generated facts, users may overlook their own domain knowledge and
thus overlook facts they may have found interesting otherwise. Hence,
it is also important that systems clearly indicate that the generated
content is not exhaustive. Regardless of the suite of algorithms used,
systems should not only facilitate but also encourage users to incorpo-
rate external information based on any additional inferences they make
and not rely entirely on system results for decision making.

With the query feature, Voder lets users directly find facts they want
to show about a dataset. Combined with the suggestions of all possible
visualizations to illustrate a fact and embellishments to highlight a fact
in a visualization, Voder gives users tools to communicate their desired
data facts. During the exit interview, P7 stated “you’re allowing for
people to see it the way you intend your presentation to be seen and
I like that” indicating that he liked the ability to select a visualization
of his choice and add multiple embellishments to highlight data facts.
While this was said in a positive sense, the comment also highlights a
potential risk with systems like Voder. While our intention of providing
system-generated data facts and communication alternatives was to
help users make informed choices, users may also unintentionally (or
intentionally) select a highly embellished version of a less suited or a
potentially “deceptive visualization” [31] to communicate a fact. As
recently highlighted by Correll and Heer [8], an important consideration
is how to prevent or at least make users (and audiences) aware of
potentially deceptive visualizations being used to communicate a fact.

6 LIMITATIONS AND FUTURE WORK

Limitations of the current user study. The qualitative study with the
fairly open-ended exploration task helped us collect useful observa-
tional data and participant feedback regarding the use of interactive
data facts. However, these observations and subjective feedback cannot
substitute for a formal evaluation especially to measure the effects of
Voder’s features on aspects such as visualization interpretation. Conse-
quently, isolating specific features of a system like Voder and running
controlled studies to scientifically understand those features and assess
their impact is an important next step.

Integration with partial view specification-based tools. Voder cur-
rently provides a minimalist manual view specification interface and
places more focus on supporting V→F, F→F, F→V transitions as com-
pared to V→V transitions. However, during the study, it was clear that
a better specification interface was required to enable more effective
analysis. Going forward, we believe there is potential in incorporating
Voder’s interactive data facts into a tool like Voyager2 [48] that better
enables visual analysis through its partial specification interface and
organized visualization recommendations. This would allow users to
more easily create visualizations to explore their data and also make
it easier for them to interpret and explore communication-oriented
alternatives for individual visualizations.

Recommending exploratory facts and visualizations based on user
interest. The ability to bookmark data facts in addition to visualiza-
tions can allow recommendation-based visual data exploration tools to
present more personalized suggestions. For example, a bookmarked
data fact like “Japan has highest average MPG” gives the system the

ability to infer not only the attribute (MPG), but also the data case
(Japan), and tasks (find extreme, derived value) a user is interested in.
With this knowledge, a system can then suggest both additional facts
and visualizations that are more tailored to the user’s interest captured
not only in the form of data attributes, but also specific data cases and
analytic tasks. Exploring such recommendation options and the best
practices to present them is another open area for future work.

Integrating NLU and NLG. As stated earlier, there may always be
cases where automatic techniques do not capture what users find inter-
esting in a visualization. Such cases present the opportunity to combine
the ideas presented by natural language interfaces for visualization [39]
which typically focus on natural language understanding (NLU) with
systems that focus on NLG. For example, in Voder’s current version,
user-entered data facts are not automatically processed by the system
(i.e., the system does not suggest embellishment options to highlight a
fact). However, using NLU techniques, systems could provide users
with presentation suggestions based on the facts they enter. Alter-
natively, natural language interfaces that generate a visualization in
response to user utterances can leverage NLG techniques to proactively
help users ask follow-up questions. For instance, if a user query re-
sulted in a colored scatterplot such as that in Figure 2B, the system
could automatically generate follow-up questions regarding correlation
between the visualized attributes or specific groups of points (e.g., “Is
there a group of cars exhibiting a correlation between Acceleration
and Weight?”). Exploring such synergies between NLU and NLG
techniques is an exciting open area for future work.

Generating narratives and facilitating interactive storytelling.
While we have primarily focused on leveraging NLG to interpret and
communicate with basic visualizations, an increasingly common ap-
plication of NLG in visualization is for storytelling. Plug-ins like
Wordsmith [49] are automatically generating explanations (as opposed
to individual data facts) based on visualizations and dashboards created
in Tableau. However, the challenge of a missing ‘visual’ link between
the text and the visualization still persists in these cases. Along the
lines of prior work exploring ways to interactively couple text and visu-
alizations [21, 22, 25, 27], expanding the notion of interactive data facts
to sentences in such explanations and exploring how they could be used
to facilitate interactive storytelling is another open area for future work.
Furthermore, incorporating findings from existing work on sequencing
visualizations [17, 19], future systems could also investigate how to
recommend sequences of facts to convey coherent stories.

7 CONCLUSION

A growing number of NLG-based solutions are being proposed to help
users interpret visualizations and communicate their findings. We ex-
plored how data facts generated by these systems can be treated as
interactive widgets (as opposed to plain text). Through a prototype
of a visualization tool, Voder, we discussed potential applications of
interactive data facts in the context of visual data exploration and com-
munication. Specifically, we showed how interactive data facts aid in
interpretation by dynamically highlighting parts of a visualization they
are referring to. We also demonstrated how systems can present alterna-
tives in the form of visualizations and embellishments to communicate
data facts users are interested in. We reported observations from a
qualitative user study with 12 participants to discuss how interactive
data facts facilitated visualization interpretation and communication.
Based on observed behavior and participant feedback, we also discuss
how interactive data facts afforded varying data exploration strategies
and highlighted potential risks associated with automated data fact
generation systems like Voder.
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[25] B. C. Kwon, F. Stoffel, D. Jäckle, B. Lee, and D. Keim. Visjockey: Enrich-

ing data stories through orchestrated interactive visualization. In Poster

Compendium of the Computation+ Journalism Symposium, volume 3,

2014.

[26] J. Mackinlay, P. Hanrahan, and C. Stolte. Show me: Automatic presenta-

tion for visual analysis. IEEE Transactions on Visualization and Computer

Graphics, 13(6):1137–1144, 2007.

[27] R. Metoyer, Q. Zhi, B. Janczuk, and W. Scheirer. Coupling story to visual-

ization: Using textual analysis as a bridge between data and interpretation.

In Proceedings of ACM IUI, pages 503–507, 2018.

[28] Microsoft power bi. https://powerbi.microsoft.com/en-us/.

[29] Narrative science. https://narrativescience.com/.

[30] C. North. Toward measuring visualization insight. IEEE Computer Graph-

ics and Applications, 26(3):6–9, 2006.

[31] A. V. Pandey, K. Rall, M. L. Satterthwaite, O. Nov, and E. Bertini. How

deceptive are deceptive visualizations?: An empirical analysis of common

distortion techniques. In Proceedings of ACM CHI, pages 1469–1478,

2015.

[32] P. Pirolli and S. Card. The sensemaking process and leverage points for

analyst technology as identified through cognitive task analysis. In Pro-

ceedings of International Conference on Intelligence Analysis, volume 5,

pages 2–4, 2005.

[33] E. Reiter and R. Dale. Building applied natural language generation

systems. Natural Language Engineering, 3(1):57–87, 1997.

[34] D. Ren, M. Brehmer, B. Lee, T. Höllerer, and E. K. Choe. Chartaccent:

Annotation for data-driven storytelling. In IEEE PacificVis, pages 230–239,

2017.

[35] S. F. Roth, J. Kolojejchick, J. Mattis, and J. Goldstein. Interactive graphic

design using automatic presentation knowledge. In Proceedings of ACM

CHI, pages 112–117, 1994.

[36] V. Setlur, S. E. Battersby, M. Tory, R. Gossweiler, and A. X. Chang. Eviza:

A natural language interface for visual analysis. In Proceedings of ACM

UIST, pages 365–377, 2016.

[37] R. R. Springmeyer, M. M. Blattner, and N. L. Max. A characterization of

the scientific data analysis process. In Proceedings of the 3rd Conference

on Visualization ’92, pages 235–242, 1992.

[38] A. Srinivasan, H. Park, A. Endert, and R. C. Basole. Graphiti: Interactive

specification of attribute-based edges for network modeling and visual-

ization. IEEE Transactions on Visualization and Computer Graphics,

24(1):226–235, 2018.

[39] A. Srinivasan and J. Stasko. Natural language interfaces for data anal-

ysis with visualization: Considering what has and could be asked. In

Proceedings of EuroVis, volume 17, pages 55–59, 2017.

[40] A. Srinivasan and J. Stasko. Orko: Facilitating multimodal interaction

for visual exploration and analysis of networks. IEEE Transactions on

Visualization and Computer Graphics, 24(1):511–521, 2018.

[41] Tableau software. https://www.tableau.com.

[42] B. Tang, S. Han, M. L. Yiu, R. Ding, and D. Zhang. Extracting top-k

insights from multi-dimensional data. In Proceedings of ACM SIGMOD,

pages 1509–1524, 2017.

[43] Types of insights supported by power bi. https://

docs.microsoft.com/en-us/power-bi/service-insight-types.

[44] M. Vartak, S. Madden, A. Parameswaran, and N. Polyzotis. Seedb: au-

tomatically generating query visualizations. Proceedings of the VLDB

Endowment, 7(13):1581–1584, 2014.

[45] S. Wehrend and C. Lewis. A problem-oriented classification of visualiza-

tion techniques. In Proceedings of the First conference on Visualization’90,

pages 139–143, 1990.

[46] What is natural language generation? https://

narrativescience.com/Resources/Resource-Library/Article-

Detail-Page/what-is-natural-language-generation.

[47] K. Wongsuphasawat, D. Moritz, A. Anand, J. Mackinlay, B. Howe, and

J. Heer. Voyager: Exploratory analysis via faceted browsing of visualiza-

tion recommendations. IEEE Transactions on Visualization and Computer

Graphics, 22(1):649–658, 2016.

[48] K. Wongsuphasawat, Z. Qu, D. Moritz, R. Chang, F. Ouk, A. Anand,

J. Mackinlay, B. Howe, and J. Heer. Voyager 2: Augmenting visual

analysis with partial view specifications. In Proceedings of the ACM CHI,

pages 2648–2659, 2017.

[49] Wordsmith by automated insights, inc. https://

automatedinsights.com/wordsmith.

[50] Z. Wu and M. Palmer. Verbs semantics and lexical selection. In Pro-

ceedings of the 32nd annual meeting on Association for Computational

Linguistics, pages 133–138, 1994.


