What Makes Data Visualizations Difficult to Understand?
Not Their Dimensionality, Evidence Shows.
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ABSTRACT

“This is too complicated” is a common criticism of journalistic data
visualizations during editorial production, if the visual is not a sim-
ple chart or map. Data journalists and information designers face a
conundrum: On the one hand, the data and story may require a chart
that can display multiple data dimensions, such as a scatter plot or
a Sankey diagram; on the other hand, practitioners want their au-
dience to understand the chart. However, there is limited research
investigating how people perceive and understand elaborate visual-
ization types. Data from a representative online survey (n=1,041)
indicate that the notion of ‘complicatedness’ is not related to the
number of data dimensions shown. Visualizations showing two,
three, or four dimensions of data perform equally well in users’
evaluations.

Index Terms: Data visualization, Understanding of charts, Data
journalism.

1 INTRODUCTION

Vast amounts of data are generated across all sectors of daily life,
and the COVID pandemic highlighted how important it is for peo-
ple to make sense of this information. Data journalism makes such
data accessible to a broader audience with the help of data visual-
izations, often using familiar formats like bar or line charts. How-
ever, the world’s increasing complexity is also reflected in its data,
which in turn necessitates chart types that can represent more data
dimensions than a simple line or bar chart. Interpreting radar or
Marimekko charts, for example, can require a greater cognitive ef-
fort from viewers, but ideally they also offer deeper insights. A key
question is how well elaborate chart types are understood and when
they might prompt the reaction that it is “too complicated”.

This question touches on aspects covered by different research
areas: visualization literacy, communication theory, design stan-
dards, and complexity research. All these domains shed light on
when (i.e. under which conditions) and how people gain insight
from common chart types [4, 1] and how to design charts well for
users to understand them [5]. However, there appears to be little
research on how people make sense of unfamiliar chart types [6] or
why they sometimes fail to do so. With our work, we aim to eval-
uate if the number of represented data dimensions influences the
affective and cognitive impact of data visualizations.

2 STATE OF THE ART

Previous studies on perception and sensemaking of data visualiza-
tion show the importance of topic interest and emotional involve-
ment [4] as well as familiarity with existing chart interpretation
schemas [2, 6]. Some research suggests that introducing visual
difficulties to data visualizations — while requiring more cognitive

“e-mail: gianna.gruen@tu-dortmund.de
Te-mail: christina.elmer @tu-dortmund.de
*e-mail: marian.doerk @fh-potsdam.de

Christina Elmer®
TU Dortmund University

Marian Dérk*
Potsdam University of
Applied Sciences

effort — may aid the understanding process, for example by prompt-
ing more accurate or less superficial interpretations [3]. However,
most research on the understanding process of data visualizations
either uses chart types with only a few data dimensions or does
not specifically investigate the influence of the number of data di-
mensions represented. Instead, it often focuses on factors such as
unfamiliarity [6], without differentiating between different types of
visualizations and their levels of dimensionality.

3 METHODOLOGY

To investigate how users perceive charts representing multiple data
dimensions, examples from journalistic online media were col-
lected between January and May 2023. These examples were
sourced from the entry lists of the Sigma Data Journalism Awards,
the Global Investigative Journalism Network’s Top 10 DDJ of
the week collection, and via the Datawrapper Dataviz Dispatch
newsletter. All examples were stored in a database, and a subset
was pre-selected for the survey, reviewed among all co-authors, and
refined accordingly. The final survey included 18 examples in total,
covering three levels of data dimensionality. The survey was tested
in a pilot study with students of visualization courses (n=46) and
adjusted, primarily to group related questions and to randomize the
sequence of display for 2D, 3D, and 4D+ visualization examples.

The online panel was conducted by the market research com-
pany Bilendi over seven days in July 2024. Quotas were set for
representativeness regarding age, gender, and education level for
German media consumers. In total, 1,041 complete responses were
obtained. On average, participants took 17 minutes to complete the
survey and received a compensation of 2.20 euros.

4 RESULTS

While the survey data offers a variety of insights, this poster focuses
on how chart types representing multiple data dimensions are per-
ceived, the relationship between perceived and actual insights, the
influence of chart familiarity on both, and the reported obstacles.
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Figure 1: The circles represents the arithmetic mean, the black lines
show the standard deviation. (A) Aggregated users’ perception of
data visualizations (B) Aggregated number of insights users had.

Perception Each survey participant viewed three data visual-
ization examples, one from each level of data dimensionality (2D,
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Figure 2: Influence of chart familiarity on (A) liking, understanding,
and insightfulness, and (B) the number of insights produced.

3D, 4D+). They were asked to rate each example on a six-point
Likert scale — one scale for whether they like the example (1 =
not at all, 6 = very much), a second one for whether they under-
stand an example, and a third for whether they find it insightful.
As shown in Figure 1 A, visualizations with two (2D), three (3D)
or four (4D+) data dimensions received similar ratings for liking,
understanding, and perceived insightfulness.

Perceived vs. actual insights  After rating each example, par-
ticipants were asked to describe any insights they gained based on
the visualization in free-text form. Responses were subsequently
coded according to the framework established by Stokes et al. [7].
Overwhelmingly and across all dimensionalities, most participants
reported only one insight, as shown in Figure 1 B. Visualizations
with more data dimensions showed greater variability in the num-
ber of insights reported compared to those with fewer dimensions.

Chart familiarity Before evaluating the examples, participants
ranked at least three out of nine different chart types according to
their familiarity, placing the most familiar in the first position. Fig-
ure 2 relates these rankings to participants’ ratings for liking, under-
standing, and perceived insightfulness, and the number of insights.
The results suggest that chart familiarity does not notably influence
any of these measures: charts across all familiarity ranks perform
similar towards on all indicators.

Reported obstacles  After viewing each visualization, assign-
ing the liking, understanding, and insightfulness scores and noting
insights, participants were asked to describe in free text any ob-
stacles they encountered while understanding the chart or having
insights. Responses were manually tagged and clustered.

Table 1: Normalized frequency of mentions of obstacle clusters per
dimensionality (median number of mentions per 100 participants who
saw an example of the respective data dimension)

obstacle cluster 2D 3D 4D+

no obstacles 56 55 55

design 18 23 17
understanding 8 7 11
information density 6 8 9

About half of all participants reported no obstacle whatsoever,
regardless of data dimensionality, as shown in Table 1. When obsta-

cles are reported, design-related issues are reported most frequently.
Again, no significant differences emerged between visualizations
with different numbers of data dimensions.

5 DISCUSSION

Previous research has investigated the role of visual difficulties in
visualizations, but in that context did not particularly look at the
number of data dimensions shown [3]. This study contributes a
new perspective, suggesting that the number of data dimensions —
one potential source of visual difficulty — does not appear to have a
significant impact.

The data shown here does not indicate that a users’ familiarity
with a chart type influences their perception of it or the number of
insights gained. This contrasts with previous studies that highlight
the role of existing graph schemas for understanding a visualiza-
tion [2]. One possible explanation is that participants constructed
schemas for interpreting less familiar chart types when encounter-
ing them in the survey [6], allowing them to gain insights compara-
ble to those from familiar chart types.

Further research will be necessary to explore this hypothesis. A
comparison of the representative online panel data presented here
with the data analysis results of the pilot study (not shown) suggests
that the outcomes may depend on the context in which participants
are asked to evaluate visualizations [4].

6 CONCLUSION

Based on the data analyzed so far, there is no evidence that visual-
izations representing a higher number of data dimensions are per-
ceived as more difficult or complex than visualizations with a lower
number of data dimensions. Participants report obstacles to under-
standing or gaining insights with at similar rates across all levels of
data dimensionality. Furthermore, participants’ familiarity with the
evaluated chart types did not appear to influence either their percep-
tion of the charts or the number of insights they reported.

SUPPLEMENTAL MATERIALS
An overview of the selected examples can be found here.
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