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Abstract

Minimalism in data visualization has been espoused by experts such as Edward Tufte for many years.
In this work, minimalism in basic charts, as represented by the data-ink ratio in those charts is
examined. A survey was developed and respondents were asked to provide their perceptions of a series
of barplots and scatterplots on the dimensions of beauty, clarity, effectiveness, and simplicity. Differing
data-ink ratios were presented in the charts, with high data-ink ratio charts representing minimalist
design. Analysis of the survey respondents’ perceptions suggested that visualizations with lower data-
ink ratios were better on each of the dimensions. This finding is in contrast to the philosophy espoused
by Tufte and is in line the findings of other previous work. Conclusions, discussion, and opportunities
for future work are provided.
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1. INTRODUCTION minimalism. This philosophy is described in detail
in Tufte’s well-known text, The Visual Display of

Whether it be in the news media, academic Quantitative  Information (2001). Tufte’s

publications, or student reports, visualizations of
data are commonplace. It is then of critical
importance that the visualizations that are part of
this increased prevalence be subject to scrutiny
with regard to design and effectiveness. The focus
of this work is an analysis of the perceptions
surrounding the application of minimalist design
techniques to data visualizations.

Retired Yale professor Edward Tufte has gained a
widespread reputation and following for his data
visualization expertise. One of his key
visualization philosophies is the application of

minimalist philosophy is rooted in the concept of
the data-ink ratio. This ratio is defined as the ratio
of “ink” that is used in a graphic to display data
to the total ink used to print the graphic.

Figure 1 shows an example of low and high data-
ink ratio visualizations (Haims, 2012). As the
data-ink ratio in a visualization is increased, the
visualization becomes more minimalist in style. A
high data-ink ratio in a visualization is considered,
by Tufte, to be superior. Tufte goes further and
refers to non-data ink or redundant ink as
“chartjunk” (Tufte, 2001). Figure 2 shows a
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graphic from Holmes (1984) that has been cited
as a classic example of chartjunk (Few, 2011).
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Figure 1: Data-Ink Ratio Examples (Low
Ratio at Left, High Ratio at Right)

Figure 2: Chart Junk Example

The core question associated with this research is
then: Is Tufte’s minimalist approach actually
superior? The concept of “superior” is evaluated
in this research in the context of a visualization’s
beauty, clarity, effectiveness, and simplicity.
Such an approach to visualization evaluation is
not entirely new, but this work contributes to the
literature by building upon the work of Inbar et
al. (2007). In particular, this work adds
consideration of scatterplots and an effectiveness
evaluation dimension.

This paper is organized as follows. A brief
overview of the literature related to data
visualization with a specific focus on the use of
Tufte minimalism is provided. The methodology
used in this work is then described. Survey results
are presented and analyzed. The article closes
with a discussion of the implications of the results
and identifies opportunities for future work.

2. LITERATURE REVIEW
Data visualization and the creation of effective

visualizations have been the focus of considerable
work in the literature. For example, Heer et al.

(2010) illustrate the wide variety of potential,
modern visualizations available. Other popular,
modern resources for data visualization include:
Knaflic (2015), Few (2012), and Evergreen
(2016).

The concept of minimalism in data visualizations
has been discussed in the academic literature.
The work most closely related to this work is that
of Inbar et al. (2007). In that article, the
researchers examined Tufte’s philosophy of
minimalism via the data-ink ratio. The 87 survey
respondents (all undergraduate students in
Israel) were presented four bar charts. The bar
charts featured data-ink ratios ranging,
subjectively, from low to high.

The respondents were asked to evaluate each
chart on the basis of the dimensions of beauty,
clarity, and simplicity. Each chart’s effectiveness
was not considered. The results suggested that
respondents preferred charts with lower data-ink
ratios and considered such charts to be more
beautiful, clear, and simple. The researchers offer
a limited view on the potential causes driving
their results.

In their work, Blasio and Bisantz (2002) suggest
that a high data-ink ratio may be effective in
reducing the time needed to recognize an outlier
event in a visualization. They provide
experimental results to support their claim.
Sorensen (1993) found that the presence of a
background image (lower data-ink ratio) on a
chart was detrimental to perceptions of chart
quality. Hullman, Adar, and Shah (2011) suggest
that the use of minimalist concepts are
recommended when preparing graphics that may
be viewed by those with accessibility/disability
concerns.

However, Bateman et al. (2010) suggested that
the use of “chart junk” (lower data-ink ratio) in
the form of overt embellishment of charts
resulted in better recall of the data and did not
adversely impact interpretation of the data. Their
work was driven, primarily, by subjective surveys
with open-ended responses. Similar results were
echoed in work by Li and Moacdieh (2014) and
McGurgan (2015). Borkin et al. (2013) found that
embellished graphs resulted in improved
memorability over graphs that were considered to
be plain or standard. Norman (2008) goes further
than the others in plainly stating that “simplicity
is not the answer”. However, he provides no
empirical evidence to support his assertion.
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In summary, the academic literature on
minimalism and data visualization, provides
conflicting empirical evidence related to
minimalism’s ability to improve a visualization.
This debate has carried over outside of academia
as evidenced by blog postings such as that of
Kosara (2010) that discusses the work of
Bateman et al. (2010). However, most of the
literature seems to suggest that minimalism in
the form of a high data-ink ratio or lack of
embellishment does not improve the quality of a
visualization. This is counter to Tufte’s notion that
such visualizations are superior.

3. METHODOLOGY

This section describes the development of the
visualizations and survey used in this work.

Visualization Development

In contrast to Inbar et al’s. (2007) consideration
of only barplots, two types of charts were created
for this work: barplots and scatterplots. A total of
eight visualizations were developed, four for each
of the two chart types. Plot A for both types of
charts featured the lowest data-ink ratio. Moving
from Plot A to Plot D corresponded to an increase
in data-ink ratio (increased minimalism). Figures
3 and 4 in the Appendix show the four barplots
and scatterplots, respectively. Table 1 shows the
chart elements that were present in each of the
plots. Note that none of the plots contained
embellishments in the style of Holmes (1984).
Rather the plots contained typical chart elements
that might be found in default or near-default
plots generated in Excel.

Plot
Element A B C D

Chart Title X
Chart Shading X
x Axis Label X X X
y Axis Label X X X
Horizontal
Gridlines X X
Vertical Gridlines X
Data Fill X X X

Table 1: Elements of Charts Presented in
Survey

Survey Development

A ten-item survey was created to evaluate
perceptions of the two sets of plots. The survey
was composed of two blocks of four questions per
block (corresponding to each set of plots), plus
two questions concerning basic survey

respondent demographics. Users were presented
both survey blocks, but in random order. Within
the blocks, four plots of the same type were
shown to the user, with the order of plots within
the blocks also randomized. The chart types (bar
plot and scatterplot) were selected for their
perceived popularity, particularly among Excel
users.

The respondents were asked, on a seven-point
Likert scale (Strongly Disagree to Strongly Agree
with Neither Agree nor Disagree as a neutral
option), to evaluate each of the eight plots on the
basis of beauty, clarity, effectiveness, and
simplicity. These terms were not defined for the
respondents, so the respondents were able to
develop their own subjective definitions or
notions for these terms. Note that not providing
definitions for these terms is consistent with Inbar
et al’s. (2007) approach.

Analysis

Data analysis of the survey results was conducted
using the R statistical programming software (R
Core Team, 2015) in the RStudio development
environment (RStudio Team, 2015). The
reshape2 (Wickham, 2016b) and plyr (Wickham,
2016a) packages were used for data preparation.
The R package likert was used to develop
visualizations of the survey responses (Bryer,
Speerschneider, & Bryer, 2016).

4. RESULTS

The survey for this work was distributed to 116
students enrolled in at least one of three courses
(Introduction to Operations Management,
Introduction to Statistics, and Professional
Writing) taught during an academic term in 2017
at a large, regional university in the southeastern
United States. Of these students, 70 (60.3%)
submitted a survey response. Students were
incentivized to complete the survey by being
offered a small amount of bonus credit in their
respective course.

The median age of the respondents was 20 years
with a maximum age of 56 years and a minimum
age of 18 years. Of the respondents, 38 were
indicated that they were female and 32 indicated
that they were male. Eleven of the students were
enrolled in the Professional Writing course, 23 in
Introduction to Operations Management, and 36
in Introduction to Statistics.

Figures 5 and 6 in the Appendix show the
distributions of student survey responses for each
of the plots (A, B, C, and D) for the barplots and
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scatterplots, respectively. Responses are grouped
by the Beauty, Clarity, Effectiveness, and
Simplicity dimensions. These figures suggest that
the survey respondents largely viewed the
minimalist plots (Plots D) as the least beautiful,
clear, effective, and simple. The respondents
found the plots (Plots A), with the lowest data-ink
ratio of the four plots, to be highest rated on each
of the four dimensions.

For the barplots, plots A and B are perceived to
be roughly equivalent on all four dimensions.
Stripping both horizontal and vertical gridlines to
create plot C results in a significant decrease (p
value less than 0.05) as indicated by Fisher’s
Exact Test (Fisher, 1992), on all four dimensions.
For the scatterplots, there are greater differences
in perceptions between the four plots for the
Beauty, Clarity, and Effectiveness dimensions.
Each difference was significant (p value less than
0.05). Plots A, B, and C are perceived similarly on
the Simplicity dimension.

When comparing the plots in aggregate (grouping
responses associated with Plots A, B, C, and D
together), survey respondents perceived that
barplots were better than the scatterplots on each
of the four dimensions. This difference was found
to be significant (p values less 0.05) and is
illustrated in Figure 7 in the Appendix.

Although the researchers did not preconceive that
there would be differences in perceptions by
gender, differences were found. Across all plots,
female students perceived lower levels of beauty
and effectiveness than their male counterparts.
The difference was significant for the simplicity
and effectiveness dimensions. Females tended to
perceive each of the scatterplots as featuring
greater simplicity than the males. Figures 8 and
9 in the Appendix illustrate these differences in
perception. Gender differences in perception of
plot beauty, clarity, effectiveness, and simplicity
may be an interesting extension of this work.

5. CONCLUSIONS AND DISCUSSION

In this work, perceptions of minimalist
approaches to data visualization were examined
via a survey. Respondents were presented with
two sets of four plots and were asked to rate each
plot on perceived Beauty, Clarity, Effectiveness,
and Simplicity. The plots presented similar data,
but were varied in their data-ink ratio.

The results of the survey response analysis
suggest that plots with lower data-ink ratios (less
minimalist) are perceived as superior on each of

the four dimensions. This held true whether the
plots presented were barplots or scatterplots.
These results are in largely in agreement with
previous work by Inbar et al. (2007) on barplots
across the dimensions of Beauty, Clarity, and
Simplicity. The results are contrary to the
philosophy of highly-regarded visualization
expert Edward Tufte.

Despite these findings, questions remain. For
example, why did the survey respondents prefer
the plots with lower data-ink ratios? The authors
of this work have formed a post-analysis
hypothesis This hypothesis suggests that the
respondents are “used” to seeing default plots as
produced by Excel. These plots feature a
moderately low data-ink ratio. For example, the
default barplot (using the same data as in this
work) from Excel is shown in Figure 10. Such a
plot would be familiar to almost any user of Excel.

Average Score

15

10

Figure 10: Default Excel Barplot

A lack of familiarity with minimalist visualizations
with high data-ink ratios may drive respondents
to view these visualizations less favorably. This
hypothesis could provide an opportunity for
future work. Also, survey respondents were not
provided definitions for the terms “beauty”,
“clarity”, “effectiveness”, and “simplicity”. Future
work could examine the potential impact of
providing survey respondents with formal
definitions of these terms. Would reducing the
subjectivity of these terms affect respondent’s
choices?

Additionally, expanding the survey response base
to include additional chart types as well as
respondents of varying age and educational
backgrounds could lead to other findings.
Furthermore, exploration of gender differences in
perception may be of interest to future
researchers.
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Figure 3: Barplots Presented to Survey Respondents
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Figure 4: Scatterplots Presented to Survey Respondents
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Beauty
Al 20% 33% 47%
B 22% 33% 45%
C 34% 34% 32%
D 55% 28% 17%
Clarity
Al 10% 3% 87%
B 10% 7% 83%
C 46% 7% 47%
D 57% 6% 38%
Effectiveness
Al 12% 4% 84%
B 14% 6% 80%
C 45% 7% 48%
D 51% 6% 43%
Simplicity
A 3% 7% 90%
B 3% 4% 93%
C 15% 7% 78%
D 16% 9% 75%
100 50 0 100
Percentage
Strongly disagree Somewhat disagree Somewhat agree Strongly agree
Response _ _ _
Disagree Neither agree nor disagree

Figure 5: Student Survey Responses for Barplots A, B, C, and D (Percentage quantities are
percentage of responses that were negative, neutral, and positive)
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Beauty
Al 32% 29% 39%
B 32% 41% 28%
C 43% 33% 23%
D 65% 29% 6%
Clarity
Al 16% 4% 80%
B 28% 1% 71%
C 38% 6% 57%
D 68% 9% 23%
Effectiveness
Al 23% 7% 70%
B 28% 14% 58%
C 38% 17% 45%
D 67% 14% 19%
Simplicity
Al 16% 7% 77%
B 19% 9% 73%
C 17% 9% 74%
D 24% 16% 60%
100 50 0 50 100
Percentage
Strongly disagree Somewhat disagree Somewhat agree Strongly agree
Response
Disagree Neither agree nor disagree Agree

Figure 6: Student Survey Responses for Scatterplots A, B, C, and D (Percentage quantities
are percentage of responses that were negative, neutral, and positive)
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Beauty

Scatter 43% 33% 24%
Bar 33% 32% 36%

1

Clarity

Scatter 37% 5% 58%
Bar 31% 6% 64%

1

Effectiveness

Scatter 39% 13% 48%
Bar 31% 6% 64%

1

Simplicity

Scatter 19% 10% 71%
Bar 9% 7% 84%

1

100 0 50 100
Percentage
Strongly disagree Somewhat disagree Somewhat agree Strongly agree
Response
Neither agree nor disagree Agree

Figure 7: Student Survey Responses by Dimension, Grouped by Plot Type (Percentage
quantities are percentage of responses that were negative, neutral, and positive)
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Beauty
Male 29% 33% 38%
Female 36% 31% 34%
Clarity
Male 25% 6% 69%
Female 35% 5% 60%
Effectiveness
Male 25% 6% 69%
Female 36% 5% 59%
Simplicity
Male 4% 8% 88%
Female 13% 6% 81%
1
100 0 50 100
Percentage
Strongly disagree Somewhat disagree Somewhat agree Strongly agree
Response _ _
Neither agree nor disagree Agree

Figure 8: Student Survey Responses for All Barplots Grouped by Gender (Percentage
quantities are percentage of responses that were negative, neutral, and positive)
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Beauty
Male 36% 37% 27%
Female 49% 30% 22%
Clarity
Male 34% 7% 59%
Female 40% 3% 57%
Effectiveness
Male 34% 14% 52%
Female 43% 13% 44%
Simplicity
Male 19% 16% 65%
Female 19% 5% 76%
1
100 50 0 50 100
Percentage
Strongly disagree Somewhat disagree Somewhat agree Strongly agree
Response _ _ _
Disagree Neither agree nor disagree Agree

Figure 9: Student Survey Responses for All Scatterplots Grouped by Gender (Percentage
quantities are percentage of responses that were negative, neutral, and positive)
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