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Scientific Significance Statement

Humans are visual beings, and everything we look at initiates a cascade of cognitive reactions that hopefully ends in informa-
tion transfer and understanding. Despite relatively well-understood cognitive pathways for visual messaging, scientific figures,
charts, and other visuals are often developed based on familiar conventions that are disconnected from visual best practices.
Fortunately, nearly all figures can be improved with a basic understanding of the characteristics of an effective figure along
with the tools needed to create effective figures.

“Trouble with you is the trouble with me,
got two good eyes but we still don’t see.”

–Robert Hunter

What makes an effective data visualization?
We have all experienced the magnetic pull of colorful,

clear, and informative figures that tell a scientific story. But
we have also looked at scientific figures that resulted in con-
fusion or even elicited an almost visceral negative response.
Why does such a disparity of experiences exist across data
visuals? The answer lies in the ways in which we process
visual information and whether the figure creator has used
techniques that are compatible with this process. Much of
our figure-making experience develops from what we like or
dislike about figures we encounter, or we come across one
of the many (helpful?) articles or graphics illustrating the
‘dos and don’ts’ of figure-making (Kelleher and
Wagener 2011; Rougier et al. 2014; Greenacre 2016; Mid-
way 2020). Yet rarely do we think about why we are drawn
to certain figures or what hidden figure-making rules may

have enabled its creation. Our responses to certain figures
and graphical techniques are generated by known visual
cognitive processes, and such processes have been studied
for decades both in the context of scientific and non-
scientific communication. This article provides suggestions
for making effective scientific visuals in the context of
understanding why these suggestions elicit a more positive
response from the viewer and thus increase the author’s
ability to communicate the scientific message.

How we understand what we see
We all use two cognitive processes to interpret visual

information (Kahneman 2011; Padilla et al. 2018). The first
is the fast, automatic, and impulsive visual system often
referred to as System 1 decision making (or Type
1 processing; Evans and Stanovich 2013). System 1 is the
reason why you can look at Fig. 1a and immediately inter-
pret the relationship between the x and y variables. The
second is System 2 decision making (or Type 2 processing)
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that requires logical, conscious interpretation. When examin-
ing Fig. 1b you are required to compare the individual
relationships for birds and fish to the mean of the relation-
ships, in order to come to a conclusion about the
overall data.

Anything that forces a viewer to engage in unnecessary
conscious thought will reduce the effectiveness of a figure.
Systems 1 and 2 operate simultaneously, and both need to be
anticipated, yet the processes that initially engage a viewer are
derived from System 1. For example, in Fig. 1a all extraneous
information is absent, thus reducing the foreground effect in
which the viewer may focus on only some visual information
and come to an inaccurate conclusion (Stone et al. 1997). Fur-
thermore, there is no clutter, such as a different numbers of
decimal places on the x-axis or superficial colors. Visuals that
minimize conscious thought, and therefore enhance System 1
decision making, are the reason for many of the “dos and
don’ts” seen in publications relating to making scientific
figures.

But we cannot always tell our story with one regression
line, and as such we must consider System 2 as our visuals
take on more information. Yet we still want to reduce the
amount of conscious thought required for System 2 thinking.
One important tactic used to achieve this is to present the
data in a manner that is congruent with the viewer’s expecta-
tion. First described using cognitive fit theory (Vessey 1991;
subsequent review Vessey 2006), the idea of viewer expecta-
tions is congruent with System 2 decision-making in which
the required amount of working memory is increased if the
information is not presented in the manner expected by the
viewer (Padilla et al. 2018). For example, Fig. 1b requires less
conscious thought than if the same information were

presented as a table because we expect information to be pres-
ented as figures when we need to interpret relationships
between variables. Conversely, we expect data to be presented
in a table if we need to extract individual or specific numbers.
To continue our examination of Fig. 1b, there are again no
distracting errors that require unnecessary cognitive
processing—the focus of the viewer is on interpreting the
difference between the three lines presented. You are able
interpret the figure without too much thinking because
(1) the bird and fish data are labeled with different words,
use different line formats, and are presented using colors
that differentiate them from each other (and also from the
mean), and (2) you can interpret the range of data com-
pared to the average trend lines for bird and fish because
both the individual data points and average lines are pres-
ented. The ease of figure interpretation is inversely propor-
tional to the amount of conscious thought required to
interpret it and working with Systems 1 and 2 will help
reduce your viewer’s cognitive load.

Looking beyond the data
In addition to the dual-process systems, it is important to

understand the three levels of graphical cognition that you
should expect viewers to use (Friel et al. 2001). First, a viewer
will attempt to read the data, or otherwise orient themselves to
what a bar height or point size or axis means. Second, a
viewer will attempt to compare the data or read between the
data, meaning they will look for comparisons, compositions,
or other relations among the parts of the figure. Finally, the
highest level of graphical cognition is reading beyond the data,
where the viewer will make inferences or predictions beyond
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Fig. 1. Examples of figures that primarily engage System 1 decision making (a) and that require additional System 2 decision making (b). The System
1 figure represents only the idealized relationship between abundance and occupancy, requiring less interpretation from the viewer. The System 2 figure
includes data and best fit lines for birds and fish that have relationships that differ from the idealized relationship and from one another, requiring more
interpretation from the viewer to compare the data points and best fit lines. (All code for producing figures can be found at https://github.com/
MatthewRobertson2452/Show-and-Tell)
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the data presented (reviewed in Galesic and Garcia-Ret-
amero 2011; Okan et al. 2012). The process of graphical cogni-
tion takes place within both Systems 1 and 2, albeit much faster
and more intuitively in System 1. Although these three levels of
graphical cognition may seem simple, they remain a good
reminder and way to audit the figures you make—is a viewer
able to comprehend your figure on all three levels with minimal
cognitive effort? Effective visuals are those that navigate the
challenges of all three cognitive levels by reducing the amount
of cognitive energy it takes to complete this process and arrive
at an intended message.

Recognizing if a viewer can comprehend a figure on all
three levels of graphical cognition requires understanding
how each level is affected by figure design. The first level of
graphical cognition, reading the data, is affected by the design
of axes, legends, captions, and the choice of figure used to rep-
resent the data (Fig. 2a; Boote 2014). If a viewer can’t quickly
and easily identify what the different figure components rep-
resent, comprehension and recall of the intended message will
be hampered (Haroz and Whitney 2012; Borkin et al. 2015).
The second level of graphical cognition, reading between the
data, involves the recognition of relationships and interpola-
tions between data (Boote 2014). This level of cognition is
affected by the viewer’s ability to interpret patterns. Pattern
interpretation is made simpler by using commonly encoun-
tered figure types, making relationships easily identifiable (see
suggestions below), and by linking the visualization to scien-
tific concepts (Fig. 2b; Wang et al. 2012; Boote and
Boote 2017). Finally, the third level of cognition, reading
beyond the data, links the visualization to a hypothesis
enabling interpretation of the current data and extrapolation
of the message to other data (Boote 2014). The final level is
mainly affected by emphasis on the message that you want
the viewer to take away. In Fig. 2c, we used color and a hori-
zontal and vertical line to place emphasis on the inflection
point for population growth and on the data points that are

above that level to help readers identify when population
growth will decline. Emphasis created by color, shapes, and
other aesthetics often improve the viewer’s ability to extrapo-
late the figure’s message and arrive at higher meaning.

Figuring out the parts
Once you have identified a simple and clear message, you

need to consider the aesthetic features that will create the
most direct path from your message to your viewer. This pro-
cess can be challenging because (1) the best elements vary
based on the data and message, and (2) there may be multiple
effective elements to share your message (Hegarty 2011). Typi-
cally, the elements most manipulated are color, orientation,
shape, size, length, width, and spatial position, although
others exist. Figure elements can be used for different pur-
poses within a figure; for example, some elements, like color
or shape, are better for showing qualitative information, while
other elements, like lengths and widths, convey quantitative
information. Generally, the elements are used in combination
to display different types of data and information, and their
interactions should be considered. For example, a limited
number of elements can be varied to emphasize the take-away
message and improve recall by providing visual contrast
between data sets (Rolandi et al. 2011; Borkin et al. 2015).

In general, when attempting to minimize cognitive energy
with figure elements there tends to be two main guidelines:
(1) simpler is better and (2) common figure types can be
understood faster and more correctly than uncommon forms.
“Simpler is better” can refer to reducing the number of ele-
ments used to the minimum required for the reader to under-
stand the figure. This is because each element used in the
figure (i.e., color, shape, line thickness, line type) will need to
be recognized and understood by a viewer, therefore taking
more cognitive energy to understand your message. However,
simplifications can often go beyond removing extraneous
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Fig. 2. Using the concept of logistic growth, a viewer will first read the data (a), read between the data (b; what pattern, relationship, or comparison is
shown or suggested), and finally they will read beyond the data (c; what interpretation can be made). (All code for producing figures can be found at
https://github.com/MatthewRobertson2452/Show-and-Tell)
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figure elements. For example, using bars to represent means of
the data connects the means to the x-axis and causes the
reader to visually search the figure space, as opposed to dots
or points, which focus attention on the point of interest
(i.e., the mean), thereby aiding figure interpretation (Okan
et al. 2018). In addition to simplifying figures, using figure
designs readers are more familiar with (such as boxplots) can
reduce the amount of cognitive energy required to understand
a given figure when compared to potentially more informative
designs (e.g., violin plots, Anderson et al. 2011; Padilla
et al. 2018). Thus, the figure design used will not only be
dependent on the type of data being presented, but also on
the ease in which the reader can interpret the information. A

good strategy for accomplishing this is to have colleagues
review the constructed figures to ensure they are clear and
understandable to others, not just the author (Midway 2020).
Although a full treatment of technical guidance is beyond the
intention of this article, Table 1 presents some simple recom-
mendations and sources more in-depth references for techni-
cal guidance.

Aesthetics: Keeping your figures honest
Distinguishing between cognitive and perceptual aesthetics

is important because what looks better may not always
improve interpretation. In his seminal work, Tufte (1983)
introduced the concept of the “lie factor” to describe how well
data is represented by the visualization in the figure. One of
the most common ways in which interpretation of figures can
be biased involves selecting an inappropriate figure type for
displaying a particular type of data. For example, people tend
to like presenting data in bar plots more than boxplots even
though viewers are more likely to interpret bar plots incor-
rectly (Okan et al. 2018; see Box 1 for example). Another com-
mon mistake involves inappropriate axis visualization
(e.g., whether or not to truncate the y-axis such that it does
not start at zero), which have been some of the most popular
sources of criticism for figure misinterpretation (Correll et al.
2020). In addition, the choice of figure elements for data rep-
resentation can bias figure interpretation. For instance, modi-
fying shape size has been shown to be more effective than
modifying color when attempting to visualize differences in
magnitude (Mairena et al. 2020). Finally, some elements can
affect the perception of others when used in combination. For
example, shape can affect a viewer’s perception of size and
color, and colors are more discernible in filled shapes (Smart
and Szafir 2019). In summary, although there are many
potential cognitive biases that may influence figure interpreta-
tion (see Dimara et al. 2018 for a review), the most common
biases can be alleviated by choosing figure designs that match

Table 1. Technical recommendations for figure construction
(see also Kelleher and Wagener 2011; Rougier et al. 2014;
Greenacre 2016; Midway 2020).

Recommendation

1. All figure elements are appropriately sized and readable—
fonts, labels, lines, and so on

2. Don’t waste space—every element of a figure should
contribute meaning or information

3. Show/include data whenever possible
4. Don’t overlap points—scatter/jitter or adjust density/
transparency

5. Use a legend when a plot is busy, but consider labeling
elements directly if possible

6. Use titles or labels for multipanel figures
7. Consider color accessibility (e.g., colorblind-friendly; gray-scale
friendly; contrasted elements; including alt text)

8. Use abbreviations sparingly and define all abbreviations
9. Use a consistent color scheme throughout the paper
10. Use small multiples for figures with the same axes; use panels
if the figures are complementary

Box 1. Building an example.
Many of the recommendations that we have provided emphasize making simple figures for improved message clarity and
comprehension. However, data transparency is necessary for effective, reproducible science (Weissgerber et al. 2019). Trans-
parency generally involves visualizing the raw data or the distribution of the data. Consider the common bar plot (Fig. 3a)
and how it might be improved. Data can be added to plots in a visually simple way by layering points over previous figure
elements (Fig. 3c) and by “jittering” those points along an axis to more easily discern between individual points (Fig. 3d).
(Jittering is simply adding a small amount of random variation to overlapping points, in order to visually separate them.)
Furthermore, separation of figures into small multiples (i.e., a series of similar figures with the same scale and axes) can
allow a transparent and simple comparison of separately sampled groups (Fig. 3g). As shown in Fig. 3, improving data
transparency does not inherently need to make a simple figure complex and with the appropriate application of figure ele-
ments to place emphasis, transparent figures can still reduce the need for excessive System 2 cognition.

Midway et al. Effective figure making

216

 23782242, 2023, 2, D
ow

nloaded from
 https://aslopubs.onlinelibrary.w

iley.com
/doi/10.1002/lol2.10288, W

iley O
nline L

ibrary on [10/11/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



0

500

1000

Nonchilled Chilled
Treatment

up
ta

ke

a) Bar plot of data

10

20

30

40

Nonchilled Chilled
Treatment

U
pt

ak
e

b) Correct plot type

10

20

30

40

Nonchilled Chilled
Treatment

U
pt

ak
e

c) Add data

10

20

30

40

Nonchilled Chilled
Treatment

U
pt

ak
e

d) Jitter data for clarity

10

20

30

40

Nonchilled Chilled

Treatment

U
pt

ak
e

e) Add color

10

20

30

40

Nonchilled Chilled
Treatment

U
pt

ak
e

f) Increase font size

Quebec Mississippi

Nonchilled Chilled Nonchilled Chilled

10

20

30

40

Treatment

U
pt

ak
e

g) Use small multiples with consistent colors

Fig. 3. Example sequence of steps using figure elements and aesthetics to improve the visualization of data (a) by using a more informative plot type
(b), adding the data to the plot (c), jittering the data (d), adding color (e), increasing the font size (f), and using small multiples (g). The data displayed
here are freely available in the CO2 dataset in the R library datasets and was originally published by Potvin et al. (1990). (All code for producing figures
can be found at https://github.com/MatthewRobertson2452/Show-and-Tell) [Correction added on November 3, 2022, after first online publication: The
typesetter mistakenly edited the text size within Figure 3 to be standard throughout image. This has now been corrected.]
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the underlying data, representing data along meaningful and
consistent axis ranges, and ensuring that figure element differ-
ences are easily discernable.

Conclusion
Studies and best practices on visual cognition remain cryp-

tic to many figure makers outside of the cognitive sciences.
What is more prevalent and accessible are the numerous (and
sometimes discipline-specific) articles providing figure-making
checklists and other technical suggestions. Here, we try to
emphasize both the behind-the-scenes cognitive aspects and
the on-stage application—the most effective figures are those
that incorporate the importance of both. An apt comparison
can be made to writing. Effective writing both features the
story arc and plot, while also executing the story through cor-
rect grammar, sentence construction, and so on. A great story
can fall flat without an ability to effectively put the right
words into logical sentences, and a great technical writer may
not be successful because they do not have a compelling
story. The same goes for figures—visual information risks not
being transmitted if visual elements are not used effectively,
but simply being able to effectively construct a figure doesn’t
mean you have relevant information to share.

The pace of scientific advances is greatly influenced by our
ability to share results and information with other scientists.
Important discoveries may remain unknown if not for an
effective means of communication. Unfortunately, those of us
unfamiliar with cognitive science are often unaware of small
visual considerations that may provide a big boost to visual
information sharing. Fortunately, many of the lessons can be
learned from cognitive science and are intuitive and easy to
implement once they are known. Ultimately, making effective
figures is a continuous process of learning, and rarely is there
one correct version of any given visualization. Despite this
lack of a clear endpoint, we think that some of the ideas pres-
ented here will help many practicing scientists to effectively
share their message so that the flow of information and ideas
can operate with minimal barriers.
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