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ABSTRACT

Recent research suggests that individual personality differences can influence performance with visualizations. In addition to stable personality traits, research in psychology has
found that temporary changes in affect (emotion) can also
significantly impact performance during cognitive tasks. In
this paper, we show that affective priming also influences
user performance on visual judgment tasks through an experiment that combines affective priming with longstanding
graphical perception experiments. Our results suggest that affective priming can influence accuracy in common graphical
perception tasks. We discuss possible explanations for these
findings, and describe how these findings can be applied to
design visualizations that are less (or more) susceptible to error in common visualization contexts.
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ACM Classification Keywords
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INTRODUCTION

Visual reasoning involves many cognitive processes including
memory, attention, learning, judgment, creativity, decisionmaking, and problem-solving [8, 11, 13, 22]. Yet research
in psychology has found that short-term changes in emotion
significantly influence several of these same cognitive processes [18, 29]. While researchers have begun to identify key
factors that influence cognition (e.g. emotion and personality
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traits), the impact that such factors have on a user’s ability to
perceive information remains largely unexplored.
Emotion, often referred to as affect in psychology, is typically defined by values along two dimensions: valence (positive or negative feelings) and arousal (the intensity of those
feelings). To study the impact of affect on various cognitive
tasks, many studies in psychology involve manipulating valence and/or arousal via emotional stimuli. This technique
of inducing emotion in human participants is referred to as
affective priming.
Affect has been shown to influence both low-level cognitive
abilities (attention, memory) [1, 50] as well as high-level
abilities (creativity, decision-making, problem-solving) [2, 6,
35]. Since recent research in visualization has identified a
close relationship between a user’s cognitive abilities with
their ability to perceive and understand information in visualizations [8, 11], we hypothesize that there exists a relationship
between affect and visual judgment.
In this paper, we describe an experiment which uses affective priming to influence visual judgment. Cleveland and
McGill’s seminal results [10] serve as a basis for this graphical perception study, as they have been replicated and extended by Heer and Bostock [24] as well as adapted to study
the effect of social information on visual judgments by Hullman et al. [28]. Specifically, we follow Cleveland and
McGill’s experiments which compare user accuracy with various position-length chart types (see Figure 1). We also extend their work by building on both recent crowdsourced
graphical perception studies [16, 20] and affective priming
studies [14, 27] to examine how emotion influences visual
judgment [23].
We conduct an experiment which combines affective priming
techniques with visual judgment tasks using Amazon’s Mechanical Turk (AMT hereafter). We initially performed two
pilot studies to verify our study design, emotional stimuli,
and emotion-measurement metrics. For our main experiment,
we recruited 963 participants to be either negatively or positively primed and to complete several visual judgment tasks
similar to those found in Cleveland and McGill [10], Heer
and Bostock [24], and Hullman et al. [28]. Our results indicate that affective priming significantly influenced the visual
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judgments of participants, and that positive priming improved
accuracy.

Cleveland & McGill's Results
T1
T2

Contributions

T3

This paper makes a number of contributions to our understanding of how emotion, a fundamental component of human cognition, relates to graphical perception, a fundamental
component of visualization:

T4

• First, we present experimental evidence demonstrating that
affective priming can significantly influence visual judgment accuracy.
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Crowdsourced Results
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• Second, we corroborate these findings with related research in cognitive psychology and discuss how changes
in affect arise in visualization contexts.

T3
T4
T5
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• Finally, we describe several cases in which these results
can be used to help choose effective visualizations for different audiences and contexts.
To avoid confusion, we note a caveat about the use of the
word perception in graphical perception studies. In these
studies, participants must not only identify (perceive) the
graphical elements (bars, pie slices), but also make judgments
on the proportion of one element to another. Since these judgments involve attention, working memory, and mental translation/manipulation, they are cognitive in nature. One recent
study uses the term “visual judgment”, which we adopt here
[28]. Throughout this paper, we refer to graphical perception
studies which involve visual judgments.
RELATED WORK
Graphical Perception

Graphical perception is a fundamental component of visualization, and is the subject of several recent works [24, 28].
The results from these studies have been used extensively in
both the development of automatic presentation systems [38]
and as a basis for visualization design principles [5].
Recently, Heer and Bostock replicated and extended a portion of Cleveland and McGill’s experiments [24] on various
chart types using AMT (see Figure 1). The rankings obtained
in their crowdsourced studies were similar to Cleveland and
McGill’s rankings. These results validate AMT as a viable,
scalable platform for visualization research.
Hullman et al. also leverage AMT and revise Heer and Bostock’s graphical perception experiment [28] to explore the
impact of social information on visual judgment. Their results suggest that visual judgment can be significantly influenced by adding social information, which has implications
in collaborative and social visualization environments. Similarly, we explore the effect of affective priming on graphical perception (instead of the effect of social information on
graphical perception). Our experiment also includes additional chart types in order to explore possible cognitive mechanisms (e.g. attention, memory, embodied cognition) through
which affect influences visual judgment.
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Figure 1. Cleveland and McGill’s results and Heer and Bostock crowdsourced replication (from [24]).

Affect and Cognition

There is a large body of research on affect and its influence on
various cognitive processes. These processes include attention, memory, creativity, problem-solving, decision-making,
and others [2, 18, 29, 50, 51]. Early literature in this area
focused on behavioral studies, but has recently been supplemented by studies which have identified the neurological factors related to emotion and cognition [51]. Here, we discuss
research as it relates to the cognitive processes used in visualization. Specifically, we focus on attention and memory since
they are low level components and, thus, are relevant to the
low-level nature of graphical perception.
Several studies have explored the relationship between emotion and attention [40, 51], and specifically how attention relates to visual processes [50]. These studies show that when
affective priming precedes cognitive tasks, the effect of the
prime is carried over and influences attention regulation [40,
43]. Positive priming is usually linked to better performance
[44], but there is also evidence that negative priming can also
produce desirable behavior [19] such as increased caution in
decisions involving risk. For a discussion on possible neurological factors and other attention regulation processes, see
Vuilleumier and Huang [51].
In addition to impacting attention, emotion has been shown
to play a role in memory [31]. Studies show that emotion can
have a significant impact on long-term recall [2], as well as influence working memory [1, 32]. Recent research also shows
that negative affect can support memory of details, while positive affect increases working memory performance and supports memory of the “big picture” of situations [1, 32]. Another experiment found that anxiety (which falls under neg-
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ative affect) can significantly disrupt visuospatial working
memory, leaving verbal working memory intact [45]. Our
study is partially based on these prior findings, and apply the
same text-based affective priming techniques as presented by
Goeritz and Verheyen [21, 48].
Judgment (or decision-making) is defined as the process by
which one assesses future outcomes and examines various alternatives, typically through cost-benefit analysis [3]. Emotion plays a significant component in decision-making, as
each possible outcome is associated with emotional consequences [3, 37]. In fact, emotion is so strongly linked to
decision-making that persons who are perceptually and cognitively normal, except for an inability to experience emotions, are incapable of making even basic decisions [12].
Other studies have shown that affect also plays a role in planning and risk perception [6, 37].
Positive emotions have been shown to support creativity and
open-ended reasoning [18]. A recent crowdsourced experiment showed that positive priming (using images) increased
the quality of ideas generated on a range of tasks requiring creativity [35]. These results were used to make design
suggestions for creativity-support software. Positive emotion
is also linked to better performance in creative and general
problem-solving [18, 29, 30].
In general, positive emotions tend to lead to better cognitive
performance, and negative emotions (with some exceptions)
lead to decreased performance. Yet we currently do not know
to what extent affect can impact visualization use and performance. Hence the motivation for our study: to prime participants with positive or negative affect and to measure their
performance on visual judgment tasks.
As indicated earlier, emotion is typically defined along two
axes: valence and arousal. In psychology research, several
methods have been developed for measuring valence (positive/negative feelings) and arousal (the strength of the feelings). Some of these include physiological sensors, facevideo processing, and neurological sensors [34, 42]. Physiological sensors excel at detecting arousal, but less so at valence [41]. The most widely used and validated method is the
survey/self-report, especially for assessing immediate emotion (as opposed to, for instance, emotion experienced a week
prior) [41]. The Self-Assessment Manikin (SAM) scale,
shown in Figure 2, has been successfully used in crowdsourced experiments on affective priming and creativity in
HCI by Lewis et al. [35]. Based on these results, we also
use SAM in our experiments.
STUDY DESIGN

There are several key differences between existing techniques
for research in affective priming and graphical perception
that render their integration non-trivial. For example, affective priming studies are inherently between-subjects, since
both the exact duration of a prime and the interactions between subsequent negative and positive primes is uncertain
[25]. In contrast, graphical perception studies are typically
within-subjects and require participants to interact with multiple charts, making participation time longer [24]. Given the
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Figure 2. The 9-point Self-Assessment Manikin (SAM) scale for measuring valence (top) and arousal (bottom) [33].

intrinsic differences between these two types of studies, we
discuss how we altered previous graphical perception experiment design to be more suitable for affective priming. Figure
3 shows an overview of the resulting study design and procedure.
Charts

Several previous studies on graphical perception included 10
datasets and allowed participants to work with all datasets
and chart types. As our first task was to adapt a graphical
perception study for affective priming, we found the length
of previous studies to be a concern. The longer the study,
the more risk of losing a successful prime [25]. To address
this, we first reduced the number of randomly-generated test
datasets from 10 to 5. We ensured that the proportions of the
marked elements that participants were to judge were similar to Cleveland and McGill’s study, with ratios ranging from
13% to 85%. Furthermore, we also restrict our participants to
working with one chart type and priming condition, making
our study a between-subjects design. Similar to traditional
priming experiments, a between-subjects design is necessary
since it ensures that no participants see the priming stimulus
more than once and become accustomed to it.
In Heer and Bostock’s study, some charts have 5 graphical
elements1 , such as pie charts, while some include 10, such as
bar charts, stacked bar charts, and treemaps. We sought to
have even amounts of data elements in each chart. Therefore,
all of our charts consisted of 5 graphical elements, with the
exception of the stacked-bar chart. The stacked bar chart contains two columns, so including only 5 elements would create
an uneven number of elements in each column (e.g. 3 in one
bar and 2 in the other), possibly leading to confusion.
There are more length-based and rectangular charts in Heer
and Bostock’s study (shown in Figure 1). Also, the pie charts
used in both Cleveland and McGill’s as well as Heer and
Bostock’s study are unordered and do not start at 0 degrees,
which may affect accuracy. To create a more even representation of length, angle, and area judgments, we reduce the
number of stacked bar cases from three to one, and include
an additional pie chart that is both ordered and starts at 0 degrees. We also include a bar chart with bars running horizontally instead of vertically, to test for a possible connection
1
A graphical element is a component of a visualization. For example, a slice in a pie chart or a bar in a bar chart.
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Experiment Design
Random Chart

Measure Emotion

Random Priming

Tasks

The patient was a fairly
young woman and she'd
had cancer for as long as
her youngest child had
been alive...

Which of the two (A
or B) is SMALLER?

During this past year I've
had three instances of
car trouble: a blowout on
a freeway, a bunch of
blown fuses and an
out-of-gas situation...

What percentage is
the SMALLER of the
LARGER?

Verification Question

Accuracy

Measure Emotion

100

A

V1

V5
0

A

B

B

100

A

V2

V6
B

0

A

B

B
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V7

A
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100

A

V8

V4

tree

B

B

A

0

Output:

Pre-Valence
Pre-Arousal

Post-Valence
Post-Arousal

Figure 3. In our main experiment, participants were given either negative or positive text-based emotional-stimuli and completed visual judgment tasks
with one of the eight chart types.
100

Figure 2 shows the images used in SAM. Selections can be
made in between the figures, for a total of 9 possible choices.
Our work is primarily concerned with the effect of valence.
However, we also collect arousal scores to ensure that only
valence is affected by the stimuli.

A

V1
0

A

B

bar chart
(adjacent comparison)

V5

bar chart
(non-adjacent comparison)

V6
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(adjacent comparison)

V7

stacked bar chart
(adjacent comparison)

V8

B
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(ordered)

100

A

V2
0

A

B
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(unordered)

B

B

V3

A

B

0

100

A

bubble chart

Affect Stimuli

100

A

V4
B

0

A

tree

treemap

B

Figure 4. The charts used in our crowdsourced experiment.

between chart orientation and embodied cognition based on
work by Ziemkiewicz and Kosara [53]. An example of each
the 8 charts we use is shown in Figure 4.
Affect Measurement

We chose the Self-Assessment Manikin (SAM) scale for testing the valence and arousal of the participant. The SAM
scale is widely used in psychology, in part because graphical depictions of emotion are cross-cultural [33, 35]. Unlike
other surveys such as the Positive and Negative Affect Schedule (PANAS), SAM uses graphical depictions of emotions,
which are both cross-cultural and take less time to complete
[47], which makes SAM a widely used tool in psychology
and HCI research, especially for studies that use the AMT
platform, which often involves international participants [35,
39].
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Several methods have been introduced for priming participants with positive or negative affect. Common methods include images, text (stories), videos, sounds, word-association
tasks, and combinations thereof. Such methods are commonly referred to as Mood-Induction Procedures (MIPs). We
chose text-based stories as our MIPs for several reasons.
First, verbal memory is separate from visual memory [45].
This separation is important for visual judgment tasks because using text-based stimuli helps ensure that there is no
interaction or interference between the priming section of
the study and the visual judgment part. Another reason is
that using stories makes it easier to hide the true nature of
a study. Whereas graphic images are often an obvious cue
of trying to elicit an emotional response, stories can be more
subtle. Finally, we believe that emotional stimuli similar to
our text-based MIPs are more likely to be encountered by
users than the significantly more graphic images and videos
used in other studies [21].
For our main experiment, we evaluated several short stories
found in the New York Times website for their emotional con-
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tent. The stories were carefully selected to be relatively short
(around 800 words) to ensure that participants could complete the study in a reasonable amount of time. Additionally,
stories had to contain content that would be considered negative or positive by participants with divergent cultural/ethnic
backgrounds. In the end, we chose two stories from the New
York Times, one negative story describing hospice care, and
one positive story about the kindness of strangers.
To validate that these stories elicit the desired affective response from the participants, we ran a pilot study on AMT
with n = 40 participants. To help ensure that the reported
valence and arousal was not an effect of satisficing (i.e. participants trying to submit the answers they think the experimenters want), participants were only given the SAM as a
post test in this pilot study. Satisficing was less of a concern
in the full study because the stories were already determined
(via the pilot) to induce the desired primes.
After accepting the task, participants read the story, with instructions to pay attention to the overall story more than the
details. After the reading was complete (we made no time
restrictions), they were asked a verification question (multiple choice) about the overall content of the story. The story
was hidden during the verification questions. Next, they were
given the SAM as a post-test. Finally, they were invited to
share any additional comments about the story.
The results of the story validation showed a significant difference between the positive and negative groups for valence
for both stories (p < .05). We also checked for significant differences in arousal, since having one story that produced low arousal and one that produced high arousal could
be a confounding factor in the experiment [1]. However, no
significant difference was found between stories for arousal
(p > .05).
PILOT

In a pilot study, we tested text-based affective priming with
Cleveland and McGill’s position-angle experiment, which
compared performance between bar charts and pie charts.
The goal of this experiment was to determine whether to use
raw valence scores or change in reported valence. Change
in reported valence in the intended positive or negative direction is the same measure used in other affective priming
studies [21, 48]. However, other studies have grouped participants by raw valence scores [35]. For instance, on our
9-point SAM scale, anyone below a 4 would be considered
negatively primed, and anyone above a 7 would be considered positively primed. Alternately, if a participant reported
a positive change in emotion, they would be in the positive
group (and vice-versa).
After running the pilot and analyzing participants’ performance, we found that performance on both charts was affected when the reported pre- and post-valence scores were
changed in the intended direction (post > pre for positive,
and post < pre for negative).
In this work, we call such a change as a “successful” prime.
Based on this pilot, we formed the hypothesis that successful
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affective priming will significantly influence error in visual
judgment across all chart types.
Below we will describe the experiment used to test this hypothesis. In general, we incorporate text-based affective
priming techniques and follow Cleveland and McGill’s study
on graphical perception and Heer and Bostock’s recreation of
the study on AMT. In the following section, we discuss the
changes we made to these studies to better suit them for affective priming.
EXPERIMENT

To validate our hypothesis that affect influences accuracy in
graphical perception, we conducted a large-scale experiment
using AMT. We chose to follow Heer and Bostock’s crowdsourced replication of Cleveland and McGill’s seminal study
on graphical perception [10, 24], making necessary changes
to effectively incorporate affective priming, described in the
study design. We verified the effectiveness of our emotional
stimuli and determined that change in valence should be examined through two pilot studies.
Amazon’s Mechanical Turk (AMT) is a service that allows
workers to complete various web-based tasks in exchange for
micro payments. It has been used for several graphical perception studies [24, 28], as well as studies exploring other
cognitive aspects of visualization [52]. Another recent work
used AMT as a platform for exploring affective priming and
creativity [35].
Participants

We recruited 963 participants through AMT. It took a approximately five days to gather all responses.
Our study used a total of eight charts with the two priming groups (positive/negative). This resulted in a total of 16
groups (V1-Positive, V1-Negative, V2-Positive, etc.). It is
well-documented that positive priming is more difficult to obtain than negative [21]. Therefore, we assigned more participants to the positive groups, to increase the number of successfully positively primed participants. Participants were
randomly assigned to a priming group (with a 1/3 chance
of being in the negative group, and 2/3 chance of being in
the positive group) and randomly assigned to a chart group
(charts shown in Figure 3).
The task was advertised on AMT as involving reading a story
and answering several short questions afterwards. The task
description did not reveal that we would be measuring mood
or working with charts. Although we used stories found in
newspapers, participants were instructed that they could quit
the task at any time if they found the material offensive. After
completing the study, participants were initially paid $0.20,
which was later increased to $0.35 to speed completion time.
Procedure

After a participant has been assigned to a chart type and priming group, the participant was first given the SAM scale as a
pre-test to record their valence and arousal. Next, participants were given the positive or negative story to read with
the instructions that “the overall story is more important than
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Figure 5. Results for all participants.
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Figure 7. Results for successfully primed participants.
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Figure 6. Total means for all participants.

Figure 8. Total means for successfully primed participants.

the details”. After reading was complete, participants were
asked a simple verification question regarding the content of
the story (the story was hidden at this point). Next, participants began the visual judgment tasks.

were removed, which is consistent with prior findings of error
rates in AMT studies (see Bernstein et al. [4]).

Each of the five tasks (all being the same chart type: bar,
pie, or one of the others in Figure 4) were presented in random order. Recall that the datasets for each chart were generated in the same manner as Cleveland and McGill’s and other
graphical perception studies. Participants were instructed to
make quick but accurate visual judgments, and to avoid using
any outside tools. Similar to Heer and Bostock’s study, participants were asked the following two questions about the
charts: First, “Which of the two (A or B) is SMALLER?”
followed by “What percentage is the SMALLER of the
LARGER?”.
After the visual judgment tasks were completed, participants
were given the SAM again as a post-test. The SAM was
given after the judgment tasks to ensure that the prime lasted
through the duration of the visual judgement tasks. Finally,
they were invited to submit any additional comments about
the task.
Results

Our study adhered to a between-subjects design, since participants were given a single chart and priming combination. We
excluded participants who incorrectly answered the story verification question, as well as those who either failed to answer
or put the same answer for multiple questions (e.g. putting
50% for each judgment). In total, 299 of the 963 participants
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Following previous graphical perception studies of Cleveland
and McGill, Heer and Bostock, and Hullman et al., we use
the midmeans of log absolute errors (MLAEs) using the following formula:
log2 (|judged percent − true percent| + .125)

(1)

Similarly, we also follow these studies in using bootstrapping
to calculate the mean confidence intervals for each chart and
priming combination. The resulting confidence intervals are
shown in Figures 5 and 7.
We divide our analysis into two cases, the first including all
participants in the negative and positive groups, and the other
including only participants who were successfully primed in
the intended direction. The implications of each of these
cases will be explored further in the discussion.
Case 1: All participants

This case includes every participant: 359 in the positive group
and 305 in the negative group. Each chart and priming group
has an average of 41 participants. This analysis consists of
3320 individual judgments.
For each chart in the graphical perception section, two data
items were collected: which chart was perceived as smaller,
and a number representing the percentage the smaller was of
the larger (between 0 and 100). For each of these judgments,
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we compute the MLAEs using the formula mentioned previously. We then compute the mean error and 95% confidence
intervals for each chart and priming type.
The results of these calculations are shown in Figure 5.
Following Hullman et al., we also take the results for all
charts in each priming group together, including all chart error scores for each participant in the negative- and positiveprimed groups. A t-test on these groups was not significant
t(662) = 1.8318, p = .067, This is not surprising because
the difference between positive (M = 3.00, SD = 1.39) and
negative (M = 3.20, SD = 1.475) is only 0.2, which is a small
difference in error.
Recall that in our pilot study, we explored two common metrics for defining negative and positive groups. One approach
divides groups based on raw valence scores, and the other on
whether the change in pre- to post- valence scores occur in
the intended direction [21, 48]. The results of the pilot study
found a possible influence for change in valence on visual
judgment. Based on these results, we include the change in
valence metric in our second case.
Case 2: Successfully primed participants

In this case we include those who were succesfully primed in
the intended negative or positive direction. Specifically, we
include those whose post-valence is higher than pre-valence
for the positive group, and vice-versa for the negative group.
This resulted in 87 participants in the positive condition and
120 in the negative condition for a total of n = 197. There
was an average of 13 participants for a single chart and priming condition (out of 16 total possible combinations). Each
participant made judgments on 5 charts. Therefore, this analysis consists of approximately 985 individual judgments.
As before, we compute the MLAEs for each judgment and
combine these to produce a mean errors and confidence intervals for each chart and priming condition. The results of
these calculations are shown in Figure 7.
We then compare positive error with negative error using a
t-test. This yields a significant effect for error t(205) =
3.1560, p = .0018, with error in the negative group being
higher than that of the positive group. The lowest error appeared in the positive group (M = 2.42, SD = 1.47), meaning
participants in the positive group performed better on visual
judgment tasks than those in the negative group (M = 3.05,
SD = 1.49). These results are consistent with our hypothesis
that affective priming can significantly impact visual judgment performance in participants who report a change in valence scores.
An interesting finding is that it appears that positive priming tends to improve performance, rather than negative priming decreasing performance. We see this by comparing the
data in Figures 6 and 8. It appears that, on average across
all charts, negative priming stays about the same. To test
this, we compare the successfully primed positive group (M
= 2.42, SD = 1.47) against all positively primed participants
(M = 3.00, SD = 1.39). Doing so, we see a significant effect
for error t(444) = 3.5634, p < .001, with the successfullyprimed participants having significantly lower error than the
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total positive group. This supports the notion that positive
priming can improve visual judgment accuracy.
Other interesting findings can be seen by looking at the individual difference in charts in the Figure 5. Following Cleveland and McGill as well as Heer and Bostock, rather than test
each chart pair for significant differences, we will simply discuss the relative rankings between charts and the effects of
affective priming in the following section.
DISCUSSION

Consistent with past research on the impact of affect and
low level cognitive processes [40, 44], we found that affective priming also influences performance on visual judgment
tasks involving several chart types commonly used in visualization [10, 24, 28]. Furthermore, as much research on affect
has focused on the relationship between positive affect and
increased cognitive performance [29, 30, 44], we also found
that successful positive priming yielded significantly better
visual judgment performance.
There are many ways in which the affect might impact performance. Given the low-level nature of the visual judgment tasks described in our experiment (the perception of
larger/smaller elements and the estimation of the difference
in their sizes) we find it useful to focus on low-level cognitive
processes such as attention and working memory, which can
be enhanced by priming positive affect [50, 1, 32].
While positive affect might improve these processes partly
through higher overall engagement and alertness [44], it is
also likely that different moods place observers in states that
are better or worse for given tasks. For instance, positive
moods can expand the scope of the conceptual ‘spotlight’, in
creativity tasks where observers must generate new uses for
tools [35], identify words that form compounds with an arbitrary set of other words [44], or solutions to anagrams [46].
But positive moods can also expand the scope of the perceptual spotlight of attention [15]. They encourage an observer
to process a larger spatial area of the world in a single glance
[44, 20], relative to negative or anxious moods that constrict
this spatial area [16]. These effects are often demonstrated by
asking observers to make a decision about a small spatial area
(e.g. discriminate a letter at the center of a screen), and showing that incompatible information within the broader spatial
area (e.g., another letter that tempts the ‘wrong’ answer) interferes more after positive mood priming than after negative
or anxious mood priming.
Work from the perceptual psychology literature also suggests
that some visual operations are more efficient under a broad
spatial scope. These include determining the distance between two objects [7], deciding whether two objects are visually similar [17], or extracting statistical summary information (about e.g., size or orientation) from a collection of
objects [9]. In contrast, a more narrow spatial scope may be
necessary for processing spatial relations between objects [7,
17] or accessing fine details [40].
These differences in the perceptual scope of attention might
serve as a mediating factor that causes mood to impact per-

Session: Visual Perception

CHI 2013: Changing Perspectives, Paris, France

ceptual performance. A broad scope of attention might be
beneficial for tasks where relevant information is more spatially distant, such as a bar chart with a non-adjacent comparison (v2). Unordered pie charts (v5, v6), which are positively impacted even in the experiment case with all participants (Figure 5), may similarly benefit from larger perceptual
scope.
Mood may also impact perceptual performance via altering
the performance of visual working memory. Visual working
memory capacity may be highly influenced by the scope of
information that an observer attempts to encode at once. Attempting to encode a large number of objects at once may
lead to lossy encoding of each item, in contrast to attempts to
encode a smaller number of objects at once with more precise encodings [49]. Changing mood might change perceptual scope, which could in turn alter the balance between the
capacity and level of detail of visual memories for previously
seen information. Depending on the visual task, information
about more objects (but lossier) or information about fewer
objects (but more detailed) might be more beneficial to observer performance.
Finally, in examining Figure 7, we can consider the trend
where some charts appear to be less impacted by the affective
primes - specifically treemaps (v8), bubble charts (v7), and
stacked bar charts (v4). One possible reason for this stability
effect is that the difficulty of these charts increases cognitive
effort, which Hullman et al. suggests may lead participants to
think about their decisions more carefully [27]. Specifically,
both the treemaps and the bubble charts do not have axes,
which Heer and Bostock discuss as a possible difficulty for
users [24]. Also, the stacked bar charts used more graphical
elements than the other charts, which Hollands and Spence
found to increase cognitive effort [26].
Comparison to Previous Graphical Perception Studies

Our results preserve the general ranking from Heer and Bostock’s study. However, equivalent charts in Heer and Bostock’s study have lower error, despite the fact that we mimic
their chart types and data-generation methods closely. We
have identified possible reasons for this global increase in
error, which can inform future work involving priming and
graphical perception.
First, our tasks were longer than previous studies. In Heer
and Bostock study as well as Hullman et al., each chart was
given as an individual task. This means users could complete
each tasks at will, rather than as part of one task. In contrast,
due to our use of affective priming, our stories and charts
had to be given together in one task. Additionally, Heer and
Bostock as well as Hullman et al. make use of qualification
tasks to verify and train participants for the chart-perception
tasks. Qualification tasks serve two main functions: to ensure
participants accurately follow instructions and to briefly train
participants on the tasks. However, we omit a qualification
since it would reveal the nature of the experiment and significantly extend the study length. Future experiments could explore how to effectively incorporate additional quality assurance methods into crowdsourced priming experiments, perhaps based on those discussed by Mason and Suri [39].
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Learning effects could also account for better performance in
Cleveland and McGill as well as Heer and Bostock. In Cleveland and McGill’s experiment, each participant was given 50
tasks (10 charts and 5 datasets) as opposed to our 5, so some
amount of learning is possible. Heer and Bostock also used a
training task, the purpose of which is to help participants learn
how to work with each chart type. This may have impacted
the participant’s abilities in performing visual judgments.
Comments on Affective Priming Studies

It is worth noting that the stories we used as emotional primes
came from everyday newspapers. We followed this restriction
in order to create a prime that is more common in everyday
life. Similarly, we did not pursue images as a priming technique, since images that tend to produce strong changes in
valence are both less common and tend to cause a significant change in arousal, which can be a confounding factor in
affective priming studies [51]. Based on the results of this
study, which has shown that common affective primes can
significantly impact visual judgment, we believe that alternate priming techniques could be evaluated in future work as
a means to further explore the relationship between emotion,
cognition, and visualization.
In our pilot study, we found that although it is easier to prime
people with negative affect, more benefits are gained from
positive priming. However, because the average pre-valence
across both groups was between 6 and 7, it was more difficult
to obtain a positive delta in valence. This finding is corroborated by previous studies which have noted that most people
begin in a slightly positive state, and that more even results
can be obtained by assigning more participants to the positive
priming group [48].
IMPLICATIONS

We have found that affect influences visual judgment, and
that positive priming increases visual judgment performance.
Based on these results, we discuss some possible implications
regarding visualization design and evaluation.
One specific design implication comes from our finding
that non-adjacent comparisons appear to be both less accurate and less influenced by affective priming in both the
all-participants and successfully-primed participants case.
Therefore, when designing interactive visualizations where
emotion can be a factor, designers should ensure the user
should be able to interactively change a non-adjacent comparison situation to an adjacent comparison situation or to
use other interactions or views to better support non-adjacent
comparisons.
Other implications are more broad. For instance, as visualizations become more common in everyday life, care must
be taken to ensure that information is communicated accurately for a variety of audiences and contexts. In general, we
note that designers have no control over the possible primingeffects users experience before encountering a visualization.
It is possible that a user could be primed positively or negatively through a variety of means, such as stories read in a
newspaper or interactions with coworkers. Since the results
of our study suggest that positive priming improves visual
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judgment accuracy, future research could explore how to integrate positive priming into design.
On the other hand, visualization tool design often includes
knowledge about the environments in which users interact
with the system. For instance, a user in a disaster-response
setting may be more subject to negative priming, whereas a
user in gaming may be more subject to positive priming. Such
information can be used to assess the probability of negative
or positive emotions and their subsequent impact on cognitive processes. One approach designers could follow is that
of Lewis et al. [35], who suggest that embedded images and
other interface design elements could help manage affect in
software systems.
Another possible situation is where strongly-emotional content is unavoidable, such as visualizations dealing with data
that has strong potential for unintentional affective priming.
For example, a study by Elting et al. [14] compared visualization formats for communicating clinical trial risk. In clinical trials, a significant difference in error can often mean a
number of lives lost (or saved). Other common high-stress
areas where visualization has been used include criminal investigation, finance (high risk), and disease control. Given
the complex nature of the decisions made in these situations,
we believe that it is necessary to investigate the relationship
between visualization, emotion, higher-level cognitive processes.
LIMITATIONS

While positive priming is generally associated with better
cognitive performance, negative priming can also impact
higher-level cognitive processes. An example a recent study
by Livingston et al. which found that negative content had
more impact than positive content on a user’s subsequent review of a game [36]. While positive priming can be used to
positively influence perceptual accuracy, it is possible that the
residual effects of positive emotions may negatively influence
a higher-level task.
CONCLUSION

In this paper, we describe a crowdsourced experiment in
which affective priming is used to influence low-level visual judgment performance. Our results suggest that affective priming significantly influences visual judgments, and
that positive priming increases performance. We hope these
findings serve as a step forward in better understanding the
cognitive aspects related to visualization.
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