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Abstract—Many metaphors in language reflect conceptual metaphors that structure thought. In line with metaphorical expressions

such as ‘high number’, experiments show that people associate larger numbers with upward space. Consistent with this metaphor, high

numbers are conventionally depicted in high positions on the y-axis of line graphs. People also associate good and bad (emotional

valence) with upward and downward locations, in line with metaphorical expressions such as ‘uplifting’ and ‘down in the dumps’.

Graphs depicting good quantities (e.g., vacation days) are consistent with graphical convention and the valence metaphor, because

‘more’ of the good quantity is represented by higher y-axis positions. In contrast, graphs depicting bad quantities (e.g., murders) are

consistent with graphical convention, but not the valence metaphor, because more of the bad quantity is represented by higher (rather

than lower) y-axis positions. We conducted two experiments (N = 300 per experiment) where participants answered questions about

line graphs depicting good and bad quantities. For some graphs, we inverted the conventional axis ordering of numbers. Line graphs

that aligned (versus misaligned) with valence metaphors (up = good) were easier to interpret, but this beneficial effect did not outweigh

the adverse effect of inverting the axis numbering. Line graphs depicting good (versus bad) quantities were easier to interpret, as were

graphs that depicted quantity using the x-axis (versus y-axis). Our results suggest that conceptual metaphors matter for the

interpretation of line graphs. However, designers of line graphs are warned against subverting graphical convention to align with

conceptual metaphors.

Index Terms—Conceptual metaphor theory, more is up, mental number line, cognition, linguistics, emotional valence, line graph, axis rever-

sal, handedness, empirical evaluation

Ç

1 INTRODUCTION

MANY data visualizations tap into existing cognitive
associations. For example, it is conventional for num-

bers plotted on the y-axis of graphs to increase in magnitude
from the bottom to the top of this axis [1], [2]. Consistent
with this graphical convention, a large body of scientific
research demonstrates that people tend to associate upward
vertical locations with larger numerical quantities [3], [4],
[5]. For instance, when participants are asked to spontane-
ously generate random sequences of numbers, they produce
larger numbers when moved upward in a body-lifting
device than when moved downward [6]. This empirical
finding suggests that the upward ordering of numbers
along the y-axis of graphs may not be arbitrary. Rather, this
vertical orientation may have become established as con-
ventional because it aligns with our vertical conceptualiza-
tion of numerical quantities, making the resultant graphs
easier to interpret [7], [8].

Cognitive associations where one concept (e.g., numerical
quantity) is conceptualized in terms of another (e.g., vertical

space) have been termed conceptual metaphors [9], [10], [11].
Conceptualmetaphor theory is a framework based in cognitive
science, linguistics, and psychology. The central tenet of con-
ceptualmetaphor theory is thatmetaphors in language are sur-
face-level representations of deeper conceptualmetaphors that
structure the way we think about various concepts, including
numerical quantity [3], [4], [12] and time [13], [14], [15]. For
example, it is conventional for English speakers to describe
numbers metaphorically as ‘low’, ‘high’, ‘plummeting’, or
‘soaring’ [11]. This linguistic pattern reflects the conceptual
metaphor where larger quantities are associated with higher
vertical positions.Aswell as language, the conventional design
of data visualizations (e.g., the y-axis ordering of numbers)
may reflect certain conceptualmetaphors.

In the present study, we explored a subset of conceptual
metaphors that may underlie graphical conventions in line
graphs, focusing on metaphoric representations of numerical
quantity and time. We investigated how the interpretation of
line graphs is affected by the subversion of graphical conven-
tions. We also explored whether line graph interpretation is
influenced by conceptual metaphors of emotional valence [19],
[20], [21], a term referring to whether concepts are perceived
to be good or bad [22], [23], [24]. Emotional valence is relevant
to the interpretation of data visualizations because, in many
cases, the quantity depicted in a graph can be understood as
good (e.g., vacation days) or bad (e.g.,murders).

Our interest in emotional valence was inspired by a par-
ticular data visualization, widely discussed in the media
[25], [26], blogs [27], [28], and scientific literature [1], [29],
[30]. A graph designed in 2014 showed that gun deaths had
increased since the introduction of Florida’s Stand Your
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Ground law in 2005, which permitted state residents to use
deadly force in self-defence (see Fig. 1, A). The y-axis of this
graphwas inverted so that numbers increased from top to bot-
tom rather than from bottom to top. While this inversion of
death counts subverted graphical convention (the y-axis order-
ing of numbers), it aligned with experimental evidence show-
ing that negatively valenced (bad) concepts (e.g., more deaths)
are associated with lower vertical locations [19], [20], [21]. A
previous study conducted by Pandey et al. [1] found that
inverting the y-axis of graphs had an adverse effect on graph
interpretability. However, this study did not consider the emo-
tional valence of the quantities depicted in these graphs.

Motivated by the Stand Your Ground visualization (and
other visualizations; see Fig. 1), we conducted a pair of experi-
ments investigating the factors that may affect the interpreta-
tion of line graphs depicting time series. We determined
whether conceptual metaphors of emotional valence affect the
interpretation of line graphs, and, if so, whether the extent of
this influence is sufficient to justify departing from graphical
convention (i.e., by inverting the axes of graphs). In doing so,
we offer recommendations for designers with regard to how to
spatially organise line graphs. The key contributions of this
work are to:

� Provide a summary of existing research into a subset
of conceptual metaphors that are relevant to the data
visualization community (numerical quantity, time,
and emotional valence)

� Explore the effect that subverting graphical convention
has on the interpretation of line graphs (preregistered,
conceptual replication-extension of Pandey et al. [1])

� Investigate the influence of conceptual metaphors of
emotional valence on the interpretation of line graphs

� Determine whether designing line graphs to align
with conceptual metaphors of emotional valence is
justified, given that subverting graphical convention
may adversely affect graph interpretability [1]

In the following sections, we begin by providing an over-
view of research into certain conceptual metaphors and

their potential relevance to the design of data visualizations.
We then describe two experiments. The first experiment
focused on conceptual metaphors of emotional valence rele-
vant to the ordering of numbers along the y-axis. The sec-
ond experiment broadened this scope to include emotional
valence metaphors relevant to the ordering of numbers
along the x-axis. Our findings provide evidence that, all else
being equal, designing line graphs to align with conceptual
metaphors of emotional valence does have a beneficial effect
on graph interpretability. However, the beneficial effect of
this valence alignment on graph interpretability does not
outweigh the adverse effect of subverting graphical conven-
tion. Based on this result, we recommend that line graphs
should be designed to align with conceptual metaphors of
emotional valence only if doing so does not contradict other
well-established graphical conventions.

2 BACKGROUND

As argued byParsons [7], data visualizations can bemade eas-
ier to understand by designing themwith human psychology
inmind, particularly by using knowledge of conceptual meta-
phors to inform design choices. Research in cognitive science,
linguistics, and psychology has produced a plethora of evi-
dence for the effect of conceptual metaphors on perception
and behaviour (e.g., [6], [20], [31]). Scholars have previously
discussed conceptual metaphors in the context of visualiza-
tion research [2], [32], [33]. However, Parsons [7] notes that
these scholars typically have not used metaphor research to
offer actionable suggestions for visualization design (but see
[8] for an exception). In the present study, we addressed this
lack with an empirical investigation of a subset of conceptual
metaphors that may influence the interpretation of line
graphs.We also explored the relationship between conceptual
metaphor and graphical convention, and the implications of
this relationship for the design of line graphs. The relevance
of conceptual metaphors to the data visualization community
in general can be understood through the lens of cognitive fit
theory, which provides a framework for understanding how
people interpret visualizations.

Fig. 1. Real-world data visualization examples that depict ‘bad’ (i.e., negatively valenced) quantities. A: Stand Your Ground visualization, designed by
Christine Chan, published by Reuters [16]. B: Iraq’s Bloody Toll visualization, designed by Simon Scarr, published by South China Morning Post [17].
C: Clinton and Trump Are Historically Disliked visualization, designed by Harry Enten, published by FiveThirtyEight [18].
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2.1 Cognitive Fit Theory

Cognitive fit theory describes the mental effort required to
understand data visualizations [34]. This theory proposes that
people interpret visualizations with a mental model of what
they expect to see, which informs the strategy used to inter-
pret these visualizations [30]. For instance, the mental model
used to interpret line graphs may include the expectation that
numbers on the y-axis will increase from bottom to top. The
Stand Your Ground visualization depicted in Fig. 1 (A) viola-
tes this expectation, reversing the direction of the y-axis so the
trend line resembles blood dripping down a wall. This viola-
tion of expectationmay force graph users to perform amental
transformation of the visualization, re-ordering the numbers
on the y-axis to match their mental model. Such mental trans-
formations are likely to increase cognitive processing costs,
making the graphmore difficult to interpret. For some graphs,
the user may even arrive at an incorrect conclusion about the
trend that the visualization depicts [29], [35], [36].When view-
ing the Stand Your Ground visualization, for example, the
graph usermaymistakenly believe that gun deaths decreased
rather than increased following the introduction of the Stand
Your Ground law. Mental models may be informed by both
graphical conventions and conceptualmetaphors [7]. The first
category of conceptual metaphor we discuss in this paper is
relevant to the representation of numerical quantity and emo-
tional valence along the y-axis of graphs – vertical metaphors.

2.2 Vertical Metaphors: Quantity and Valence

Research shows that people tend to associate upward vertical
locations with larger numerical quantities and downward
vertical locations with smaller numerical quantities [3], [6],
[37]. Participants respond more quickly to larger numbers
with a response button positioned higher in space and to
smaller numbers with a response button positioned lower in
space [3]. When participants are asked to spontaneously gen-
erate random sequences of numbers, they produce larger
numbers when looking upward rather than downward [4],
and when being moved upward rather than downward in a
body-lifting device [6]. Gaze position also tends to shift
upward when people count aloud in an ascending sequence
[37]. This vertical conceptualization of numerical quantities is
evident in the linguistic metaphors that English speakers use
to talk about them. For example, speakers often describe num-
bers as ‘low’ or ‘high’, and may refer to ‘plummeting shares’
and ‘soaring costs’ [11].

Prior work suggests that the metaphoric association of
larger numerical quantities with upward locations may
form the basis for the conventional ordering of numbers
upward along the y-axis of graphs [7], [8]. The benefit of
graphical conventions aligning with conceptual metaphors
may be that the resultant graphs fit a pre-existing mental
model for thinking about numerical quantity and other con-
cepts, decreasing cognitive processing costs and making
these graphs intuitive and easy to understand [7].

There are, however, instances in which different concep-
tual metaphors make competing recommendations for how
graphs should be designed. For example, the Stand Your
Ground visualization (see Fig. 1, A) subverts the metaphoric
association between larger numerical quantities and upward
locations that is enshrined in graphical convention. However,

this subversive design choice aligns with the vertical meta-
phor of emotional valence where positively valenced (good)
concepts (e.g., fewer deaths) are associatedwith upward loca-
tions, whereas negatively valenced (bad) concepts (e.g., more
deaths) are associatedwith downward locations. Evidence for
this vertical metaphor of emotional valence shows that posi-
tively valenced words (e.g., ‘pride’) are evaluated more
quickly when they appear in a higher position on a computer
screen. Conversely, negatively valenced words (e.g., ‘liar’)
elicit faster responses when they appear in a lower screen
position [20]. Furthermore, participants recollect more posi-
tively valenced autobiographical memories when moving
marbles upward from a lower box to a higher box than when
performing the reverse vertical action [21], [38]. This concep-
tual metaphor is evident in linguistic expressions such as ‘in
high spirits’, ‘down in the dumps’, ‘uplifting’, and ‘downbeat’
[11]. Conceptual metaphors of emotional valence are poten-
tially important for graph comprehension because many
quantities depicted in graphs have strong emotional connota-
tions, such as income (increase = good) and infection rates
(increase = bad) [39]. The fact that quantities depicted in
graphs are often emotionally connotative raises the question
ofwhether designers should factor vertical valencemetaphors
into the design of their visualizations.

The principal aim of the experiments reported in this paper
was to establish whether conceptual metaphors of emotional
valence influence the interpretation of line graphs. If they do,
we investigated whether the influence of emotional valence is
strong enough to justify inverting the y-axis of graphs, a design
choice that subverts the conventional vertical ordering of num-
bers. A study conducted by Pandey et al. [1] has already shown
that reversing the quantity axis of graphs – such that larger
numerical quantities are represented by downward locations
– has an adverse effect on the accuracy of responses to these
graphs. Our experiments partly functioned as a preregistered,
conceptual replication of this previous investigation, while
also considering the effect of emotional valence. We showed
participants line graphs with or without an inverted axis and
asked these participants what the trend (i.e., the change in the
quantity depicted in the graph over time) showed. We took
the accuracy of responses to this question as a proxy for the
interpretability of the graphs. Errors were taken to indicate
that the graph in question contradicted the mental model that
participants used to interpret the graph, in line with cognitive
fit theory. We also extended this line of questioning to other
conceptualmetaphors, specifically ones that are relevant to the
horizontal axis – horizontal metaphors.

2.3 Horizontal Metaphors: Quantity and Valence

Numerical quantities are not only conceptualized using the
vertical axis, but also using the horizontal axis. The Spatial-
Numerical Association of Response Codes (SNARC) effect
shows that smaller numbers elicit faster left-hand responses,
whereas larger numbers elicit faster right-hand responses
[40], [41], [42]. Similarly, in random number generation tasks,
leftward eye movements can be used to reliably predict that
participants will generate a smaller number than the previous
number in the sequence [5]. In addition, participants asked to
place numbers anywhere on a piece of paper tend to orient
the numbers horizontally from left to right [43]. These results
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have been interpreted as evidence for the existence of amental
number line in which people imagine numbers as increasing in
magnitude from left to right. This horizontal conceptualiza-
tion of numerical quantity may be the reason why certain
graphs, such as horizontal bar charts, conventionally label
numbers from left to right across the x-axis [44].

Unlike vertical metaphors, horizontal associations are
typically not evident in language (e.g., we do not describe
numbers as being ‘lefter’ or ‘righter’ than one another) [4],
[45] and so are not always described as conceptual meta-
phors. However, we treat them as such because they deal
with the same kind of cognitive process as prototypical con-
ceptual metaphors that do have linguistic representations
[45], [46]. To investigate horizontal metaphors of numerical
quantity, in the present study we used line graphs that plot-
ted quantity along the x-axis. We examined whether revers-
ing the conventional direction of this axis – so that the
numbers increased in magnitude from right to left – affected
graph interpretability.

Like numerical quantity, emotional valence may also be
conceptualized horizontally. When participants are asked
to sort different items into boxes positioned on the left and
right of a piece of paper, right-handers tend to sort posi-
tively valenced (good) concepts into the right-side box and
negatively valenced (bad) items into the left-side box. Con-
versely, left-handers tend to do the opposite [47], [48], [49].
This finding is indicative of a conceptual metaphor where
the dominant side of the body (and therefore that side of
space) is associated with positive valence and the non-dom-
inant side with negative valence. Complicating matters,
because most people are right-handed, an association of
right-side space with positive valence is evident in cultural
practices (e.g., raising one’s right hand when taking an
oath) and language (e.g., the ‘correct’ answer is the ‘right’
one). The representation of right-handed conceptual meta-
phors in cultural practices and language may result in even
some left-handers learning the association between right-
ward space and positive valence [50], [51].

In the present study, we investigated whether horizontal
metaphors of emotional valence matter for the interpreta-
tion of line graphs that plot quantity along the x-axis. If so,
we explored whether this effect was relative to handedness,
or whether it was absolute (i.e., where both left- and right-
handers associate right-side space with positive valence). If
we found an effect of horizontal valence metaphors on
graph interpretability, we also wanted to know whether
this effect was significant enough to justify reversing the
conventional ordering of numbers along this axis (i.e.,
ordering numbers from right to left rather than left to right).
Previous findings presented by Pandey et al. [1] led us to
expect that subverting the conventional x-axis ordering of
numbers would have an adverse effect on graph interpret-
ability. However, Pandey et al. exclusively inverted the
y-axis of graphs, so our additional focus on x-axis inversion
constituted an extension of this previous study.

2.4 Time Metaphors

The graphs used in the present study were line graphs that
depicted changes in quantity over time, based on those
used by Pandey et al. [1]. In a time series graph, which is

one of the most frequently used types of data visualization
[52], time is usually depicted as passing from left to right
across the x-axis – earlier times are to the left, whereas later
times are to the right [53], [54], [55]. The spatial representa-
tion of time in line graphs is consistent with horizontal time
metaphors. For example, the Spatial-Temporal Association
of Response Codes (STEARC) effect indicates that Western
participants tend to associate leftward space with earlier
times and rightward space with later times. When partici-
pants are tasked with indicating whether the timing of a
sound is earlier or later than expected based on the tempo-
ral regularity of preceding sounds, participants respond to
earlier sounds more quickly with a left-side button and to
later sounds more quickly with a right-side button [31], [56]
(see also [57]).

There are also vertical metaphors associated with time,
with limited evidence suggesting that time is conceptual-
ized as passing upward through space. For instance, one
study showed that participants responded more quickly to
future-related words when they appeared higher on a com-
puter screen, and vice versa for past-related words [58] (see
also [59]). In the present study, our use of line graphs
depicting time series allowed us to test whether inverting
the time axis of these graphs adversely affected graph
interpretability. Our decision to invert the time axes of
graphs extended the methodology used by Pandey et al. [1],
who exclusively inverted the quantity axis of graphs.

2.5 Quantity Mapping

Our experimental stimuli included graphs in which quantity
was ‘mapped’ onto either the vertical or horizontal axis,
which we refer to as the graph’s quantity mapping. We were
therefore interested to see which quantity mapping would
elicit more accurate responses. Previous research suggests
that numbers are more readily conceptualized using the hori-
zontal axis [43], [60]. However, results reported by Fischer
et al. [44] suggest that vertically oriented bar charts are easier
to interpret than horizontally oriented ones. Because line
graphs conventionally depict quantity using the vertical axis,
we predicted that graphs observing this convention would be
easier to interpret. We predicted that graphs that subverted
this convention by depicting quantity using the horizontal
axis would be more difficult to interpret. Our choice to map
quantity onto either the y-axis or x-axis also allowed us to test
both horizontal and vertical representations of time.

2.6 Negativity Bias

A final possibility explored in our experiments was that the
emotional valence of the quantity depicted in a graph mat-
ters by itself, irrespective of whether the graph aligns with
valence metaphors. This possibility is suggested by the fact
that people are quicker to recognise pleasant and safe stim-
uli than unpleasant or threatening stimuli [61], [62], [63].
Researchers have argued that negatively valenced stimuli
contain more information than positively valenced stimuli,
requiring greater attention and cognitive processing. This
phenomenon has been termed the negativity bias [64], [65].
Based on the fact that positively valenced stimuli are proc-
essed more quickly and easily than negatively valenced stim-
uli, graphs depicting positively valenced quantities (e.g.,
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vacation days) may have a cognitive processing advantage
over graphs depicting negatively valenced quantities (e.g.,
murders).

3 EMPIRICAL EVALUATION

We now report two experiments in which participants were
asked questions about line graphs depicting a change in quan-
tity over time. Experiment 1 focused on vertical valence meta-
phors. Experiment 2 served as a replication of Experiment 1,
but also collected data from an equal number of left- and right-
handers, allowing us to test horizontal valencemetaphors.

3.1 Experiment 1

In this experiment, we tested the following hypotheses:
H1. Graphs without inverted axes will be easier to inter-

pret than graphs with an inverted axis (preregistered, con-
ceptual replication-extension of Pandey et al. [1]).

H2. Graphs that map quantity information onto the y-axis
will be easier to interpret than graphs that map quantity
information onto the x-axis (preregistered, conceptual repli-
cation of Fischer et al. [44] with line graphs rather than bar
charts).

H3. Graphs depicting a positively valenced quantity (vaca-
tion days) will be easier to interpret than graphs depicting a
negatively valenced quantity (murders).1

H4. Graphs aligning with vertical valence metaphors will
be easier to interpret than graphs that do not align with
these metaphors (see Table 1).

It should be stated from the outset that the experiments
we present in this paper cannot disentangle the relative
effects of graphical convention and conceptual metaphor
where both make identical recommendations for how
graphs should be designed. For example, both graphical
convention and conceptual metaphor dictate that numbers
should increase upward along the y-axis of graphs, and that
time should pass from left to right along the x-axis. If we
were to find that inverting these axes had an adverse effect
on graph interpretability, we would not be able to say
whether this adverse effect were due to graphical conven-
tion, conceptual metaphor, or both. Therefore, although pre-
vious research has led us (and others [2], [32], [33]) to
predict that conceptual metaphors shaped the formation of
graphical conventions relating to numerical quantity and
time, the present investigation is not intended to test this
prediction. The only conceptual metaphors we investigate
directly in this paper relate to emotional valence.

3.1.1 Procedure

The study was implemented using survey software Qual-
trics [65] and distributed via Amazon Mechanical Turk [67],
a crowd-sourcing marketplace where workers receive pay-
ment for completing tasks virtually. Our experimental pro-
cedure was inspired by Pandey et al. [1], particularly the
aspect of their study that concerned the inversion of graphi-
cal axes. Participants answered multiple-choice questions
about line graphs depicting made-up trends over time in fic-
tional cities. The names of these cities were randomly gener-
ated using an online town name generator (https://www.
namegenerator2.com/town-name-generator.php), with the
criterion that each name should be six characters long. For
example, one graph depicted the number of murders in Tor-
ley between 2015 and 2018 (see Fig. 2, left). Each graph
showed a trend for a different city. Participants were asked:
‘What can you say about the situation in this city?’ Partici-
pants then indicated whether they believed the situation to
be improving, declining, or neither improving nor declining
(three multiple-choice options). In the Torley graph (Fig. 2,
left), the number of murders in this city increased over time,
indicating that the situation was declining. In contrast, if the
graph showed a rising trend for the average number of
vacation days (see trial types in Fig. 2, middle), the correct
answer would be that the situation in the city was improv-
ing. The correct answer was never that the situation was
neither improving nor declining.

Of primary relevance to our hypotheses was whether
participants responded correctly or incorrectly. A higher
proportion of correct responses to a graph was taken to indi-
cate that this graph was easier to interpret than a graph that
elicited a lower proportion of correct responses. The laten-
cies of participants’ responses were also recorded and
investigated exploratorily.

The experiment proceeded as follows. In accordance with
approved IRB protocol, after giving consent, participants
were shown the instructions to the study (available at
https://osf.io/5acjs/). These instructions included an exem-
plar graph that depicted the number of cars over time in a fic-
tional city called Murell. Participants then answered an
attention check question, being asked to accurately recall a
particular word in the instructions they had just been shown.
Participants who responded incorrectly to the attention check
question were disqualified from completing the remainder of
the study. Participants then completed four main experimen-
tal trials (see Fig. 2, middle), after which they supplied their
demographic information.

3.1.2 Stimuli

We used a mixed between- and within-participants design.
As shown in Fig. 2 (right), the type of graph shown to each
participant was varied in a 3 � 2 design according to the fol-
lowing two factors:

� Axis Orientation: whether the graph (i) does not have
inverted axes (right, top row in Fig. 2), (ii) has an
inverted y-axis (middle row), or (iii) has an inverted
x-axis (bottom row);

� Quantity Mapping: whether the graph maps quantity
information onto its (i) y-axis (left column) or (ii)
x-axis (right column).

TABLE 1
Hypothesis 4: Vertical Valence Alignment

Stimuli Valence Aligning (y-axis)

non-inverted y-axis, positive valence yes
non-inverted y-axis, negative valence no
inverted y-axis, positive valence no
inverted y-axis, negative valence yes

1. Hypothesis 3 was not preregistered prior to Experiment 1 but we
include it here for consistency with Experiment 2 and as an additional
test of this hypothesis.
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Thesemanipulationswere conducted betweenparticipants
to prevent participants from being cued to focus on the
graph’s axes more than they would naturally. This 3 � 2
design resulted in there being six groups, which were run as
separate experiments on Amazon Mechanical Turk. Partici-
pants self-selected which group to participate in, rather than
there being a strict randomization procedure. Participants
were unaware of the group they were in as each person was
only able to view one experiment. Responses from each group
were collected until responses in each group reached the crite-
rion for our preregistered stopping rule (N = 50).

Within each group, each participant completed four trial
types, as shown in Fig. 2 (middle). Thismeant that each partic-
ipant contributed four data points to the final data set. To gen-
erate the four trials within each group, we manipulated the
following two factorswithin participants in a 2� 2 design:

� Trend: whether the quantity depicted in the graph
was (i) rising (middle, top row in Fig. 2) or (ii) falling
(bottom row) over time;

� Valence: whether the quantity depicted in the graph
was (i) positively valenced (left column) or (ii) nega-
tively valenced (right column).

We chose ‘vacation days’ as a positively valenced quantity
and ‘murders’ as a negatively valenced quantity. These two
concepts were selected from Warriner et al.’s [68] list of 13,195
English words normed for emotional valence. ‘Vacation’ was
the most positively valenced word in the data set, according to
the ratings. ‘Murders’ was the seventh most negatively
valenced word. The six words assigned more negatively
valenced ratingswere avoided on the basis that theywere emo-
tionally sensitive or offensive (‘pedophile’, ‘rapist’, ‘AIDS’,
‘torture’, ‘leukemia’, ‘molester’). The simple trend lines shown
in each graph all resembled the trend lines depicted in Fig. 2
andwere based on the stimuli used by Pandey et al. [1]. The full
range of graph stimuli shown to participants can be viewed at
https://osf.io/5acjs/.

In sum, each participant saw the four trial types show in
Fig. 2 (middle), presented in a randomized order. Each par-
ticipant saw two graphs in which the situation in the dis-
played city was improving, and two graphs in which the
situation was declining. Each of these graphs was labelled
with a different fictional city name.

3.1.3 Participants

Access to Amazon Mechanical Turk requires users to be 18
years or older, restricting our sample to adult participants.
Participation was restricted to US users of the platform, and
payment was $1 per participant based on the US state of
Illinois’s minimum wage laws. Three hundred MTurk users
volunteered to participate. Of this total, seven participants
were excluded for answering an attention check question
incorrectly prior to the study. Furthermore, three partici-
pants were excluded because their response time to one of
the four trials was more than two standard deviations above
the mean response time to all trials across all participants
(>55.9 seconds). In total, data from 290 participants were
included in the final analyses. For these participants, the
age range was 24-72 years old (M = 39, SD = 11). In terms of
gender, 130 participants were female (44.8 percent), 159 par-
ticipants were male (54.8 percent), and one participant (0.3
percent) was non-binary/third gender.

3.1.4 Statistical Analysis

All statistical analyses were conducted using statistical pro-
gramming language R, version 4.0.3 [69], inside the inte-
grated development environment RStudio 1.1.456 [70]. The
packages ‘plyr’ 1.8.6 [70] and ‘tidyverse’ 1.3.0 [72] were
used for data processing and visualization. The packages
‘ggmcmc’ 1.5.0 [73], and ‘tidybayes’ 2.3.1 [74] were used for
data visualization. The package ‘brms’ 2.14.4 [75], [76] was
used for Bayesian modelling.

The data and analysis scripts for this study are available at
the publicly accessible Open Science Framework repository:
https://osf.io/5acjs/. The hypotheses and planned analyses
for this studywere preregistered and can be found at the afore-
mentioned URL. We used Bayesian multi-level logistic regres-
sion to assess our hypotheses. The dependent variable in all
statistical models was Accuracy (incorrect versus correct).
Accuracy corresponded to whether the participant correctly
judged the situation in each city to be either improving or
declining by selecting the appropriate multiple choice option.
Valence was the only variable relevant to our hypotheses that
varied within participants (each participant answered ques-
tions about graphs depicting both positively and negatively
valenced quantities). To account for by-participant variation in

Fig. 2. Left: Example of a trial completed by participants. All graphs (four per group) can be viewed at https://osf.io/5acjs. Middle: Trend (rising versus
falling) and valence (positive versus negative) were varied within participants to create the four trial types shown to participants. Right: Each partici-
pant took part in one of six groups, each of which contained graphs that had been manipulated in a particular way. Axis Orientation (non-inverted ver-
sus y-axis inverted versus x-axis inverted) and Quantity Mapping (y-axis versus x-axis) were varied between participants to create these groups.
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Accuracy for Valence, random slopes and intercepts for
Valence were included in all models. We set weakly
informative priors centred at 0 with a standard deviation
of 2.

Thedata fromExperiment 1were analysedusing two statis-
tical models. Model 1 assessed hypotheses 1–3 and included
the variables Axis Orientation (inverted versus non-inverted),
Quantity Mapping (x-axis versus y-axis), and Valence (nega-
tive versus positive). These variables were treatment-coded (0,
1). Model 2 assessed hypothesis 4 and included the variables
Axis Orientation (inverted versus non-inverted) and Valence
(negative versus positive), as well as the interaction between
these variables. The variables inmodel 2were deviation-coded
(�0.5, +0.5) to facilitate interpretation of the main effects.
Hypothesis 4 was assessed in a separate model because this
hypothesis was relevant to only those graphs that plotted
quantity along the y-axis.

For each of these models, we observed whether the
95 percent credible intervals for each variable included
zero. Credible intervals that did not contain zero were inter-
preted as showing strong evidence for the effect of the vari-
able on accuracy.

3.1.5 Results

Table 2 shows the accuracy of responses to different graph
stimuli in Experiment 1. Fig. 3 shows the coefficients for
model 1 (top) and 2 (bottom). The blue posterior distributions
show the range of log odds that represent credible values of
the coefficient for each variable in the model. Values with a
higher probability density, represented by denser areas of the
distribution, are more credible than values with a lower prob-
ability density. The black lines beneath the distributions repre-
sent the 95 percent credible intervals for each variable.

Hypothesis 1 predicted that graphs without inverted
axes would be easier to interpret than graphs with either
the x- or y-axis inverted [1]. Consistent with this hypothesis,
participants were more likely to respond correctly to graphs
without inverted axes than to graphs with an inverted axis
(see Table 2, rows 1-2). As shown in Fig. 3 (model 1), the
credible interval for Axis Orientation did not include zero,
indicating that there was strong evidence for the effect of
this variable on the accuracy of responses.

Hypothesis 2 predicted that graphs plotting quantity infor-
mation along the y-axis would be easier to interpret than
graphs plotting quantity information along the x-axis [44].
Contradicting this hypothesis, participants were more likely

to respond correctly to graphs that represented quantity infor-
mation along the x-axis rather than the y-axis (see Table 2,
rows 3-4). As shown in Fig. 3 (model 1), the 95 percent credible
interval for Quantity Mapping did not include zero, indicat-
ing that this effect was strongly supported by the data.

Hypothesis 3 predicted that graphs depicting a positively
valenced quantity (vacation days) would be easier to interpret
than graphs depicting a negatively valenced quantity (mur-
ders). Consistentwith this hypothesis, participants weremore
likely to respond correctly to graphs depicting a positively
valenced quantity than a negatively valenced quantity (see
Table 2, rows 5-6). As shown in Fig. 3 (model 1), the 95 percent
credible interval for Valence did not include zero, indicating
that this effect was strongly supported by the data.

Hypothesis 4 predicted that graphs that aligned with ver-
tical valence metaphors would be easier to interpret than
graphs that did not align with these metaphors. Consistent
with this hypothesis, participants were more likely to
respond correctly to graphs that aligned with vertical
valence metaphors compared to graphs that did not (see
Table 2, rows 7-8). As shown in Fig. 3 (model 2), the 95 per-
cent credible interval for Axis Orientation � Valence did
not include zero, indicating that this effect was strongly
supported by the data.

The main effects for model 2 predicted responses to be
most accurate for non-inverted graphs depicting a positively
valenced quantity (95 percent CI = [3.77, 7.08]). Non-inverted
graphs depicting a negatively valenced quantity were pre-
dicted to elicit the second most accurate responses, although
accuracy was substantially lower (95 percent CI = [�0.29,
2.08]). Predicted accuracy for inverted graphs depicting a pos-
itively valenced quantity (95 percent CI = [�1.39, 0.06]) and
inverted graphs depicting a negatively valenced quantity (95
percent CI = [�1.16, 0.48]) were similar. These main effects
suggest that Axis Orientation (inverted versus non-inverted)
was the primary determinant of accuracy for graphs that
mapped quantity information onto the y-axis, rather than
Valence (negative versus positive) or Valence Alignment
(misaligning versus aligning).

3.1.6 Discussion

Our results showed that participants were more likely to
respond accurately to graphs without inverted axes compared

TABLE 2
Accuracy: Experiment 1

Graph Stimuli Accuracy (Experiment 1)

non-inverted 77.8% 308 vs 87
inverted 56.1% 431 vs 337

quantity on y-axis 55.0% 317 vs 259
quantity on x-axis 71.7% 419 vs 165

positive valence 72.9% 423 vs 157
negative valence 54.0% 313 vs 267

valence aligning: y-axis 66.7% 192 vs 96
valence misaligning: y-axis 43.4% 125 vs 163

Fig. 3. Estimates, standard errors, and posterior distributions (blue) with
95 percent credible intervals (black lines) for coefficients in Bayesian
logistic regression model 1 (all graphs) and 2 (graphs with quantity on
y-axis) in Experiment 1.
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to graphs with an inverted axis. This finding conceptually rep-
licates the results reported by Pandey et al. [1] and extends
these results to graphs with an inverted x-axis (rather than an
inverted y-axis) and an inverted time axis (rather than an
inverted quantity axis). Participants were also more likely to
respond accurately to graphs that aligned with verical valence
metaphors compared to graphs that did not align with these
metaphors. This result indicates that valence alignment mat-
ters for the interpretation of graphs that map quantity infor-
mation onto the y-axis. Because our results show that
inverting the axes of graphs generally has an adverse effect on
response accuracy, a follow-up question is whether valence
alignment matters enough to justify inverting the y-axis of
graphs when these graphs depict negatively valenced quanti-
ties. Our results suggest not: responses to inverted graphs
depicting negatively valenced quantities were less likely to be
accurate than responses to non-inverted graphs depicting
negatively valenced quantities. Ultimately, axis orientation
with respect to the ordering of quantity along axeswas amore
important determinant of accuracy than valence alignment.

Our results also showed that participants were more likely
to respond accurately to graphs depicting a positively valenc-
ed quantity than graphs depicting a negatively valenced quan-
tity. This result is consistent with the cognitive processing
advantage reported for positively valenced stimuli compared
to negatively valenced stimuli [61], [62], [63]. In fact, for graphs
that mapped quantity onto the y-axis, the experimental condi-
tion most likely to elicit accurate responses – by a substantial
margin – was a non-inverted graph that depicted a positively
valenced quantity (as shown by the main effects). The success
of this experimental condition may be attributable to the addi-
tive effect of being non-inverted and depicting a positively
valenced quantity, as well as the multiplicative effect of this
experimental condition aligningwith valencemetaphors.

Participants were more likely to respond accurately to
graphs mapping quantity information onto the x-axis com-
pared to graphs mapping quantity information onto the y-axis.
This result is surprising because line graphs conventionally rep-
resent quantity information using the y-axis, so the subversion
of this convention may be expected to result in lower accuracy.
However, the plotting of quantity onto the x-axis is a salient
design choice that participants are likely to have spotted pre-
cisely due to its subversion of convention. The novelty of this
design choicemay have prompted participants to deliberate for
longerwhen responding to this type of graph to verify that their
answer was correct [77], [78]. In contrast, when the graph pre-
sented to participants mapped quantity onto its y-axis, consis-
tentwith graphical convention, participantsmay have been less
likely to initiate a lengthy verification procedure, leaving room
for errors to creep in. The latencies of participants’ responses
lend credence to this interpretation: participants spent less time
responding to graphs that plotted quantity information using
the y-axis (mean= 3.7 seconds) compared to graphs that plotted
quantity information using the x-axis (mean = 5.5 seconds).
However, it should be noted that there was little evidence for a
general speed-accuracy trade-off in either experiment (see addi-
tional analyses at https://osf.io/5acjs/).

3.2 Experiment 2

Experiment 2 served as a replication-extension of Experi-
ment 1. As a replication, we reproduced the experimental

procedure from Experiment 1 and observed whether the
new data exhibited the same patterns. As an extension, we
introduced a test of horizontal valence metaphors. We
investigated handedness-relative valence metaphors [47],
which suggest that people associate the dominant side of
their body (and therefore that side of space) with more posi-
tive valence, and vice versa. We also investigated the com-
peting hypothesis that the representation of right-handed
metaphors in cultural practices may lead even left-handers
to associate positive valence with right-side space, a non-
relative, ‘absolute’ metaphor [50], [51].

Experiment 2 tested the following two hypotheses in
addition to Hypotheses 1–4 tested in Experiment 1:

H5. Graphs that align with handedness-relative horizon-
tal valence metaphors will be easier to interpret than graphs
that do not align with these metaphors (see Table 3).

H6. Graphs that align with absolute horizontal valence
metaphors where ‘good’ is associated with rightward loca-
tions, irrespective of handedness, will be easier to interpret
than graphs that do not align with these metaphors.

3.2.1 Methodology

The procedure for Experiment 2 followed a similar method to
that detailed for Experiment 1. To assess our hypothesis
regarding handedness-relative metaphors of emotional
valence, eligibility criteria for participation specified that 50
percent of participants in each experimental condition (N =
25) should self-identify as left- and 50 percent as right-handed
based on demographic data that participants provided to
MTurk.

Three hundredMTurk users volunteered to participate. Of
this total, six participants were excluded for answering an
attention check question incorrectly prior to the study. Fur-
thermore, seven participants were excluded because their
response time to one of the trials wasmore than two standard
deviations above themean response time to all trials across all
participants (25.9 seconds). Thus, data from 287 participants
were included in the final analyses. The reported age range of
participants was 23-72 years old (M = 39, SD = 10). In terms of
gender, 175 participants were male (61 percent), 108 partici-
pants were female (37.6 percent), 2 participants were non-
binary/third gender (0.7 percent), and 2 participants pre-
ferred not to say (0.7 percent). In terms of handedness, 145
participants were right-handed (50.5 percent) and 142 partici-
pants were left-handed (49.5 percent).

Three statistical models were used to analyse the data.
Model 1 and 2 used in Experiment 1 were used again in
Experiment 2. Model 3 assessed hypotheses 5–6 and con-
tained the variables Axis Orientation (inverted versus non-

TABLE 3
Hypothesis 5 & 6: Horizontal Valence Alignment

Stimuli Valence Aligning (x-axis)

Left-handed Right-handed

non-inverted axis, positive valence no yes
non-inverted axis, negative valence yes no
inverted axis, positive valence yes no
inverted axis, negative valence no yes
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inverted), Valence (negative versus positive), and Handed-
ness (left versus right). This model also assessed the interac-
tion between Axis Orientation and Valence (hypothesis 6), as
well as the three-way interaction between Axis Orientation,
Valence, and Handedness (hypothesis 5). The variables in
model 3 were deviation-coded (�0.5, +0.5) to facilitate inter-
pretation of themain effects. Hypotheses 5–6were assessed in
a separate model because these hypotheses applied only to
graphs thatmapped quantity information onto the x-axis.

3.2.2 Results

Table 4 shows the accuracy of responses to different graph
stimuli in Experiment 1. Fig. 4 shows the coefficients for
model 1 (top), 2 (middle), and 3 (bottom). The blue posterior
distributions represent the credible values of the coefficients
for each variable and the probability density of these values.
The black line beneath these distributions represents the 95
percent credible intervals.

Hypothesis 1 predicted that graphs without inverted
axes would be easier to interpret than graphs with either
the x- or y-axis inverted [1]. Consistent with this hypothesis,
participants were more likely to respond correctly to graphs
without inverted axes than to graphs with an inverted axis
(see Table 4, rows 1-2). As shown in Fig. 4 (model 1), the 95
percent credible interval for Axis Orientation did not
include zero, indicating that this effect was strongly sup-
ported by the data.

Hypothesis 2 predicted that graphs mapping quantity
onto the y-axis would be easier to interpret than graphs
mapping quantity onto the x-axis [44]. Contradicting this
hypothesis, and in line with the results from Experiment 1,
participants were more likely to respond correctly to graphs
that represented quantity information along the x-axis than
the y-axis (see Table 4, rows 3-4). As shown in Fig. 4 (model
1), the 95 percent credible interval for Quantity Mapping
did not include zero, indicating that this effect was strongly
supported by the data.

Hypothesis 3 predicted that graphs depicting a positively
valenced quantity (vacation days) would be easier to inter-
pret than graphs depicting a negatively valenced quantity
(murders). There was a descriptive difference between
graphs that depicted a positively valenced quantity and

graphs that depicted a negatively valenced quantity (see
Table 4, rows 5-6). However, as shown in Fig. 4 (model 1),
the 95 percent credible interval for Valence marginally
included zero, albeit with the bulk of the credible interval
being above zero (lower bound = �0.10).

Hypothesis 4 predicted that graphs aligning with vertical
valence metaphors would be easier to interpret than graphs
misaligning with these metaphors. Consistent with this
hypothesis, participants were more likely to respond cor-
rectly to graphs that aligned with vertical valence meta-
phors than to graphs that did not (see Table 4, rows 7-8). As
shown in Fig. 4 (model 2), the 95 percent credible interval
for Axis Orientation � Valence did not include zero, indicat-
ing that this effect was strongly supported by the data.

The main effects for model 2 predicted accuracy to be
highest for non-inverted graphs depicting a positively
valenced quantity (95 percent CI = [4.53, 8.44]), followed
by non-inverted graphs depicting a negatively valenced
quantity (95 percent CI = [1.47, 4.71]). Accuracy for
inverted graphs depicting a negatively valenced quantity
(95 percent CI = [�0.83, 1.27]) and inverted graphs depict-
ing a positively valenced quantity (95 percent CI = [�1.73,
0.22]) were predicted to be substantially lower. These
main effects indicate that Axis Orientation (inverted ver-
sus normal) was the primary determinant of accuracy for
graphs that plotted quantity using the y-axis, rather than
Valence (negative versus positive) or Valence Alignment
(misaligning versus aligning).

Hypothesis 5 predicted that graphs that align with hand-
edness-relative horizontal valence metaphors would be eas-
ier to interpret than graphs that do not align with these
metaphors. There was a descriptive difference in accuracy
between graphs that did or did not align with handedness-

TABLE 4
Accuracy: Experiment 2

Graph Stimuli Accuracy (Experiment 2)

non-inverted 82.6% 317 vs 67
inverted 61.5% 470 vs 294

quantity on y-axis 59.7% 346 vs 234
quantity on x-axis 77.6% 441 vs 127

positive valence 71.6% 411 vs 163
negative valence 65.5% 376 vs 198

valence aligning: y-axis 64.5% 187 vs 103
valence misaligning: y-axis 54.8% 159 vs 131

valence aligning: x-axis (relative) 75.4% 214 vs 70
valence misaligning: x-axis (relative) 79.9% 227 vs 57

valence aligning: x-axis (absolute) 84.9% 214 vs 43
valencemisaligning: x-axis (absolute) 70.4% 200 vs 84

Fig. 4. Estimates, standard errors, and posterior distributions (blue) with
95 percent credible intervals (black lines) for coefficients in Bayesian
logistic regression model 1 (all graphs), 2 (graphs with quantity on
y-axis), and 3 (graphs with quantity on x-axis) in Experiment 2.
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relative horizontal valence metaphors (see Table 4, rows 9-
10). However, as shown in Fig. 4 (model 3), the 95 percent
credible interval for Axis Orientation � Valence � Hand
included zero, indicating that this effect was not strongly
supported by the data.

Hypothesis 6 predicted that graphs that align with abso-
lute horizontal valence metaphors, irrespective of partic-
ipants’ handedness, would be easier to interpret than
graphs that do not align with these metaphors. Consistent
with this hypothesis, graphs that aligned with the absolute
vertical valence metaphor were more likely to elicit correct
responses than graphs that did not align with this metaphor
(see Table 4, rows 11-12). As shown in Fig. 4 (model 3), the
95 percent credible interval for Axis Orientation � Valence
did not include zero, indicating that this effect was strongly
supported by the data.

The main effects for model 3 predicted accuracy to be
highest for non-inverted graphs depicting a positively
valenced quantity (95 percent CI = [2.64, 5.68]). The second
highest predicted accuracy was elicited by inverted graphs
depicting a positively valenced quantity (95 percent CI =
[1.85, 4.23]). Accuracy for inverted graphs depicting a nega-
tively valenced quantity (95 percent CI = [1.11, 2.61]) and
non-inverted graphs depicting a negatively valenced quan-
tity (95 percent CI = [0.39, 2.15]) were similar. These main
effects indicate that Valence (negative versus positive) was
the primary determinant of accuracy for graphs that plotted
quantity using the x-axis, rather than Axis Orientation
(inverted versus non-inverted) or Valence Alignment (mis-
aligning versus aligning).

3.2.3 Discussion

Consistent with Experiment 1 and with the results of Pandey
et al. [1], our results show that participantsweremore likely to
respond accurately to graphs without inverted axes than to
graphs with inverted axes. Participants were also more likely
to respond accurately to graphs that aligned with vertical
valence metaphors than to graphs that did not align with
these metaphors. For graphs that depicted quantity informa-
tion using the y-axis, axis orientationmatteredmore for graph
interpretability than alignment with vertical valence meta-
phors. For instance, accuracy was higher for non-inverted
graphs depicting a negatively valenced quantity than for
inverted graphs depicting a negatively valenced quantity,
despite the fact that the latter graph aligned with vertical
valence metaphors. Altogether, these results indicate that
alignment with valence metaphors matters for the interpreta-
tion of line graphs, but not enough to justify inverting the axis
of these graphs, which is likely to confuse graph users [1], [35].

Unlike Experiment 1, the credible interval for emotional
valence (negative versus positive) in Experiment 2 included
zero. However, the majority of this credible interval was
above zero, with the lower bound of the interval being �0.10.
Furthermore,while itwas not the primary test of our hypothe-
sis, the model assessing only horizontal valence metaphors
indicated that there was strong evidence for an effect of emo-
tional valence for graphs that depicted quantity using the
x-axis (95 percent CI = [0.81, 3.25]). Therefore, data across
both experiments could be interpreted together as showing an
effect of emotional valence on response accuracy, consistent

with research showing that positively valenced stimuli are
recognised more quickly than negatively valenced stimuli
[61], [62], [63].

As in Experiment 1, participants in Experiment 2 were
more likely to respond accurately to graphs that mapped
quantity information onto the x-axis rather than the y-axis (in
contrast to [44]). Participants also spentmore time responding
to these graphs (mean = 5.11 seconds) than to graphs that
depicted quantity information using the y-axis (mean = 3.79
seconds). This result lends further support to the notion that
participants made fewer mistakes when responding to x-axis
graphs because they spent longer verifying that their answers
to these graphswere correct [77], [78].

For graphs mapping quantity onto the x-axis, partici-
pants were more likely to respond accurately to graphs that
aligned with absolute valence metaphors (where ‘good’ is
associated with rightward space) rather than handedness-
relative valence metaphors (where ‘good’ is associated with
the side of space corresponding to the dominant side of
one’s body). This finding supports the idea that the repre-
sentation of the right-handed valence metaphor in cultural
practices and language causes an absolute association
between right-side space and positive valence that extends
even to left-handers [50], [51].

Our results also showed that emotional valence (negative
versus positive) mattered more than axis orientation for the
interpretability of graphs mapping quantity onto the x-axis.
In fact, accuracy was similar for x-axis graphs with non-
inverted axes (78.2 percent, 147 versus 41) compared to
x-axis graphs with an inverted axis (77.4 percent, 294 versus
86). A possible reason for the lack of an axis orientation
effect for x-axis graphs may be that the novel presentation
of quantity on the x-axis caused participants to pay more
attention to the direction of this axis. The lack of an axis ori-
entation effect may then have left more room for emotional
valence to influence responses.

4 GENERAL DISCUSSION

Our main results can be summarised as follows:

� Non-inverted line graphs are easier to interpret than
line graphs with an inverted axis, confirming and
extending results reported by Pandey et al. [1] to
graphs with an inverted x-axis, and graphs with an
inverted time axis (either the y-axis or x-axis).

� Line graphs that adhere to conceptual metaphors of
emotional valence [19], [20], [21] are easier to inter-
pret than line graphs that do not adhere to these con-
ceptual metaphors. However, the beneficial effect of
valence alignment on graph interpretability does not
outweigh the adverse effect of reversing graphical
axes.

� Line graphs depicting a positively valenced quantity
are easier to interpret than line graphs depicting a
negatively valenced quantity, both when quantity
was mapped onto the y-axis and the x-axis, consis-
tent with the negativity bias [61], [63], [65].

� Line graphs that plot quantity onto the x-axis are
easier to interpret than line graphs that plot quantity
onto the y-axis.
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Our results support the idea that conceptual metaphor the-
ory can be relevant to the design of data visualizations [7], [8] –
in this case, line graphs.However, our results leadus to recom-
mend that line graphs should be designed to align with con-
ceptual metaphors of emotional valence only if doing so does
not subvert other well-established design graphical conven-
tions. Our results also suggest that the inverted y-axis of the
Stand Your Ground visualization, which depicted gun deaths
in Florida [26], did indeed have the potential to mislead view-
ers of the visualization. Contrary to comments made by
graphic designer Christine Chan, while axis direction can “be
shown either way” [26], we recommend that designers hoping
to elicit the correct interpretation of the data being visualized
should not invert the y-axis.

There are, however, some visualizations in which y-axis
inversion seems to have been employed successfully [36].
For example, the infographic entitled Iraq’s Bloody Toll (see
Fig. 1, B), designed by Simon Scarr, was awarded the silver
prize at annual infographics conference Malofiej [17], [78].
This infographic depicts the number of deaths per month in
Iraq between 2003 and 2011, inverting its y-axis and filling
its bars in red to resemble blood running down the page. In
contrast to the Stand Your Ground visualization, the Iraq
infographic’s title and its use of thin red bars with rounded
end caps emphasise the metaphor of blood. In addition, the
use of bars in the Iraq infographic allows the viewer to see
that the bars originate at the top of the page, whereas the
Stand Your Ground graph is a line chart and so does not
provide an easy cue for determining axis orientation [36].
More research is needed, but y-axis inversion may be
acceptable if the axis inversion is made highly salient by
other design features of the visualization. However, doing
so necessarily involves risk as some viewers might not
notice the axis inversion.

In some cases, graph designersmay prefer to avoid plotting
quantity on the y-axis entirely if using the y-axis for quantity
conflicts with metaphors of emotional valence, and instead
may prefer to use the x-axis. In support of this recommenda-
tion, Tversky [2] has argued that the horizontal axis is more
neutral than the vertical one. Our results corroborate the rela-
tive neutrality of the horizontal axiswith respect to line graphs:
while we found an effect of valence alignment for the x-axis in
Experiment 2, this effect was not as strong as the effect of
valence alignment for the vertical axis in both Experiment 1
and 2 (as indicated by the distance of the 95 percent credible
intervals from zero, see Figs. 3 and 4).

Our results have potential applications to other graphs
where designers select the ordering of categorical variables,
such as stacked bar charts. When there is no strict conven-
tion for the ordering of y-axis categories, these categories
could be listed from smallest to largest from the bottom to
the top of the y-axis, or from the top to the bottom, presum-
ably without causing confusion. The interpretability of these
graphs might be enhanced when the category with the
‘most’ is positioned at the top of the graph, and the cate-
gory with the ‘least’ is positioned at the bottom, in line
with vertical quantity metaphors [3], [4], [6]. Alterna-
tively, the optimal ordering might depend on whether
the quantity is positively or negatively valenced [20],
[21], [38]. This is an intriguing avenue of research for
future studies to explore.

In general, more research needs to be conducted looking
at graphs showing different trends and quantities to deter-
mine the extent to which our results can be generalised. For
example, the graphs we showed to participants were based
on those used by Pandey et al. [1] and thus were highly
schematic, showing a simple, relatively linear line without
any other fluctuations. Real-life data are often more noisy
and complex than in the current work. Future research is
needed to determine whether our results generalise to dif-
ferent types of data, specifically data with more variability.
It also remains to be seen how non-linearities in the trend
line might affect conceptualisations of emotional valence.

In addition to the vertical axis, our data revealed an effect
of absolute horizontal metaphors of emotional valence that
was not relative to handedness. Interpretation of the line
graphs in this study thus did not appear to be influenced by
body-specificity [47], [48], [49]. This finding supports the
notion that even left-handersmay come to acquire an absolute
association between right-side space and positive valence due
to the representation of the right-handed valence metaphor in
cultural practices and language [50], [51].

Based on the support our results provided for the nega-
tivity bias, an additional recommendation we can make for
the design of line graphs is that, if it is possible to frame a
quantity in positively or negatively valenced terms (e.g., ‘10
percent less sad’ versus ‘10 percent happier’, or ‘30 percent
uncertain’ versus ‘70 percent certain’), the visualization
designer should use the positively valenced framing. For
example, it may be easier to interpret the graph shown in
Fig. 1 (C) if this graph displayed ratings of favourability
rather than unfavourability.

A possible criticism of our assessment of emotional valence
is that participants may not have universally agreed that
‘vacation days’ is a positively valenced concept – the judg-
ment of a stimulus as positively or negatively valenced is sub-
jective. For example, employers might view ‘vacation days’ as
negatively valenced due to its association with diminished
workplace productivity. Nonetheless, the fact that ‘vacation’
was rated as the most positively valenced word in the 13,915
words normed by Warriner et al. [67] leads us to assume that
the overwhelming majority of our participants assessed this
concept favourably. Because Warriner et al. used a sample of
US participants recruited via Amazon Mechanical Turk, the
majority of whom had English as their native language, simi-
lar to our sample, there is good reason to believe that our par-
ticipants shared similar views about the valence of ‘vacation
days’. Furthermore, the standard deviation of the ratings for
‘vacation’ (0.77) was substantially below the average standard
deviation for words in the Warriner et al. dataset as a whole
(1.68) (more extreme ratings tend to be less variable, see [79]),
indicating that attitudes toward ‘vacation’ were highly consis-
tent. The large samples in both our experiments ensured that
anomalous data from participants who felt differently did not
inordinately skew our results. Finally, because participants
answered questions about both vacation days andmurders, it
seems likely that vacation days would have been perceived as
more positively valenced than murders in relative terms. This
contrast in itself might be expected to affect results in the
directionwe observed.

Our finding that participants were more likely to respond
accurately to graphs that plotted quantity using the x-axis
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was contrary to our predictions. We speculated that the sub-
version of convention in these graphs was likely to have been
salient to participants, who then spent longer interpreting
these graphs to make sure their response was correct. This
finding differs from the y-axis advantage for bar charts
reported by Fischer et al. [44]. The discrepancy between these
two sets of results may be attributable to the fact that horizon-
tal bar charts are relatively ‘normal’, conventional visualiza-
tions, unlike line graphs that map quantity onto the x-axis,
which are unusual. Our results may also speak to the notion
of desirable difficulties, which posits that making learning more
challenging can be beneficial [77], [78].

This paper demonstrates the role that the field of concep-
tual metaphor researchmay have to play in the design of data
visualizations. Our results suggest that conceptual metaphor
theory matters for the interpretation of line graphs. However,
visualization designers arewarned against subverting graphi-
cal convention in order to align with conceptual metaphors
that are not conventionally instantiated graphically. Other-
wise, the resultant visualizationmay bemore liable tomislead
than to inform.
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