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Figure 1: Our 3 within-subjects user experiments presented participants with collections of tasks (see Table 1). Experiment 1
compared performance across truncated vs. untruncated charts, resulting in differences in both accuracy (for Filter and Ratio
tasks) and speed (for Retrieve Value and Make Comparison tasks). Experiment 2 compared performance across truncated vs.
untruncated charts for small, medium, and large “data ranges”. This once again revealed differences in both accuracy (for Filter
and Ratio tasks) and speed (for Order and Ratio tasks) that differed by data range. Finally, Experiment 3 investigated data
labels as a mitigation strategy, finding that labeled charts performed better in terms of accuracy and speed, while there was no
difference in the Ratio task accuracy for both labeled and unlabeled charts, implying that the mitigatory effect of labeling

extended to unlabeled charts for the within-subjects design.
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Abstract

Axis truncation in bar charts is widely criticized as misleading, often
based on ratio judgments or subjective ratings (i.e., Likert scale com-
parisons). This perspective, however, overly relies on these tasks
and lacks nuance. We conducted three experiments to examine the
effects of truncation across seven bar chart tasks. Our results show
that truncation increases error for ratio calculations but improves
accuracy or speed for tasks such as filtering and value retrieval.
We further find that the magnitude of these effects depends on
the degree of truncation and that direct data labeling substantially
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mitigates the negative effects of truncation in our experimental set-
ting. These findings add nuance to bar chart truncation and invite
discussion around the inherent “deceptiveness” of design elements.
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1 Introduction

As data visualization has become increasingly ubiquitous, both re-
searchers and practitioners develop guidelines to improve chart
clarity [8, 36, 44, 52, 57]. These guidelines help designers commu-
nicate clearly, but are often simplified and condensed, leading to a
lack of nuance for when the rules should or should not apply. This
not only leads to incomplete information for designers who may
benefit from understanding the tradeoffs or caveats to different
designs, but also stifles designer creativity and leads to less diverse
designs.

One prevalent example of this phenomenon is bar chart axis
truncation, where the baseline of a continuous axis is above 0.
Figure 1 shows how drastically this can change a chart’s appearance.
Prior work has shown that this truncation, especially in bar charts,
can lead to larger perceived disparities between data points and an
inflated assessment of comparisons or ratios [5, 12, 41, 46, 60]. Due
to this increased scrutiny, we have seen a strong rejection of bar
chart axis truncation from both academic research [5, 12, 39, 40, 43,
46, 56, 60] and industry practitioners [14-32].

There are certainly problems with axis truncation in bar charts,
and in certain situations, it can lead to worse readability. However,
modern guidelines are unnuanced, leading to an opportunity cost
in situations where truncating the axis may be beneficial. This
can mean that, while trying to follow these guidelines, designers
may in fact make their visualizations less clear or readable. In use
cases like healthcare or emergency response, this readability and
communication can be critical.

Just as prior works have added nuance to the rejection of so-
called “chart-junk” [1, 35, 42], and have even shown strong benefits
to certain kinds of embellishments or visual flares, this work seeks
to add much-needed nuance to bar chart truncation. We do so by
taking a task-based approach to measuring the effects of truncation.
We conducted a series of three user experiments, which measured
the effects of truncation on various tasks, compared different data

*See supplemental materials for data, analyses, examples of the stimuli, and survey
materials. Pre-registration for Experiment 2 can be found here and Experiment 3 can
be found here.
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ranges, and finally leveraged data labeling as a potential mitigating
factor. Our findings are three-fold:

o Although our results agree with prior work that truncating
the axis is associated with increased error for the Ratio task,
we also find evidence of reduced error for the Filter task
and potentially increased speed in the Filter, Retrieve Value,
Make Comparison, and Order tasks.

e We find that the effects of truncation in our experiments,
both positive and negative, vary depending on the amount
of truncation. Specifically, for small data ranges, our results
show more significant benefits and drawbacks.

e According to our experimental results, data labeling (i.e.,
directly including the data values in proximity to the bars)
seems to mitigate the negative effects of truncation while
reducing error and duration overall.

2 Background and Prior Work
2.1 Axis Truncation

There has been much work discussing bar chart axis truncation
[4-6, 12, 40, 41, 43, 46, 56, 60]. This work most often results in
the same takeaway: in the case of bar charts, truncating the axis
can be deceptive, at least in the narrow case of ratio-based or sub-
jective comparisons. While line charts are often recommended to
be truncated by both researchers [5, 11, 41, 59] and practitioners
[14, 15, 19, 22, 23, 26-30] to highlight the differences between val-
ues, bar charts are often highlighted as particularly problematic.
This allowance for truncated line charts while still criticizing trun-
cated bar charts is referred to by Correll et al. [5] as “line chart
exceptionalism”.

This arguably goes all the way back to Tufte, who first coined
the “Lie Factor” [57], which is defined as a ratio of the “size of
effect shown in graphic” over the “size of effect in data”. Essentially,
Tufte argued that the further this value was from 1, the more of a
“lie” the chart displayed. As we can imagine, bar chart truncation
would squarely fall into this category, where a bar that was heavily
truncated would have a high Lie Factor.

Earlier empirical works also supported this. Among the first to
do so were Pandey et al. [46], who asked participants to subjec-
tively provide a Likert-scale assessment of the perceived difference
between two bars in truncated and untruncated bar charts. The
findings show that viewers do, indeed, perceive the difference be-
tween truncated bars to be subjectively greater than untruncated
bars. Similar subjective metrics were later utilized by other works
in demonstrating the dangers of truncation [5, 60]. This could po-
tentially deceive viewers by exaggerating small differences between
values.

Correll et al. [5] found evidence that this difference in subjective
comparisons held true even when using design elements explicitly
tailored to draw attention to the truncated axis. For example, even
in the case of a “torn paper” or “bent” stimulus (where the bar
appears torn or bent), truncation inflated participants’ subjective
assessment of the differences.

Yet more research then defined the phenomenon mathematically
and grounded it in objective differences, asking participants to
calculate the ratio of two values in a bar chart [12, 41, 56]. This
strategy hearkened back to the Lie Factor by using ratios to measure
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Figure 2: An example of the “ratio heuristic”, where viewers
assume that the length of the bar is proportional to the value
of the bar and therefore estimate ratios based on the length.
‘While this is often useful for untruncated charts, it can lead
to drastically incorrect calculations in the case of axis trun-
cation.

the effects of truncation. Such works found that viewers often
utilize a heuristic to calculate the ratio based on the lengths of
the bars rather than the values of the bars, due to the expectation
that lengths are proportional to value [6]. We will refer to this as
the “ratio heuristic” for the remainder of this work. An example is
provided in Figure 2.

Researchers in the psychological or perceptual side of the data
visualization research community have also contributed to this
growing corpus of critical literature. For example, in the seminal
work by Franconeri et al. titled “The Science of Visual Data Com-
munication: What Works” [10], the authors refer to a real-world
example of a truncated bar chart that suffers from this ratio heuris-
tic and cite the work by Correll et al. The authors do not conclude
with a hard recommendation not to truncate bar charts, but cer-
tainly caution about the dangers of bar chart truncation and this
ratio heuristic. Other perceptual work, such as Ge et al. [13], re-
fer to “inappropriate y-axis truncation” as being misleading in bar
charts due to exaggerated differences, but do not opine on what
“appropriate” truncation might entail.

Truncating the axis of bar charts has even been included in
several compilations or taxonomies of deceptive design principles
[12, 39, 40, 43, 56], and is often a guideline pushed by industry visu-
alization designers. In fact, at least 20 of the 23 organizations that
include Bar Chart-specific guidance tracked by the Data Visualiza-
tion Style Guidelines project [52] advise to never truncate the axis
of a bar chart, without exception [14-32]. This appears to be the
most widely shared guideline among these organizations according
to the Guidelines Explorer [34], which cataloged and categorized
the guidelines present in these style guides. Indeed, many designers
and researchers alike claim that truncating the axis of a bar chart
will inherently lead to a less readable and less accurate chart for
viewers.

All in all, the existing literature provides a wealth of evidence
for the negative potential for bar chart truncation. This should not

CHI *26, April 13-17, 2026, Barcelona, Spain

be discounted or ignored. However, it also leaves an opportunity to
explore the nuances of when such a design may be useful. There has
been a recent push within the visualization research community
to question how holistically this guideline is to be applied. This
includes adding nuance and showing cases where axis truncation
leads to no significant difference in the viewer’s ability to read the
chart, even in a ratio-based task [41, 59]. Correll et al. [5] also came
down on the side of nuance, in which they rejected the “line chart
exceptionalist” framing or the holistic rejection of bar chart trun-
cation. Long et al. [41] found evidence that smaller (“monotonic”)
bar chart truncation did not lead to negative effects in grouped bar
charts. Schlieder et al. [51] explored the psychological role of meta-
cognition in the effects of bar chart truncation, finding evidence
that truncation may be mitigated by meta-cognitive learning, even
when correctness of an answer is not explicitly shown. Ritchie et al.
[48] further showed that, when paired with untruncated charts in
an interactive setting, there were perceptual benefits to displaying
truncated bar charts. But many of these studies are limited in scope,
focusing on particular chart subtypes (e.g., grouped or interactive
bar charts) or omitting broader considerations of when truncation
may be justified. Given these gaps, we explore how a broadened
space of tasks might clarify when bar chart axis truncation may hin-
der interpretation and readability or when it might be a defensible
design choice.

2.2 Task-Based Visualization Analysis

We began by noting that specific tasks seemed to be used repeat-
edly within prior work: (1) subjective Likert-scale descriptions of
relative differences between bars and (2) mathematical ratio calcula-
tions. This commonality led us to consider whether there are tasks
with improved accuracy or speed after axis truncation. In order to
determine which tasks to include, we surveyed prior works related
to task taxonomy.

One of the first papers that looked at data visualizations through
the lens of tasks was Shneiderman [53], who specifically created
a taxonomy of seven tasks for interactive visualization systems,
building on his “Visual Information Seeking Mantra”. Although
this work explicitly dealt with interactive systems, it nonetheless
inspired works to taxonomize general visualization-related tasks.
Amar et al. [2] used an affinity diagram approach to analyze student
questions regarding datasets and generate a list of tasks that rep-
resent how the students seemed to explore the datasets, resulting
in ten low-level visualization tasks. Yi et al. [62] similarly consid-
ered task in the case of interactive visual systems, building upon
both of these works, among others. Chen et al. [61] then created
a taxonomy of 12 tasks, sourced from prior works and a scrape of
comments from a now-decommissioned IBM visualization-centric
web forum. Another touchstone of task-based categorization came
a few years later when Brehmer and Munzner [3] created an ab-
stract taxonomy focused on the “why” and “how” of visualization
communication, both for exploring and designing visualizations.
Though not a comprehensive list, these works are all foundational
to categorizing the ways and reasons people use visualizations.

Several works then built upon or leveraged these task-based
models. Lee et al. [38], when developing their Visualization Literacy
Assessment Test (VLAT), maintained a chart-type-first perspective
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Table 1: Seven Canonical Bar Chart Tasks from Prior Works

Task Name Sources Combined Definition

Retrieve Value [2,38,49] Retrieve the y-value associated

with a given x-value.

McKinley et al.

Table 2: Examples of Task Instructions for Temperature
Charts. These wordings were used for all tasks in all experi-
ments, with variations depending on topic (rainfall, profit,
or temperature). All brackets are replaced with the relevant
variable, such as the relevant month or country.

[2,38,49] Determine which x-values
correspond to the highest or
lowest y-values.

Find Extrema

[2,38,49] Determine the minimum and
maximum y-values.

Determine Range

Make Comparison [2, 38] Determine if a y-value is

higher or lower than another.

Filter [2,49] Determine which x-values
correspond to y-values within
a specified range.

Order [2,49] Sort the x-values by the
corresponding y-value.

Ratio [6,12,41] Calculate the ratio of one

y-value to another.

on the tasks included in the test. From prior works [2, 3, 61], they
extracted 8 tasks for users to complete when looking at charts and
determined (with expert input) which tasks applied to which chart
types, resulting in several tasks being considered relevant for bar
charts.

Saket et al. [49] also considered task, but empirically tested differ-
ent chart types for each task to determine which charts performed
well for different tasks. In their analysis, the authors also found
that bar charts were useful in many of the tasks.

Notably, despite its prevalence in works from subsection 2.1,
none of these taxonomies of visualization tasks included the Ratio
task. While this could be a limitation of these taxonomies, it is also
emblematic of how uncommon this task seems to be, as multiple
of these taxonomies were generated by analyzing real-world users,
such as students [2] or visualization enthusiasts [61], who did not
seem to emphasize this task. The closest corollary is the “Compute
Derived Value” task included by Saket et al. and Amar et al., though
these works primarily focused on sums or differences rather than
ratios [2, 49]. However, for the purpose of comparing this work to
the prior findings regarding bar chart axis truncation presented
in subsection 2.1, we included the Ratio task in our experimental
designs.

Consolidating these works, we arrived at the following tasks:
Retrieve Value, Find Extrema, Determine Range, Make Comparison,
Order, Filter, and Ratio. The list of all 7 tasks, along with definitions,
is presented in Table 1. The subjective differences, however, were
omitted from these experiments for a key reason, as discussed by
Correll et al., who note that the subjective nature of this metric
means that “There is no a priori, domain-agnostic ground truth for
how severe, important, or meaningful an effect size ought to be” [5].
Therefore, we agree with those authors that this decision should be
ultimately left with the designer, and is not inherently “deceptive”.

Task Name Task Phrasing

Retrieve Value What was the average temperature for

[Country] in [Month]?

What was the month with the
[highest/lowest] temperature for [Country]?

Find Extrema

Determine Range =~ What is the range of average temperatures

for [Country]?

Make Comparison Was the average temperature in [Month 1]
higher or lower than in [Month 2]?

Filter Which month(s) had average temperature
between [Y1] and [Y2] (inclusive)? Select
all that apply.

Order Select the option that orders the months

from [highest/lowest] to [highest/lowest].

Ratio Fill in the blank. The average temperature
in [Month 1] is _% of [Month 2].

3 Overview, Questions, and Hypotheses

From this prior work and our own judgment, we generated the
following research questions regarding axis truncation in bar charts.

RQ1: Is there a difference between various visualization tasks and
the effect of truncation? Are there tasks for which truncation improves
speed or accuracy? We expect that, as discussed in prior work [6,
12, 41], the Ratio task will see increased error when the axis is
truncated due to the use of the ratio heuristic. However, for the
other tasks sourced from VLAT [38], Amar et al. [2], and Saket et
al. [49], we hypothesize that there may be improvement in speed
or accuracy due to the increased granularity of the axis tick marks
and the clearer differences between bar heights.

RQ2: Are these effects related to the range of the underlying data?
Similar to Long et al. [41], we expect that the amount of truncation
(i.e., the size of the new baseline relative to the data size) will affect
the results. In their work, results show that smaller (“monotonic”)
changes to the baseline did not lead to significant changes while
larger (“non-monotonic”) changes led to poorer performance on
ratio-related questions. We expand this theory to hypothesize that
every task with a significant difference (both positive and negative)
between truncated and untruncated performance will have stronger
effects as the truncation becomes more severe.

RQ3: Are there strategies to mitigate the effects of axis truncation?
We hypothesize that certain strategies will help to mitigate the
negative effects and lower error overall. Correll et al. [5] showed
that highlighting the axis truncation did not necessarily lessen the
subjective impact of truncation, but we believe that strategies which
highlight data values will lead to less usage of the ratio heuristic and
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higher readability of the chart, leading to lower error and reduced
differences between truncation.

4 Experiment 1: Task-Based Performance

We designed three experiments, one for each of these research
questions. Each of the studies leveraged the reVISit framework for
data collection [7] and Vega-Altair for chart generation [50, 58].

We began by conducting an experiment with the intent of an-
swering RQ1 by measuring the task-based performance of partici-
pants when presented with truncated or untruncated bar charts as
stimulus.

4.1 Stimulus Design

4.1.1 Tasks. For the first study, our goal was to answer RQ1, which
concerns task-based performance. As discussed in subsection 2.2,
we started by collecting the tasks from prior works [2, 12, 38, 41,
49, 56] that we believe represent common bar chart tasks, listed in
Table 1. For this experiment, all seven tasks were used.

4.1.2  Visualization Designs. All charts were kept simple, with min-
imal variation or embellishment to avoid confounding design el-
ements. For example, the color palette used for all charts is the
default blue from Vega, and textual elements (such as titles and
axis labels) were kept consistent. All text was kept minimal, with
default axis ticks and descriptive, neutral titles for charts and axes
(including units for measurements).

The chart designs only meaningfully varied in the data they
presented (which was randomly generated for each chart) and the
y-axis truncation level.

4.1.3  Truncation. For this experiment, we wanted to test whether
or not truncation led to differences in task performance. We there-
fore wanted to have varying stimuli for truncation. We settled on
a binary truncated vs. untruncated design, for multiple reasons.
Firstly, this simplifies the design and allows for fewer categories in
our analysis. Secondly, we will test various levels of truncation in
Experiment 2 by adjusting the data range of the visualizations, and
therefore can focus on a binary variable here.

To standardize the level of truncation for our stimuli, we began
by once again looking at prior work, which found that the level of
truncation was related to its effects on the Ratio task [41]. In other
words, the more extreme the truncation, the more error was intro-
duced in the Ratio task. We then used our judgment to determine
a level of truncation that is extreme enough to elicit meaningful
effects but that does not completely obscure the smallest bar. This
led us to generate the following formula to determine the trun-
cated baseline: b = ymin — w. This means that the data
range (between the tallest and shortest bars) will take up the middle
two-thirds of the axis, satisfying the requirement that truncation
is extreme and also providing a simple way to standardize across
datasets with different scales or ranges. Figure 3 shows two exam-
ples of charts used in this experiment, each truncated with this
paradigm.

This truncation strategy also echoes prior work, most notably
Witt. While our truncation makes the axis range 1.5 times the data
range, Witt argued that, especially for scientific papers, the y-axis
should be ranged at 1.5 standard deviations of the data [59]. There
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Figure 3: Two examples of charts used in Experiment 1, with
both the untruncated (left) and truncated (right) versions.
All data and entity IDs were randomly generated.

are also multiple industry guidelines (such as the UNHCR [31]
and the Baltimore City Data Fellows [14]) who recommend, in the
context of line charts, that the data take up two-thirds of the axis.
From this, we refer to this truncation as the “two-thirds rule” in
this work. Importantly, we do not believe this to be a hard rule, but
rather a useful way to standardize our truncation.

4.2 Procedure

In Experiment 1, charts were randomly generated using the de-
sign guidelines in subsection 4.1 according to two topics, which
were designed to align with common use cases for bar charts: com-
pany performance (specifically monthly profits) and weather events
(specifically average monthly rainfall). All data were fabricated and
the titles referred to entities named “Company X” or “City X”, where
X is some randomized letter from the English alphabet. Each chart
had both a truncated and an untruncated version. Examples of the
charts used in this experiment can be found in Figure 3.

Utilizing a within-subjects design, we presented each participant
with seven pairs of such bar charts, one for each task. Each of
these seven pairs were randomly chosen to either topic (rainfall
and profit). The pairs of charts that were shown for each task were
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Table 3: Demographic Information by Study

Study 1 Study 2 Study 3

(N=62) (N=57) (N=60)
Sex Identity
Male 32 28 31
Female 28 28 28
Non-binary or third gender 1 1 1
Prefer not to answer 1
Education Level
Less than High School 2 0 1
High School or GED 10 10 12
Some College 16 13 8
Associate’s Degree 8 8 6
Bachelor’s Degree 19 21 21
Master’s Degree 5 4 6
Professional Degree 0 0 1
Doctorate 2 1 5
Age
Minimum 19 21 23
Maximum 72 62 73
Mean 42.0 43.8 45.0
Standard Deviation 12.5 10.6 12.9
Mini-VLAT [47]
Raw Scores
Minimum 4 2 1
Maximum 11 12 12
Mean 7.7 7.6 7.9
Standard Deviation 1.8 1.9 2.2
Corrected Scores
Minimum 1.7 -0.3 -1.3
Maximum 11 12 12
Mean 6.8 6.1 6.5
Standard Deviation 2.3 2.5 2.8
8-item SNS [9]
Minimum - 15 9
Maximum - 47 47
Mean - 34.1 35.0
Standard Deviation - 6.0 8.2

identical in every way except that one was truncated and the other
was not. The order of all 14 charts was randomized using Latin-
Square to mitigate learning effects.

Participants were instructed to answer the questions to the best
of their ability and informed that their response time would be
measured but that there was no time limit (aside from the Mini-
VLAT, see subsubsection 4.2.1). The participants did not receive task-
specific training to avoid priming them with a particular method
of performing each task, which may influence their usage of the
ratio heuristic.

4.2.1 Mini-VLAT and Demographic Survey. After completing the
above 14 tasks, the survey design then included a Mini-VLAT test
for visualization literacy [47] and a brief demographic survey.

McKinley et al.

Table 4: Results of the ANOVA tests performed for Experi-
ment 1.

Error ANOVA
Effect F A P
trunc 2.28 .036 137
task 44.72 423 <.001
trunc:task 39.84 .395 <.001
Duration ANOVA

Effect F 1712, p
trunc 10.97 .152 .002
task 77.66 .560 <.001

trunc:task 5.15 .078 <.001

Note: Box-Cox transformed; Greenhouse-Geisser corrected; Type III tests; o = 0.05.

The Mini-VLAT, published in 2023, is a popular tool for deter-
mining the “visualization literacy” of a given user. Based on the
Visualization Literacy Assessment Test (VLAT) [38], it includes 12
visualization types with one targeted question per visualization.
Each question is timed and must be completed in 25 seconds, or
else the user cannot input a response. Users are also allowed to skip
questions if they are unsure of the answer.

The test can be used to get a raw or corrected literacy score. The
raw score is simply the number of correct answers, ranging from 0
to 12. The corrected score uses a formula to correct for guessing,
where users are penalized for incorrect answers, and therefore can
instead range from -6 (if all answers are incorrect) to 12 (if all
answers are correct).

Our demographic survey then asked participants for their age,
their sex, and their highest level of education. The age response was
a numeric field and the sex and education responses were multiple
choice, using the categories in Table 3.

4.3 Data and Analysis

We performed power analyses for repeated-measures within-subjects
2 x 7 ANOVA with 14 measurements per participant, @ = 0.05,
B = 0.9, and conservative estimates of nonsphericity correction
€ = 0.5 and effect size F = 0.15. From this calculation, our necessary
sample size was 58. Using a non-response rate of 33%, we arrived
at a sample size of 77, which we rounded to 80 participants.

We recruited these 80 participants from Prolific to take our sur-
vey, all of whom were US-based, English-speaking adults over the
age of 18. Participants were paid $3.75 for their participation, based
on an expected 15-minute survey duration and an hourly rate of $15.
The actual median duration was 13 minutes, for an actual hourly
rate of $17.13 per hour.

After data collection, the data consisted of responses for each
question and the duration taken by each participant for each ques-
tion. We began by using the responses to calculate an error score
for each task. For the continuous responses (Retrieve Value, Deter-
mine Range, and Ratio), this error was calculated as the percent
difference from the correct answer to control for value size. For
multiple-choice responses (Find Extrema, Make Comparison, and
Order), the error was a binary 1 or 0, where 1 represented incorrect
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Figure 4: The differences in Estimated Marginal Means
(EMMs) for Experiment 1. The opacity of the points corre-
sponds to the significance of the difference between trunca-
tion levels. Note that, due to the nature of the EMM calcula-
tion and the Box-Cox transformation, the x-axis values have
been transformed and shifted, sometimes to negative values.
Importantly, for both charts, the right direction of the x-axis
means higher error or longer duration.

answers. Lastly, for the Filter task, error was calculated by how
many incorrect selections were made (i.e., how many months were
selected or deselected differently than the correct answer).

Participants were then removed if they had error or duration
outside of 3 standard deviations from the mean to avoid any skew
from extreme outliers. The result was the removal of 18 participants
for a total sample size of N = 62. For the remaining participants’
demographic breakdowns and scores for the Mini-VLAT, see Table 3.

We then conducted two 2 X 7 ANOVA tests using truncation
level and task as a predictor of first error and then duration. As
our raw data did not meet the ANOVA assumptions of normality
or homoscedasticity, even after log transformations, we performed
Box-Cox transformations. We also performed Greenhouse-Geisser
(GG) corrections to meet assumptions of sphericity and control for
the repeated measures in our design. For the error ANOVA, the
binary error tasks were removed and only the continuous errors
were included, though the binary error tasks were included in the
duration ANOVA. Results from both ANOVA tests are presented in
Table 4.

4.4 Results

As can be seen in Table 4, there were several meaningful results.
Firstly, truncation alone was not a strong predictor of error (F =
2.28, 172 = .036, p = .137), though it was a significant predictor
of duration (F = 10.97, n* = .152, p = .002). There was also a
significant interaction effect between task and truncation for both
error (F = 39.84, n> = .395, p < .001) and duration (F = 5.15,
n? = .078, p < .001).
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We then ran Estimated Marginal Means (EMMs) on truncation
by task, using a Box-Cox transformation of the data and a Holm
p-value correction, to determine direction of effect (refer to Figure 4
for the results). From this test, we can see that truncation was
associated with lower error for the Filter task (t = —7.113, p < .001,
d = —0.91) and higher error for the Ratio task (¢t = 4.652, p < .001,
d = 0.60).

When running the EMMs for duration, we can see significant
reductions in duration for both Retrieve Value (t = —2.869, p = .006,
d = —0.37) and Make Comparison (t = —5.442, p < .001, d = —0.70)
when the axis was truncated. This is coupled with the lack of a
significant difference in error for Retrieve Value (t = .490, p =
.626, d = 0.06), meaning the increased speed did not come with
any trade-offs. Importantly, the Make Comparison task had high
accuracy (with 155/160 instances giving the correct answer) and all
incorrect answers were given in untruncated charts, thus it appears
to similarly not include any drawbacks to this increased efficiency.

To summarize, our participants showed significantly lower error
for the Filter task, higher error for the Ratio task, and faster durations
for the Retrieve Value and Make Comparison tasks. Neither of the
reductions in duration were associated with any tradeoffs in accuracy.

4.5 Exploratory Demographic Analyses

4.5.1 Demographic Predictors. We performed exploratory analyses
on the relationship between the error and duration for each task
and the demographic variables we collected for each experiment:
Age, Sex, and Education.

For Age, we analyzed both the correlation between age and
error and the correlation between age and duration. None of the
correlations had a Pearson’s r coefficient with a magnitude greater
than 0.1, and therefore we conclude that in our experiments, there
were no strong relations between Age and our target variables.

For Sex and Education, we ran exploratory ANOVA tests to
determine if there were any notable patterns. For both variables,
there were no meaningful relationships with error, duration, or
task.

Overall, we find no reason to believe that, in our experiments,
Age, Sex, or Education are significant predictors of performance on
these tasks or on the effect of truncation.

4.5.2  Visualization Literacy. As for Visualization Literacy (mea-
sured by the Mini-VLAT), we once again used a correlational analy-
sis to see if there was any relationship between the literacy scores
and the effects of truncation. We did find a slightly stronger corre-
lation between the Mini-VLAT Raw Scores and duration (r = —0.19,
p < 0.001), implying that participants with higher literacy scores
seemed to spend slightly less time on the tasks. However, this was
most pronounced in the Retrieve Value task (r = —0.32, p < 0.001),
Determine Range task (r = —0.28, p = 0.002), and Ratio task
(r = —0.25, p = 0.004), with other tasks seeing smaller correlational
coefficients. In terms of error, we see a similarly strong correlation
with the Ratio task and Mini-VLAT scores (r = —0.22, p < 0.014).
This implies that there is at least some moderate correlation be-
tween literacy and performance on these tasks.



CHI *26, April 13-17, 2026, Barcelona, Spain

4.6 Discussion

In this experiment, we replicated prior findings that participants
had significantly higher error when calculating the ratio between
two bars. However, we also found that truncating the bar chart
decreased error for the Filter task and lowered the duration it took
participants to complete the Retrieve Value and Make Comparison
tasks. This provides us with evidence that, at least in our controlled
experimental setting, participants saw a mixture of results from
truncation, with substantial improvement in accuracy for the Filter
task and varying levels of improvement in speed for the Retrieve
Value and Make Comparison tasks.

Depending on the perspective, one could interpret this as higher
error on the Ratio task when the axis was truncated or as higher
error on the Filter task and somewhat slower durations for the
Retrieve Value and Make Comparison tasks when the baseline was
restricted to 0. This indicates that a holistic rejection of bar chart
axis truncation may be inadvertently missing certain benefits, at
least in specific cases.

In Experiment 2, we then focused on RQ2 to test our hypothesis
that the effects of truncation are related to the data range.

5 Experiment 2: Relative Data Range

We approached RQ2 by designing an experiment that presented
participants with truncated or untruncated bar charts that varied in
the range of the data. In other words, the longest and shortest bars
were more similar (a “smaller” range) or more different (a “larger”
range). In this way, we investigated the interaction between the
variance of the data and the effects of truncation, hypothesizing
that smaller data ranges, which result in more extreme truncation,
will then cause the effects of truncation to be more pronounced.

5.1 Stimulus Design

5.1.1 Tasks and Visualization Design. Once again, for the reasons
discussed in subsection 4.1, we utilized all seven of the tasks in
Table 1 to measure the effect of truncation broadly. Similarly, we
utilized the same design conventions for visualizations as in Exper-
iment 1.

5.1.2  Relative Data Range. Our second study was aimed at answer-
ing RQ2, which gets at the interactions between data range and
truncation. To do this, we needed a way to standardize the data
range relative to the scale of the data. We settled on calculating a
percentage difference between the minimum and maximum value

in the dataset, given by y’"“"—_x””" For this work, we will refer to

this value as the “relative dzzi!tr?range” for a dataset or visualization.
This is also, incidentally, equivalent to one minus the ratio of the
smallest to the largest bar.

For example, the minimum and maximum data values from the
Small Data Range charts in Figure 5 are 71.87 and 79.52, leading to a
relative data range of RDR = W = 0.096. Similarly, the ratio
of the smallest to the largest bar is given as Ratio = % = 0.904.

We also utilized real-world temperature data sourced from Coper-
nicus Climate Change Service information (2025) with major pro-
cessing by Our World in Data [33], which had 5 years of monthly
average temperature data from a majority of the world’s countries.
We chose to use temperature data due to the wide array of data
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Figure 5: Examples of charts used in Experiment 2. These
charts have varying truncation levels and relative data ranges.
For Experiment 2, The Small (0.1) and Large (0.6) data ranges
pictured here were used in both Experiment 2 and 3, and Ex-
periment 2 also included a Medium (0.35) range, not pictured.

ranges available and the wide use of data visualization in tem-
perature and weather-related phenomena. All data values were
converted to Fahrenheit to make the values more familiar to a US-
based audience, but no other transformations were performed on
the datasets.

Countries and years were then selected based on their relative
data ranges, and were filtered to include only countries in the
Northern hemisphere to avoid any effects of hesitation or suspicion
from participants who are not familiar with the shape of tempera-
ture data in the Southern hemisphere (where winter and summer
months are inverted from the US perspective). Specifically, the
15 datasets that had relative data ranges closest to 0.1 (which we
deemed “small”), 0.6 (which we deemed “large”), and 0.35 (which
we deemed “medium”) were selected. For the list of country-year
pairs that were used, see Table 5.

5.2 Procedure

After agreeing to participate, each participant was shown 6 charts,
one from each data range and truncation level, each randomly cho-
sen from the 15 charts generated for each data range. All seven tasks
were presented before moving on to the next chart. The order of
both the charts and the tasks were independently randomized using
Latin Square. As before, instructions were given to the participants
but no trainings or practice rounds were conducted.
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Figure 6: Examples of charts used in Experiment 3. All charts
in Figure 5 and Figure 6 are examples used in Experiment 3,
in which all charts were either small or large (0.1 or 0.6) data
range, labeled or unlabeled, and truncated or untruncated.
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5.2.1 Literacy, Numeracy, and Demographic Survey. After the visu-
alization tasks were completed, the survey once again included a
Mini-VLAT test for visualization literacy and a brief demographic
survey. We also included a numeracy test, namely the 8-item Sub-
jective Numeracy Scale (SNS-8) [9].

The SNS-8 was chosen for its compactness, similar to the Mini-
VLAT, and lower cognitive demand than more objective numeracy
tests. In prior work, the SNS-8 and related tests have been shown
to reliably predict numeracy through the course of 8 subjective
questions about their numeracy abilities, such as calculating a 15%
tip or the sale price of an item when shopping, and their numeracy
preferences, such as how useful they find mathematical skills and
whether they prefer weather forecasts to include percentages or
words. The responses are Likert scales from 1 to 6. For all but one
question, 1 is considered “low” and 6 is considered “high” (for in-
stance, low or high confidence); the exception is question 7, which
is purposefully flipped to mitigate the effects of attention-less click-
ing (e.g., clicking all “6” answers). The score is then given by adding
all responses together (after flipping question 7), ranging from 6
(being the lowest subjective numeracy) to 48 (being the highest
subjective numeracy).

5.3 Data and Analysis

We performed a second power analyses for repeated-measures
2 X 3 X 7 ANOVA with 42 measurements per participant, @ = 0.05,
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Table 5: Relative Data Ranges for Temperature Datasets

Small Range

Dataset RDR
Belize (2021) .095
Belize (2022) .097
Benin (2023) .101
Cambodia (2023) .104
Cameroon (2024) .095
Cape Verde (2024) .101
Cuba (2021) 103
Dominican Republic (2023) .104
Guinea-Bissau (2020) .095
Guinea-Bissau (2024) .100
Honduras (2023) .096
Nigeria (2021) .102
Nigeria (2023) .105
Suriname (2023) .105
Thailand (2022) .100

‘ Medium Range
Cyprus (2024) .346
Egypt (2021) 353
France (2021) .357
France (2023) .350
France (2024) .352
Ireland (2021) .355
Ireland (2022) 340
Israel (2023) .357
Palestine (2024) .343
Portugal (2021) .361
Qatar (2020) .352
Qatar (2022) .343
Qatar (2023) 346
UAE (2020) 345
UAE (2021) 342
‘ Large Range

Afghanistan (2022) .605
Afghanistan (2024) .596
Andorra (2021) .592
Belarus (2022) .609
Estonia (2022) .607
Finland (2020) .599
Lithuania (2022) .603
Moldova (2024) .604
Poland (2021) .591
South Korea (2020) .593
South Korea (2024) .596
Turkey (2022) .601
Turkmenistan (2021) .607
Ukraine (2022) .598
USA (2020) 606

B = 0.9, and conservative estimates of nonsphericity correction
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Table 6: Results of the ANOVA tests performed for Experi-
ment 2.

Error ANOVA
Effect F A p
range 218 .038 .119
trunc 1.63  .028  .207
task 28.83 .340 <.001
range:trunc 296 .050 .056
range:task 9.21 .141 <.001
trunc:task 1156 .171 <.001
range:trunc:task  2.84 .048 .024
Duration ANOVA

Effect F 1712, p
range 3.05 .052  .052
trunc 1.57 .027 216
task 158.30 .739 <.001
range:trunc 2.58 .044  .088
range:task 1.78 .031  .068
trunc:task 547 .089 <.001

range:trunc:task ~ 1.46 .025 155

Note: Box-Cox transformed; Greenhouse—-Geisser corrected; Type III tests; o = 0.05.

€ = 0.5 and effect size F = 0.11. From this calculation, our necessary
sample size was 53. Using a non-response rate of 33%, we arrived at
a sample size of 71, which we once again rounded to 80 participants.

80 US-based, English-speaking adults were once again recruited
from Prolific. Participants were paid $5 for their participation, based
on an expected 20-minute survey duration and an hourly rate of $15.
The actual median duration was 25 minutes, for an actual hourly
rate of $11.63 per hour.

Data was collected in the same format, with responses and du-
ration, from which we calculated error in the same manner as
Experiment 1. Participants were also removed in the same way,
based on 3 standard deviations in error or duration, leading to the
removal of 23 participants and a final sample of N = 57. For demo-
graphic breakdowns and scores for the Mini-VLAT and SNS-8, see
Table 3.

We again ran two ANOVA tests, but this time they were 2Xx3x7
ANOVA tests with the two truncation levels, three data ranges, and
seven tasks. Once again, we included both Box-Cox transformations
and GG corrections.

5.4 Results

As can be seen in Table 6, task (F = 28.83, 172 = .340, p < .001),
range x task (F = 9.21, 172 = .141, p < .001), truncation x task
(F = 11.56, ? = .171, p < .001), and range x truncation x task
(F = 2.84, n> = .048, p = .024) were all significant predictors of
error, while task (F = 158.30, r]z =.739, p < .001) and truncation x
task (F = 5.47, n? = .089, p < .001) were significant predictors of
duration.

As range and truncation both interacted with task, we then
ran post-hoc EMMs consistent with Experiment 1, using Box-Cox
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Figure 7: The differences in Estimated Marginal Means
(EMMs) for Experiment 2. The opacity of the points corre-
sponds to the significance of the difference between trunca-
tion levels. Note that, due to the nature of the EMM calcula-
tion and the Box-Cox transformation, the x-axis values have
been transformed and shifted, sometimes to negative values.
Importantly, for both charts, the right direction of the x-axis
means higher error or longer duration.

transformations for the data and Holm corrections to the p-value,
including all three variables. The results are displayed in Figure 7.

For error, some clear patterns emerge. Notably, when the range
was small, we see a similar result as Experiment 1, where truncated
charts had significantly lower error on the Filter task (t = . — 4.664,
p < .001, d = —0.62) and significantly higher error on the Ratio
task (t = 2.839, p = .006, d = 0.38). However, when the range was
medium, we see Ratio decrease drastically (t = —0.125, p = .901,
d = —0.02) while Filter decreases only slightly (t = —2.483, p = .016,
d = —0.33), to the point that Ratio no longer has a significant
change between truncated and untruncated charts. Finally, in the
large data ranges, we were unable to reject the null hypothesis that
truncated and untruncated charts did not differ in error. This shows
a clear trend to the findings in Experiment 1, in which all effects of
truncation are inflated at smaller ranges.

As for duration, when the data range was small, we see slower
times for the Ratio task when the axis was truncated (t = 4.632,
p < .001, d = 0.62), which contradicts Experiment 1. We suspect
that this is due to the larger data ranges overpowering the smaller
ranges in that analysis. We also did not replicate the increased speed
for the Retrieve Value and Make Comparison tasks, which may be
due to various factors in the changed experimental design (such
as the change from two different topics/units to one or the more
standardized shape of temperature data leading to more consistent
overall speed).

To summarize, our participants again showed significantly lower
error for the Filter task when the data range was small and medium,
but the higher error for the Ratio task was only apparent in small
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data ranges. In these same small data ranges, the duration was also
significantly longer for the Ratio task.

5.5 Exploratory Demographic Analyses

5.5.1 Demographic Predictors. We again performed exploratory
analyses on the demographic variables we collected for each exper-
iment: Age, Sex, and Education.

For Age, we again ran correlational analyses for error and du-
ration. Once again, the correlations were below r = 0.1, and are
therefore small enough to not be meaningful. For Sex and Educa-
tion, as with Experiment 1, we do not find any reason to believe that
there is a meaningful relationship with the target variables or the
effects of truncation. We once again find no reason to believe that
Age, Sex, or Education are significant predictors of performance in
these tasks.

5.5.2  Visualization Literacy and Subjective Numeracy. For Mini-
VLAT scores, we replicated the trend in Experiment 1 that literacy
was negatively correlated with duration, this time for the Retrieve
Value task (r = —0.26, p < 0.001), Determine Range task (r = —0.26,
p < 0.001), Filter task (r = —0.29, p < 0.001), and Ratio task
(r =—0.24, p < 0.001). However, we did not replicate the moderate
correlation between literacy and error for the Ratio task.

As for subjective numeracy (measured by the SNS-8 scores), none
of the tasks showed a correlation stronger than r = 0.1.

This implies that, while higher visualization literacy may be
correlated with faster performance on these tasks, numeracy does
not seem to have a significant relationship with error or duration
in our experiment.

5.6 Discussion

Once again, in addition to higher error for the Ratio task, we also
saw that truncation led to improved accuracy for the Filter task.
However, there were additional takeaways. Firstly, the Ratio task
only saw significant differences in error and duration when the data
range was specifically small, rather than large or medium. On the
other hand, we see that the Filter task had decreased error for both
the small and medium data ranges, implying that it may be more
sensitive to changes in the data range than the Ratio task. At least in
our controlled experimental conditions, this appears to indicate that
there are situations where we see no significant difference in error
or duration for the Ratio task but do see significant improvements
to accuracy for the Filter task.

In Experiment 3, we then address our final research question
and test the hypothesis that data labeling will significantly mitigate
the effects of truncation.

6 Experiment 3: Data Labeling

RQ3 specifically asks whether there are mitigatory strategies to
reduce the effects of truncation. To this end, we conducted a third
and final experiment, which introduced data labeling as a candidate
for reducing the impact of axis truncation.

6.1 Stimulus Design

6.1.1 Tasks and Visualization Design. The third study sought to
answer RQ3, which referred to strategies to mitigate the effects
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of truncation. To this end, we looked specifically at the tasks that
showed consistent, strong effects in the prior two experiments: the
Filter and Ratio tasks. With these two tasks, we had one that was
consistently associated with improved accuracy and one that was
consistently associated with increased error.

We also once again leveraged the same design standards as Ex-
periments 1 and 2, with the exception of including data labels as a
binary variable in our stimuli, as discussed below.

6.1.2  Data Labeling. For this experiment, we began with the ex-
pectation that the increased error in the Ratio task was primarily
due to the use of the ratio heuristic rather than direct calculation,
as discussed by prior works. For example, when there is a bar that
is half the size of another, users may often just assume the value
is also half, even when truncation has changed this underlying
proportionality.

From this expectation, we decided that a potential mitigation
would be to directly show the data on the chart. Data labeling and
chart annotation have a long history in data visualization. Prior
works have found evidence that viewers often prefer charts with
more text and labels, claiming them to be easier to read [55] and
taxonomies of helpful chart overlays (such as gridlines) have high-
lighted numerical data labels as a useful alternative [37]. Similarly,
practitioners often use direct labeling of some or all data points for
either readability or emphasis [15, 16, 19, 20, 22, 23, 28-31].

Versions of data labeling as a mitigation strategy have been
tested in prior works, such as Pandey et al. [46], who found that
subjective differences were not meaningfully impacted by data
labels for bubble charts. However, it is unclear whether this effect
will translate to the Ratio task in bar charts . We hypothesize that
labeling the bars will prime participants to calculate the ratio rather
than rely on the ratio heuristic. For this experiment, we therefore
added a new binary independent variable: labeled vs. unlabeled
charts. Otherwise, the chart stimuli were identical to those used
in Experiment 2, but with only the small and large data ranges to
avoid unnecessary complexity in the experimental design.

6.2 Procedure

As before, after agreeing to participate, our participants were pre-
sented with the stimulus charts. Our final experimental design
consisted of eight visualizations per participant, which were cho-
sen based on the two truncation levels, two data ranges, and two
labeling paradigms. Each chart was randomly ordered and pre-
sented with the Filter and Ratio tasks, also in a random order. Once
again, aside from general instructions shown to each participant,
no trainings or practice rounds were conducted.

6.2.1 Literacy, Numeracy, and Demographic Survey. The partici-
pants were then shown the same Mini-VLAT, SNS-8, and demo-
graphic questionnaire as the prior experiments to determine their
visualization literacy, subjective numeracy, and demographic iden-
tifiers.

6.3 Data and Analysis

Using the same power analysis, this time for a within-subjects
repeated measures 2 X 2 X 2 X 2 ANOVA with 14 measurements
per participant, & = 0.05, = 0.9, and conservative estimates of
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Table 7: Results of the ANOVA tests performed for Experi-
ment 3.

Error ANOVA
Effect F ny P
range 2.40 039 127
label 103.08 .636 <.001
trunc 14.19 .194 <.001
task 2996 .337 <.001
range:label 0.27  .004 .608
range:trunc 3.07 .050  .085
label:trunc 8.10 .121 .006
range:task 20.59 .259 <.001
label:task 78.50 .571 <.001
trunc:task 19.18 .245 <.001
range:label:trunc 1.44  .024 235
range:label:task 0.11 002 742
range:trunc:task 2.60 042 112
label:trunc:task 6.83 .104 .011
range:label:trunc:task ~ 0.64  .011 427
Duration ANOVA
Effect F 17}2, p
range 0.47  .020 .4%4
label 11.76 .127 .001
trunc 0.08 .006 .781
task 2043 .257 <.001
range:label 1.40 .012 242
range:trunc 040  .021 .532
label:trunc 1.66  .012  .203
range:task 7.85 .031 .007
label:task 28.99 .156 <.001
trunc:task 1.79 .005 .186
range:label:trunc 0.23  .002  .631
range:label:task 0.69 .011  .410
range:trunc:task 239 048 127
label:trunc:task 0.30 .008  .588

range:label:trunc:task ~ 0.04  .008  .525

Note: Box-Cox transformed; Greenhouse-Geisser corrected; Type III tests; o = 0.05.

nonsphericity correction € = 0.5 and effect size F = 0.15, we arrived
at a necessary sample size of 53. Using a non-response rate of 33%,
we arrived at a sample size of 71, which we once again rounded to
80 participants.

From Prolific, we once again recruited 80 participants, who were
all US-based, English-speaking adults, all of whom were paid a base
pay of $3.75, based on an expected survey duration of 15 minutes
and a base pay of $15 per hour. The actual median duration was
roughly 17 minutes, for an actual hourly rate of $13.04 per hour.

As before, we removed 20 participants with error or duration
higher than 3 standard deviations from the mean, leaving N = 60
as our sample. For demographic breakdowns and scores for the
Mini-VLAT and SNS-8, see Table 3.

Once the data was collected, we again ran two 2x2x2x2 ANOVA
tests, one for error (which was calculated similar to Experiments
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Figure 8: The differences in Estimated Marginal Means
(EMM:s) for Experiment 3. The opacity of the points corre-
sponds to the significance of the difference between trunca-
tion levels. Note that, due to the nature of the EMM calcula-
tion and the Box-Cox transformation, the x-axis values have
been transformed and shifted, sometimes to negative values.
Importantly, for both charts, the right direction of the x-axis
means higher error or longer duration.

1 and 2) and one for duration, transforming and correcting in the
same way. This time, the independent variables were all binary, with
truncated vs. untruncated axes, small vs. large ranges, Filter and
Ratio tasks, and labeled or unlabeled data. The results are shown
in Table 7.

6.4 Results

For the error ANOVA, we saw significant effects for several variable
combinations (refer to Table 7 for a complete list), with labeling
alone actually being the largest ? effect size in the whole model
(F = 103.08, n? = .636, p < .001). This was followed by the in-
teraction effect between labeling and task (F = 78.50, 172 = 571,
p < .001). We also saw significant effects from the interaction of
task with both range (F = 20.59, % = .259, p < .001) and truncation
(F = 19.18, n? = .245, p < .001). As for the duration, there were far
fewer significant effects, as seen with the Filter and Ratio tasks in
the prior experiments. However, the significant effects were label
x task (F = 28.99, n? = .156, p < .001), task (F = 20.43, n® = .257,
p < .001), label (F = 11.76, r72 =.127, p = .001), and range x task
(F = 5.85, n? = .031, p = .007).

Due to these results, for the error, we ran post-hoc EMMs (using
a Box-Cox transformation and a Holm p-value correction as with
prior analyses) for the truncation by the labels and task (refer to
Figure 8) and found that when looking at the interaction between
task and truncation, there was no longer an effect from truncation
on the error for the Ratio task for either the labeled (¢ = 0.306,
p = .760, d = 0.04) or unlabeled charts (t = 0.147, p = .883,
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d = 0.02). We also see that, while the same significant improvement
occurred in the Filter task when the unlabeled chart was truncated
(t = —4.826, p < .001, d = —0.63), the presence of labels was
associated with a smaller difference (t = —1.07, p = .289,d = —0.14),
such that the null hypothesis could no longer be rejected between
truncated and untruncated charts.

We also ran post-hoc EMMs on duration for the labeling by the
task (as truncation was not significant in our model). Note that, for
consistency with the other figures in this work, the significance
in Figure 8 is reported using truncation rather than labeling (to
avoid confusion). We found, as expected, that labeling the charts
improved the completion time for the Filter task significantly, for
both truncated (t = —5.725, p < .001, d = —0.75) and untruncated
charts (t = -3.810, p < .001, d = —0.50), and did not meaningfully
affect the speed of the Ratio task for either truncated (¢t = 0.086,
p = .932,d = 0.01) or untruncated charts (t = 0.856, p = .396,
d =0.11).

In summary, our participants yet again showed significantly lower
error for the Filter task when the charts were unlabeled, but this
difference was no longer significant when the charts were labeled.
Overall, we saw a reduction in error and duration for the Filter task
when the charts were labeled. We also saw no evidence that the Ratio
task had higher error or duration, regardless of truncation level, for
either the labeled or unlabeled charts, in contradiction to the prior
experimental results.

6.5 Exploratory Demographic Analyses

6.5.1 Demographic Predictors. Once more, the Age, Sex, and Edu-
cation of participants was explored for potential demographic or
personal differences in the results of Experiment 3. Age, for the first
time in these experiments, did seem to have some relationship with
specifically duration. Specifically, age had a positive correlation
with duration for both the Filter task (r = .23, p < 0.001) and Ratio
task (r = .19, p < 0.001). As for Sex and Education, none of the
groups showed any significant differences or interactions with task
or labeling for error or duration. Once more, these results showed
a lack of meaningful significant differences between demographic
groups, with the only significant correlations being between Age
and duration.

6.5.2 Visualization Literacy and Subjective Numeracy. For visualiza-
tion literacy, we found evidence that it correlated with error for the
Ratio task (r = —.18, p < 0.001) and with duration for the Filter task
(r = —.26, p < 0.001), implying that higher visualization literacy
was associated with faster performance on the Filter task and more
accuracy on the Ratio task. Regarding numeracy, we found the
same correlations with error for the Ratio task (r = —.22, p < 0.001)
and with duration for the Filter task (r = —.18, p < 0.001). Both of
these correlations are notably higher than in Experiment 2, with
the Ratio task having a small correlation with error (r = —0.12,
p = 0.02) and the Filter task having an even smaller correlation
(r = —0.004, p = 0.94).

6.6 Discussion

In this experiment, we once again found that, when the axis was
truncated and labels were not included, the Filter task was per-
formed with significantly lower error. However, when the charts
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were labeled, the Filter task was performed with holistically lower
error, regardless of truncation, and the difference between the trun-
cated and untruncated charts is no longer significant. We also see
the same trend in duration where, while the difference between
truncation levels was not significant for either labeled or unlabeled
charts, the labeled charts had significantly lower duration regardless
of truncation.

However, we also found that the error for the Ratio task, which
had been one of the largest and most consistent differences in both
of the prior experiments, was no longer significant. In terms of
error, none of the four cases (truncated vs. untruncated and labeled
vs. unlabeled) were significantly different, rather being remarkably
close in error. This was also true for duration. Our interpretation,
based on the consistency and strength of the difference in prior
experiments, is that the presence of the data labels not only low-
ered error for the charts that had the data labels, but also primed
participants to notice the data values, therefore highlighting the
truncated axis. This echoes the finding from Schlieder et al. [51]
that participants can learn to detect and mitigate truncated charts,
and shows that direct data labels may potentially be a catalyst for
this effect. At least in our controlled experimental conditions, this
implies that data labeling has a strong priming effect that may
mitigate the effects of truncation and holistically lower error.

7 General Discussion
7.1 Takeaways

In this work, we have provided a closer look at some of the po-
tential pros and cons of axis truncation in bar charts. Through
the three experiments discussed throughout this paper, we have
found evidence for three key takeaways: truncation does not seem
to be entirely harmful when considering tasks such as Filter and
Retrieve Value, the effects of truncation appear to be related to the
amount of truncation, and data labeling may mitigate the effects
of axis truncation by reducing error for both the Ratio and Filter
tasks and lessening the difference in error between truncated and
untruncated charts.

7.1.1  Truncation Pros and Cons. Throughout the three experi-
ments, certain themes held true about the benefits and detriments
to truncating bar charts. While the detriments were largely similar
to prior work on the subject, some of these benefits have been
underexplored in the literature and should be investigated with
more nuance.

Beginning with the dangers, the clearest takeaway is the ratio
heuristic. Truncated charts consistently led to strong, significant
increases in error for the Ratio Task. If the Ratio task is important
for a given use case, this would be a significant detriment to the
readability of the chart.

The benefits, however, were also significant. Especially with the
Filter task, there were significant improvements in the accuracy of
users when the axis was truncated. This follows expectations, as
the finer detail of the axis would allow for more precision. We also
saw that the Retrieve Value, Make Comparison, and Order tasks
saw somewhat increased efficiency when the axis was truncated,
though these findings were notably inconsistent between differing
experimental designs.
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Altogether, this paints a picture of one important drawback in
the increased error of the Ratio task and several potential benefits
in other tasks. These benefits should be included in a nuanced
evaluation of axis truncation in bar charts.

7.1.2 How Much to Cut? We also see that there is an interaction
between these effects and the amount of truncation, as expected. It
stands to reason that, when truncation is minimal (and the baseline
is close to 0), the effects of that truncation will be smaller than
when the baseline is much higher, especially relative to the data
values.

We found exactly this in our analysis, in that the positive effects
on the Filter task and negative effects on the Ratio task both became
more severe as the relative data range decreased. For the Ratio task,
the results began to differ significantly between the medium and
small ranges, which would be between the 0.35 and 0.1 data ranges,
while the Filter task began to see benefits at the medium range
(between 0.6 and 0.35). This implies that the Filter task benefits are
more sensitive to the data range than the Ratio task drawbacks,
and implies that there may be a Goldilocks zone of truncation that
allows for the benefits of the Filter task to possibly eclipse the
detriments of the Ratio task. Future work should validate these
results and investigate this possibility.

7.1.3  Mitigating with Labels. Finally, we see some notable take-
aways from data labels. As discussed in Experiment 3, we found
evidence that the presence of data labels significantly decreased the
effect of axis truncation for the Ratio task, which was the primary
negative effect. In fact, in Experiment 3, our results showed no sig-
nificant difference in Ratio task performance for unlabeled charts,
despite the Ratio task being one of the most consistent effects of
truncation in prior experiments.

We hypothesize that this is due to the presence of data labels in
the experiment overall. We believe that the data labels drew the
users’ attention to the truncation, as it showed that the values were
not directly proportional to the height of the bars, and subsequently
primed them to forego the use of the ratio heuristic. Therefore, even
when the charts were not labeled, the users opted to complete the
Ratio task as intended (through value-based calculation) rather than
through trivial bar length comparisons.

This shows that data labeling may have not only reduced the
negative effects of axis truncation, but that labeling some truncated
charts seemed to improve the performance for unlabeled truncated
charts, suggesting a strong neutralizing effect. This is also in line
with our exploratory analysis of SNS-8 numeracy scores, which
showed that even in unlabeled charts, numeracy was a significant
predictor of the Ratio task in Experiment 3, implying that partici-
pants were more likely to actually use numeracy skills to attempt to
solve the Ratio task, unlike in Experiment 2. Therefore, we see data
labeling as a potential counter to the negative effects of truncation.

7.1.4  Nuance. In this work, we have provided empirical evidence
that axis truncation should not be treated as a universal faux pas,
and should not be universally criticized as “misleading”. That said,
this work should in no way be used to imply that bar chart trunca-
tion is a universally positive practice. We simply provide evidence
that the story is complex and warrants nuanced decision making on
a case-by-case basis. We argue that truncation is more of a tradeoff
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with contextual drawbacks or benefits that a given designer should
weigh to determine the best design to accomplish their goals. In
other words, there is not and should not be a universally “optimized”
level of truncation for bar charts. Until more work is done to tease
apart these subtle nuances, we recommend that truncation can be
beneficial, but advise caution, especially where ratios are important.

7.2 A Critique of the Ratio Task

We also want to address the elephant in the room: the Ratio task.
While this task has its basis in the literature and its practical uses,
we believe this task to be uncommon and unintuitive, confusing
participants and relying more on numeracy skills than on chart
comprehension.

In terms of prevalence, we struggled to find any prior works
(outside of those explicitly discussing the problems with bar chart
truncation) that list Ratio as a bar chart task. It could easily be
argued that, under the definitions presented by Saket et al. [49] and
Amar et al. [2], it could fall under “Compute Derived Value”, but
that is a broad umbrella that would also include any mathematical
operations. It could also be argued that it can be included in “Make
Comparison” as described in the VLAT [38], but this again is broad
enough to include many operations that are far more common that
computing ratios.

We also note that the taxonomies of tasks generated by Amar
et al. [2] and Chen et al. [61] both at least partially sourced their
tasks from questions or uses for charts identified by chart audi-
ences, namely students for Amar et al. and practitioners in online
forums for Chen et al. This certainly does not invalidate the Ratio
task, but rather asks why so few of these students or visualization
practitioners thought to calculate the ratio of two bars, but rather
referred to comparing values in the abstract or finding differences.
We expect the answer is due to the low prevalence of this task in
practice.

It is true that certain use cases may focus heavily on the pro-
portion between two bars. For example, the margin of victory for
political candidates or the relative survival rate of medical interven-
tions may affect popular support or life-changing decision making,
respectively. But, just as there are cases where the Ratio task may
be somewhat valuable, there are also cases where the Ratio task is
irrelevant, such as when the 0 baseline is not mathematically mean-
ingful. For temperatures (unless using Kelvin), for example, it does
not make sense to say that 20 degrees is “twice as hot” as 10 degrees.
Therefore, we believe that although the Ratio task illustrates the
dangers of unfettered truncation, it is not universally applicable or
useful and should not be used as an unnuanced bludgeon to label
all truncation as problematic.

7.3 Limitations and Future Work

In this work, we showed experimental evidence for potential ben-
efits to bar chart truncation, how the task performance interacts
with the data range and amount of truncation, and a potential strat-
egy to improve the readability of truncated bar charts, even for the
Ratio task. We hope for future work to build on this foundation to
validate our findings, gain an even more nuanced view of truncated
bar charts, and give designers the tools they need to maximize the
effectiveness of their data communication.
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An important limitation of this work is generalizability. Specifi-
cally, all of these results were found in controlled experiments in
which participants had consented to participating in a research
study. This will clearly impact the attention and care they give
to their answers. Therefore, future work should explore if these
findings, especially the mitigation offered by data labeling, is as
effective under time pressure or lowered attention, as these condi-
tions may be more accurate to real-world visualization scenarios
(i-e., scrolling idly through social media).

This work also focuses on task-based effectiveness, as this was
a strong avenue to show the different perspectives on the effects
of truncation. However, this is also only one potential aspect of
truncation. Future work would do well to investigate other potential
metrics, such as impacts to decision making, aesthetic appeal, or
trust.

Similarly, this work only utilizes a binary view of truncation,
either a 0 baseline or the two-thirds rule. This was intended to sim-
plify the experimental design with an extreme binary, but future
work should investigate more subtle truncations to determine if
there are specific levels of truncation that are more or less effective.
We also treated the data range as a categorical variable for these
analyses, but there would also be benefit in determining (via re-
gression or other means) if there is a specific data range or level of
truncation where the truncation becomes impactful.

This work also focuses on popular guidelines regarding bar chart
truncation and therefore does not consider alternatives to trunca-
tion. Such alternatives could include manipulating the aspect ratio
of the chart, using alternative tick intervals (such as logarithmic
scales or bar compression), or reporting differences in charts rather
than the values themselves. In some situations, these techniques
may offer better readability or more consistent performance on the
Ratio task. Future work should explore these alternative designs
and potential tradeoffs with bar chart axis truncation.

Finally, although data labeling seems to be a promising way of
mitigating the negative impacts of truncation, there are potential
issues with text and labels, such as interpretations of the chart
message being biased [54] or viewers relying too heavily on either
text or visualization without synthesizing the two [45]. Our stimuli
for data labeling also utilized both direct labels and axes, rather
than replacing the axes with direct labels, which some practitioners
claim may lead to unnecessary clutter [16, 19, 20, 22, 29, 31]. Future
work can build on these findings to compare labeling with other
mitigation techniques and test if our findings are replicated when
only direct labeling is used.

8 Conclusion

This work is an attempt to bring a more nuanced view of bar chart
axis truncation to light. As seen throughout this work, there are
good-faith reasons that designers may want to truncate the axis,
and it is important to give them the tools to do so effectively and
without incident. Even those who are staunchly against truncating
bar charts may still see the value in learning more about its effects
or developing strategies to mitigate its impacts.

We have provided further validation that truncating bar charts
leads to worse accuracy for the Ratio task, but have also found
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evidence that other tasks (most notably Filter) see improved per-
formance under certain experimental conditions when the axis is
truncated. We have also shown at least one variable, namely the
data range, that interacts to increase or reduce the effects of trun-
cation. Finally, we supplied data labeling as a potential mitigation
strategy to reduce the impacts of axis truncation, showing that the
labeling led to a significant reduction in the overall error for the
Ratio task, as well as the Filter task.

Overall, we find reason to believe that bar chart axis truncation
is not nearly as black-and-white as it is often portrayed. Although
there are certainly associated risks, there are also situations where
axis truncation may be beneficial to the readability of the chart.
These pros and cons should be carefully weighed by designers and
thoroughly investigated in future research, rather than summarily
dismissed out of hand.
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