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Remise en cause de l’échelle logarithmique
pour les diagrammes en bar

Challenging the Logarithmic Scale for Bar Charts with Orders of Magnitude Values

Katerina Batziakoudi, Stéphanie Rey, and Jean-Daniel Fekete

English Abstract—In this work, we question the widespread use of logarithmic scales for communicating values spanning
multiple orders of magnitude—Orders of Magnitude Values ( OMVs)—to general audiences. Focusing on bar charts, we draw
on cognitive insights to better match how people perceive large numerical ranges. Research in cognitive psychology shows
that people tend to reason in a piecewise linear way: they group values by scale words (e.g., millions, billions) and apply
linear reasoning within each group. Building on the recently introduced EplusM scale, we adapt it to bar charts—EplusM bar
charts—and propose two new variants: Bricks, inspired by subitizing and round-number perception, and Multi-Magnitude, which
uses faceting to encode scale words. We evaluate four bar chart designs—Logarithmic, EplusM, Bricks, and Multi-Magnitude—in
a crowdsourced study across value retrieval and comparison tasks. Results show that EplusM bar charts are preferred over
logarithmic ones, boost user confidence, and reduce perceived effort, while preserving performance. These results position
EplusM-based bar charts as compelling alternatives for visualizing OMVs to the public.

✦

1 INTRODUCTION
In this work, we challenge the use of logarithmic scales for
the visualization of bar charts, and we validate designs that
better align with the numerical perception of large value
ranges. From public health data to national budgets, we are
regularly exposed to numbers that span from thousands to
millions and billions. These large value ranges—referred to
as Orders of Magnitude Values (OMVs)—are cognitively
demanding for the general public to interpret [3] and
difficult to represent effectively with common visualization
techniques [1]. For example, in the French national bud-
get (see Figure 1), where allocations range from tens of
thousands to hundreds of billions, a linear bar chart hides
smaller values. While a logarithmic bar chart can display
all budget categories, it hinders quantitative comparisons
between them [1], [9] and is difficult for the general public
to interpret [6], [15], [18].

Researchers in cognitive psychology have explored this
difficulty, suggesting that people don’t have a logarithmic
mental representation for large numbers [12], [13]. Instead,
humans use meaningful categories—such as “millions”
and “billions”—and organize values into these discrete
categories, applying linear reasoning within each. This
piecewise linear interpretation of OMVs also aligns with
how large numbers are expressed both verbally and symbol-
ically. In verbal communication, large values consist of two
parts: a numeric component (ranging linearly from 1 to 999)
and a scale word (e.g., millions). Similarly, in scientific
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notation, large numbers are represented as the product of
two components, the mantissa (which increases linearly)
and the exponent, which indicates the scale. For example,
the value 8,000,000 is written as 8× 106, where 8 is the
mantissa and 6 the exponent.

Visualization researchers have proposed novel designs
for OMVs that separately encode the mantissa and expo-
nent, similar to scientific notation [1], [2], [4], [5], [9],
[10]. In a previous study [1], we systematically explored the
design space of mantissa-exponent visualizations, propos-
ing positional encodings—such as the EplusM scale— that
align with the piecewise linear interpretation of OMVs. The
only visual distinction between EplusM and logarithmic
scales lies in the linear positional encoding of the mantissa
between two consecutive exponents.

In this article, we aim to empirically validate visualiza-
tion designs that effectively communicate OMVs to the
general public. To that end, we focus on bar charts—the
most commonly used idiom— and pursue two objectives:
1) provide significant evidence for using EplusM (Figure 1
(3)) and not logarithmic bar charts (Figure 1 (2)) for
communicating OMVs datasets to a broad audience, and
2) explore improvements to EplusM bar charts by incorpo-
rating insights from cognitive psychology. We design and
evaluate two novel bar charts based on the EplusM scale:

1) Bricks: Leveraging the linearity of EplusM between
exponents, this design divides the mantissa into units,
drawing inspiration from round numbers [16] and
subitizing—the ability to quickly and accurately rec-
ognize small quantities of items without the need for
counting [11] (Figure 1 (4)).

2) Multi-Magnitude: Inspired by the categorical inter-
pretation of OMVs [12] this design separates values
by magnitude category (e.g., millions, billions) using
faceting (Figure 1 (5)).
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1. Linear Bar Chart
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4. Bricks Bar Chart

A B C D E F

B
IL

LI
O

N
S

10B

100B

1T

5B

50B

500B

M
IL

LI
O

N
S

10M

100M

1B

5M

50M

500M

T
H

O
U

S
A

N
D

S

10k

100k

1M

5k

50k

500k

5. Multi-Magnitude Bar Chart

100k

1M

200k

300k

400k
500k
600k
700k
800k
900k

200k

300k

400k

500k

600k

700k

800k

900k

100k

1M

3. EplusM Bar Chart
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2. Log Bar Chart

Fig. 1. Bar chart designs illustrating a sample of the French government’s budget allocations, showcasing
differences in orders of magnitude. On the left are the common (1) Linear and (2) Logarithmic bar charts. On the
right are three bar chart designs that use the EplusM (Exponent plus Mantissa) scale—a piecewise linear scale
that separates the axis into pieces based on exponent values, with values within each piece distributed linearly.
(3) is a bar chart using the EplusM scale, referred to as the EplusM bar chart. (4) Bricks and (5) Multi-Magnitude
introduce two variations in the original EplusM bar chart inspired by the numerical perception literature.

To validate the effectiveness of EplusM over logarithmic
bar charts and assess the effectiveness of the novel designs,
we conducted a crowdsourced user study with 112 partici-
pants. In summary, we make the following contributions:

• We empirically validate that EplusM bar charts outper-
form logarithmic ones, resulting in higher user prefer-
ence, lower mental demand, and greater confidence.

• We extend the corpus of OMV visualizations, by
introducing and evaluating two cognitively informed
designs: Bricks and Multi-Magnitude.

2 EVALUATION
To address the objectives of our study, we designed a
within-subjects experiment to compare different visualiza-
tions. This design choice allowed us to statistically confirm
our hypothesis and complement our initial findings [1], with
user-centered quantitative and qualitative insights into per-
ceived workload and user preference. Participants, recruited
through a crowdsourced experiment on Prolific.co [17],
completed a series of tasks using four bar chart designs:
Log, EplusM, Bricks, and Multi-Magnitude. Additionally,
to reduce the duration and facilitate deeper task analysis, a
between-subjects approach was used to divide participants
into two separate task groups: (1) Value Retrieval and
Difference Estimation, and (2) Ratio Estimation. Since the
analysis is performed separately for each task, we do not
directly compare participants across the two groups.

We formulated the following hypotheses:
• H1: The EplusM bar chart performs as well as or

better than the Log bar chart across key effectiveness
metrics, in tasks involving OMV visualizations.

• H2: The Bricks Bar Chart reduces perceived workload
and improves response time and confidence compared
to the EplusM Bar Chart, in tasks involving OMV
visualizations.

• H3:The Multi-Magnitude improves accuracy compared
to the EplusM Bar Chart, in tasks involving OMV
visualizations.

3 RESULTS

In summary, our findings show that all piecewise linear
designs performed as well as, or better than, the logarithmic
bar chart, providing additional support for the idea that peo-
ple perceive OMVs in a piecewise linear manner [6], [7],
[12], [13]. Our results suggest that the Bricks visualization,
which incorporates rounded numbers and supports subitiz-
ing, can significantly boost user confidence compared to the
original EplusM. However, it may introduce novelty effects
that could require training or further refinement. Multi-
Magnitude, while performing well in terms of accuracy,
was less preferred by participants, likely due to challenges
in comparing values across magnitude categories. Among
the designs evaluated, the EplusM bar chart stood out for its
consistency across tasks, measures, and individual charac-
teristics, such as subjective numeracy. It was perceived as
the easiest and, notably, even the most familiar by many
participants—despite using a novel scale. Based on this
evidence, we advocate for the adoption of the EplusM bar
chart as a default alternative to the logarithmic one for
OMVs visualizations for the general public.

4 CONCLUSION

Our findings challenge the dominant use of logarithmic
scales in OMV bar charts and offer significant evidence for
replacing them with the EplusM scale. We advocate moving
beyond scales defined purely by mathematical properties,
and toward designs that better reflect our cognitive repre-
sentation of large numbers. Cognitive insights have long
informed visualization—for example, by improving color
scales based on color perception [8], [14]. Similarly, our
work brings insights from numerical perception to the
design of positional encodings for OMVs.
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