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Figure 1: Different bar charts for visualizing data with large value range. Half lives of different plutonium isotopes (see
Sect. 6.1) are visualized with: (a) classic linear bar chart, (b) linear bar chart with cut-off bars, (c) linear bar chart with scale
break, (d) logarithmic bar chart, and (e) our novel scale-stack bar chart.

Abstract
It is difficult to create appropriate bar charts for data that cover large value ranges. The usual approach for these
cases employs a logarithmic scale, which, however, suffers from issues inherent to its non-linear mapping: for
example, a quantitative comparison of different values is difficult. We present a new approach for bar charts that
combines the advantages of linear and logarithmic scales, while avoiding their drawbacks. Our scale-stack bar
charts use multiple scales to cover a large value range, while the linear mapping within each scale preserves the
ability to visually compare quantitative ratios. Scale-stack bar charts can be used for the same applications as
classic bar charts; in particular, they can readily handle stacked bar representations and negative values. Our
visualization technique is demonstrated with results for three different application areas and is assessed by an
expert review and a quantitative user study confirming advantages of our technique for quantitative comparisons.

Categories and Subject Descriptors (according to ACM CCS): H.5.0 [Information Interfaces and Presentation]:
General—

1. Introduction

Bar charts are an established tool to visualize quantitative
data. They can be explored in an intuitive and accurate way
due to their encoding of quantities in the visual variables
length and position [CM86]. Consequently, such bar chart-
based diagrams are a powerful and commonly used tool to
communicate a set of quantities.

However, there is a variety of applications where the data
covers a large value range. Examples include the luminos-
ity of stars in astrophysics, the half life of different isotopes
(Fig. 1), sales and profits of companies, or the population
of different countries. In such cases, it is challenging to cre-
ate appropriate bar charts. Depending on the available im-
age resolution and viewing conditions, bar charts with linear
scales cannot display all values. A common approach is to
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use logarithmic scales, however, at the cost that their non-
linearity increases the difficulty of certain tasks.

We present a novel method to visualize large value ranges
with bar charts: scale-stack bar charts (Fig. 1(e)). Our ap-
proach does not exhibit the problems of non-linear and non-
proportional mappings and allows small values to be still
readable. It is especially suitable for tasks requiring quanti-
tative comparison as our expert review and quantitative user
study show. Possible applications that can benefit from our
diagram technique are described in Sect. 6.

2. Related Work

There are several approaches to address the problems of lin-
ear bar charts (Fig. 1(a)) when displaying large value ranges:

• Cut-off bars: The bars corresponding to large values are
cut off and labeled with their value (Fig. 1(b)). This allows
visual comparison of small values but not of the values
exceeding the scale range.
• Scale break: Another approach to bridge the gap between

small and very large values uses a scale break [CM92]
(Fig. 1(c)). This technique inserts a gap in the scale to pro-
vide more space for representation of small values. Here,
a visual comparison across the break is not possible, and
only the heights of the bars below the scale break are pro-
portional to the respective values.
• Logarithmic mapping: Values are mapped with a log-

arithmic scale (Fig. 1(d)). This approach has the benefit
that small values are still readable. Also, it is a reasonable
approach for data representing exponential processes, like
growing populations. However, the non-linear mapping
makes a quantitative comparison of values more difficult.

Unfortunately, the above mentioned variants of bar charts
introduce a lie factor [Tuf92]. A lie factor exists if the size
of an effect in the data and in the respective visualization
is not equal. The variants all have problems with respect to
the quantitative comparison of values, which is one of the
most important and best performing tasks when using bar
charts with linear scale. Furthermore, applying a logarithmic
mapping, e.g., to a stacked bar chart results in an even more
misleading visualization scenario.

There are further ways to modify bar charts. For example,
the value axis does not have to be zero-based but can start at
a different value. However, such modifications cannot gen-
erally solve the problems with large value ranges.

In this paper, we extend bar charts with different scales
depending on the exponent under observation. With this ap-
proach, comparisons between small values can be carried out
accurately, and at the same time, larger values can be com-
pared among each other and in the context of the smaller val-
ues. Furthermore, our proposed charts are also free of chart
junk [BMG∗10, Su08], which refers to the fact that data is
visually encoded in several redundant visual features.

Our work focuses on bar charts as they are a common tool
and widely used, but there are of course other concepts for
visualizing quantities, too. Many of them and general dis-
cussions of data visualization and statistical graphics can be
found in Cleveland and McGill [CM87], Huff [Huf93], Card
et al. [CMS99], and Ware [War04]. Few [Few07, Few10]
illustrates the drawbacks of radial pie charts, while in the
study of Cleveland and McGill [CM86], the performance
of several charts was measured. Also, the work of Gold-
berg and Helfman [GH11], who investigated the readabil-
ity of values on linear versus radial graphs by applying eye
tracking techniques, showed that choosing a non-radial dia-
gram is beneficial with respect to user performance for many
tasks. Further discussions of radial methods can be found in
Draper et al. [DLR09] and Diehl et al. [DBB10]. Product
plots [WH11] are a general framework for statistical graph-
ics that can also handle bar charts. Finally, we want to point
out that even well-established and rather simple techniques
like bar charts may have space for improvements as the work
by Talbot et al. [TLH10] shows in the context of positioning
tick labels on chart axes.

3. Visualization Method

Our approach is inspired by the scientific notation of num-
bers and the way floating point values are commonly rep-
resented by computers. We split the values into two parts:
the order of magnitude and their representation in this or-
der of magnitude, similar to the exponent and mantissa in
scientific notation. The result is a two-dimensional repre-
sentation of numbers. There is a multitude of different two-
dimensional mappings, even if we restrict ourselves to the
bar chart metaphor, e.g, different spatial dimensions or color
can be used. We tested many different designs in a formative
process and ended up with the following approach.

3.1. Basic Method

We subdivide the value axis of the chart to represent differ-
ent scales respectively orders of magnitude (Fig. 2(a)), and
call this a scale-stack. Now, the important thing is that in-
side each scale, a linear mapping of the values is used. Fur-
thermore, every scale starts again at zero. This approach pre-
serves the advantage of linear bar charts: easy comparison of
values. In summary, we use a two-leveled hierarchical rep-
resentation of exponent and mantissa, which is possible due
to the discrete nature of the exponent in our representation.

This layout has several advantages. First, both
components—mantissa and exponent—can be directly
compared. This would not be the case with other mappings,
e.g., if two different spatial dimensions would be used.
Second, using a different row for every scale lowers the
risk that values of different scales are directly compared.
Finally, the usage of length for number representation
allows accurate quantification and comparison [CM86].
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Figure 2: Illustration of our concept. (a) Every row (delimited by bold lines) covers a complete scale; the bars always start
at 0 in every row. Inside each scale, a linear mapping is used. (b) Because of this mapping, our method can be used to display
stacked bars. (c) For negative values, the chart is extended downward as it is also a common approach with classic bar charts.

Our approach augments the bar chart metaphor only in
the value dimension. Hence, there are only constraints in
this dimension. Other dimensions and layout aspects remain
as flexible as in classic bar charts. For example, the color
coding of the bars as well as their sorting and shape can be
adapted according to the respective needs. Since we use a
linear mapping within each scale, typical variations of clas-
sic bar charts can also be used, e.g., stacked bars (Fig. 2(b)).
Furthermore, it is straightforward to display negative num-
bers (Fig. 2(c)). We demonstrate our method with vertical
bar charts. However, the application to horizontal bar charts
is straightforward and therefore not further discussed.

It is clear from the concept that the ranges of the different
scales have a strong influence on the resulting visualization,
as it is also the case for classic linear bar charts. If a range is
too large, it is difficult or not possible to read small values. If
a range is too small, only few values are captured. Because
there are multiple scales, quite some effort is required when
manually choosing a set of appropriate ranges. We therefore
describe a simple approach to automatically adapt the scale
ranges to the data.

3.2. Automatic Scale Selection

We present a simple algorithm to automatically choose the
ranges for the different scales. It requires the values of the
chart and the desired number of scales as a user parameter.
We decoupled the problem of choosing an adequate number
of scales from our algorithm to keep it simple. In general,
the problem of choosing adequate scale ranges can be seen
as an optimization problem. The goal is to maximize the size
of the individual bars for better readability.

The height h of a single bar for the respective value v
inside a specific range [rmin,rmax] can be determined with
h= v/rmax, because rmin = 0 in our approach. For simplicity,
we describe our approach for positive v and rmax. Please re-
verse their signs otherwise to match our descriptions. In our

algorithm, values are assigned to the scale s where rmax− v
is minimal and positive. We want to ensure that the smallest
assigned values inside a scale are still visible. We therefore
maximize their height by maximizing the following objec-
tive function:

f = ∑
s∈S

min
v∈s

(v)/max(s),

where S is the set of all scales in our chart and max(s) :=
rmax of scale s.

We use a greedy approach for optimization. We start with
n scales, where n is the number of values in the chart, i.e., ev-
ery value has initially its own scale with rmax = v. In every it-
eration step, two scales s′ and s′′ are merged to a single scale
with rmax = max(max(s′),max(s′′)) containing all values of
both scales. To choose the best pair of scales for merging,
every possible pair is temporally merged. The pair that max-
imizes the objective function is then finally merged. This is
done until the desired number of scales is reached. Operating
on sorted values eases the implementation and may improve
the efficiency because only neighboring scales have to be
considered for merging. As it is the common way for tick
labels in charts, each rmax can be rounded, e.g., to the next
order of magnitude.

This approach does not always find the globally optimal
solution, but it is simple, fast, and provided good results in
our experiments. An improved algorithm and an approach to
automatically select the number of scales exceed the scope
of this work and will be part of future work.

3.3. Variants

Even with well-adapted scale ranges, there can be the is-
sue that nearby values may be mapped to different scales
(Fig. 3(a)). This makes it difficult to compare them. To over-
come this issue, values can be displayed on all scales with
a proper range (Fig. 3(b)), i.e., where the upper limit of the
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Figure 3: Variations of our method. (a) Nearby values may be mapped to different scales (e.g., B and C). This makes their
comparison difficult. (b) Displaying the values on multiple scales avoids this problem. The values of B and C can now be
compared on the second scale. In this case, the values are shown on all scales that cover the full value range. (c) Dashed lines
can be used as placeholders to show that a value exceeds the range of the respective scale.

range is larger than the value. Nearby values can now be
compared on the respective scale. A problem of this solution
is that it is not clear if a column is empty because the value
is too small to be visible or because it exceeds the respective
scale. Drawing all values on all scales and clamping the bars
if the value exceeds the scale range would avoid this prob-
lem. However, the filled columns could be misinterpreted as
large bars. This would increase the risk that bars of differ-
ent scales are compared. We therefore use a placeholder to
represent values that exceed the range of the respective scale
(Fig. 3(c)). Our experiments and the expert review conducted
(see Sect. 4.1) lead to dashed lines as placeholders.

However, there are also drawbacks for these variants. The
more visual elements are in the chart, the higher the risk
of visual clutter. Furthermore, the multiple bars per column
can additionally confuse the viewer. Therefore, we see these
variants as application specific. In cases where values can be
clearly assigned to a specific scale and comparability is only
important inside these scales, the basic approach (Fig. 3(a))
may be the best choice. It produces the clearest and sim-
plest chart. In cases where many nearby values are mapped
to different scales, it is important to show them on all possi-
ble scales (Fig. 3(b)). The usage of placeholders (Fig. 3(c))
can be additionally confusing and increases the visual load
of the chart. They can be omitted if it is clear to the viewer
on which scales the values are located, e.g., because they are
already ordered by size.

4. Evaluation

We first used an expert review to estimate the potential of
scale-stack bar charts and then evaluated them with a quan-
titative user study measuring answer times and error rates.

4.1. Expert Review

Expert reviews can help design and evaluate visualization
techniques [TM05] [AJDL08]. We conducted an expert re-
view with 12 visualization experts from our institute. They
filled out a questionnaire, for which most of them required
around 25 minutes. We compared our approach to linear and
logarithmic bar charts in this review. The experts had to rate
the suitability of the charts for different tasks with the three
datasets from Sect. 6. They used a Likert scale with values
from 1 (very bad) to 5 (very good). Additionally, they were
asked to provide comments to their ratings. We checked two
types of tasks in the review. The first type requires only a
qualitative comparison. The second type requires quantita-
tive comparison and the estimation of ratios. The tasks and
the respective results are presented in Table 1. ANOVA and
additional pairwise post-hoc t-tests (p < 0.05) show a sig-
nificant difference between the diagram techniques for all
tasks. Furthermore, we used the expert review to select an
adequate placeholder (see Sect. 3.3): dashed lines as place-
holders provided the best trade-off between reduced risk for
misinterpretation and visual design.

In summary, the experts think that linear charts work best
if the data of interest are clearly visible in them, i.e., in this
case for tasks on the largest values. They further think that
logarithmic charts are good for qualitative comparisons like
finding extrema, but they may be difficult to use for quanti-
tative tasks like estimating proportions or quantitative com-
parison of values. Scale-stack bar charts seem to work best
when the value range is too large for linear charts and the
tasks require a quantitative analysis or comparison of values.
However, the reviewers pointed out some issues of scale-
stack bar charts in their comments: The reviewers needed
some time to get used to them and jumping between scales
is time-consuming. Some of them see also problems with
the representation of negative values, because of the gap be-
tween positive and negative values (Fig. 2(c)).
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Table 1: Results of the expert review. The average ratings are shown together with the standard deviation in brackets. The best
rated techniques are marked with boxes if they are significantly better in pairwise post-hoc t-tests. If two techniques are marked
in a row, it means that they are significantly better than the third method, but none of the two is significantly better than the
other. The first row has no clear winner because significance occurred only in one pairing (linear vs. scale-stack).

linear logarithmic scale-stack

half life data find two highest values 5.00 (0.00) 4.83 (0.39) 4.63 (0.48)

find two smallest values 1.08 (0.29) 4.50 (0.90) 4.46 (0.50)

estimate ratio of two highest values 4.27 (1.01) 2.18 (0.98) 4.09 (0.83)

estimate ratio of two smallest values 1.00 (0.00) 2.45 (1.13) 3.91 (0.83)

age distribution data estimate ratio of stacked bars 2.75 (1.54) 1.42 (0.69) 3.83 (1.11)

find anomalies in the data 2.25 (0.97) 1.50 (0.67) 3.50 (1.24)

corporation profits data quantitative trend analysis inside groups 3.92 (0.79) 3.17 (0.72) 3.92 (0.67)

quantitative trend analysis between groups 3.50 (1.00) 2.50 (0.90) 3.75 (0.97)
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Figure 4: Results of the user study. Boxplots show the distribution of the measured answer times with linear ("Lin."), logarith-
mic ("Log."), and scale-stack ("Sca.") bar charts for all tasks ((a)–(c)), and the error rate distribution for tasks 1 and 2 ((d), (e)).
Red dots represent average values. If they are not visible, the average values exceed the scale. For the discrete results (correct
or incorrect) of task 3, the percentage of wrong answers is shown in a bar chart (f). In all charts, lower values are better.

4.2. User Study

We conducted a quantitative user study with 15 participants
from our institute requiring around 25 minutes to complete.
Each participant had to solve the following three tasks, each
with linear, logarithmic, and scale-stack bar charts:

1. read value,
2. estimate ratio between two displayed values, and
3. determine which time step out of five exhibits the largest

growth rate.

All data was generated with an overall value range of
[1..10,000]. Each task had to be performed 12 times on dif-
ferent data samples. Permuted sequences of the same sam-
ples were used for the different chart types. The data values
were equally distributed over four orders of magnitude and
randomly generated inside each magnitude order. The partic-
ipants were asked to perform the tasks with focus on speed.

All answers and the required times were measured. The or-
der of the tasks was fixed, while the order of the chart types
was balanced across participants.

The measured timings and error rates are shown in Fig. 4.
The error rate for tasks 1 and 2 was computed as e =
|1− vuser/vreal |, with vuser being the answer of the partici-
pant and vreal being the correct answer. The huge average
values in the error rates of scale-stack charts for tasks 1 and
2 are caused by a few outliers. It is not clear if the partic-
ipants were confused by the different scales in the chart in
these cases, or if the outliers resulted from typing errors.
Normal distribution of the data was rejected by the Shapiro-
Wilk test, and the Kruskal-Wallis test revealed significance
of the data for all tasks (p < 0.05), in both timings and
error rates. Posthoc pairwise comparison of methods was
performed with the Wilcoxon rank sum test. The partici-
pants were significantly faster with linear charts than with
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Figure 5: Visualization of different growth behavior. (a) Our approach showing linear growth with three different slopes:
y = 22x (blue), y = 831x (red), y = 2546x (green). (b) Our approach showing polynomial growth with three different degrees:
y= x2 (blue), y= x4 (red), y= x8 (green). (c) Our approach showing exponential growth with three different bases: y= 2x (blue),
y = 4x (red), y = 10x (green). The respective logarithmic plots are shown in (d)–(f). The envelopes (illustrated by dashed lines)
of the logarithmic charts for polynomial and exponential growth can be approximated in our scale-stack charts by connecting
the last element of each row. The envelope for the blue bars in (e) is not shown due to the small number of sample points in (b).

the other two chart types in case of tasks 1 and 2. For task
3, there is no significant difference between linear and scale-
stack charts, but they both exhibit significant faster answer
times than logarithmic charts. However, the error rates of lin-
ear charts are significantly higher than the rates of the other
chart types for all tasks. A significant difference between the
error rates of logarithmic and scale-stack charts appears only
for task 2, where scale-stack charts have lower error rates.

The user study shows that the participants could perform
all tasks with scale-stack bar charts at least as fast and as ac-
curate as with logarithmic plots. Especially, when a quantita-
tive comparison of values is required, scale-stack charts pro-
vide higher accuracy (task 2), or faster answer times (task 1).
Linear charts are fast to use, but they cannot accurately dis-
play values over the full range, resulting in high error rates
in our study. These results coincide with the findings from
the expert review (see Sect. 4.1).

5. Discussion

For a fair comparison in the following discussion, we assume
that our complete chart has the same spatial extent and pixel
resolution as the other chart types.

5.1. Perception of Growth Behavior

Depending on the type of scale, certain types of growth be-
havior can be readily detected in charts. It is easy to see lin-
ear growth with linear plots. The same holds for logarithmic
plots and exponential growth. Figure 5 shows scale-stack bar
charts and the respective logarithmic charts for three differ-
ent types of growth: linear, polynomial, and exponential.

Since our approach consists of linear plots on different
scales, it is easy to detect linear growth (Fig. 5(a)), in con-
trast to logarithmic plots (Fig. 5(d)). The bars of the same
scale grow at constant rate in our approach. If we look at
the polynomial and exponential growth, we can see that the
shape of the bars of the logarithmic charts also appears in our
scale-stack charts. As the figure shows, the envelopes of the
logarithmic charts can be approximated in scale-stack charts.
Therefore, it is also easy to differentiate between polynomial
and exponential growth with scale-stack bar charts. In the
case of polynomial growth (Fig. 5(b)), the range of the scales
grows faster than the values, i.e., the number of bars that ap-
pear with increasing row number grows faster than linear.
This results in the shown curve when connecting the last bar
of each row. In the case of exponential growth (Fig. 5(c)),
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values and scale ranges exhibit the same growth behavior,
resulting in a straight line when connecting the last bar of
each row. It has to be noted that these chart properties neces-
sitate the use of scale ranges that grow exponentially.

5.2. Advantages

There are several advantages of our approach. First of all,
our approach works well with static images. The readabil-
ity over the full value range does not require interaction like
zooming or the display of tooltips. Furthermore, every row
is self-contained. They can be viewed and interpreted inde-
pendently. In contrast, extracting a subarea of a classic bar
chart can lead to misleading visualizations, e.g., if the axis
does not start at 0 anymore. This property allows us to eas-
ily zoom, highlight, or filter parts of scale-stack bar charts.
As a consequence, groups of values at certain magnitudes
over very large ranges can be accurately displayed. It is also
straightforward to use different units for the scales. In the
case of temporal quantities, e.g., it is more intuitive to rep-
resent values with hours, days, and years etc., than using a
single unit (e.g., seconds) for all scales.

Scale-stack bar charts distribute the available accuracy,
which depends on the resolution of the resulting image, over
the full value range. The full accuracy of linear bar charts is,
in contrast, only available for values of the highest order of
magnitude. For example, let us assume an available resolu-
tion of 1,000 pixels and 4 orders of magnitude of the data.
In the case of a linear bar chart, values of the highest order
of magnitude can be represented with 3 digits accuracy, but
values of the lowest order cannot be represented anymore.
With our approach, all values can be represented with an ac-
curacy of more than 2 digits (250 pixels per order of magni-
tude). Hence, we lose some accuracy for high values but can
represent small values with the same accuracy. Logarithmic
bar charts distribute the available accuracy also over the full
value range, but inside the different orders of magnitude, the
distribution is non-linear.

5.3. Disadvantages

Our approach has also some drawbacks. First, it is clear that
not all tasks benefit from it. Since scale-stack charts use a
linear scale, they cannot perform better than linear charts
if the values of interest are clearly visible in them. And
tasks like finding extrema can be efficiently accomplished
with logarithmic charts. Furthermore, people are not used to
scale-stack bar charts. Hence, they may require some train-
ing to read and correctly interpret them. There also is a po-
tential risk that the viewer compares bars of different rows.
However, similar risks exist also for logarithmic charts; not
everybody is used to logarithmic scales and quantitative
comparison of the bars’ heights often leads to misinterpre-
tation. Finally, the resulting chart contains more visual ele-
ments increasing the visual load.

6. Applications

We applied our method to data from three different fields—
chemistry, social sciences, and the financial sector—which
all exhibit a large value range. First, the half life of different
chemical isotopes covers a large value range. As we show,
even isotopes of the same element can already cover a range
that is difficult to show in a single linear plot. Second, the
populations of different countries can differ substantially. To
demonstrate the ability to visualize stacked bars, the popu-
lations are divided into three different age categories in this
dataset. Finally, the profits of different companies can differ
largely. This dataset additionally demonstrates the represen-
tation of negative values.

6.1. Half Life of Isotopes

The half life of isotopes is important, among others, to quan-
tify radioactive pollution. The presented data (Fig. 6) is from
the UNSCEAR report [Uni08] regarding the Chernobyl dis-
aster in 1986. It contains estimates of the amount of the re-
leased isotopes and their half lives.

The linear bar chart (Fig. 6(a)) is not suitable for this data.
Because of the large half lives of the plutonium isotopes—
more than 350,000 years for pu-242—most values are not
visible in a chart of this size. With the logarithmic bar chart
(Fig. 6(b)), all values can be seen and it is easy to find the
isotopes with smallest (i-133) or largest (pu-242) half life.
However, reading values can already be difficult without ex-
perience with logarithmic plots. For example, we can see
that the value of pu-238 is close to 100 years, but a more
precise estimation is difficult. In the scale-stack bar chart
(Fig. 6(c)), we can see that the value is half way between 75
and 100 years, leading to an estimated value between 85 and
90 years (exact value is 87.7). Furthermore, there is a risk for
the logarithmic chart that a visual comparison of values leads
to wrong interpretations, e.g., one might get the impression
that the three highest half lives (pu-240, pu-239, and pu-242)
are quite close. In our approach, it is clearly visible that the
three values are all in different orders of magnitude.

6.2. Age Distribution

The data for the age structure of different countries are ob-
tained from the CIA World Factbook [CIA12] and visualized
with stacked bars (Fig. 7). Again, the linear chart (Fig. 7(a))
allows us to analyze only a subset of the data. The loga-
rithmic chart (Fig. 7(b)) can be used to look at the total
population numbers. However, it is not very useful to ana-
lyze the distributions because the logarithmic scale distorts
the visual proportions of the stacked bars. The chart pro-
vides the wrong impression that the largest age group in all
countries is from 0 to 14 years. Furthermore, the respective
value to a given bar depends on its position. For example, the
third group (65 years and older) seems to have similar sizes
for Canada, France, and Germany but in the scale-stack bar
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Figure 6: The half life of different isotopes released to the
environment during the Chernobyl disaster visualized with
(a) linear, (b) logarithmic, and (c) scale-stack bar charts. In
all charts, the isotopes are ordered on the x-axis according
to the activity released during the accident. The respective
activity values are shown in (d) with scale-stack bars. The
bars are colored to be better distinguishable.
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Figure 7: Age structure of selected countries. The popula-
tions are divided into three age groups (see legend). Stacked
bar charts with absolute values are used to show not only
the distribution but also the absolute size of the groups. The
data is visualized with (a) linear, (b) logarithmic, and (c)
scale-stack bar charts.
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chart (Fig. 7(c)), we can see that these groups have differ-
ent sizes. Additionally, we can see that the population of the
United Arab Emirates consists only of a small part of old
people. This is difficult to notice in the logarithmic plot.

6.3. Corporation Profits

The high profits of Apple Inc. [App12] can make it diffi-
cult to present them together with results from other tech-
nology companies like, e.g., Advanced Micro Devices Inc.
(AMD) [Adv12]. The data are grouped by corporation, and
a time range of almost 4 years is shown (Fig. 8). The value
range of this example is not as high as in the other two ap-
plications. Hence, most of the data can be analyzed with the
linear bar chart (Fig. 8(a)). However, AMD has some com-
parably small values and it is hard to quantify or compare
them. The general tendency can also be seen in the loga-
rithmic plot (Fig. 8(b)) and all values are clearly visible, but
the visual impression is less clear and makes a quantitative
comparison more difficult. For example, the profit of AMD
seems not to be that far away from Apple’s profit. As the
other two charts show, this is not the case. Another example
is the decrease in AMD’s profit from the last quarter of 2009
to the first quarter of 2010. It looks rather small in the loga-
rithmic chart, but we can see in the scale-stack chart that it
decreased to less than a fourth. Furthermore, the peak in Ap-
ple’s profit in the first quarter of 2012 is not as clearly visible
in the logarithmic chart as in the other charts. Our approach
(Fig. 8(c)) allows us also to compare the smallest values in
the chart, e.g., we can easily see that the profit of AMD al-
most doubles from the second to the third quarter of 2011.
This is hard to deduce from the linear chart, whereas it is not
possible to directly compare bars in the logarithmic chart.

7. Conclusions

Our scale-stack bar charts combine the advantages of linear
and logarithmic plots, while avoiding most of their draw-
backs. They exhibit the advantages of linear plots, in par-
ticular, easy comparison of values. Similar to logarithmic
plots, they allow us to display a large value range. Addi-
tionally, our technique can be directly used for typical vari-
ants of bar charts like stacked bar charts. The user study and
our example applications show that our approach works es-
pecially well when quantitatively analyzing data with large
value ranges. We show that there are many applications from
different fields where this can be the case. Future work in-
cludes the application of the underlying concept of two-
dimensional value representation to other chart types or con-
cepts of information visualization.
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Figure 8: Profits of AMD and Apple Inc. for the period from
the first quarter of 2009 to the third of 2012, visualized with
(a) linear, (b) logarithmic, and (c) scale-stack bar charts.
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