
Design Tips



How to lie with statistics. Huff. Govt 
payrolls in 1937

Gee-Whiz Graphs

Include Zero?



Include Zero?

Include Zero in Axis Scale?
Compare 
Proportions 
(Q-Ratio)

Compare 
Relative 
Position 
(Q-Interval)

Violates Expressiveness Principle!

Include Zero in Axis Scale?
Compare 
Proportions 
(Q-Ratio)

Compare 
Relative 
Position 
(Q-Interval)

Violates Expressiveness Principle!

Q-Ratio
“We care about the amount 
shown”

Q-Interval
“We care about the relative 
position”

This violates the expressiveness 
principle!

Bar length encodes the amount



The bars are draw 
attention away 
from the key 
feature of the data: 
the differences in 
life expectancy 
among the 
different 
countries.

The countries are 
ordered 
alphabetically, 
which causes a dots 
to form a disordered 
cloud of points. This 
makes the figure 
difficult to read.

Bar vs. Dot Plots

Can be made better by removing the y-axis 
and labeling each dot: avoids generating the 
visual perception of a magnitude conveyed by 
the distance from the name to the dot

Fundamentals of Data 
Visualization, Wilke



Zero, Bars, Dots & Log ScalesFundamentals of Data 
Visualization, Wilke



Address data skew
e.g., long tails, outliers
Enables comparison within and across 
multiple orders of magnitude. 

Focus on multiplicative factors 
e.g., The GDP of Australia is 64 times that of 
Papa New Guinea 
The logarithm transforms × to +! 
Percentage change, not linear difference. 

Constraint: positive, non-zero values 
Constraint: audience familiarity? 

More about Log Scales
Scale breaks vs. Log 
scales: Cognitive vs. 
Perceptual Effort

Violates 
Expressiveness!

The Elements of Graphing Data [Cleveland, 85]



Legends Fundamentals of Data 
Visualization, Wilke



Color Fundamentals of Data 
Visualization, Wilke



Graphical Perception
How we see things?



Can you see a difference? Signal Detection

Can you tell how big the 
difference is? 

Magnitude Estimation

How quickly can you find 
information? 

Visual Salience

How do we perceptually 
group things? 

Gestalt Grouping

How we process visual information matters



Signal Detection
“Can you see a difference?”



Which square is brighter?



Which square is brighter?



Which square is brighter?

RGB (128, 128, 128) RGB (134, 134, 134) RGB (144, 144, 144)



Weber’s Law of Just Noticeable Difference

∆𝐼 = 𝑘𝐼

The "Just Noticeable Difference” ∆𝐼 is the 
minimum amount the stimulus intensity must be 
changed in order to produce a noticeable variation 
in sensory experience.

Weber's Law states that the JND is a 
constant Weber fraction 𝑘 of the 
initial stimulus.

Δ𝐼
𝐼
= 𝑘

Most continuous variation in stimuli are perceived in 
discrete steps 

Ratios more important than magnitude 

a a a a a a a a a a a a a a a a
6 7 8 9 10 11 12 14 16 18 21 24 36 48 60 72



Magnitude Estimation
“How big is the difference?”



How much bigger?

Compare the area of circles Compare the length of bars



How much bigger?

Compare the area of circles Compare the length of bars

Our perceived sensation of increases in length are linear 
in increases of the actual length

Our perceived sensation of increases in area are not!

Steven’s Power Law empirically describes these 
relationships!



Steven’s Power Law

[Graph from Wilkinson 99, based on Stevens 61]

Perceived 
Sensation

Physical 
Intensity

Exponent 
(Empirically Determined)

Predicts bias, not 
necessarily accuracy!

Steven’s Power Law

𝑆 = 𝑐𝐼!
Perceived 
Sensation

Physical 
Intensity

Exponent
Emperically Determined

This is about our bias (not accuracy)

if 𝑝 > 1 → overestimate (how does it feel to be 
shocked?)
if 𝑝 < 1 → understimate (the area of the circle 
feels smaller)



Apparent Magnitude Scaling

[Cartography: Thematic Map Design, Figure 8.6, p. 170, Dent, 96]
S = 0.98A0.87   [from Flannery 71] Apparent magnitude scaling

[Cartography: Thematic Map 
Design, Figure 8.6, p. 170, Dent, 
96] 
𝑆 = 0.98𝐴!.#$ [from Flannery 71] 



Log Absolute Estimation Error

Position 1 
Position 2 
Position 3 
Length 1 
Length 2 
Angle 
Area (Circular) 
Area (Rect 1) 
Area (Rect 2)

Graphical Perception Experiments 
Empirical estimates of encoding effectiveness

Heer & Bostock ‘10

Perception experiments à empirical estimates of encoding effectiveness

esting set of perceptual tasks, we replicated Cleveland &
McGill’s [7] classic study (Exp. 1A) of proportionality es-
timates across spatial encodings (position, length, angle),
and Stone & Bartram’s [30] alpha contrast experiment (Exp.
2), involving transparency (luminance) adjustment of chart
grid lines. Our second goal was to conduct additional ex-
periments that demonstrate the use of Mechanical Turk for
generating new insights. We studied rectangular area judg-
ments (Exp. 1B), following the methodology of Cleveland &
McGill to enable comparison, and then investigated optimal
chart heights and gridline spacing (Exp. 3). Our third goal
was to analyze data from across our experiments to character-
ize the use of Mechanical Turk as an experimental platform.

In the following four sections, we describe our experiments
and focus on details specific to visualization. Results of a
more general nature are visited in our performance and cost
analysis; for example, we delay discussion of response time
results. Our experiments were initially launched with a lim-
ited number of assignments (typically 3) to serve as a pilot.
Upon completion of the trial assignments and verification of
the results, the number of assignments was increased.

EXPERIMENT 1A: PROPORTIONAL JUDGMENT
We first replicated Cleveland & McGill’s seminal study [7]
on Mechanical Turk. Their study was among the first to rank
visual variables empirically by their effectiveness for con-
veying quantitative values. It also has influenced the design
of automated presentation techniques [21, 22] and been suc-
cessfully extended by others (e.g., [36]). As such, it is a nat-
ural experiment to replicate to assess crowdsourcing.

Method
Seven judgment types, each corresponding to a visual en-
coding (such as position or angle) were tested. The first five
correspond to Cleveland & McGill’s original position-length
experiment; types 1 through 3 use position encoding along a
common scale (Figure 1), while 4 and 5 use length encoding.
Type 6 uses angle (as a pie chart) and type 7 uses circular
area (as a bubble chart, see Figure 2).

Ten charts were constructed at a resolution of 380⇥380 pix-
els, for a total of 70 trials (HITs). We mimicked the number,
values and aesthetics of the original charts as closely as pos-
sible. For each chart, N=50 subjects were instructed first to
identify the smaller of two marked values, and then “make
a quick visual judgment” to estimate what percentage the
smaller was of the larger. The first question served broadly to
verify responses; only 14 out of 3,481 were incorrect (0.4%).
Subjects were paid $0.05 per judgment.

To participate in the experiment, subjects first had to com-
plete a qualification test consisting of two labeled example
charts and three test charts. The test questions had the same
format as the experiment trials, but with multiple choice
rather than free text responses; only one choice was cor-
rect, while the others were grossly wrong. The qualification
thus did not filter inaccurate subjects—which would bias the
responses—but ensured that subjects understood the instruc-
tions. A pilot run of the experiment omitted this qualification
and over 10% of the responses were unusable. We discuss
this observation in more detail later in the paper.

0

100

A B
0

100

A B
0

100

A B

Figure 1: Stimuli for judgment tasks T1, T2 & T3. Sub-
jects estimated percent differences between elements.

A

B

B

A

A B

Figure 2: Area judgment stimuli. Top left: Bubble
chart (T7), Bottom left: Center-aligned rectangles (T8),
Right: Treemap (T9).

In the original experiment, Cleveland & McGill gave each
subject a packet with all fifty charts on individual sheets.
Lengthy tasks are ill-suited to Mechanical Turk; they are
more susceptible to “gaming” since the reward is higher, and
subjects cannot save drafts, raising the possibility of lost data
due to session timeout or connectivity error. We instead as-
signed each chart as an individual task. Since the vast ma-
jority (95%) of subjects accepted all tasks in sequence, the
experiment adhered to the original within-subjects format.

Results
To analyze responses, we replicated Cleveland & McGill’s
data exploration, using their log absolute error measure of
accuracy: log2(|judged percent - true percent| + 1

8 ). We first
computed the midmeans of log absolute errors1 for each chart
(Figure 3). The new results are similar (though not identical)
to the originals: the rough shape and ranking of judgment
types by accuracy (T1-5) are preserved, supporting the valid-
ity of the crowdsourced study.

Next we computed the log absolute error means and 95%
confidence intervals for each judgment type using bootstrap-
ping (c.f., [7]). The ranking of types by accuracy is consistent
between the two experiments (Figure 4). Types 1 and 2 are
closer in the crowdsourced study; this may be a result of a
smaller display mitigating the effect of distance. Types 4 and
5 are more accurate than in the original study, but position
encoding still significantly outperformed length encoding.

We also introduced two new judgment types to evaluate an-
gle and circular area encodings. Cleveland & McGill con-
ducted a separate position-angle experiment; however, they
used a different task format, making it difficult to compare

1The midmean–the mean of the middle two quartiles–is a robust measure
less susceptible to outliers. A log scale is used to measure relative propor-
tional error and the 1

8 term is included to handle zero-valued differences.
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Visual Salience
“How quickly can you find 

information?”



Magnitude Estimation
“How big is the difference?”

The squares and circles are not very distinct because the differences are encoded in
high spatial frequencies (see Figure 2.25 in Chapter 2, which shows how spatial
sensitivity declines with high spatial frequencies). If the symbols were made larger
they would be more distinct. The other examples in the center and the right have
much more distinctive spatial subchannel components. Some use both color and form
to increase separation in feature space.

Preattentive Processing and Ease of Search
Neuropsychology can only tell us so much about what makes shapes distinctive,
because although the field is advancing rapidly the level of effort required for each
discovery is huge. Inevitably, neuropsychological theory lags behind results from
direct experiments using psychophysical methods with human observers. Psycho-
physics is the study of human responses to physically defined stimuli. There have
been many experiments in which human observers are asked if a particular shape
appears in a pattern of other shapes that are flashed briefly in front of their eyes. These
studies have led to the concept of preattentive processing that is central to how we
understand visual distinctiveness (Treisman, 1985).

Preattentive processing is best introduced with an example. To count the 3s in the
table of digits shown in Figure 5.9(a), it is necessary to scan all the numbers sequen-
tially. To count the 3s in Figure 5.9(b), it is necessary only to scan the red digits. This
is because color is preattentively processed. Certain simple shapes or colors seem to
pop out from their surroundings. The theoretical mechanism underlying popout was
called preattentive processing because early researchers thought that it must occur
prior to conscious attention, although a more modern view is that attention is integral,
and we shall return to this point. In essence, preattentive processing determines
what visual objects are offered up to our attention and easy to find in the next fixation

45929078059772098775972655665110049836645
27107462144654207079014738109743897010971
43907097349266847858715819048630901889074
25747072354745666142018774072849875310665

45929078059772098775972655665110049836645
27107462144654207079014738109743897010971
43907097349266847858715819048630901889074
25747072354745666142018774072849875310665

(a)

(b)

Figure 5.9 Preattentive processing. (a) To count the 3s in this table of digits, it is
necessary to scan the numbers sequentially. (b) To count the 3s in this table, it is only
necessary to scan the red 3s because they pop out from their surroundings.
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How many 3s?



Magnitude Estimation
“How big is the difference?”

How many 3s?

The squares and circles are not very distinct because the differences are encoded in
high spatial frequencies (see Figure 2.25 in Chapter 2, which shows how spatial
sensitivity declines with high spatial frequencies). If the symbols were made larger
they would be more distinct. The other examples in the center and the right have
much more distinctive spatial subchannel components. Some use both color and form
to increase separation in feature space.

Preattentive Processing and Ease of Search
Neuropsychology can only tell us so much about what makes shapes distinctive,
because although the field is advancing rapidly the level of effort required for each
discovery is huge. Inevitably, neuropsychological theory lags behind results from
direct experiments using psychophysical methods with human observers. Psycho-
physics is the study of human responses to physically defined stimuli. There have
been many experiments in which human observers are asked if a particular shape
appears in a pattern of other shapes that are flashed briefly in front of their eyes. These
studies have led to the concept of preattentive processing that is central to how we
understand visual distinctiveness (Treisman, 1985).

Preattentive processing is best introduced with an example. To count the 3s in the
table of digits shown in Figure 5.9(a), it is necessary to scan all the numbers sequen-
tially. To count the 3s in Figure 5.9(b), it is necessary only to scan the red digits. This
is because color is preattentively processed. Certain simple shapes or colors seem to
pop out from their surroundings. The theoretical mechanism underlying popout was
called preattentive processing because early researchers thought that it must occur
prior to conscious attention, although a more modern view is that attention is integral,
and we shall return to this point. In essence, preattentive processing determines
what visual objects are offered up to our attention and easy to find in the next fixation

45929078059772098775972655665110049836645
27107462144654207079014738109743897010971
43907097349266847858715819048630901889074
25747072354745666142018774072849875310665

45929078059772098775972655665110049836645
27107462144654207079014738109743897010971
43907097349266847858715819048630901889074
25747072354745666142018774072849875310665

(a)

(b)

Figure 5.9 Preattentive processing. (a) To count the 3s in this table of digits, it is
necessary to scan the numbers sequentially. (b) To count the 3s in this table, it is only
necessary to scan the red 3s because they pop out from their surroundings.

152 Visual Salience and Finding Information
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Information Visualization: Perception for Design
Ware, 2021



“Typically, tasks that can be performed on large multi-element displays in 
less than 200 to 250 milliseconds (msec) are considered preattentive. 
Eye movements take at least 200 msec to initiate, and random locations 
of the elements in the display ensure that attention cannot be prefocused
on any particular location, yet viewers report that these tasks can be 
completed with very little effort. 
This suggests that certain information in the display is processed in 
parallel by the low-level visual system.”

What is a pre-attentive task?

Perception in Visualization, Christopher G. Healey
https://www.csc2.ncsu.edu/faculty/healey/PP/ind
ex.html



• target detection
•boundary detection
• region tracking
• counting and estimation

Pre-attentive visual tasks

Perception in Visualization, Christopher G. Healey
https://www.csc2.ncsu.edu/faculty/healey/PP/index.html

https://www.csc2.ncsu.edu/faculty/healey/PP/index.html


mark on a map as being of type A, it should be differentiated from all other marks in a
preattentive way. There have been literally hundreds of experiments to test whether
various kinds of features are processed preattentively. Figure 5.11 illustrates a few of
the results. Orientation, size, basic shape, convexity, concavity, and an added box
around an object are all preattentively processed. However, the junction of two lines
is not preattentively processed; neither is the parallelism of pairs of lines, so it is more
difficult to find the targets in the last two boxes in Figure 5.11.

The features that are preattentively processed can be organized into a number of
categories based on form, color, motion, and spatial position.

● Line orientation

● Line length

● Line width

Orientation

Shape

Curved/straight

Juncture (not pre-att)Addition Parallelism (not pre-att)

Light/dark

Size

Convex/concave

Shape

Enclosure

Color

Figure 5.11 Most of the preattentive examples given here can be accounted for by
the processing characteristics of neurons in the primary visual cortex.
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Information 
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Perception for 
Design
Ware, 2021

Feature Conjunctions

http://www.csc.ncsu.edu/faculty/healey/PP/index.html 

Most conjuctions 
are not pre-
attentive!
Can you find the 
red circle?

Can you detect the boundary?



Assymetric Processing
depended on the saturation (vividness) and size of the color patch, as well as the degree of
difference from surrounding colors. So it is not just a question of color versus orientation,
but exactly how the color differs from other colors in the set. Similarly, the preattentive-
ness of line orientation depends on the length of the line, the degree to which it
differs from surrounding lines, and the contrast of the line pattern with the background.
Figure 5.12 shows how an oblique line stands out from a set of vertical lines. When the
same oblique line is in a set of lines of various orientations it is much more difficult to
see, even though the difference in orientation between the target and the distractor set
is just as large or larger. One thing that is clear from this example is that preattentive
symbols become less distinct as the variety of distractors increases. It is easy to spot a
single hawk in a sky full of pigeons, mostly because it has a different motion pattern,
but if the sky contains a greater variety of birds, the hawk will be more difficult to see.

Studies have shown that two factors are important in determining whether something
stands out preattentively: the degree of difference of the target from the nontargets
and the degree of difference of the nontargets from each other (Quinlan & Humphreys,
1987; Duncan&Humphreys, 1989). For example, yellow highlighting of text works well
if yellow is the only color in the display besides black and white, but if there are many
colors the highlighting will be less effective.

[G5.7] For maximum popout, a symbol should be the only object in a display that
is distinctive on a particular feature channel; for example, it might be the only
item that is colored in a display where everything else is black and white.

Highlighting and Asymmetries

Another issue relating to making targets distinctive comes from research that has
revealed asymmetries in some preattentive factors; for example, adding marks to high-
light a symbol is generally better than taking them away (Treisman & Gormican,
1988). If all of the symbols in a set except for a target object have an added mark, the
target will be less distinctive. It is better to highlight a word by underlining it than to
underline all the words in a paragraph except for the target word. Another asymmetry

d t d
t

Figure 5.12 On the left, the right-slanted bar pops out; on the right, it does not. Yet, most
of the distractors on the right have an orientation that is more different from the target
orientation than the distracters on the left.
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BROWN
GREEN
YELLOW

RED
BLACK
ORANGE
BLUE

PURPLE

RED
BLUE
GREEN
ORANGE
BLACK
PURPLE
BROWN
YELLOW

The Stroop Effect



Integral & Separable Dimensions

“Will the color-coding scheme 
interfere with our perception of 
glyph size and therefore distort 
some perceived quantitative level?”

What if we use both color and size 
to represent a single variable—will 
this make the information clearer?” 

here. The point of showing it is to illustrate how the color-mapped variables tend to be
seen integrally and independently (separably) from the shape variables, which also
tend to be viewed holistically, making up the lozenge shapes.

Integral–Separable Dimension Pairs

The preceding analysis presented integral and separable dimensions as if they were
qualitatively distinct. This overstates the case; a continuum of integrality–separability
more accurately represents the facts. Even between the most separable dimension
pairs, there is always some interference between different data values presented using
the different channels. Likewise, the most integral dimension pairs can be regarded
analytically to some extent. We can, for example, perceive the degree of redness and
the degree of yellowness of a color—for example, orange or pink. Indeed, the original
experimental evidence for opponent color channels was based on analytic judgments
of exactly this type (Hurvich, 1981).

Figure 5.23 provides a list of display dimension pairs arranged on an integral–
separable continuum. At the top are the most integral dimensions. At the bottom are

red-green yellow-blue

Dimension pairs
Integral
dimension pairs

Separable
dimension pairs

x-size y-size

orientation

shape, size, orientation

shape, size, orientation

size

color

color

color

motion

motion

group
location

Figure 5.23 Examples of glyphs coded according to two display attributes. At the top are
more integral coding pairs. At the bottom are more separable coding pairs.
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Integral & Separable Dimensions

With integral display dimensions, two or 
more attributes of a visual object are 
perceived holistically and not 
independently.  (e.g. a rectangle is seen 
as the height and width)

Analytic processing:  with separable 
dimensions, people tend to make separate 
judgments about each graphical dimension. It 
is easy to respond independently to 
questions about each dimension

here. The point of showing it is to illustrate how the color-mapped variables tend to be
seen integrally and independently (separably) from the shape variables, which also
tend to be viewed holistically, making up the lozenge shapes.

Integral–Separable Dimension Pairs

The preceding analysis presented integral and separable dimensions as if they were
qualitatively distinct. This overstates the case; a continuum of integrality–separability
more accurately represents the facts. Even between the most separable dimension
pairs, there is always some interference between different data values presented using
the different channels. Likewise, the most integral dimension pairs can be regarded
analytically to some extent. We can, for example, perceive the degree of redness and
the degree of yellowness of a color—for example, orange or pink. Indeed, the original
experimental evidence for opponent color channels was based on analytic judgments
of exactly this type (Hurvich, 1981).

Figure 5.23 provides a list of display dimension pairs arranged on an integral–
separable continuum. At the top are the most integral dimensions. At the bottom are

red-green yellow-blue

Dimension pairs
Integral
dimension pairs

Separable
dimension pairs

x-size y-size

orientation

shape, size, orientation

shape, size, orientation

size

color

color

color

motion

motion

group
location

Figure 5.23 Examples of glyphs coded according to two display attributes. At the top are
more integral coding pairs. At the bottom are more separable coding pairs.
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the plot in such a way that the ideal height-to-weight relationship is a perfect circle.
Someone who is overweight will be represented as a squashed ellipse, while someone
who is very thin will be represented by a tall ellipse. On the left side of Figure 5.21, we
can see at a glance who is overweight and who is underweight.

The right-hand side of Figure 5.21 shows the same data represented using two sepa-
rable variables: red–green variation for weight and vertical size for height. This is a
poor choice, as it is very difficult to see who is overweight and who is underweight.

We can also apply the lessons of integral and separable dimensions to data glyphs
designed to represent many variables. Figure 5.22 shows a field of data glyphs from
Kindlmann and Westin (2006) in which three variables are mapped to color and many
more are mapped to the shape of the glyphs. Detailed knowledge of the application
would be required to decide if this is a good representation, but this is not our concern

Figure 5.21 Height and weight data from 400 elderly Dutch people is displayed. On the left,
height squared is mapped to the height of each ellipse and the weight is mapped to the width.
On the right, weight ismapped to color and thewidth is held constant (red ismore, green is less).

Figure 5.22 This map of a tensor field from Kindlmann and Westin (2006) has some
variables mapped to the color of the lozenge-like glyphs and some variables mapped to
their shape and orientation.
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Integral & Separable Dimensions

Maping height to ellipse height and weight to width Maping height to ellipse height and red/green to 
weight

x/y size are integral dimensions shape and color are more separable dimensions

Obesity in 400 dutch men



Gestalt Grouping
“How the mind sees?”



• Proximity
• Similarity
• Enclosure

• Connectedness
• Continuity

• Figure & Ground

Gestalt Principles and high-level visualization guidelines



Proximity: things close 
together get grouped 
together

Similarity: things that look 
the same get grouped 
together

Enclosure: things 
contained in the same 
enclosure get grouped 
together

Proximity, Similarity 
& Encolsure



In practice



Connectedness: things 
that are conencted are 
grouped together.

c cc

Continuity: elements that are arranged on a line 
or curve are perceived to be more related than 
elements not on the line or curve

Connectedness & 
Continuity



Figure & Ground

We try to identify a figure from the background.

This can be difficult if the figure and ground compete
https://medium.com/@Elijah_Meeks/gestalt-
principles-for-data-visualization-59f18f20bd40

https://medium.com/@Elijah_Meeks/gestalt-principles-for-data-visualization-59f18f20bd40


Figure & Ground

We try to identify a figure from the background.

This can be difficult if the figure and ground compete
https://medium.com/@Elijah_Meeks/gestalt-
principles-for-data-visualization-59f18f20bd40

https://medium.com/@Elijah_Meeks/gestalt-principles-for-data-visualization-59f18f20bd40


Visualizations 
that play on this

Approval ratings of 
Obama (red) vs. Bush 
(green) during the same 
presidency periods

The difference chart plays 
with figure/ground 
principles to better 
illustrate differences.

https://medium.com/@Elijah_Meeks/gestalt-
principles-for-data-visualization-59f18f20bd40

https://medium.com/@Elijah_Meeks/gestalt-principles-for-data-visualization-59f18f20bd40


Design & Redesign





https://medium.com/@hint_fm/design-
and-redesign-4ab77206cf9

https://medium.com/@hint_fm/design-and-redesign-4ab77206cf9





