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Fig. 1. Which of the three plots is different from the others? - Is this question easier to answer with the Polar Charts or the Barcharts?

Abstract—Lineups [4, 28] have been established as tools for visual testing similar to standard statistical inference tests, allowing us to
evaluate the validity of graphical findings in an objective manner. In simulation studies [12] lineups have been shown as being efficient:
the power of visual tests is comparable to classical tests while being much less stringent in terms of distributional assumptions made.
This makes lineups versatile, yet powerful, tools in situations where conditions for regular statistical tests are not or cannot be met. In
this paper we introduce lineups as a tool for evaluating the power of competing graphical designs. We highlight some of the theoretical
properties and then show results from two studies evaluating competing designs: both studies are designed to go to the limits of our
perceptual abilities to highlight differences between designs. We use both accuracy and speed of evaluation as measures of a
successful design. The first study compares the choice of coordinate system: polar versus cartesian coordinates. The results show
strong support in favor of cartesian coordinates in finding fast and accurate answers to spotting patterns. The second study is aimed
at finding shift differences between distributions. Both studies are motivated by data problems that we have recently encountered,
and explore using simulated data to evaluate the plot designs under controlled conditions. Amazon Mechanical Turk (MTurk) is used
to conduct the studies. The lineups provide an effective mechanism for objectively evaluating plot designs.

Index Terms—Lineups, Visual inference, Power comparison, Efficiency of displays.

1 INTRODUCTION

So, you’ve just spent countless hours burning the late night candle
wax and discovered several astonishing features in the data. Your
exploratory graphics are quick to produce, interactive, flexible, and
fabulous for discovery, but now you need to present the information
to your boss, the co-workers, a class of students, or get it published
in that top-rated journal. Those exploratory graphics are unlikely to
communicate the discovered information to your audience efficiently,
or elegantly. To decide on the best way to present the specific infor-
mation there can be many types of plots to choose from. The decision
process is assisted by past experience, personal aesthetic preferences,
the characteristics of the audience, and a good working knowledge
of general perceptual strengths and weaknesses of particular displays
[6, 24, 25, 8]. Perceptual studies are thinly spread for data visual-
ization and will probably only cover very broad perceptual principles,
primarily because they tend to be based solely on simulated data. In
order to study perceptual principles in a controlled experimental set-
ting simulated data is unavoidable. This provides principles that may
not apply closely enough to a specific analysis task. Faced with design
decisions for a very specific task requires a closer level of detail. Focus
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groups [14] can find small problems with designs and move us closer
to a final handful of possible designs. Usability studies and case stud-
ies (e.g. [20], [23]) typically focus on the use of particular software for
solving data exploration tasks. These approaches lack broad audience
validity and objectiveness. Several papers indicate continuing issues
arising with, and suggestions for improving, evaluation of information
visualizations [17, 7, 26, 15].

Here we suggest a new approach using recent research on visual in-
ference [4, 28]. In visual inference, data plots are considered to be test
statistics, and these are compared with plots of data generated from
a null hypothesis using a lineup. The null hypothesis underlying a
lineup is that there is no real structure visible in the data plot, that any
patterns seen are consistent with randomness, or from a known model.
If the null hypothesis is true then the plot of the data will not be distin-
guishable from the plots of null data. A lineup is similar to the police
lineup, and this is where the name comes from. The suspect (the plot
of the data) is placed randomly in a field of plots of null data, and an
impartial viewer is asked to identify the plot that is the most different.
If the viewer identifies the suspect it lends statistical significance to the
conclusion that the data is not consistent with the null data. Figure 2
has an example of a lineup. Overlaid density plots are used to display
the distribution of two groups (blue, red) of data. We are interested to
know whether the data has a significant difference between the centers
of the two groups. Plot number 5+23 contains the data. Did you pick
that one? In this plot the blue group has a flat density whereas the
density of red group is more peaked and concentrated to the left of the
blue.

The previous work [4, 28] describes the use of lineups for evaluating
discoveries made in exploratory analysis. Here, we describe the use of
lineups for evaluating plot design for communicating findings visually.
Different lineups are created, using the same data, same null plots and
positions within the lineup, but different plot designs. Comparing how
long viewers take and how accurately they report the feature of in-
terest will assess which design is better for the task. To investigate
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Fig. 2. Example lineup using density plots: one plot of data embedded
with nineteen plots of null data. Which plot is most different from the
others? (See the text for the answer.)

the benefit of lineups for plot design evaluation we have conducted
an experiment that also contains simulated data, where the data is con-
structed to match and expand on the features of interest in the data. For
example, in a simple situation, where the discovered feature of interest
is a difference between the centers of two distributions, simulated data
would be constructed roughly matching the distribution of the data that
varies the distance between centers, and also spread and sample size.
Lineups of these simulated data (embedded with simulated null data
plots) are generated and evaluated along with the lineups of data. The
simulation study provides a backdrop for the real data, which enables
the broad applicability to be studied and a gauge for the strength of the
pattern in the data.

Lineups provide a way to statistically quantify the significance of
the finding [12]: think of the lineup as a set of m plots, one of which is
the data (in Figure 2, m = 20). The probability that an observer picks
the data plot just by chance, i.e. when it is really *not* different from
the other null plots, is 1/m. If an observer is able to identify the data
plot from the lineup, we reject the null hypothesis. This sets our Type
I error rate, α , at a level of 1/m.

When there are multiple independent observers (n) we have more
freedom in setting the significance level: assume that x out of those
n observers picked the data plot. Let X be the corresponding random
variable, i.e. X = # times out of n independent repetitions that the data
plot is picked from the lineup. Under the null hypothesis, X has a
Binomial distribution: X ∼ Bn,1/m. We can then compute the p-value
of a lineup as the probability to have x or more observers picking the
data plot (under the assumption that the null hypothesis is true, i.e. the
plot is not different):

p-value = P(X ≥ x | H0) = 1−Bn,1/m(x−1).

When comparing different tests of the same quantity, we consider
that test better if it has greater power. The power of a test is the proba-
bility to reject the null hypothesis, irrespective of whether it is true or
false – in a lineup this is the probability that an observer identifies the
plot of the real data. Analytically, power is usually difficult to calcu-
late because it is requires specific use of an alternative hypothesis to
calculate the probability. Work in [22] addresses this to some extent

with measures on the quality of a lineup, how numerically different,
as best it can be calculated, the data plot is from the null plots.

In our situation, though, it is fairly straightforward to estimate the
power of a lineup:

Let n be the number of independent observers and xi the
number of observers who picked plot i, i ∈ {1, ...,m},
from the lineup. Then (x1,x2, ...,xm) follows a multino-
mial distribution Multπ1,π2,...,πm(x1,x2, ...,xm) with ∑i πi =
1, where πi is the probability that plot i is picked by an
observer, which we can estimate as π̂i = xi/n.

The power of a lineup can therefore be estimated as the ratio of correct
identifications x out of n viewings. (More details on these derivations
can be found in [13].)

The power of lineups is used in the work presented here to eval-
uate the effectiveness of different plot designs. This paper describes
two examples where we had real data analysis problems and decisions
to make in order to communicate the results. Section 2 explains the
process of comparing designs. Section 3 describes two data analysis
problems, the experiments conducted to evaluate the plot designs, and
presents findings. We conclude in Section 4 and give suggestions for
future use.

2 COMPARISON OF DESIGNS

We are going to make use of the signal strength gained from multiple
viewings of a lineup in order to evaluate competing designs as follows:

1. Create Lineup Data: assuming that at least two variables, X
and Y are involved in the design, we create data for a lineup of
size m by creating m− 1 permutations of Y or, in the case of a
simulation study, drawing m−1 samples of size n (the number of
rows in the data) from the null distribution. Add the original data
to the lineup data randomly between 1 and m. The R package
nullabor provides a framework for easy creation of lineup
data.

2. Create lineups from competing designs: using the same data,
render lineups of all competing designs.

3. Evaluate Lineups: by presenting the lineups to independent ob-
servers. Assess both signal strength and time needed by individ-
uals to come to a decision. Note that each observer should only
be exposed to each lineup data once.

4. Evaluate Competing Designs: differences in signal strength or
time to decision are due to differences in the design. In the case
that individuals were shown multiple lineups (as part of a bigger
study), it is possible to correct outcome measurements for an
individual’s visual ability.

Comparing power of competing designs therefore involves compar-
ing percentages of correct responses π̂1 and π̂2. An α·100% confi-
dence interval for this comparison is given as

π̂1− π̂2± t1−α/2,n−1

√
π̂1(1− π̂1)/n1 + π̂2(1− π̂2)/n2, (1)

where n is the Welch-Satterthwaite [27] estimate of the degrees of free-
dom. Note that we use π̂i = (xi + 1)/(ni + 1) and ni + 2 for a better
coverage of the confidence interval [1]. In the case of more than two
competing designs, we have to additionally adjust the confidence in-
tervals for multiple testing, e.g. using a Bonferroni adjustment which
uses an adjusted confidence level α̃ = α/k, where k are the number
of confidence intervals involved (single adjustment) or the number of
comparisons anticipated.

While this allows a direct comparison of the designs, we cannot
adjust for the individuals’ perceptual abilities. In the case that we
have multiple responses from each person (i.e. data is collected on
several different lineup tasks), we can estimate their perceptual ability
and correct power differences between competing designs accordingly,
e.g. by modeling power using a subject-specific random intercept in a
generalized linear model.
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3 EXPERIMENTS

Two recent data analyses motivated the setup of this experiment.
The first one arises from an analysis of US flight traffic data, and a
finding related to how wind direction affects the efficiency of an air-
port. The second one arose during the review of a paper claiming that
it was impossible to statistically test for differences in center between
two samples where sample size was small and from a non-normal pop-
ulation, with application to studying toxic waste sites. Using lineups
containing dotplots we found it was possible to detect a difference,
and we were curious to see if other display types (density, histogram,
boxplot) might compare with dotplots.

3.1 Data Collection
Data for both studies was collected using Amazon’s Mechani-
cal Turk (MTurk) service. The website for the second study is
available at http://www.public.iastate.edu/˜mahbub/
feedback_turk5/homepage.html. Figure 3 shows a screen
shot of the website’s layout for a dotplot lineup.

Fig. 3. Screenshot of the website for the second study.

Each participant is shown ten lineups and asked to identify the plot
that is the most different from the other plots. In the second study the
‘difference’ is further specified as ‘In which plot is the blue group the
furthest to the right?”. In both studies, though, the question is placed
prominently above each lineup as a reminder of what participants are
asked to look for. Additionally, participants are asked for a reason for
their choice. They can select from a list of choices particular to the
lineup design, why they chose this particular plot as well as how con-
fident they are on a scale of one to five, where higher values indicate
higher confidence. Personal information on age group, gender, and ed-
ucation is collected on a voluntary basis. The amount of time it takes
the individual to answer is also recorded. This allows us to assess how
design choices affect decoding [5] in terms of accuracy and speed.

In order to avoid people ‘gaming the system’ as found in earlier
studies [8, 10], two of the ten lineups participants were shown were
specially prepared as a baseline of performance – if participants fail to
answer some of these baseline lineups, we require at least two correct
answers for the remaining plots, which is indicative of a better-than-
guessing performance, as inclusion criterion for the data evaluation.

3.2 Study I: Wind Direction and Airport Efficiency
3.2.1 Setup
The data contains all flights [21] in and out of Seattle/Tacoma In-
ternational Airport (SEA) between July 2008 and June 2011. As a
measure of airport efficiency we are using time between successive
wheel-events (time at wheel take-off or touch-down), which we found

to be independent of airline carrier and operating hours, as long as we
restricted the data to ‘regular’ operating hours between 7 am and mid-
night and ‘regular’ weather conditions – i.e. we eliminated records
associated with the top 5% wind speed measurements [16], leaving us
with just under half a million flights.

In this scenario, all of the lineups are testing the null hypothesis
H0 : wind direction has no effect on efficiency

against the alternative Ha : wind direction does have an effect.
Statistical tests of mean efficiency by wind direction are not par-

ticularly helpful in this situation: the difference in mean efficiency
between the wind direction at which the airport operates the most ef-
ficiently and its least efficient direction shows a statistically signifi-
cant difference with a p-value ≤ 10−15. However, out of the 34 other
wind directions, another 31 show significant differences in efficiency
as well. This is much more a property of the large data size rather than
practically usable differences. Mere significances also do not allow us
an assessment of the underlying pattern.

In deciding on the design for displaying efficiency by wind direction
we were using the fact that wind direction is circular, and displayed the
data as (conditional) wind rose charts - i.e. for each of 36 wind direc-
tions we show the percentage of flights falling into one-minute inter-
vals between successive flights, from zero minutes to eight minutes or
more.
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Fig. 4. All four competing designs: polar versus cartesian charts in top
and bottom row, with (right) and without (left) reference lines at 50%.

In spite of the contextual circular property of wind direction, the
pattern in efficiency did not seem to stand out well during the explo-
ration process, which led us to using a corresponding cartesian design.
Both designs were additionally equipped with a reference line at 50%.
Figure 4 shows an overview of all four chart types in the study. During
the exploration of the data, it became clear that Seattle airport func-
tions most efficiently with winds coming from the east to southeast,
while winds from the west seemed to be most troublesome, resulting
in a wave-like pattern in the cartesian charts and a shift in center for the
polar charts. Since runways can be used in both directions, changing
the runway usage according to dominant wind direction for that day or
time of the year might be a feasible solution in gaining efficiency.

An additional factor we were interested in this particular situation
was to assess, how much of the data we actually needed to use in a
design to have observers pick out the pattern. Clearly, a design is more
efficient, if a smaller sample size is sufficient for showing the presence
of a relationship. In order to investigate this, we took different size
samples of the data and created lineup plots of all four designs for
these subsets. The effect of sample size on the displays mostly stems
from the additional variability introduced when using small samples,
which might hide the pattern, if it is not displayed prominently.
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Another perturbation to the data are ‘shifts’ in wind direction, i.e.
we make use of the circular nature of the wind direction and adjust the
x axis by using different offsets.
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Fig. 5. (Top) Cartesian charts of the same sample, with shifts in wind
direction by 90, 180, and 270 degrees. The shift by 90 and 270 leads
to a ‘valley’ versus a ‘mountain’ pattern, whereas a shift by 180 degrees
inverts the wave pattern from ‘down-up’ to ‘up-down’. (Bottom) Shifts in
wind direction in the polar chart lead to rotations of the display by 90
degrees.

This results in a shift of the wave in cartesian charts and a rotation
in the polar charts as can be seen in Figure 5. Our initial thinking was
that this would have no effect on the polar charts, but might have a
deteriorating effect on the cartesian charts, in the case that the peak or
the valley of the wave was at either end of the x axis, i.e. an offset
of 90 or 270 degrees. While these simple perturbations and differ-
ent sample sizes allow us to get insight into different aspects of the
designs, they also allow us to get multiple responses from each ob-
server to assess individual ability without the need to go outside the
framework of the original data, i.e. we leave the joint relationship be-
tween x and y essentially unchanged. For all of these combinations
we produced two replicates, resulting in a total of 192 different line-
ups (4 designs×6 sample sizes×4 offsets×2 reps). Table 1 gives an
overview of the number of times lineups in each combination of de-
sign and sample size were shown, and in how many of them the data
plot was correctly identified.

Table 1. Breakdown of lineups: number correct/number shown (pro-
portion correct). Each participant was shown eight lineups, and the
same lineup was shown to multiple people (denominator in the table)
reasonably well-spread among the treatment levels.

sample size
type of chart 2 4 6 8 10 24
cartesian with 12/24 18/27 42/44 33/41 39/43 46/47

(0.50) (0.67) (0.95) (0.80) (0.91) (0.98)
without 13/41 24/32 39/44 47/51 40/45 34/37

(0.32) (0.75) (0.89) (0.92) (0.89) (0.92)
polar with 13/49 9/43 9/39 7/35 8/40 13/38

(0.27) (0.21) (0.23) (0.20) (0.20) (0.34)
without 6/51 4/34 5/34 6/39 11/43 12/37

(0.12) (0.12) (0.15) (0.15) (0.26) (0.32)

3.2.2 Results for Study I
Figures 6 and 7 give an overview of the relationship between the three
response variables: accuracy, speed, and confidence level.

Figure 6 shows histogram of the time participants needed to make
a decision on each lineup. Correctness of answers is shown by
color. Because of the skewness of the distributions, times were log-
transformed. Polar charts take on average more time to answer, and
are answered with much lower accuracy. The average amount of

time spent on a cartesian lineup is e3.53 = 34.1 seconds compared
to e4.07 = 58.5 seconds for a polar lineup. This is in stark contrast
to accuracy: 76.92% of the cartesian lineups shown resulted in the a
correct identification of the real data while only 20.31% of the polar
charts were correct.
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Fig. 6. Histograms of time taken for answering lineups. On average the
cartesian design is answered faster and with higher precision.

Figure 7 shows two barcharts of confidence levels by task, again
coloring is used for correctness of answers. Cartesian displays lead to
a very bimodal distribution of confidence: participants are either very
sure or not sure at all of their answer. Confidence levels in polar charts
are distributed much more uniformly. Confidence levels seem to be
independent from precision, though.
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Fig. 7. Barcharts of self-reported confidence in answering correctly for
each lineup. A strongly bimodal distribution is apparent, while confi-
dence levels for polar charts are more uniform. Confidence levels are
not indicative of accuracy: none of the differences between confidence
levels show a significant difference in accuracy.

The perceptual involved in decoding the designs consist of compar-
isons along a common axis (in the barcharts) and a common origin (in
the polar charts). The difference in designs is therefore based on how
well we are able to judge deviations from a horizontal line compared
to deviations from a circle. Based on this, the charts with added ref-
erence lines provide us with exactly the frame we compare with and
should, therefore, be the ‘better’ designs - either in speed or accuracy.

Figure 8 shows a comparison of power for the four competing de-
signs. 95% confidence intervals are Bonferroni adjusted for multiple
testing. The bottom two confidence intervals in each panel show a
95% confidence interval of a direct comparison of the cartesian de-
sign versus the polar design with and without a reference line. With
the exception of the 2% sample none of those confidence intervals in-
clude the zero, indicating a significantly higher power for the cartesian
design than for the polar design.

However, all of these considerations are based on the - rather strong
- assumption that all individuals have the same ability to detect the
data plot from a lineup. In order to allow for individual differences
in visual ability, we use a generalized linear mixed effects modeling
approach [19] for each of the three response values, using the R pack-
age lme4 [2]. For power predictions (cf. table 2) a logistic regression
was fitted for the competing designs, including covariates sample size
(2, 4,6, 8, 10, and 24 percent of the data) and shift in wind direction
(offset of 0, 90, 180, and 270 degrees), both as main effects and in
two-way interaction effects with design to assess their effect on the
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Fig. 8. Power results for four competing designs: polar versus cartesian,
each with and without a reference line; panels are facetted by sample
size (as percentage of original data). Dots show estimated power, sur-
rounded by intervals of standard errors. The letters at the front of each
panel allow comparisons across all designs [18]: all designs with dif-
ferent letters have significantly different power (at α = 0.05). This is
adjusted for all pairwise comparisons using a Benjamini-Hochberg ad-
justment [3, 9].

power of designs. To adjust for individuals’ ability, a random intercept
was included in the model.

Table 2. Output of a generalized linear mixed effects model for power
of lineups (i.e. probability of identifying the data plot) for comparing de-
signs. Included are two-way interactions with sample size and shifts in
wind direction (offset). Cartesian designs without a reference line at off-
set 0 are used as baseline. Results are based on 976 lineup evaluations
by 115 participants.

Estimate Error z-value p-value
design cartesian -0.08 0.39 -0.21 0.84

polar -1.98 0.32 -6.13 0.00 ***
main effects

reference line -0.14 0.26 -0.53 0.59
sample size 0.27 0.04 6.31 0.00 ***

offset: 90 degrees -0.43 0.37 -1.18 0.24
180 degrees -0.89 0.35 -2.51 0.01 **
270 degrees 0.21 0.38 0.55 0.58

interactions
polar:line 0.51 0.35 1.44 0.15

polar:sample size -0.23 0.05 -5.02 0.00 ***
polar:offset 90 0.64 0.49 1.30 0.20

polar:offset 180 0.91 0.47 1.92 0.05 .
polar:offset 270 -0.73 0.54 -1.35 0.18

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1

Overall, the results show huge differences in the power of designs
between polar charts and cartesian: cartesian designs are significantly
more powerful than polar charts, particularly so with small sample
sizes. The reference line has surprisingly little influence, but it helps
more for polar charts than for cartesian charts, An increase in sample
size has a positive impact on power. Polar charts need a much bigger
sample size to see an increase in power – only at about 24% of the
original data do we see about the same power as for cartesian charts of
a sample size of 2%. The changes in offset are significant – interest-
ingly, borderline behavior (90 and 270 degrees) does not show a differ-
ence between polar and cartesian charts, whereas an inversion of the
wave pattern (first up, then down), does show a difference. The power
of cartesian lineups suffers significantly from this inversion whereas
power of polar charts is unaffected. This is an unexpected finding, but
is consistent throughout different lineups in the data. Figure 9 summa-
rizes the results from the model: power predictions (y axis) are shown
by sample size (x axis). The thick lines show average power by design
for different shifts in wind direction. The thin lines represent power
for individuals. What can be seen is the different impact of the off-

set by design: while an offset of 270 degrees (the ‘mountain’ pattern)
has the highest power in cartesian charts, it comes out worst in polar
charts.
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Fig. 9. Predicted Power of designs. The thin lines and the points on
y axis show variability due to individuals’ abilities. The saturated lines
show average predicted power for each of the designs.

Time taken to answer was log transformed before the modeling pro-
cess to de-emphasize the impact of very large values (up to 500 sec-
onds). The findings are consistent with correctness - time taken shows
big differences between polar and cartesian charts. The reference lines
seem to increase the evaluation time, but not significantly. An increase
in sample size decreases evaluation time, The inversion of the wave
pattern at 180 degrees leads to a significant increase in time for carte-
sian charts, but not for polar charts (at least not significantly). Table 3
shows an overview of the model parameters and estimates.

Table 3. Model output for linear mixed effects model of (log) time taken,
barchart design is baseline.

Estimate Error t-value approx p-value
design intercept 3.58 0.09 41.34 0.00 ***

polar 0.22 0.10 2.17 0.03 *
covariates

reference line 0.08 0.06 1.50 0.13
sample size -0.03 0.00 -8.73 0.00 ***

offset: 90 -0.06 0.08 -0.72 0.47
180 0.16 0.08 2.07 0.04 *
270 -0.04 0.07 -0.54 0.59

interactions
polar:line -0.03 0.08 -0.40 0.69

polar:sample size 0.03 0.01 6.25 0.00 ***
polar:offset 90 0.14 0.11 1.23 0.22

polar:offset 180 -0.17 0.11 -1.55 0.12
polar:offset 270 0.17 0.11 1.50 0.13

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1

Confidence levels are measured on a five point scale — they are sub-
jective assessments by the participant ‘how certain are you’. We model
confidence using the same model structure as before, i.e. using sample
size and offset as covariates and including up to two-way interactions,
While there is a difference between the designs - participants reported
higher confidence in dealing with the cartesian lineups – this is only
a trend (i.e. not significant at 5% but below 10%). The only signifi-
cant effect on reported confidence level is the use of reference lines in
polar coordinates: participants report an increase in confidence (0.31
± 0.13, p value = 0.01) when using the reference line. This, however,
does not translate to a significant increase in accuracy of results, as we
have seen before.

Cartesian coordinates resulted in a significantly more accurate iden-
tification of the real data set in significantly shorter time.

3.3 Study II: Comparing Distribution Centers
3.3.1 Study Setup
In a second experiment, we conducted a simulation study to investi-
gate the power of four competing designs, as shown in Figure 11, in
assessing a mean shift between distributions.
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Fig. 10. Overview of power predictions for the four different designs. The fully saturated thick lines show average predicted power for each of the
designs facetted by size of the red group (top to bottom) and relative size of the blue group to the red group (left to right). Thin lines represent
variability due to subject-specific abilities.

The hypotheses for each lineup are
Ho : centers of the two groups are the same,
Ha : center of the blue group is shifted to the right.

As covariates for this experiment, we considered the size of the shift,
d, between the means of the distributions, with d = 0.4,0.6,0.8.1.0,
and 1.2, as well as the sample size. Since we are dealing with
two groups of points, we varied both the size of the larger group,
n1 = 15,45, and 135, as well as the relative size of the second group
(ratio), with n2 = 1/3,2/3 and 3/3 of n1. For each of these combi-
nations, we created three replicate data sets with values from an ex-
ponential distribution with rate parameter λ = 1 (for the first group)
and rate parameter λ2 = 1/(d+1), which corresponds to a mean shift
of d, for the second groups. Based on each data set we created four
lineup charts, one for each of the competing designs. This resulted in
540 different lineup charts overall, which we sorted by p-value cor-
responding to the difference in means between the two groups in the
simulated data. According to the p-value, we associated a ‘difficulty’
level with lineups from 1 to 9 (easy to hard). Ten lineup plots were
shown to each participant - one out of each of the difficulty levels and
one additional reference chart with a particularly easy lineup to allow
for data quality checks.

All of the designs were chosen based on common usage. The main
difference between the designs is their varying level of data summa-
rization.

From most to least summarized we consider these designs:

boxplots: five-point summary statistics (and a number of
outliers),

density plots: need – mathematically – all of the data points,
but their smoothness and continuity makes
them appear visually quite simple,

histograms: rendered by a frequency breakdown for a spec-
ified number of bins (10×2, in the study),

dotplots: all n data points necessary for rendering.

For the boxplot and dotplot, the vertical axis is free to be used for an-
other variable, group, so the data can be split apart. For the histogram
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Fig. 11. Overview of all four competing designs for displaying differ-
ences in distributions.

and density the vertical axis is used for count or frequency, and is not
available for group information. Based on the assumption that charts
are most effective [11], when they show enough information to solve
the task at hand, but not too much to hamper the observer, we antici-
pated results to reflect the above order.

3.3.2 Results

Since each participant provides results from nine lineups, we can use a
generalized linear mixed effects model of power and account for indi-
viduals’ abilities by including a subject-specific random intercept. All
of the above described covariates are considered in the model, both as
main effects and as two-way interaction with the design to assess their
impact on the power of each of the designs. Figure 10 summarizes the
modeling results as shown in table 4. Generally we can see that the
power of all four designs increases with an increase in effect size d
(on the x axis), as well as an increasing sample size n1 (top to bottom
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facetting). Generally, an increase of the second group also is benefi-
cial to power. Dotplots are an exception to this – they actually lose
power significantly as the second group increases. This might be due
to visual complexity, as discussed above.

Table 4. Results from a Generalized Linear Mixed Effects Model of
power of a lineup given design and all two-way interactions with effect
size d, group size n1, and ratio to second to first group size. Note that
for all terms involving n1 estimate and error are multiplied by a factor of
100. Reference group for all effects are boxplot designs. The model fit
is based on 2513 lineup evaluations by 208 participants.

Estimate Error t-value approx p-value
design Intercept -3.11 0.41 -7.61 0.00 ***

density 0.05 0.57 0.09 0.93
dotplot 0.46 0.57 0.81 0.42

histogram 0.06 0.58 0.11 0.91
covariates

d 1.77 0.34 5.18 0.00 ***
n1100 1.84 0.19 9.73 0.00 ***
ratio 0.84 0.33 2.56 0.01 **

interactions
density:d -0.60 0.47 -1.27 0.20
dotplot:d 0.03 0.46 0.07 0.95

histogram:d -0.28 0.48 -0.59 0.56
density:n1100 -0.10 0.26 -0.36 0.72
dotplot:n1100 -0.77 0.26 -3.00 0.00 ***

histogram:n1100 -0.69 0.26 -2.64 0.01 **
density:ratio -0.28 0.47 -0.59 0.56
dotplot:ratio -1.01 0.46 -2.19 0.03 *

histogram:ratio -0.28 0.47 -0.59 0.55

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1

Visually, density plots seem to The two highly summarized designs
benefit the most from an increase in sample size: both density charts
and boxplots profit significantly more than histograms and dotplots.
This might, again, be a hint towards a trade-off between visual com-
plexity and amount of information shown as the basis for making de-
cisions.

Table 5 gives an overview of results from a linear model for (log)
evaluation time of lineups. Subject-specific speed (due to spatial abil-
ity) are accounted for including a random intercept. Structurally, the
model is the same as before, i.e. we regard effect size d, size n1 of
the first group, and the ratio n2/n1 between group sizes both as main
effects and in two-way interactions with the four competing designs.
To make estimate sizes comparable, we have again multiplied all es-
timates and standard errors involving the group size n1 by 100. This
means that we need to interpret those estimates as average change if
the group size is increased by 100 elements.

(subjective) confidence level

co
un

t 0

50

100

150

0

50

100

150

boxplot

dotplot

1 2 3 4 5

density

histogram

1 2 3 4 5

answer

correct

wrong

Fig. 12. Barcharts of marginal distributions of self-reported confidence
by design. The distributions display prominent differences.

The results of this model are similar to the previous: evaluation

Table 5. Results from a Linear Mixed Effects Model of (log) time to
answer a lineup given design and all two-way interactions with effect
size d, group size n1, and ratio to second to first group size. Estimate
and error for all terms involving n1 are multiplied by a factor of 100 for
comparability. Reference group for all effects are boxplot designs.

Estimate Error t-value approx p-value
design Intercept 3.85 0.09 42.21 0.00 ***

density 0.01 0.12 0.07 0.94
dotplot 0.03 0.12 0.26 0.80

histogram 0.23 0.12 1.97 0.05 .
covariates

d -0.23 0.08 -3.02 0.00 ***
n1100 0.07 0.04 1.70 0.09 .
ratio -0.04 0.02 -1.48 0.14

interactions
density:d 0.11 0.11 1.02 0.31
dotplot:d 0.20 0.11 1.86 0.06 .

histogram:d -0.01 0.11 -0.09 0.93
density:n1100 -0.12 0.06 -2.11 0.03 *
dotplot:n1100 -0.16 0.06 -2.83 0.00 ***

histogram:n1100 -0.05 0.06 -0.93 0.35
density:ratio 0.04 0.03 1.18 0.24
dotplot:ratio 0.02 0.03 0.65 0.52

histogram:ratio 0.00 0.04 0.04 0.97

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1

speeds needed for the four different designs is very close, but his-
tograms take on average a significantly longer time (e0.23 = 1.26 sec-
onds) to evaluate than lineups of boxplots. Where an increase of sam-
ple size led to an increase of accuracy before, we now see that it in-
creases time for evaluation of boxplot slightly, but not significantly
so. What is interesting is that evaluation time decreases significantly
with an increase in sample size, particularly for dotplots, but also for
density charts. This is counter-intuitive to our previous argument on
dotplots being affected by visual complexity the most. It seems, that
observers of dotplot lineups come to a conclusion faster as sample size
increases, albeit more often to the wrong conclusion. Rather than vi-
sual complexity, this might be indicative that over-plotting is problem-
atic in dotplots. While we tried to accommodate for over-plotting by
making use of alpha-blending and jittering, this might not have been
sufficient for the large sample size.

Our third response variable is again the subjective assessment of
confidence level. On average participants reported a confidence in
their results of 3.41 (on a five point scale with 1=lowest and 5=high-
est), with a standard deviation of 0.149. Modeling confidence levels
with a linear mixed effects model with the same structure as before re-
sulted in only one significant effect beyond the intercept: participants
report significantly higher confidence for increased number of points
in dotplot lineups. On average an increase of 100 points leads to an
increase in confidence of 0.22 (with a standard error of 0.082). This
finding is significant with a p-value of 0.007. Together with the previ-
ous results, we can tell that something worthy of further investigation
happens in the perception of dotplots as sample sizes increase.

Figure 12 shows barcharts of confidence assessments by design. It
is obvious that the distribution of confidence is very different from one
design to the next. Boxplots and dotplots show a similar pattern with
an emphasis on high confidence levels, whereas histograms and den-
sity lineups have modes at a confidence level of three. One reason be-
hind these differences in confidence distributions might be familiarity
with the design - neither density charts nor histograms are particularly
frequent displays for a general audience.

4 CONCLUSIONS

In this paper we are investigating lineups for evaluating competing
plot designs based on their power modeled by a logistic regression
with subject-specific random intercepts. Lineups provide a powerful
tool for evaluating different designs in the framework of the data. We
can show in two MTurk studies, that cartesian charts are significantly
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more powerful than polar charts. The results also supported our choice
of dotplots in the very small samples that triggered our investigation,
but elucidated the visual complexity dilemma: showing much more
information than necessary for a particular decision is detrimental to
accuracy rather than supportive.

While we –theoretically– can’t show the same data plot to a sin-
gle individual, it does make in practice a quite convincing tool to do
so, e.g. in the informal setting of a classroom or in interactions with
collaborators, when we do not intend to collect data for further inves-
tigation of a problem. Using the MTurk service gives us fast feedback
– both of the studies were completed within hours of their availabil-
ity – but comes at the price that we have to deal with the occasional
‘gamer’. For future studies we are planning on having a required en-
trance test to try to avoid those. Besides accuracy and speed, there is
a variety of other aspects of the design, which could be collected in
the same framework of MTurk studies, such as ease of use, familiarity
with a particular type of design, or a quantitative visual pleasure rating
of the lineups.

Different visual abilities of individuals make up a significant
amount of variability in lineup evaluations. Further investigations on
how these relate to known tests of cognitive skills, such as e.g. the
paper folding tests.
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