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Correlation Judgment and Visualization
Features: A Comparative Study

Fumeng Yang, Lane T. Harrison, Ronald A. Rensink, Steven L. Franconeri, and Remco Chang

Abstract—Recent visualization research efforts have incorporated experimental techniques and perceptual models from the vision
science community. Perceptual laws such as Weber’s law, for example, have been used to model the perception of correlation in
scatterplots. While this thread of research has progressively refined the modeling of the perception of correlation in scatterplots, it
remains unclear as to why such perception can be modeled using relatively simple functions, e.g., linear and log-linear. In this paper,
we investigate a longstanding hypothesis that people use visual features in a chart as a proxy for statistical measures like correlation.
For a given scatterplot, we extract 49 candidate visual features and evaluate which best align with existing models and participant
judgments. The results support the hypothesis that people attend to a small number of visual features when discriminating correlation
in scatterplots. We discuss how this result may account for prior conflicting findings, and how visual features provide a baseline for
future model-based approaches in visualization evaluation and design.

Index Terms—Information visualization, Perception and psychophysics, Evaluation/methodology, Weber’s law, Power law.

1 INTRODUCTION

N a recent study, Rensink and Baldridge demonstrated
Ithat the perception of correlation in scatterplots can be
mathematically modeled using Weber’s law [1]]. In fol-
lowup experiments, Rensink showed that this law is robust
to changes in data characteristics and scatterplot design
choices [2]. Based on these findings, Harrison et al. repli-
cated the original study by Rensink and Baldridge, moving
beyond scatterplots to measure and compare the effective-
ness of a range of visualizations [3]]. Their results indicate
that the perception of correlation in all of these bivariate
visualizations can be modeled using Weber’s law. Together,
these studies sparked a renewed interest in the informa-
tion visualization community towards better understanding
the underlying mechanics of visualization and modeling
approaches, such as Kay and Heer’s followup analysis of
Harrison et al.’s released experimental data [4].

Beyond the information visualization community, re-
searchers in perceptual psychology have also studied scat-
terplots at length, in particular attempting to develop
models that capture how people estimate correlation from
them. For example, Boynton studied the perceptual di-
mensions of covariation estimate, producing a model that
used elongation ratio and standard error as factors [5].
Meyer et al. fit the perception of correlation in scatterplots
to a power function [6]. Others studies include Pollack [7],
Jennings et al. [§], and Cleveland etal. [9], all of whom
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attempted to formally model the relationship between per-
ceived and objective correlation in scatterplots.

A recurring hypothesis in these studies is that peoples’
perception of correlation in scatterplots is related to visual
features in the visualization. The intuition is that participants
are not directly perceiving correlation per se, but rather,
visual features produced by the visualization technique (i.e.,
scatterplot) that are related to correlation. Meyer and Shinar,
for example, suggested that estimates of correlations from
scatterplots are partly based on perceptual processes influ-
enced by “visual properties” of the charts and are unrelated
to participants’ formal statistical training [10]. Lauer and
Post included some of these factors in their models, such
as regression slope and point dispersion, along with factors
such as screen size [11]. More recent work from Rensink
showed that correlation judgments can be made within
just a few hundred milliseconds, suggesting a “heuristic”
approach to discriminating correlation [2]. These studies
all suggest that visual features of some sort may underlie
human’s perception of correlation.

The goal of this paper is to bridge these two sides
of research, bringing findings from perceptual psychology
to large-scale approaches for modeling perception in the
information visualization community. Such an approach
could help explain the extent to which visualizations such
as scatterplots are effective for judging correlations, as well
as provide explanations for when they might become inef-
fective.

The core concept in this paper is the use of visual features
in modeling of the perceptual process. As used here, the
term feature refers to a visual feature refers to the perceivable
and distinguishable properties (e.g., shape, dispersion, and
orientation) in a 2D image or a part of an image. Outfitted
with this concept, our paper takes a computational approach
towards evaluating how visual features manifest in models
of the perception of correlation in scatterplots, including
the approaches proposed by Rensink and Baldridge, Har-
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Fig. 1. An overview of this paper: we propose to investigate the visual
features in the scatterplots to study the perception of correlation (the
blue path, C1) Cz) Cg), as opposed to a direct study approach using
correlation to model the perception by Rensink and Baldrige, Harri-
son et al., and Kay and Heer (the path, C1) Ca).

rison et al., and Kay and Heer.

Figure 1 illustrates an overview of our proposed re-
search. Here, the yellow path shows the general re-
search methodology proposed by Rensink and Baldrige
and adopted by Harrison et al. and Kay and Heer. In this
approach, a dataset with a known correlation value (r)
is mapped to a scatterplot (C1); participants are asked to
compare the correlation values between two scatterplots in
a judgment (C4). From participants' judgments, the percep-
tual model of correlation is built. In contrast, our approach
moves further to examining whether visual features in scat-
terplots tackle the participants' judgments (C ;) C,) Cgs, the
blue path in Figure 1).

Toward this goal, we begin by replicating the method-
ology and experiments from Rensink and Baldridge [1], [2]
and Harrison et al. [3] (Section 2) to collect a set of judgment
data. To create a set of visual features, we broadly examine
the perceptual psychology, visualization, and computational
geometry literature to collect a set of candidate features that
can be computed from scatterplots. In total, we identify and
extract 49 candidates from scatterplots (Section 3).

Out of the 49 initial candidates, our analysis shows that
the participants' judgments highly correlate with four, such
as the dispersion of the point cloud around the regres-
sion line (Section 4). We evaluate their performance against
several model metrics. We nd that models using these
top-performing features are at least as precise as existing
models (Section 5). Building on top of these analyses, we
examine power transformation, a fundamental part of mod-
eling in perceptual psychology, to create a new model of the
perception of correlation in scatterplots. The resulting model
outperforms the original models in precision, and is also
more easily understandable, as it directly relates to visual
features commonly inferred from scatterplots (Section 6).

As such, this paper contributes a new perspective on
modeling the perception of correlation in scatterplots. Our
ndings indicate that the use of visual features can lead to
more precise mathematical models of behavior, while sug-
gesting plausible theories about how people perceive scat-
terplots and extract information from visualization. More
speci cally, our work contributes to the eld of visualization
in three ways:

We evaluate the longstanding hypothesis that participants
use visual features instead of correlation itself when judg-
ing correlation in scatterplots;

We establish that visual features can be integrated into the

Fig. 2. An example of approaching a target correlation level from below
in the experiments. Two side-by-side scatterplots (without any indication
of actual correlation value or the regression line) are shown to the
participant in the experiment. The participant chooses which of the two
appears to be more correlated.

approaches recently proposed by Rensink and Baldridge,
Harrison et al., and Kay and Heer without loss of preci-
sion;

We develop a new, more precise model based on these
existing models by using power transformation, which
has an additional benet of linking models to existing
work in perceptual psychology.

2 REPLICATION: DISCRIMINATION THRESHOLDS
AND JUDGMENTS FOR SCATTERPLOTS

In this section, we introduce our experiment with three
goals in mind: 1) collect data for our modeling approach,
2) faithfully replicate the prior results !, and 3) familiarize
the readers with the terminology used in this paper.

The experiments by Rensink and Baldridge, and Harri-
son et al. are based on the discrimination of correlation, and
have three components: 1) side-by-side comparison of two
scatterplots with data of different correlation values, 2) the
use of above and below approacheto estimate discrimina-
tion thresholds from both sides of a target correlation value,
and 3) a staircase method [12] to systematically modulate
the amount of difference in correlation values between the
two scatterplots.

More speci cally, this kind of experiment presents scat-
terplots with underlying data having regression lines along
the 45 axisy = X (see Figure 2). In ajudgment a participant
must indicate which of the two side-by-side scatterplots
appears to have the higher correlated dataset: one with
a xed correlation value ( r), the other generated from a
dataset with a different correlation value ( r r). The
xed correlation can be one of [0.3, 0.4, 0.5, 0.6, 0.7, 0.8],
and remains so until a stable discrimination threshold is
reached. The sign of r is positive or negative depending
on the approachin the aboveapproach, the sign is always
positive (i.e., plus); in the belowapproach, the sign is always
negative (i.e., minus). The value of r typically changes as
a trial progresses, as determined by the staircase method.
The value of r decreases by 0.01 if the participant makes
a correct judgment, and increases by 0.03 if the participant
makes an incorrect judgment (see Figure 4a), so that steady-
state behavior corresponds to 75% correct. We make one
minor modi cation to the experimental design used by
both Rensink and Baldridge and Harrison et al. In the prior

1. Although Harrison et al. had published their experimental data,
and the same data was used by Kay and Heer, a new experiment is
necessary due to a change to allow our inclusion of visual features.
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Fig. 3. The two sets of JND from Harrison et al's [3] and our replication
experiment. The distributions of two datasets are similar, indicating that
they are similar and comparable.

experiments, a trial terminates when r converges over the
course of last 24 judgments via a successful F test (=0.1),
or 50 judgments have been made (see Figure 4a). To avoid
premature convergence and allow the computation for a
set of visual features, in our experiment, a trial is always
comprised of 50 judgments. The inclusion of 50 judgments
makes it possible to compare visual features with correlation
and also makes it necessary to rst compare the result of our
replication experiment to the original experiment.

For this modi ed experiment, we recruited 95 partici-
pants (33 female) via Amazon's Mechanical Turk (AMT),
with participants receiving $2.20 for their time (commen-
surate with the U.S. minimum wage). The experiment col-
lected the two datasets used in each scatterplot judgment,
participants' answers, the correct answers, and the experi-
ment conditions (e.g., approach). In total, 19,000 judgments
were collected.

To validate the results from this experiment, we com-
pute Just-noticeable Difference (JNDJ correlation from the
data and compared it with the dataset published by Har-
rison etal. [3]. JND (see Section 5) is the measurement
of discrimination used in Rensink's, Harrison et al.'s, and
Kay and Heer's work, and these two sets of JNDs are
plotted in Figure 3, following the style of comparisons
made in Kay and Heer's work [4], when compared us-
ing the Kolmogorov-Smirnov test [13], the difference is a
marginally signi cant ( D=0.094, p=.059). Along with the
visual similarity between our data and the data by Harri-
son et al., this validates our modi ed experimental design
and the resulting data.

3 COMPUTING VISUAL FEATURES IN SCATTER-

PLOTS

To examine whether visual features are used by participants
in judging correlation, we rst conduct a survey of possible
visual features across different elds, including visualiza-
tion, perceptual psychology, statistics, and computational
geometry.

The candidate features collected in this survey aim to
cover all the major proposals in the literature regarding
what might be used to represent correlation in scatterplots.
Work in perceptual psychology suggests twelve visual fea-
tures, including the dispersion of points [6], [10] and the
prediction ellipse of Cleveland et al. [9], [19]. The visualiza-
tion literature suggests ten more, including several features
related to correlation from Wilkinson's Scagnostics [16].

3

Statistics and data science literature suggests twenty- ve
visual others, such as density [17]. And computational
geometry suggests the convex hull, used to describe the
general shape and size of the point clouds.

These visual features can be grouped into eight classes,
based on the concept used, and characterized as one of
four different groups. The rst are features that pertain to
length, such as the length or width of the bounding box that
surrounds the points. The second group is based on area
such as the area of a convex hull. The third group is based
on shape which is made of dimensionless quantities, such
as the ratio of two length features; The nal group includes
those features that similar to density, such as the average
distance of all points to the regression line.

Table 1 shows the set of all 49 features. It includes
the publications that each visual feature is taken from, an
example image of what it could look like, and the category
that it belongs to. More precise de nitions of the visual
features can be found in Appendix A.

This list is intended to be broad, but not necessarily ex-
haustive, as further work may yield new candidate features.
Anticipating this trend, we begin by identifying the features
that align with participants judgments in the following
section. We then describe a repeatable methodology for
integrating such features into various models of how people
perceive correlation.

4 IDENTIFYING VISUAL FEATURES

In this section, we investigate the relationship between
visual features and participants' judgments of correlation
using regression analysis. The earlier studies by Rensink
and Baldridge, Harrison et al., and Kay and Heer found that
the discrimination threshold (i.e., JND) varies with as the
base correlation level. In particular, higher correlations were
found to have smaller JNDs than low correlations (i.e., were
more easily discriminated). The critical difference in our
approach is to modulate not only correlation values, but also
candidate features and use these results to determine which
models and features best align with participants' judgments.

Figure 4 illustrates our study approach. The intuition
is that visual features can better explain participants' judg-
ments than correlation values. Figure 4a shows two example
trials from the replication experiment. The experiment mod-
ulates the difference in correlation between the scatterplots
( r, the y-axis) based on the correctness of participants'
judgments (the x-axis). Intuitively, participants should be
better at justifying a difference when r is larger. However,

r may not fully predict whether a participant will judge
correctly. When r is the same in two different judgments,
the participant may make a correct judgment for one, and
an incorrect judgment for another. Part of this may be due to
random chances, for example, a participant may sometimes
choose one or the other by mistake. Another possible cause
is the existence of misleading visual features produced in
the scatterplots, which make a particular scatterplot pair to
be dif cult to discriminate.

At a conceptual level, visual features may align more
closely with participants' judgments than the actual corre-
lation values presented in the scatterplots. Consider a hy-
pothetical feature that perfectly predicts participants' judg-
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TABLE 1

The concepts of candidate visual features

Concept Visual Feature Category

Prediction Ellipse Cleveland et al. suggested “an elliptical contour” [9] and Jennings et al. The major axis of the prediction ellipse length
proposed an isoprobability ellipse [8], similar to the proposal of using the The minor axis of the prediction ellipse length
width of the 2D probability density function by Rensink [14]. The core The area of the prediction ellipse [8], [9] area
idea here is aprediction ellipsewhich is a statistical measure that predicts The ratio of the major axis to the minor axis shape
the location of a new observation, under the assumption of a bivariate The ratio of the minor axis to the major axis [9] shape
normal distribution [15].

Bounding Box The bounding boxof a scatterplot is a rectangle parallel to the regression | The side parallel to the regression line length
line (y = x), and includes all points in the plot. A con dence boxexcludes | The side perpendicular to the regression line length
extreme outliers in the data. The bounding box of all the points within The area of the box area
the con dence box is referred to as the con dence bounding box The ratio of the perpendicular side to the parallel side shape

The ratio of the parallel side to the perpendicular side shape

MST Wilkinson etal. used the Minimum Spanning Tree (MST)to identify The average length of the edges on MST length
interesting patterns in scatterplots [16]. We use features based on MST, | The standard deviation of the edges on MST density
as well as other graph-based measures of linear correlation from Wilkin- The skewness of the edges on MST [16]. density
son et al.'s work. The gure on the left side shows an MST of a scatterplot.

Distance to line The perpendicular distance to the regression hivees used as a measurement | The average of the distances [6] length
of dispersion in Meyer etal. [6]. This feature is similar to Cleveland The average of the inverted distances density
et al.'s, Jennings et al.'s, and Rensink's proposal of the width of the point The standard deviation of the distances density
cloud. We use “absolute perpendicular distance from the regression line” The standard deviation of the inverted distances density
[6] as a visual feature. The gure on the left side shows all perpendicular The skewness of the distances shape
distances to the regression line. The skewness of the inverted distances shape

Pairwise distance Pairwise distances usually used to estimate density and clustering [17]. The maximum and percentiles of pairwise distance length
We use all pairwise distances as the measure of global density. The | The average of the inverse of pairwise distance density
gure on the left side shows all pairwise distances in a scatterplot and The standard deviation of pairwise distance density
a maximum distance. The skewness of pairwise distance shape

kNN Inspired by Wilkinson etal.'s work [16], we take local density into The average of all local density length
consideration. A general measurement of this is based on k-Nearest| The standard deviation of all local density density
Neighbors(kNN, k = 3, 5, 7, 9). The average distance to kNN is used as | The skewness of all local density shape
the measure of local density. The gure on the left side shows all points
that are connected to their 3-Nearest Neighbors.

Projections The projectionsony = x andy =  x directions are taken as candidate | The standard deviation of projections on y = x shape
features. The lines in the gure on the left side show how to project in The standard deviation of projectionson y = X shape
both directions, the dots show the projected points, and the projection is
the distance to the rst projected point.

Convex Hull The convex hullis an important geometric property in the Euclidean The area of convex hull area
plane [18]. Wilkinson et al. identied convex hull as a measure of
interestingness in scatterplots.

ments (Figure 4b). For such a feature, when its difference
is above a certain threshold, the participant should always
make a correct judgment and vice versa (excluding the
small chance for random mistakes). Thus, visual features
that highly correlate with the participants' judgments are
likely candidates employed by the participants to compare
correlation in scatterplots.

4.1 Pair Judgment Data

The judgment data used contains the following attributes:

difference in correlation between the two scatterplots ( r,
magnitude), differences in visual features between the two
scatterplots (v, magnitude), along with the base correla-

tion r (0.3, 0.4, 0.5, 0.6, 0.7, 0.8]), approach ([above, below]),

and judgment correctness ([correct, incorrect]).

These data are visually inspected using scatterplot ma-
trix and correlation matrix, with two goals in mind: rst,
remove extreme values that could indicate possibly spurious
judgments; second, resolve collinearity between different
visual features that can signi cantly affect the outcome of
a regression analysis [20].

In all, we remove 4 out of 19,000 judgments that stem
from participants' erroneous input during the experiments

(see Figure 5a). Collinearity is investigated by computing
pairwise linear dependence between all visual features and
correlation. Most features used in our data exhibit some
amount of collinearity with the correlation value ( r) and
other visual features (see Figure 5b and c). We remove 5
linearly dependent features that can be trivially derived
from one another, resulting in a nal set of 44 features.

4.2 Modeling Judgments using Standardized Weighted
Logistic Regression

To determine the relation between participants' judgments

and the visual features, we apply a technique known as
standardized weighted logistic regression for four reasons:

1) Logistic regression can model dependent variables that
are dichotomous (binary), and 2) it does not assume particu-
lar distributions about the independent variables [21], [22].

In our data, judgments are the binary dependent variable,

being either corrector incorrect 3) Weighted models com-
pensate for the imbalance between judgment counts (i.e.,
75% of the judgments are correctand 25% incorrec) to avoid
skewed results. 4) Standardized models transform models
with different value ranges to the same so that all model

coef cients are comparable.
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Fig. 4. Example trials from our experiment with 50 judgments for each. In these gures, x-axis shows the judgment number, while y-axis is the
dependent variable in the experiment, such as the difference in correlation between the two scatterplots.

a) Two trials from our replication experiment. Note that r increases for an incorrect judgment and vice versa. The left and right show examples
of converged and not converged trials, respectively. The difference is whether there is a window of 24 judgments that have similar differences in
correlation. In the original experiment by Rensink and Baldridge and Harrison et al., the 24 judgments inside the gray rectangles were used to
compute JND, and the trial terminates if it is converged. In our new experiment, the trials continue anyway until 50 judgments have been made.

b) An example scenario assuming an ideal visual feature that perfectly predicts the participant's judgments. The grey dashed line represents the
JND of that visual feature. Note that all correct judgments are above the grey line and all judgments are below.

¢) The changing of the difference in the visual feature the standard deviation of all perpendicular distances to the regression line over the course of
a trial. Note that, while not perfectly following the ideal visual feature in b), this visual feature highly correlates with the participant's judgments.

Fig. 5. Judgments data: extreme values and the collinearity between visual features. We present a few examples. The full scatterplot matrix and
correlation matrix can be found in Appendix B, and notions can be found in Appendix A. We use the term Pearson correlation coef cient (pcc)
instead of “correlation” to avoid confusion.

Speci cally, our logistic regression has the form:
g= o+ 1@+ o+t 3 X (1)

where g represents the logit function, r is the xed corre-
lation level in the experimental procedure, ais the approach
(aboveor below see Section 2), x represents the difference
in the stimuli (i,e., r or v, the y-axis in Figure 4), is
the model coef cients, and i represents each of the 18,996
judgments. Note that the inclusion of r and a follows the
work of Rensink and Baldridge [1] where the authors show
that the perception of correlation is affected by the amount
of correlation as well as the approach used in the study.

Using standardized weighted logistic regression, we rst
build the null model using a constant as the independent
variable. A second step is to construct the model based on
correlation (r). This sets a baseline for eliminating visual
features that are less predictive of participants' judgments.
The third step is to build a model for each visual feature and
compare it against the model of correlation. The separate
modeling avoids issues raised by collinearity and allows a
comparison of models using multiple statistics metrics.

4.3 Model Metrics

We apply three types of metrics commonly used in eval-
uating logistic regression models [23]. First, using odds
ratios [24], we analyze the effectiveness of each indepen-
dent variable (e.g., the difference in a visual feature V)
when explaining participants' judgments. Second, we ex-
amine the quality of the regression model using the Akaike
Information Criterion (AIC). Lastly, we compare the regres-
sion model of a visual feature to the regression model of
correlation using a Cox test [25]. The Cox test evaluates two
non-nested models by tting the regressors of one model
into the tted values of the other, and it is measured by
explanatory values: 1) we use the Bonferroni correction [26]
and setp=.0011 as the critical value; 2) we use a relaxed view
where larger z-scores are expected, since the sample size of

18,996 may result in many p-values becoming signi cant.

Taken together, these metrics provide a means to evalu-
ate the candidate visual features, and identify the ones that
best account for the participants' judgments.

4.4 Results

Table 2 shows the results of modeling each of the 44 visual
features, using the three metrics described above. The nu-
meric results and the results of additional statistical metrics
can be found in Appendix C.

4.4.1 The Null Model

The rst line of Table 2 presents the null model. The model

has an odds ratio of 1, indicating that the independent
variable is not associated with any change in the dependent
variable (i.e., judgment correctness).

4.4.2 The Baseline Model

The next three lines of Table 2 show the results of the base-
line model, using only correlation ( r) and its difference ( r).
It does not contain any visual feature.

These results con rm that the difference in correlation
is closely associated with the participants' judgments. The
variable r has an odds ratio of 1.35 (95%CI : [1.23, 1.48]),
indicating that one unitincrease in r is 1.35 times (i.e., more)
likely to obtain a correct judgment. Approach, denoted as a,
has an odds ratio of 0.90 (95%CI : [0.82, 0.99]), indicating
that the approach variable can be 0.90 times (i.e., less)
likely to obtain a correct judgment. This con rms that the
magnitude of correlation ( r) itself impacts the judgments
correctness, and the approach factor has a smaller impact
as originally reported by Rensink and Baldridge [1]. More
importantly, in the fourth line, the variable r has an odds
ratio of 1.30 (95%ClI : [1.18, 1.44]), providing the baseline for
evaluating all our candidate visual features.
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TABLE 2
The results of modeling judgments with correlation and visual features.

4.4.3 Visual Feature Models

We then compare the effectiveness of models built from
the visual features against this baseline model. If a visual
feature model is “better” than this baseline model, the
implication is that the visual feature is very likely to be used
by participants when judging correlation in scatterplots.

The remainder of Table 2 reports the performance of
each of the visual feature models. A visual feature model is
colored in blue if the model outperforms the baseline model
in that metric (e.g., odds ratios, AIC, and the Cox Test).

The results in Table 2 show that the four top-performing
visual features are:

the standard deviation of all perpendicular distances to t

regression lingdist_line_sd),
the area of the prediction ellipgslipse areg,

the length of the minor axis of the prediction ellipés-

lipse minor), and

4.5 Summary and Discussion

These four visual features, based on modeling metrics, are
more predictive of participants' judgments than correlation
itself. Coincidentally, these four visual features come from
different feature categories de ned in Section 3: length area
and density. It may suggest that participants may use several
visual features when judging correlation. This nding in
turn suggests a step towards exploring multi-factor models
in future work.

The top-performing visual features support existing hy-
potheses in prior research in perceptual psychology and in-
formation visualization. For example, Meyer et al. identi ed
the mean of the geometric distance between points and the
regression line as impacting participants' ability to perceive
correlation in scatterplots [6], which is synonymous with

the feature the standard deviation of all perpendicular distances

to the regression line

These four features together all suggest that participants
seek dispersion measures along the regression line. For
example, the feature the standard deviation of all perpendicular
distances to the regression lineses standard deviation to
measure the density around the regression line; the feature
the length of the minor axis of the prediction elligsdy relies
on the minor axis, a con dence measure of the length of
the point cloud along the regression line. These observa-
tions support the ndings from perceptual psychology, as
Eades [27] (cited in Lane etal. [28]), Cleveland etal. [9],
and Meyer and Shinar [10] that the density and dispersion
of data points in scatterplots affect participants' judgments.

To summarize, our use of the standardized weighted
logistic regression model found four likely visual features,
and better predict the participants' judgments of correlation
in scatterplots than correlation value ( r) itself.

5 MODELING PERCEPTION OF CORRELATION US-
ING VISUAL FEATURES

In this section, we examine the use of the visual features
in modeling the perception of correlation in scatterplots.
We investigate whether substituting visual features into
the existing models of perception of correlation results in
performance similarly to that of the original models. In Sec-
tion 5.1, we describe the three models used in our study: a
linear model using mean observations (used by Rensink and
Baldridge [1] and Harrison et al. [3]), a linear model using
individual observations (used by Kay and Heer [4]), and

log-linear model using individual observations (used by

ay and Heer [4]). In Section 5.2, we describe a substitution
method used to verify the effectiveness of the visual features
in three existing models.

the length of the perpendicular side of the con dence boundifgl Background and Overview

box(conf bounding box perp.
These outperform the baseline model (i.e., the model of
correlation) across all the metrics. In particular, the feature

Rensink and Baldridge [1], Harrison etal. [3], and Kay
and Heer [4] introduced perceptual models that capture
peoples’ ability to judge correlation in scatterplots. These

the standard deviation of all perpendicular distances to the fgpdels are based on the concept of Just-Noticeable Differ-

gression lineand the area of the prediction ellipkave similar
effectiveness while outperforming the other two regarding
odds ratios, AIC, and the Cox Test.

ence (JND)a measure of discrimination threshold. The JND
describes the minimum amount of change in a stimulus
needed for a person to reliably perceive a difference between
two stimuli. The relation between JND and the stimulus can
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