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Abstract

Objectives: We propose the origami plot, which maintains the original functionality of a radar
chart and avoids potential misuse of its connected regions, with newly added features to better
assist multicriteria decision-making.

Study Design and Setting: Built upon a radar chart, the origami plot adds additional auxiliary
axes and points such that the area of the connected region of all dots is invariant to the ordering of
axes. As such, it enables ranking different individuals by the overall performance for multicriteria
decision-making while maintaining the intuitive visual appeal of the radar chart. We develop
extensions of the origami plot, including the weighted origami plot, which allows reweighting of
each attribute to define the overall performance, and the pairwise origami plot, which highlights
comparisons between two individuals.
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Results: We illustrate the different versions of origami plots using the hospital compare database
developed by the Centers for Medicare & Medicaid Services (CMS). The plot shows individual
hospital’s performance on mortality, readmission, complication, and infection, as well as patient
experience and timely and effective care, as well as their overall performance across these
metrics. The weighted origami plot allows weighing the attributes differently when some are more
important than others. We illustrate the potential use of the pairwise origami plot in electronic
health records (EHR) system to monitor five clinical measures (body mass index [BMI]), fasting
glucose level, blood pressure, triglycerides, and low-density lipoprotein ([LDL] cholesterol) of a
patient across multiple hospital visits.

Conclusion: The origami plot is a useful visualization tool to assist multicriteria decision
making. It improves radar charts by avoiding potential misuse of the connected regions. It has
several new features and allows flexible customization.
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1.

Introduction

Data visualization is a critical part of the data analytics lifecycle: synthesizing information,
interpreting results, and providing insight into complex data. In many fields, such as

health care, marketing, finance, and operations management, data visualization plays

an important role in decision-making, which often requires balancing among multiple
attributes. Multivariate data can be displayed using a variety of graphical tools, ranging from
simple bar charts and pie charts, which directly display numerical values of each attribute
[1], to more complex plots that emphasize unique aspects of the data, such as scatter plot
matrices [2], heatmaps [3], and radial plots, including radar charts [4,5], target plots [6], and
pie charts [6,7].

A radar chart, also known as a web chart, spider chart, star plot, or Kiviat diagram, is

one of the most commonly used graphical tools for presenting multivariate data, and it

is particularly useful for displaying individual performance in consideration of multiple
attributes [4]. A radar chart is a circular graphing method presenting multivariate data on
axes that are plotted as rays projecting from a central point, with each axis representing

an attribute (also referred to as a variable when highlighting its quantitative meaning). A
point is placed on each axis at a distance to the central point proportional to the magnitude
of the value of the corresponding variable, and all the points are connected to form an
enclosed figure (see Fig. 1). Radar charts have been frequently used in biomedical research
[6,8-19]. For example, Allen et al. used radar charts for evaluating the performance of
hospitals across multiple metrics, including mean in-hospital length of stay, in-hospital
mortality rates, 30-day readmission rates, complication rates, and mean costs [17]; Jeong et
al. proposed to use radar charts for monitoring the progress of chronic diseases in individual
patients, where they provided examples of monitoring measures of metabolic syndromes,
such as fasting glucose, blood pressure, triglycerides, and cholesterol level [18] and Seide et
al. introduced the utility of radar charts in presenting results from network meta-analyses, in
which multiple treatments were compared based on metrics related to efficacy, safety, and
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cost [19]. Numerous examples of using radar charts to assist with data interpretation are also
found in many other areas, including social studies, chemistry, and mechanics [20-22].

Information on a radar chart is generally displayed in one of two different formats. The
first format visualizes multiple candidates in one chart [8,17]. As shown in Figure 1A, the
radar chart compares individuals across several variables. However, when more individuals
are compared, the plot becomes crowded and difficult to visually interpret. Another format
presents candidates side-by-side (see Fig. 1B), which increases the number of individuals
that can be displayed compared to the first type of radar chart [20] but makes it more
difficult to compare individuals. Many software tools for creating radar charts also provide
options to highlight the connected region by filling them with color (see Fig. 1B). This
feature enhances the contrast between the connected region and the region surrounding it,
making it easy to read values on each axis and compare their relative lengths, thus providing
an overall impression of variables with large values and those with small values [23].

The areas of the connected regions in the radar chart have been used as a primary metric to
rank individuals [24], perhaps from the intuition that if an individual has larger values for all
variables compared to another individual, the area of the connected region will be larger. In
many cases, the area of the connected regions is treated as a measure of the average scoring
of all variables (considered as an overall score) when ranking individuals. For example,

in Rogliani et al., several therapeutic options for treating chronic obstructive pulmonary
disease were evaluated across efficacy and safety outcomes [24]. Each therapeutic option
was plotted on a radar chart, and the area of the connected region was used to rank these
therapies based on their “combined efficacy/safety profile” [24].

Despite the practical needs of ranking individuals based on an overall score combining all
variables in a certain manner, ranking by the area of the connected region in a radar chart

is problematic for at least two reasons. First, the areas of the connected regions depend on
the order of the axes on the plot. As shown in Figure 2A, the area of the connected region
changes after reordering the variables. In fact, the area will be larger if variables with high
values are placed on adjacent axes and smaller otherwise. As the order of the axes is often
chosen arbitrarily, this can lead to an inconsistent and therefore misleading interpretation

of the data. Second, radar charts can distort the interpretation of data, as the area of the
connected region is not proportional to the linear variable measures of interest but generally
to their squares. As shown in Figure 2B, the shaded area is thus enlarged four-fold when the
magnitude of each variable is doubled.

In this paper, we suggest a simple and effective alternative, termed the origami plot, which
maintains the intuitive visual presentation of the radar chart with a modification that avoids
the radar chart’s potentially misleading aspects. The name “origami” derives from the
resemblance of the plot to the folded shape of origami art. Unlike the radar chart, the
shape and area of a filled-in region of an origami plot are jinvariantto the relative position
of the axes. Further, the area can be used as a valid metric to rank data, with a clear
interpretation as the average value of all variables. We can generalize the origamiplot to
allow specification of weight for each variable and ranking based on the weighted average,
which can help to make trade-off decisions. In addition, we create a pairwise origami plot
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that can easily compare two individuals based on a single variable and the (weighted)
average. The proposed origami plot provides a useful tool for visualizing multivariate
quantitative variables.

2. Example

We introduce the proposed origami plot using an example of data visualization to assess the
performance of health care organizations. The hospital administrative data we use in this
example are from the Hospital Compare database developed by the Centers for Medicare &
Medicaid Services (CMS), a publicly available source of data on the quality of care provided
at over 4,000 Medicare-certified hospitals in the United States. Hospitals are evaluated
based on [1] Mortality rates [2]; preventable infections and complication rates due to

care provided during hospitalization (infections and complications) [3]; rate of readmission
after discharge from the hospital (readmission) [4]; percentage of patients who received
appropriate effective care within a certain period (#/mely and effective care); and [5] patient
experiences collected from a national standardized survey (patient experience). More detail
regarding the definitions of the five metrics can be found in the Supplementary Material.
For each metric, a score is obtained for a hospital as its average percentile rank among all
national hospitals. We selected three hospitals from the CMS hospital compare database to
illustrate the utility of the new plot. Although the data are fully publicly available (https://
data.cms.gov/provider-data/), we mask the names of the hospitals to protect their privacy.

3. Development of the origami plot

As illustrated in Figure 3A, to construct an origami plot, we first plot the axes of the radar
chart as solid lines together with the location of the variable score on each axis as a filled
circle or point. We call these axes the main axes of the origami plot. We then add auxiliary
axes (dashed lines), equidistant between each pair of adjacent main axes, and place a point
on each auxiliary axis equidistant from the centre point at a distance that can be customized
by the user. Choosing a shorter distance makes the connected region a star-like shape, which
highlights the main axes since the arms will be pointing outward. In some cases, the distance
can be chosen to provide additional information. A more detailed discussion on how to
choose the distance is included in Appendix C of the Supplementary Material. Then, starting
from any of the points on a main or auxiliary axis, we connect all the points in order (i.e.,
moving clockwise or counter-clockwise) and obtain a connected region that resembles an
origami star. Each point (or vertex) on the main axis of the star represents one variable with
a length based on its value. In this way, as illustrated by Figure 3B, the filled-in region

of the origami plot not only has an area invariant to the arrangement of axes (a proof can

be found in the Supplementary Material), but the overall shape of the graph changes only

up to a permutation of the axes. Furthermore, the area of the plot is proportional to the
average rank across the different variables. This provides readers with a stable impression of
each participant with a clear understanding of which variables have relatively larger and/or
smaller values. Note that this invariance is not maintained by permuting axes in the radar
plot. As with the radar chart, the origami plot maintains the two types of visualization
introduced in Section 1. Users can choose to visualize multiple participants in one plot or
separate plots. To better assist decision-making, we shade (color) the connected region to aid
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comparisons based on the average of all variables. We can also place the numerical values or
rankings based on single variables next to the corresponding axes and place the overall score
or ranking on the top of each plot when necessary.

We note that the scale and units of each variable need to be carefully chosen so the

area of the connected region is meaningful. Sometimes, the natural scales or units of

the variables cannot be properly combined. In our example, the mortality rates are not
directly comparable with scores obtained from the patient experience survey. We, therefore,
converted the original measures to their percentiles relative to all US hospitals. This puts
each variable on a comparable scale when evaluating overall performance. Alternatively, one
can normalize the axes relative to the average value of the variable or an external reference
such as a national average.

Figure 4 presents origami plots comparing the three different hospitals. In addition to the
scores of each hospital, we use pink triangles to indicate the national average performance
on the axes to help readers see whether a hospital has scores above or below the national
average. In our example, Hospitals B and C scored above the national average for all
metrics, while Hospital A’s performance on readmission, complication and infections, and
mortality are below the national average. When comparing multiple hospitals based on a
single metric, e.g., readmission rate, we could easily rank the three hospitals with hospital C
as the best and hospital A as the worst. If all the metrics are valued equally, the areas of the
shaded regions show that hospital B has the best overall performance, while hospital A has
the worst overall performance. In this way, the origami plot can facilitate the comparison of
hospitals on single measures and overall performance based on multiple metrics.

Origami plots can also facilitate comparisons of large numbers of individuals clustered

into a small number of groups based on criteria of interest. In our example, a K-means
clustering analysis across 4,671 hospitals in the database identified four clusters of hospitals
sharing similar profiles [25]. The origami plot in Figure 5 illustrates the performance
(average percentiles) of each cluster. In the first cluster, hospitals score well across all five
outcomes, with average performance on each metric better than the national average. The
second cluster of hospitals has higher scores in mortality (low mortality rates), readmission
(low readmission rates), and complication and infection (low complication and infection
rates), but low scores in patient experience and timely and effective care. These hospitals
provide effective and safe care, but their patients might experience longer wait times before
treatment or might have unsatisfactory interactions with doctors or nurses. Conversely,
hospitals in the third cluster have high scores in timely and effective care and patient
experience but low scores for mortality, readmission and complications, and infections. High
mortality and readmission rates could result from either poor care in the hospitals or from
sicker individuals presenting to these hospitals. Finally, the fourth cluster of hospitals has
scores from all five outcomes below national averages. The variability of the cluster profiles
is visualized by the orange-dashed lines representing the interquartile ranges.
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4. Weighted origami plot

When certain attributes are considered more important than others in making a decision,
the attributes comprising the origami plot can be weighted to account for their relative
contributions. The area of the connected region in the weighted origamiplot is then a
weighted average of the different attributes. Weights could, for example, represent decision
makers’ beliefs about the relative importance of the different outcomes being considered
[26,27]. For a given set of positive weights that sum to one, the lengths of the arms are
weighted so that the new length equals the old length times the ratio of the corresponding
new weight to the original weight (which was the equal weight given to all attributes).
Figure 6 presents the weighted origami plots of the three hospitals compared in Figure 4,
where we assign different weights to the five metrics, as indicated in the figure by the
percentage weight values assigned to the attributes on each of the plot axes. The shaded
regions are now proportional to the weighted sums. The original values of each attribute are
plotted as green squares. With less weight assigned to mortality and effective care and more
weight assigned to complications and infections, readmission, and patient experience, the
weighted overall performance of hospital C becomes comparable to hospital B and hospital
A.

5. The pairwise origami plot

When comparing two individuals, we propose a pairwise origami plot that highlights
comparisons based on single variables as well as the (weighted) average. This is a version

of the initial plot format in Figure 1 in which only two individuals (hospitals) are pictured

to help better visualize the difference between the two individuals. In Figure 7, we compare
hospitals B and C in the same plot with two distinct colors (green and pink) using equal
weights for all variables. When comparing two candidates, the difference in the performance
between two candidates might be of more interest than the actual performance of each
candidate. To highlight this, instead of filling in each star, we fill in the additional area
covered by the superior candidate on each variable in green if hospital B performs better and
in pink if hospital C performs better. In this way, we can observe that hospital B performs
better than hospital C for mortality, patient experience, and timely and effective care, while
hospital C performs better than B for readmission. The two perform equivalently for and
complications and infections. Overall, since the total area in green is larger than the total
area in pink, we know that hospital B performs better than hospital C on average when all
metrics are considered equally. The pairwise comparison can also be combined with the
weighted origami plot to incorporate user-specified weights for each variable.

In addition to comparing hospitals or interventions, the pairwise origami plot can also serve
as a tool for monitoring health conditions and disease progression. For example, some
chronic diseases require long-term care, and monitoring temporal changes of diverse types
of laboratory and clinical measures can play an important role in timely disease management
and treatment. Suppose we are interested in monitoring five clinical measures (body mass
index (BMI), fasting glucose level, blood pressure, triglycerides, and low-density lipoprotein
(LDL) cholesterol) of a patient across multiple hospital visits. Figure 8 provides two
potential ways of using origami plots to aid data visualization in this context. In panel
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A, we compare the measures between the two times. We observe that between time 1 and
time 2, fasting glucose, blood pressure, triglycerides, and BMI increase but LDL cholesterol
decreases. In panel B, we compare the observations with the normal ranges of the lab
measures. If one measure is higher than the normal range, we highlight the excess area in
red, and if it is below the range, we highlight the area in deficit in green. These plots can
potentially be embedded in an electronic health records (EHR) system to assist timely and
interpretable clinical decision-making.

6. Discussion and conclusion

While radar charts are widely used to visualize multivariate data, these charts have
limitations that can cause potentially misleading interpretations and conclusions. The
proposed origami plot, as a modified version of the radar chart, maintains all the original
functionality of radar charts and avoids potential misuse of the connected region, providing
a valid visualization to compare individuals based on the averaged performance of multiple
attributes. Extensions of the origami plot, including the weighted origami plot and the
pairwise origami plot, allow incorporating more information to better assist decision-making
based on multiple attributes. We have also described the potential uses of the origami plot

in profiling hospital performance and disease monitoring. The origamiplot is an informative
and general tool to visualize multivariate data.

Beyond the use cases described in this paper, the origami plot can also be used in

other areas, such as comparative effectiveness research for comparing treatment effects,
visualizing an individual’s risks for multiple diseases, profiling disease subtypes, etc.
Additional customized features might be developed to improve the visualization. For
example, if some of the measures are statistics calculated from a sample, proper annotations
can be added to indicate statistical significance, or P-values and the 95% confidence
intervals (Cls) of the statistics can be shown in the plot to display the potential uncertainty.
Instead of using the dashed lines in Figure 8 to represent the upper and lower limits of a
reference level, they could represent the lower and upper limits of a CI.

Finally, we emphasize that to make an informed interpretation using the area of the
connected region, the scale and unit of each variable need to be carefully chosen such that
the (weighted) average is meaningful. We recommend using the original values of variables
when they have the same natural units (e.g., scores of exams for different courses) and
otherwise converting the original values to comparable units, such as percentiles or rankings.
Our software package (https://github.com/Penncil/Origami) for R provides multiple options
of variable transformations.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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What is new?
Key findings

. The radar chart, a widely-used circular graphing tool for displaying
performance across multiple attributes, can be visually misleading when used
to rank candidates based on the area of the connected region.

. We propose the origami plot, a new visualization tool for multicriteria
decision-making that improves upon the radar chart by avoiding potential
misinterpretation and misuse of the area metric.

. We developed two useful variants: the weighted origami plot, which allows
users to reweight each attribute to define overall performance and rank
individuals accordingly, and the pairwise origami plot, which highlights
comparisons between two individuals across multiple attributes.

What this adds to what was known?

. The origami plot offers a visually appealing and intuitive way to rank
individuals based on overall performance across multiple attributes, without
the potential for misinterpretation that the radar chart presents.

. The weighted origami plot provides greater flexibility by allowing users to
customize the relative importance of each attribute.

. The pairwise origami plot enables direct comparisons between two
individuals across multiple attributes, providing valuable insights for
decision-making.

What is the implication and what should change now?
The origami plot should be considered as a useful alternative to radar charts for making

trade-off decisions based on a clearer understanding of overall performance across
multiple attributes.

Users can take advantage of the customized options available with the origami plot,
including the pairwise and weighted variants, as well as additional annotations, to further
enhance their decision-making capabilities.
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Variable 1
A Individual 1
Individual 2
Variable 2 Variable 5
Variable 3 Variable 4
B
Variable 1 Variable 1
Variable 2 Variable 5 Variable2 Variable 5
,“/ .
Variable 3 Variable 4 Variable 3 Variable 4
Individual 1 Individual 2

Fig. 1.

Sample radar chart. Panel A: two individuals are displayed in one radar plot with two
different colours. Panel B: two individuals are plotted side by side with shaded connected
regions. (For interpretation of the references to color in this figure legend, the reader is

referred to the Web version of this article.)

J Clin Epidemiol. Author manuscript; available in PMC 2023 October 25.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuely Joyiny

Duan et al.

Page 12

Variable 1 Variable 1
Variable 2 Variable 5 Variable 2 Variable 5
Variable 3 Variable 4 Variable 4 Variable 3
Individual 1 Individual 1
(Reordered)
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Variable 3 Variable 4 Variable 3 Variable 4
Individual 3 Individual 4
Fig. 2.

Limitations of the radar chart. Panel A: the area of the connected region depends on the
order of the axes. Panel B: the area of the connected region is not proportional to the average

value across all variables (averaged performance).

J Clin Epidemiol. Author manuscript; available in PMC 2023 October 25.




1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Duan et al. Page 13
Hospital X Hospital X
A (Radar) (origami)
Complications & Infections Complications & Infections
Mortality Patient Mortality Patient
erience Experience
Effective care Readmission Effective care Readmission
B reorder axes reorder axes
Complications & Infections Complications & Infections
Patient . Patient .
Mortalit Mortalit
Experie i Experierfce i
Effective care Readmission Effective care Readmission
Fig. 3.

Panel A illustrates a sample radar chart and origami plot using the same dataset from
hospital X. For the origamiplot, five auxiliary axes (dashed lines) are added in addition

to the original five main axes (solid lines) in the radar chart. Each dashed line is placed
equidistant between two axes. Points on the main axes are the same in both plots. In

the origamiplot, an additional five points are added to each auxiliary axis with the same
distance to the origin. All points are connected in order. Panel B illustrates that after a
change in the order of the axes, the size of the shaded area in the radar chart changes, while
the size of the shaded area in the origamiplot remains unchanged (a proof is provided in the

supplement).
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Readmission

Hospital A (Overall score = 0.60)

Complications & Infections

Readmission Effective care

»

Mortality Patient Experience

Hospital B (Overall score = 0.91)

Complications & Infections Complications & Infections

Effective care Readmission

Mortality Patient Experience Mortality Patient Experience

Fig. 4.

Pegrformance of three different hospitals presented using origami plots. Hospitals are
compared based on scores evaluating mortality, complications and infections, timely and
effective care, readmission, and patient experience. All scores are on a scale from 0 to 1

as percentiles among all the hospitals, with larger values indicating better performance. An
overall score is calculated as the average score across five metrics, and it is proportional to
the area of the shaded star. Pink triangles on the main axes indicate the average performance
across all hospitals in the Centers for Medicare & Medicaid Services hospital compare
database. (For interpretation of the references to color in this figure legend, the reader is
referred to the Web version of this article.)
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Fig. 5.

Performance of four clusters of hospitals using origami plots. Clusters identified by K-
means cluster analysis of 4,671 hospitals. Each axis plots the average percentile of the
hospitals in the cluster for a particular attribute. Pink triangles on the main axes indicate the
average performance across all hospitals in the Centers for Medicare & Medicaid Services
hospital compare database. The orange-dashed lines indicate the interquartile range of each
cluster. (For interpretation of the references to color in this figure legend, the reader is

referred to the Web version of this article.)
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Fig. 6.
Performance of three hospitals presented as a weighted origami plot. Metrics including

mortality, timely and effective care, readmission, patient experience, and complication &
infections are assigned weights 10%, 15%, 25%, 25%, and 25% (summing up to 100%),
respectively. An overall score calculated as the weighted average score across five metrics

is proportional to the area of the connected regions. The green squares show the original
attribute scores. The vertices of the weighted star are the weighted scores. (For interpretation
of the references to color in this figure legend, the reader is referred to the Web version of
this article.)
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Fig. 7.

Equally weighted pairwise origami plot. Comparison between hospitals B and C are

—e— Hospital B

Timely & Effective

Page 17

represented in two distinct colors (green and pink). The shaded regions in green indicate
metrics in which hospital B performs better than hospital C, and shaded regions in pink
show metrics in which hospital C performs better than hospital B. (For interpretation of the
references to color in this figure legend, the reader is referred to the Web version of this

article.)
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Fig. 8.

Two potential use cases of the pairwise origami plot for monitoring clinically relevant health
measures (fasting glucose level, BMI, blood pressure, LDL-cholesterol and triglycerides) in
a single patient. Panel A: Comparison between two times. From time 1 to time 2, fasting
glucose level, blood pressure, and triglycerides increase, while LDL decrease. Panel B:
Comparison to normal limits. For each attribute, normal ranges of individual variables are
indicated by the dashed lines (green: lower limit; red: upper limit) (black solid line). If one
value is higher than its upper limit, the region between the upper limit and the value is
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shaded in red; if it is lower than its lower limit, the region between the upper limit and the
value is shaded in green. (For interpretation of the references to color in this figure legend,
the reader is referred to the Web version of this article.)
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