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RESEARCH Open Access

Visualizing adverse events in clinical trials
using correspondence analysis with R-
package visae
Márcio A. Diniz1*, Gillian Gresham1, Sungjin Kim1, Michael Luu1, N. Lynn Henry2, Mourad Tighiouart1,
Greg Yothers3, Patricia A. Ganz4 and André Rogatko1

Abstract

Background: Graphical displays and data visualization are essential components of statistical analysis that can lead
to improved understanding of clinical trial adverse event (AE) data. Correspondence analysis (CA) has been
introduced decades ago as a multivariate technique that can communicate AE contingency tables using two-
dimensional plots, while quantifying the loss of information as other dimension reduction techniques such as
principal components and factor analysis.

Methods: We propose the application of stacked CA using contribution biplots as a tool to explore differences in
AE data among treatments in clinical trials. We defined five levels of refinement for the analysis based on data
derived from the Common Terminology Criteria for Adverse Events (CTCAE) grades, domains, terms and their
combinations. In addition, we developed a Shiny app built in an R-package, visae, publicly available on
Comprehensive R Archive Network (CRAN), to interactively investigate CA configurations based on the contribution
to the explained variance and relative frequency of AEs. Data from two randomized controlled trials (RCT) were
used to illustrate the proposed methods: NSABP R-04, a neoadjuvant rectal 2 × 2 factorial trial comparing radiation
therapy with either capecitabine (Cape) or 5-fluorouracil (5-FU) alone with or without oxaliplatin (Oxa), and NSABP
B-35, a double-blind RCT comparing tamoxifen to anastrozole in postmenopausal women with hormone-positive
ductal carcinoma in situ.

Results: In the R04 trial (n = 1308), CA biplots displayed the discrepancies between single agent treatments and
their combinations with Oxa at all levels of AE classes, such that these discrepancies were responsible for the
largest portion of the explained variability among treatments. In addition, an interaction effect when adding Oxa to
Cape/5-FU was identified when the distance between Cape+Oxa and 5-FU + Oxa was observed to be larger than
the distance between 5-FU and Cape, with Cape+Oxa and 5-FU + Oxa in different quadrants of the CA biplots. In
the B35 trial (n = 3009), CA biplots showed different patterns for non-adherent Anastrozole and Tamoxifen
compared with their adherent counterparts.

Conclusion: CA with contribution biplot is an effective tool that can be used to summarize AE data in a two-
dimensional display while minimizing the loss of information and interpretation.
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Background
The understanding of adverse events is paramount in
the assessment of therapies in clinical trials. In the en-
deavor to support investigators in the challenging task of
identifying and documenting toxicities, the National
Cancer Institute has maintained, since 1983, an empir-
ical lexicon of AE terms that are commonly encountered
in oncology: the CTCAE [1], which has been broadly
adopted over the last decades. The criteria classifies AE
into 26 domain organ classes and severity grades, such
that grade 1 corresponds to a mild or asymptomatic
symptom and grade 5 indicates death.
Although such comprehensive criteria has allowed in-

vestigators to collect a large amount of AE clinical trial
data, the abundance of information has often been ig-
nored in the analysis of clinical trials. Analyzing AE data
is a complex task because each patient could experience
more than one AE term from different organ domains
and different grades of the same AE term during several
cycles of treatment resulting in a high-dimensional tox-
icity profile. Investigators usually present lengthy and
overwhelming AE tables, or partial toxicity profiles by
treatment after summarizing AE chosen based either on
a frequency threshold, severity of AEs or relatedness to
treatments [2] into their maximum grade. However, the
use of maximum grade leads to loss of information and
has been largely criticized and other alternative ap-
proaches have been discussed in the literature that sum-
marizes toxicity profiles into a more comprehensive
score [3–5].
The CONSORT extension for reporting harm out-

comes [6] describes the importance of graphical displays
for summarizing AE data. Several graphical summary ap-
proaches have been developed in the literature since
then: Amit et al. [7] considered dot-plots for the per-
centage of AE terms’ occurrence by treatment ordered
by their relative risks; Zink et al. [8] proposed volcano
plots with bubble size proportional to the frequency of
AE domain or terms; Thanarajasingam et al. [4] recom-
mended profile plots to illustrate the average toxicity as
function of cycle for a given AE term; Karpefors and
Weatherall [9] suggested tendril plots to represent the
occurrence of a given AE term over time, and Gresham
et al. [5] proposed stacked barplots for the AE frequency
as function of the number of toxicities per patient and
grade toxicity. However, the majority of these ap-
proaches cannot be applied to more than two
treatments.
Surprisingly, none of the aforementioned approaches

have used any traditional statistical high dimension re-
duction technique such as CA, which is a multivariate
technique with the purpose to communicate contin-
gency tables using two-dimensional graphical displays,
while quantifying the loss of information. Initial

applications of CA and its variants (stacked, multiple,
detrended) were broadly discussed in Greenacre [10],
with specific applications in epidemiology [11–13] and
bioinformatics [14–16].
In this article, we propose the use of stacked CA as a

visualization tool for AE data to unravel differences in
treatment profiles when comparing their AEs as a com-
plementary tool to toxicity scores [5, 17]. An R-package
was developed to make our approach available inter-
actively. We illustrate the use of CA to identify different
toxicity profiles among treatments in two clinical trials
R04 [18, 19] and B35 [20–24]. Moreover, we apply CA
using contribution biplots [25] that are not widely dis-
seminated yet, even though they address long-standing
interpretation issues of CA such as outlier points with
low contribution to the variance.

Methods
Correspondence analysis
The seminal ideas of CA was proposed by Herman
Otto Hartley (Hirschfeld) [26], later developed by
Jean-Paul Benźecri [27] and disseminated by Michael
Greenacre [28, 29]. We will briefly review the main
concepts of CA. A detailed mathematical is available
as an Additional file.
The goal of CA is to graphically represent contingency

tables. Following Greenacre [29], we will apply CA on
stacked tables such as Table 1, where πij is the relative
frequency of AEi class for treatment Tj such that AE
classes can be based on three levels of data aggregation:
(a) AE grades, (b) AE domains, (c) AE terms and their
combinations. While toxicity profiles can be presented
and compared based on tables when AE classes are only
defined by AE grades, it is a much more complex task
when AE classes are defined by AE domains or AE
terms, and their combinations with AE grades. There are
26 domains and 790 AE terms in CTCAE v4, which can
generate 130 AE classes when AE domains are combined
with AE grades and 3950 AE classes when AE terms are
combined with AE grades.
The interpretation of Table 1 is asymmetric: we are in-

terested in studying the differences in toxicity profiles
among treatments that lie in a high-dimensional space,
which will be denoted as toxicity space. Visualizing the
toxicity profiles in the toxicity space can give us insight
regarding the association between treatments and AE
classes. Nonetheless, it is not always feasible to display
toxicity profiles when the number of dimensions is
greater than three, i.e., four treatment arms (J ≥ 4) or
four AE classes (I ≥ 4). Moreover, distances between
toxicity profiles of treatments are not simple to be evalu-
ated even in a three dimensional space.
In this context, CA seeks the two-dimensional display

that minimizes the loss of information when reducing
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the dimension of the toxicity space. Information is
measured through variability, denoted as total inertia
in CA, among toxicity profiles of treatments. Asym-
metric contribution biplots [30] are two-dimensional
diplaying showing the projection of the two dimen-
sions with highest variability in the toxicity space.
The first dimension of the biplot represents the direc-
tion with highest variability of the toxicity space and
the second dimension corresponds to the direction
with the second highest inertia. Adding up the inertia
of the remaining dimensions allows us to quantify the
loss of information. Therefore, we can evaluate
whether the two-dimensional representation of the
toxicity space is adequate.
The inertia associated with each dimension can also

be broken down based on the contributions of each
AE class. Dimensions can be interpreted based on
AE classes with high contributions. AE classes with
high contributions to a dimension ares’ identified
based on their distance from the origin in the same
direction of that given dimension. Then, a treatment
with high frequency of a given AE class will have
high values in the same dimension and direction of
that AE class.
In this way, we are able to compare toxicity profiles of

treatments as following:

1 Interpret each dimension based on the position of
AE classes dots: AE classes further away from origin
(0, 0) in a given direction indicates a high
contribution to explain the variability in that
dimension;

2 Identify level of similarity among toxicity profiles of
treatments based on how close their toxicity
profiles are from the origin (0, 0), which represents
a hypothetical average toxicity profile;

3 Compare toxicity profiles of treatments based on
their position on each dimension.

Notice that distances between treatment profiles and
AE classes are not meaningful because they are different

spaces. Figures S1 and S2 based on toy data illustrate
these steps.

R-package
We developed the R-package visae, an acronym for visu-
alizing AE, aiming to provide statistical software to
quickly deploy Shiny applications making our visual ap-
proach interactively available for AE reporting. Cur-
rently, there are two R-packages specific for CA: ca [31]
and FactoMineR [32]. The R-package visae is built based
on ca. Although both R-packages ca and FactoMineR
provides CA biplots, the R-package visae makes available
the pre-processing of AE data to construct tables such
as Table 1 and interactive Shiny application to explore
CA configurations.
Interactive applications allow statisticians and non-

statisticians to easily collaborate to investigate several
configurations for CA, and select the ones that are more
informative to them. Therefore, the R-package visae pro-
vides a general framework for CA allowing statisticians
easily interact with their collaborators.
The function run_ca has seven arguments, with four

of them required to execute the Shiny application:

� data: a data.frame or tibble object in a long format;
� group: unquoted variable name in the data that

corresponds to the group variable;
� id: unquoted variable name in the data that

corresponds to the patient identification variable;
� ae grade: unquoted variable name in the data that

corresponds to AE grade class;

While the other three inputs can be used in any
combination,

� ae domain: unquoted variable name in the data that
corresponds to AE domain class;

� ae term: unquoted variable name in the data that
corresponds to AE term class;

� ae cycle: unquoted variable name in the data that
corresponds to AE cycle.

For example, an R user can open the Shiny application
as below:

library(visae)
library (magrittr)

patient_id <- 1:100
group <- c (rep(“A”, 50), rep(“B”, 50))
grade <- sample(1:5, size = 100, replace = TRUE)
domain <- sample(c(“C”, “D”), size = 100,
replace = TRUE)

Table 1 Contingency table 2I × J with row and column
marginals
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term <- sample(c(“E”, “F”, “G”, “H”),
size = 100, replace = TRUE)

data <- data.frame (patient_id, group,
grade, domain, term)
head (data, n = 6)

patient_id group grade domain term

1 A 3 C G

2 A 3 C E

3 A 2 D G

4 A 2 D E

5 A 5 D F

6 A 3 C H

data %>% run_ca(group = trt,
id = patient_id,
ae_grade = grade,
ae_domain = domain,
ae_term = term)

All the contribution biplots and relative frequency
tables presented in the next sections were generated
using our Shiny application.

Data sets
Data from two randomized clinical trials from the
National Surgical Adjuvant Breast and Bowel Project
(NSABP) were used as case examples for this analysis:

R04
NSABP R04 was a Phase III randomized 2x2 factorial
trial comparing neoadjuvant radiation therapy (RT) in
combination with either Cape or 5-FU with or with-
out Oxa in patients with rectal cancer
(NCT00058474) [19]. AE data (CTCAE version 4.0)
were collected at a single time point and included a
list of 50 AEs of special interest that were selected a
priori and evaluated after chemoradiation treatment
within 2 weeks of surgery. Additional details of the
trial are reported elsewhere [19].

B35
NSABP B35 was a Phase III double-blind, randomized,
placebo-controlled trial comparing daily oral tamoxifen
with oral anastrozole for 5 years in postmenopausal
women with hormone receptor-positive ductal carcin-
oma in situ treated with lumpectomy and radiation ther-
apy (NCT00053898) [33]. Adverse events were assessed

every 6 months during therapy and 6 months after the
last dose of therapy using a list of predefined AEs (e.g.,
depression, thromboembolic events, GI disturbance, hot
flashes, joint pain, vaginal dryness), graded per Common
Toxicity Criteria (CTC) v2.0. Non-adherent patients
were defined as patients that stopped treatment early be-
fore 5 years for reasons other than disease progression
or death.

Results
We illustrate the main concepts of correspondence
analysis when used to represent AE data comparing
treatments in the R04 trial and discuss the interaction
between treatment and adherence using data from the
B35 trial. Analyses at five levels of refinement are
presented, but only contingency tables for AE classes
defined based on grades are shown. For all other AE
classes, contingency tables are presented as Additional file.

R04
We performed CA considering the different AE class
definitions discussed previously with four treatments: 5-
FU, Cape, 5-FU+Oxa and Cape+Oxa. Table 2 shows the
total number of AE classes for each definition with the
percentage of explained inertia for each of the three di-
mensions. When we define AE classes solely based on
AE grades, Table 1 will have 10 (2 × I ) rows with 5 AE
grades (each one adds its complementary), such that a
two-dimensional display describes 98.23% of the variabil-
ity among treatments with a 1.77% loss of information
when dimension 3 of the toxicity space is ignored. The
loss of information when representing the toxicity space
in a two-dimensional display increases as the level of
complexity for AE classes increases. For all AE class def-
initions, the loss of information is no more than 21%
making the two-dimensional display an acceptable repre-
sentations of the toxicity space.
Initially, we assume AE classes based on AE grades as

showed in Table 3. In Fig. 1a, main differences are
observed in dimension 1 such that discrepancies among
treatments are small because their treatment profiles are
posed close to each other and they are near to the
origin, which represents the average treatment. In
dimension 1, ignoring grade 1 AEs that were under-

Table 2 AE classes and their decomposition of total inertia into
3 dimensions for R04 trial

AE Class # AE classes Dim 1 Dim 2 Dim 3

Grade 5 87.77 10.46 1.77

Domain 21 84.65 10.97 4.38

Domain + Grade 61 66.47 22.94 10.59

Term 209 52.29 28.03 19.68

Term + Grade 313 48.92 30.26 20.82
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reported, treatments can be ordered based on their rela-
tive positions indicating that 5-FU is associated with the
lowest frequencies for all AE grades, while Cape+Oxa
and 5-FU+Oxa present higher frequency of grade 2, 3, 4
and 5 AEs than their corresponding single agents. More-
over, Cape is associated with higher frequency of grade 5
AEs than 5-FU, Cape+Oxa is associated with higher fre-
quency of grades 1, 4 and 5 AEs, and 5-FU+Oxa with
higher frequency of grade 2 AEs than other treatments.
While Table 3 is small enough to be understood

without a CA biplot, we are interested in more refined
AE classes. We define AE classes based on domains as
showed in Fig. 1b, with main differences among
treatments in dimension 1. Single agents 5-FU and Cape
are not very different between them, but both of them
differ from their combinations with Oxa. Treatment
combinations are associated with AEs in the domains
Immune, Nervous, General, Metabolism, Gastrointes-
tinal and Investigations; such that Cape+Oxa and 5-Fu+
Oxa are associated in a larger extent with AEs in the do-
main Investigations and Gastrointestinal, respectively. In
addition, Cape+Oxa is associated with the domain Vas-
cular and 5-FU+Oxa is associated with domains Infec-
tions and Hepatobiliary.
In Fig. 1c, AE classes are defined based on the

combination between domains and grades, with
differences in both dimensions. Similar interpretation as
Fig. 1b can be outlined, except that the domains
Metabolism and General are posed into different
quadrants when broken down by grades: Metabolism:G2
and General:G2 are associated with 5-FU+Oxa, while
Metabolism:G3 and General:G3 with Cape+Oxa. More-
over, it is possible to observe clustering of domains: (i)
domains in the top left quadrant have higher frequency
among patients that received 5-FU+Oxa; (ii) domains in
the bottom left quadrant have higher frequency for
Cape+Oxa; (iii) domain Nervous:G2 is associated with
both treatments, and Injury:G2 with their single agents
counterparts.
Next, we show AE terms in Fig. 1d with differences in

both dimensions. As in the previous analyses, differences
between Cape and 5-FU are small such that both are as-
sociated with higher frequency of Dermatitis RT when

compared to their combinations with Oxa. Treatment
combinations are both associated with several of AE
terms including Peripheral sensory neuropathy, Diar-
rhea, Dehydration, Nausea, Vomiting, and Fatigue; such
that 5-Fu+Oxa is associated in a larger extent with Diar-
rhea, Vomiting and Nausea. Cape+Oxa is also associated
with Hand-foot syndrome. In particular, anal pain and
abdominal pain were not identified in CA configurations
that were not overpopulated by AE terms, indicating
that their contribution to treatment differences is low in
dimension 1 and 2 even though they have high average
frequency of 19.42% and 7.49%, respectively. The highest
contribution of anal pain is 1.22% in the third
dimension.
Finally, we broke down the AE terms by adding their

grades. In Fig. 1e, AE classes are defined based on terms
and grades. Differences among treatments are found in
both dimensions. When comparing Fig. 1e to d, we
highlight the term Fatigue that was divided into Fatigue:
G2 and G3 associated with 5-FU+Oxa and Cape+Oxa,
respectively; the term Nausea was also divided into Nau-
sea:G2 and G3 associated with 5-FU+Oxa and Cape+
Oxa, respectively. Furthermore, the AE term Diarrhea is
divided in Diarrhea:G3 associated with both 5-FU+Oxa
dn Cape+Oxa, and Diarrhea:G2 associated with 5-Fu+
Oxa. Furthermore, the distance between 5-FU and Cape
is smaller than the distance between 5-FU+Oxa and
Cape+Oxa in all CA configurations, which can be inter-
preted as an interaction effect of Oxa.

B-35
We performed CA considering the different AE class
definitions discussed in the previous section comparing
four groups: adherent Anastrozole and Tamoxifen, and
their non-adherent counterparts based on AEs reported
at cycle 1. Table 4 shows the total number of AE classes
for each definition with the percentage of explained iner-
tia for each of the three dimensions. For all AE class def-
initions, the loss of information is at most 11% for the
highest complexity level of the toxicity space.
As previously, we assume AE classes based on AE

grades as showed in Table 5. Because of small size of
contingency table, the first dimension is enough to
understand the differences among treatments in Fig. 2a.
Adherent Tamoxifen and Anastrozole groups are quite
similar to each other and are close to the average
treatment. Both non-adherent groups are on the left
quadrants indicating higher frequency of AE grades 2, 3
and 4. Nonetheless, non-adherent Tamoxifen and Ana-
strozole are in different quadrants showing that their
discrepancies from the average treatment are grade spe-
cific: non-adherent Tamoxifen is more associated with
grade 4 AEs, while non-adherent Anastrozole is more

Table 3 Percentage (%) of AE grades by treatment in R04 trial

AE
Class

Treatment Average

5-FU 5-FU + Oxa Cape Cape + Oxa

G1 1.22 2.75 1.23 3.96 2.29

G2 60.67 74.01 63.08 70.73 67.12

G3 25.31 38.53 27.39 39.94 32.79

G4 0.61 3.06 2.15 4.27 2.52

G5 0.31 0.31 1.23 1.52 0.84
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Fig. 1 (See legend on next page.)
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associated with grade 2 and 3 AEs. Table 5 leads to simi-
lar conclusions.
In Fig. 2b, AE classes are defined based on domains,

such that differences between adherent and non-
adherent groups are showed in the first dimension and
differences between non-adherent Anastrozole and non-
adherent Tamoxifen in the second dimension. Non-
adherent groups are associated with higher frequency of
AEs in the domains Pain, Neurology, Constitutional
Symptoms, Psychiatric, Cardiovascular, Gastrointestinal,
Allergy/Immunology. In particular, non-adherent Ana-
strozole is more associated with the domains Psychiatric
and Pain, while non-adherent Tamoxifen is associated
with the domains Gastrointestinal, Allergy/Immunology
and Cardiovascular.
Figure 2c combines AE grades to the AE domains as

AE classes. Differences are found in both dimensions
with similar interpretation from Fig. 2b. In particular, we
highlighted the domain Pain from Fig. 2b that was
broken down into Pain:G3 associated with both non-
Aaherent Tamoxifen and non-adherent Anastrozole,
while Pain:G2 is associated only with non-adherent
Anastrozole..
In Fig. 2d, AE classes are defined based on terms.

Differences are found in both dimensions with similar
interpretation from Fig. 2b. The AE terms can be
divided into three clusters: (i) Dizziness, Sweating,
Edema, Constipation, Dyspnea, Hot flashes and
Radiation dermatitis associated with non-adherent Tam-
oxifen; (ii) Arthralgia, Bone Pain, Headache, Myalgia,
Varginal dryness are associated with non-adherent Ana-
strozole; (iii) Fatigue, Depression, and Insomnia are as-
sociated with both non-adherent groups.
As the last step, Fig. 2e combines terms and grades.

There is a change in the interpretation of the
dimensions: discrepancies between non-adherent Ana-
strozole and Tamoxifen becomes more relevant to

explain the variability among groups than the differences
between adherent and their non-adherent counterparts,
which yields the reverse interpretation of the dimensions
from Fig. 2a-d. Furthermore, clusters of AEs associated
with non-adherent Anastrozole and Tamoxifen are ob-
served similar to Fig. 2d.

Discussion
We proposed stacked CA using contribution biplots as a
tool to explore differences in AE data among treatments
in clinical trials. We defined five levels of refinement for
the analysis based on AE grades, domains, terms and
their combinations. In addition, we developed a Shiny
application built in an R-package to interactively investi-
gate CA configurations based on the contribution to the
explained variance and relative frequency of AEs, and we
made it publicly available on CRAN. Phillips et al [2]
have found that only 12% among 184 clinical trials pub-
lished in major medical journals between 2015 and 2016
showed graphical presentations. We expect to improve
AE reporting through statistical graphical displays and
easy-to-use software that can also be transformed into
web applications as suggested by the Consolidated Stan-
dards of Reporting Trials (CONSORT) Harm extension
[6]. Furthermore, the proposed analysis could also be ap-
plied to patient reported outcomes (PRO) such as PRO-
CTCAE [34].
Morever, we illustrated the use of stacked CA for

different goals in the R04 and B35 clinical trials. In our
examples, toxicity spaces representing contingency
tables at the highest level of refinement of AE classes -
term and grade combination - have three dimensions
such that the loss of information when using CA biplots
was 20.82% in R04 and 10.30% in B35, which are within
the threshold of 30% as proposed by some authors. In
R04 trial, CA biplots displayed the differences in AE
patterns between single agent treatments and their
combinations with Oxa at all levels of AE classes, such

(See figure on previous page.)
Fig. 1 Asymmetric contribution biplots for AE data from R04 trial – a AE class defined by AE grades; b AE class defined by AE domains with
contribution at least 4.76%; c AE class defined by AE domains and grades with contribution and relative frequency at least 3.22%; d AE class
defined by AE terms with contribution and relative frequency at least 0.96%; e AE class defined by AE terms and grades with contribution at least
0.64% and relative frequency at least 0.96%

Table 4 AE classes and their decomposition of total inertia into
3 dimensions for B35 trial

AE Class # AE classes Dim 1 Dim 2 Dim 3

Grade 3 92.57 6.98 0.45

Domain 20 62.35 34.46 3.19

Domain + Grade 60 55.73 39.80 4.47

Term 214 47.20 43.01 9.79

Term + Grade 384 48.18 41.52 10.30

Table 5 Percentage (%) of AE grades at cycle 1 by treatment in
B35 trial

AE
class

Adherent Non-adherent Average

Anastrozole Tamoxifen Anastrozole Tamoxifen

G2 38.22 40.69 49.66 52.23 45.20

G3 2.22 3.91 10.61 11.94 7.63

G4 0.188 0.279 0.903 3.279 1.162
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Fig. 2 (See legend on next page.)
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that an interaction effect when adding Oxa to Cape/5-
FU was identified. In the B35 trial, CA biplots showed
the discrepancies between non-adherent and adherent
Tamoxifen and Anastrozole. Different patterns for non-
adherent Anastrozole and Tamoxifen were observed
contrasting with their adherent counterparts. Interest-
ingly, CA biplots identified expected differences in AE
frequency between treatments (e.g., Arthralgia associat-
ing with non-adherent Anastrozole and Hot Flashes as-
sociated with non-adherent Tamoxifen), but also others
that were less expected (e.g., Depression and fatigue as-
sociated with Anastrozole and Dizziness with
Tamoxifen).
The main goal of CA in the context of AEs is to

visualize associations between treatments and AEs while
controlling the loss of information due the dimension
reduction of the toxicity space. The loss of information
is an increasing function of the level of refinement of AE
classes. The several levels of AE classes could give
researchers insights regarding the discrepancies among
treatments. While CA with AE grades presents a more
understandable biplot, it does not discriminate the
toxicity profiles enough. On the other hand, CA biplots
with AE terms and grades presents a lot of information
that might make harder to draw conclusions at the same
time allowing one to understand detailed differences
among groups. A possible compromise is CA biplots
with domains or domains and grades that indicate
enough differences among treatment without being
visually overwhelming.
Ideally, CA biplots with AE classes defined based on

AE grades and their combinations with terms/ domains
would show AEs following the grade ordering.
Nonetheless, such pattern is rarely observed even in CA
biplots that are based solely on AE grades with large
variability explained by dimension 1. The lack of
ordering is expected, although not intuitive, because
associations, which are shown by CA biplots, between
treatments and AE classes defined based on AE grades
are often not ordered. At first glance, the understanding
of CA biplots might be misleading, but we believe that
annotated toy CA biplots as presented in this work will
help researchers to interpret results.
We have not discussed inference based on CA given

its limited scope. Few authors have [35–37] presented
inferential procedures using bootstrap to provide
confidence regions on CA biplots with poor

performance when dealing with sparse matrices. Also,
we did not study the association pattern within AE
classes for a treatment and multiple AE of the same
grade are not taken into account if a CA biplot is based
on more than one treatment cycle. In future work, we
plan to apply joint CA to visualize association pattern
within AE classes by treatments and analysis of matched
matrices to compare such patterns between treatments,
respectively.

Conclusion
CA with contribution biplot is an effective tool that can be
used to summarize AE data in a two-dimensional display
while minimizing the loss of information and interpret-
ation. It is general enough to be applied to a variety of
drugs classes and diseases. Instead of lengthy frequency ta-
bles presented as supplemental material of trial reports,
CA biplots for AE classes defined based on either terms or
the combination between terms and grades could be pre-
sented, so the data can be examined visually. Furthermore,
CA could be used to help investigators to select AE classes
to be summarized based on objective criteria given by
their contributions to the explained variance and relative
frequencies. In this way, AE reporting would be more con-
sistent across studies. A drawback of such strategy is that
it could miss AE classes with high frequencies, but low
contribution such as Anal and Abdominal Pain in R04
trial. Therefore, clinical input such as relatedness to treat-
ment and severity of AEs should also be considered and
several configurations of CA biplots should be investigated
such that conclusions need to be double-checked with fre-
quencies tables, which are also provided in the Shiny app
in the R-package visae.
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