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Abstract

The tree-based scan statistic proposed by Kulldorff (2003) is a useful data mining
method for detecting signals of excessive risk in hierarchical data. In post-market drug
safety surveillance (PMS), the method plays an important role as an “early warning system”
that can detect drug safety issues more quickly than traditional methods. Adverse events
data coded with medical dictionaries such as WHO Adverse Reactions Terminology
(WHO-ART) and Medical Dictionary for Regulatory Activities (MedDRA) is effective for

this purpose.

TreeScan is software for various versions of the tree-based scan statistic. The software
has some inconveniences and limitations due to the graphic user interface (GUI) design.
Users need to use another program to pre-process data in the format required by TreeScan.
It is also cumbersome to analyze multiple datasets because it takes a long time to manually
change input data and options. We introduce a new and convenient R package “rtreescan”

that can solve this problem.

This study has two main objectives. The first purpose is to develop an R package
“rtreescan” that implements TreeScan software in R. The second is to understand each type
of tree-based scan statistic and outline mathematical formulas such as statistics and relative
risks by model. We explain the analysis results by applying each method to the KIDS

KAERS database (KIDS-KD) reported from 2010 to 2016.

Vi



In conclusion, we have developed a package that enables all analysis processes,
including data pre-processing, analysis, and visualization, in one program. As simulation
studies become possible, it is likely to contribute to the development of the tree-based scan
statistic. In addition, for the first time in this study, the formulas for all methods of this
statistic have been summarized. This study is expected to help provide an overall

understanding of the tree-based scan statistics and facilitate future studies by researchers.

Keywords: Tree-based scan statistic, Adverse events, Post-market drug safety surveillance,

Pharmacovigilance, Signal detection
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1. Introduction

To protect public health, it is important to detect unsuspected adverse drug events (AEs)
after new drugs are marketed. Not all AEs are reported even in large clinical trials due to
the short duration of studies, limited sample size, and limited population representativeness,
and so on. In post-market drug safety surveillance (PMS), rare but serious AEs that did not
occur in pre-approval clinical trials can be found. Therefore, the importance of monitoring

drugs after their approval is growing.

PMS is generally based on spontaneous reporting systems (SRSs), which consist of
reports from patients, doctors, pharmacists and other healthcare professionals. In the United
States of America, the FDA Adverse Event Reporting System (FAERS, formerly AERS),
the Vaccine Adverse Event Reporting System (VAERS) are used to collect and assess the
safety of drugs and vaccines, respectively. VigiBase is a World Health Organization’s
(WHO) global Individual Case Safety Report (ICSR), maintained by the Uppsala
Monitoring Center on behalf of the WHO. Also, South Korea has the Korea Adverse Events
Reporting System (KAERS) managed by the Korea Institute of Drug Safety and Risk
Management (KIDS). SRSs have limitations like under-reporting and length of time on the
market. Nevertheless, SRS databases can be effective in detecting potentially unusual or

rare AEs. Data mining methods have widely been applied to this type of data.



In pharmacovigilance, data mining methods play a crucial role as an “early warning
system” that could detect drug safety issues more quickly than traditional methods. The
most widely used method is disproportionality analysis based on calculations using a 2x2
contingency table of drugs-AEs. It consists of several frequentist and Bayesian methods.
Frequentist methods include proportional reporting ratio (PRR), reporting odds ratio (ROR),
likelihood ratio test (LRT)-based method. Bayesian methods include Bayesian confidence
propagation neural network (BCPNN), information component (IC), multi-item gamma

Poisson shrinker (MGPS), simplified Bayes (sB), among others.

Tree-based scan statistic (Kulldorff., 2003) is another useful data mining method for
detecting signals of excessive risks. The method is suitable for hierarchical structure data
in which AEs are coded with medical dictionaries such as WHO Adverse Reactions
Terminology (WHO-ART) and Medical Dictionary for Regulatory Activities (MedDRA).
The tree-based scan statistic finds statistically significant cuts, i.e. signals, by scanning all
possible cuts in all branches. The test statistics are calculated based on the likelihood
function for each cut. The hypothesis testing is performed with p-values estimated by

Monte-Carlo simulation.

TreeScan is free software that implements various versions of tree-based scan statistic
(http://www.treescan.org). There are some inconveniences and limitations due to the
graphic user interface (GUI) design. First, users need to use another program to pre-process

data in the format required by TreeScan. Second, it is also cumbersome to perform analyses



repeatedly using different datasets, like a simulation study. Third, users need to understand
how to use TreeScan. We introduce a new and convenient “rtreescan” package that can

solve this problem.

In Section 2, we provide a brief overview of tree-based scan statistic for overall
understanding. In Section 3, we outline the mathematical formulas of the method based on
several probability models. we also look at the meaning of conditional and unconditional
analysis. Section 4 explains the TreeScan software and the developed R package. The
components and advantages of the package are described in detail. In Section 5, we analyze
the KIDS KAERS database (KIDS-KD) data. Finally, we discuss our results and provide

some conclusions in Section 6.



2. Overview of tree-based scan statistic

In this session, we briefly explain the concept of a tree-based scan statistic. First of all,
it is necessary to understand the appropriate usage situation and tree structure. And this

session covers the procedure of calculating the statistic and the statistical inference process.

2.1 Background

Tree-based scan statistic (Kulldorff, 2003) is a statistical data mining method used for
signal detection in large healthcare databases. Unlike other data mining methods, this
method needs only minimal prior assumptions on the granularity of AEs. In addition, only
the tree-based scan statistic accurately controlled type | errors in a study comparing several
data mining methods for signal detection (Park et al., 2020). Hence, it is useful for detecting
unsuspected relationships with disease risk when independent variables are hierarchical

structures.



Diagnosis
Tree

Vascular

. Heart disease
disease

High blood
pressure infarction

Heart failure Myocardial

Cerebral Cerebral
infarction hemorrhage

Figure 1. Example of a disease diagnosis tree

Since this method is based on the theory of scan statistics, a hierarchical tree structure
pre-specified by the user is required as a scanning window. A tree can be organized into
different types depending on the purpose of the study. For example, if the purpose of the
study is to detect AEs in a new drug or vaccine, a disease diagnosis tree is used. Figure 1
shows an example of a very small disease diagnosis tree. Conversely, the pharmaceutical
drug tree is appropriate for the case we want to know what kind of drug is causing a specific
AE. Also, the occupational tree is useful if the interest of the study is finding out which

occupational groups have a high risk of getting a certain disease.

The tree is made up of nodes and branches. The branches connecting the leaves
represent how closely one node is related to the other. The leaf, which is a node at the

bottom of the tree, corresponding to a specific AE. Each leaf contains information about



the total number of patients with a specific AE and the number of patients with a specific
AE from a certain drug. The related leaves belong to the same higher level, called nodes.
A cut is defined as a branch with more observed cases than expected cases, a set of nodes

just below the cut.

This method assesses risks simultaneously by scanning for all possible cuts on any
branch, adjusting for the multiple testing inherent in the many overlapping groups
evaluated. The test statistic is defined as the maximum value of the log-likelihood ratio test
statistic comparing a potential cut versus the remaining areas. The cut with the maximum
log-likelihood ratio (LLR) is called the Most Likely Cut (MLC). Monte Carlo simulation
is used to evaluate the statistical significance of detected cuts. The key is that statistically
significant signals do not imply causality. In contrast to most epidemiological studies that
evaluate predefined hypotheses, data mining aims to monitor many unsuspected
relationships simultaneously. This make it possible to take subsequent action promptly by

detecting signals.



2.2 Statistical Inference

Most scan-based statistics are known to be difficult to derive theoretical distributions
for statistical significance tests. Since the null distribution of test statistic 7"is generally
unknown, Monte Carlo hypothesis testing is conducted. This procedure is to build an
empirical distribution of the test statistic 7 in order to evaluate its statistical significance

(Dwass, 1957).

To calculate the p-value of detected cuts, random datasets are generated multiple
times under the null hypothesis. The number of random datasets is usually used as a

number ending in 999 such as 999 or 9999. Test statistics are calculated for each random

dataset as well as for the real dataset. The Monte Carlo p-value is obtained as , Where

_R_
(M+1)
R is the rank of the test statistic from the real dataset and M is the number of randomly
generated datasets. This means comparing the maximum likelihood ratio of MLC in the
real dataset and the maximum likelihood ratio of MLCs in the random datasets. A high R

ranking is an evidence to reject the null hypothesis. If R is among the 5 percent highest,

then the test is significant at & = 0.05 level of statistical significance.

In TreeScan, M is set to 999 to provide superior power regardless of data type. For
small to medium-size datasets where computing time is not a problem, M is

recommended at least 9999 times.



A summary of the procedure for calculating the tree-based scan statistic is as follows:

Calculation procedures of the tree-based scan statistic

1. Scan the tree by considering all possible cuts on any branch.

2. For each cut, calculate the likelihood.

3. Denote the cut with the maximum likelihood as the MLC.

4. Under the null hypothesis, generate M (999 or 9999) Monte Carlo replications.

5. Compare the MLC from the real dataset with the MLCs from the random datasets.

R
M+1)’

6. If the rank of the MLC from the real dataset is R, the p-value for that cut is




3. Tree-based scan statistic

The tree-based scan statistic has been developed in three main types: Poisson,
Bernoulli, Tree-Temporal. Each model has a different formula depending on the
conditional type. This section describes the tree-based scan statistic based on different

probability models.

3.1 Unconditional and conditional analysis

Table 1. Data structure of drug-AE pair

AEl AEZ AEk
Case Ny Ny, Nk ni.
Control (Bernoulli) n n N .
or Population (Poisson) 21 22 2k 2¢
U N, N

Unconditional and conditional versions depend on whether they are conditioned on the
observed data. Literally, conditional scan statistics are conditioned on the total number of
observed cases in the tree, but unconditional scan statistics are not. Therefore, in the
conditional version, the probability of being a case is replaced as the proportion of cases in
the data i.e. p =nq./(n4. +ny.). The unconditional scan statistics need external

information about the true probability of being a case under the null hypothesis.



In terms of PMS, it is generally difficult to know the true probability of AEs occurring
by a specific drug. The reason is that not all cases are reported even if AEs have occurred.
That is, the row margins in Table 1 (row totals) are fixed. we can use conditional scan

statistic in this case.

On the other hand, we apply the unconditional scan statistic in self-controlled data and
matched data. In these types of data, the true probability of being a case can be assumed.
The following is a simple example of a self-controlled design, such as a crossover design.
In a vaccine study, cases and controls could be a health outcome occurring 1-14, 29-56
days after vaccination, respectively. In this situation, the probability of being a case is 1/3,
since the control risk interval is twice as long as the case risk interval. Another example is
the case of using the propensity score matching method to adjust confounders. If the

matching ratio of case and control is 1:1, the probability of being a case is set at 1/2.

There is no difference in statistics according to self-controlled design. However, the
formulas for relative risk, excess number of cases, and attributable risk are different. In
addition, the generated random datasets are affected by the conditional type in the Monte
Carlo simulation step. With conditional analysis, the total number of cases in each random
dataset is exactly the same as the real dataset. In unconditional analysis, random data is
generated either from expected counts (Poisson model) or by using the true probability of
being a case (Bernoulli model). The expected counts and the event probability must be pre-

specified by the user.

10



3.2 Tree-based scan statistic in Poisson model

Kulldorff proposed Poisson-type tree-based scan statistic for count data. This is used
to model the incidence of AEs. The method is proper if the population can reflect the risk
density (e.g. total person-years or covariate-adjusted expected counts).

In mathematical notation, let c; be the observed number of AEs potentially occurred
by a specific drug in leaf i. ¢; is approximately Poisson distributed with mean A;n;,
where A; is the probability of the ith AE occurring by a specific drug. n; is the total
number of observed AEs in leaf i. C =),;c; and N = );n; are summations for all
leaves on the tree. If cut G is a group of nearby and related leaves, let c; = Y.;eq¢; and
ng = iegn; foreach cut G.

The hypothesis is as follows:

Hy: Ag = Ag (foralli € G) vs. H, : A; > Ag (for atleastonei € G).

Under the null hypothesis, the incidence is the same inside and outside the cut G. The
alternative hypothesis is that there is at least one cut with a higher incidence than outside
the cut. That is, there is at least one leaf or branch with more expected AEs than defined
under H,. However, the null hypothesis can be expressed differently depending on the

unconditional and conditional version.
The most likely cut is the node G with maximum LLR, test statistic T is defined as

T = max LLR(G)

11



In the unconditional version, the log-likelihood ratio for cut G is as follows.

LLR(G) = (nG —cc+In (:I—G)CG) X I(cg > ng)

G

where /() is the indicator function, 1 if the observed case of cut G is greater than expected.
The indicator function reflects our interest in the study. It can be replaced by I(c; < ng)
when the alternative hypothesis is 1, < Ag.

For the unconditional version, the population means the expected counts under H,.
This version of the statistic focuses on whether the observed count is greater than the
expected count for each cut, rather than comparing the incidence rates inside and outside
the cut. Since the statistics are not conditioned on the total cases N, the null hypothesis is

that AEs are generated from the expected counts.

In the conditional version, there is a difference in the formula.

cc\6 (€ —cg ¢=¢cc
LLR(G) = In (nG) ((Ng)_CnG) X 1(;—2 > ; : rcl(;)
N

where /() is the indicator function, 1 if there are more events inside than outside the cut G.

In a conditional Poisson model, the population can be raw population numbers, a
covariate-adjusted population at risk, the expected cases under Hy. The true probability is
considered C/N since statistics are conditioned on the total cases N. Therefore, the null
hypothesis is that the relative risk (RR) of each AE is determined by the relative magnitude

of the expected counts, but the total number of AEs is fixed.

12



3.3 Tree-based scan statistic in Bernoulli model

The Bernoulli model is used for binary data, including disease status, exposure status,
etc. Since it models cases that have already occurred at a point in time, it identifies
prevalence. Let ¢; and n, are the number of cases in the exposure and the total number
of AEs for a given G, respectively. ng; — ¢; represents the number of cases in the control.

The hypothesis is as follows:

Hy:pg = po (foralli € G) vs. H, : pg > pg (for atleastone i € G).

In the unconditional version, the log-likelihood ratio for cut G is as follows.

()" ()
ng ng

pe (1 —p)re—c

C
LLR(G) = In X (£ > p)
ng

where p = p,, which is the probability of being a case under H,, default to p, = 0.5.
In this case, the null hypothesis is that the probability of an event occurring in the exposure

group versus the control group is proportional to p,. p must be set by the user.

In the conditional version, the formula is defined as

(C_G)CG (nG — CG)na—ca (C — ¢ )C—CG (N —ng — (C — CG))N_nG_(C_CG)

N — N —
LLR(G) = In| 1€ e C”g e i
® )
CG C - CG
XI(— >
(Tl(; N - nc)

The null hypothesis in the model is that the probability of an event occurring in the

exposure group versus the control group is proportional to the total number of AEs.

13



3.4 Tree-Temporal scan statistic

The tree-temporal scan statistic is a combination of the standard tree-based scan
statistic and the temporal scan statistic. It is a way to identify how cases are distributed over
time in a tree. This requires time information about drug administration and AEs occurrence.
It is commonly used in vaccine studies where vaccination times are precisely defined.

Only the tree-temporal scan statistic needs to specify the data time range (start and end
range), and study period (i.e. follow-up period, observation period). The start and end
ranges are defined as the earliest and last time that data was collected, respectively. For
instance, with a study period of 30 days, AEs could occur at 1-14 days and end at 2-25 days.
In this case, all temporal clusters with a maximum interval of 15 days (half of the study
period), including [1-2], [2], [3-5], and [ 14-25], are evaluated. This means that all potential
time intervals (i.e. risk windows) are evaluated each branch. When assessing a risk window,
it is compared with a period that is not within that period, as if the risk window is 14-25
days, the control period is 1-13 plus 26-30 days.

This method is basically conditioned on the number of cases observed in each node.
Unconditional and conditional are classified according to whether it is conditioned on time.
Namely, unconditional statistic is not conditioned on time. Therefore, it assumes that cases
are occur the same probability in study period.

In this model, let ¢, is the number of cases in node G that is also in a specific time
interval. ng; is the number of cases in node G and n; — ¢; means the number of cases

on node G that are NOT in the time interval, respectively.

14



The hypothesis is as follows:

Hy: A; = Ao (forall i € G over the entire tree)
vs. Hy : Ag > Ag (for atleast one i € G during some time interval).

In the unconditional version, the log likelihood ratio formula for cut G is as follows.

()" (o)™
ng Ng e

CHEDE

where w : Length of the time interval, T : Length of the total study period

LLR(G) = In

In the model that is unconditional with respect to time, the null hypothesis is that cases
occur uniformly over the study period, with equal probability on each day. That is, AEs
occur in proportion to the length of the time interval relative to the total study period. The

probability of an event occurring in a time interval is assumed to be w/T.

In the conditional version, the formula is defined as

LLR(G) = In <(5—G)CG (C — CG)HG> X [(cg > ug)

G C—-ug
where c; : Number of cases for node G in the time interval
ng : Total number of cases in the node G
C : Total number of cases in the tree

Z : Total number of cases in time interval over the tree

z . . :
UG =MNg X7 : Expected cases in the time interval in node G under H,

15



Day, Day, Day, s Dayyg

AE,
AE2 CG nG
AE,

VA C

Figure 2. Cross-table of cases and times
The unconditional tree-temporal scan statistic only conditions the number of cases
observed at each node, whereas this statistic also conditions the total number of cases
occurring in each time unit. Therefore, the probability of an event occurring varies over
time. As an example, it is available for cases where the probability of AEs is high early in

the vaccination and then lows thereafter.

The null hypothesis is all AEs have the same probability of occurring on a certain time
interval. Similar to the conditional Bernoulli model, the probability under H, is based on

the proportion of the total number of AEs in that time interval and the total number of AEs
in the study period (i.e. %).

If the specified time interval is 2-3 days and cut G is AE,, as shown in Figure 2, the
expected cases of AE, for that period is calculated as u; = ng X % That is, ug; is the

part that reflects the variable risk window. In addition, the tree-temporal scan statistic can
analyze censored data based on pseudolikelihood. The censoring time can be added to the

fourth column of the case file. Please refer to the TreeScan guidelines for details.

16



Table 2. Mathematical formulas for log-likelihood ratio by model

Type of Scan Conditional Log-likelihood ratio
G
No LLR(G) = (nG —c;+in (;—G) ) X I(cg > ng)
G
Poisson
(C_G)CG (C _ CG )C—CG
Total case LLR(G) = In| ¢ NC _CnG 1(:1_6 Ii _ ;G>
G — e
)
No, self-control (TCI—G)CG ("Gn;CG)nG_CG .
LLR(G) = In| —& & ><1(—> )
No, standard pe(1 —p)ne ng P
Bernoulli
(G (Ra=ca)"* ™ (£~ )HG (N —ng—(C~ cc))”‘"c‘“‘fa)
Total cases LLR(G) = In| 1€ g N —ng N —ng < | (C_G C=¢
CCN—CN_C ng N-—ng
W G5)
) ™
n n G w
Node LLR(G) = In| — &t xl(i > )
Tree-Temporal (T) ( T )
. 6 /C — C-cg
Node and time LLR(G):m((C_G) G( CG) )xl(c6>uc)
uG C - uG
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Table 3. Mathematical formulas for various index by model

Type of Scan Conditional Expected Relative Risk Excess Cases
c
No n - c—n
n
Poisson
Total C c/n (C—-o0o
otal case n— c—n
€ -o/tN-m N-m)
c
No, self-control np % c—np
. c/p (n—c)
Bernoulli No, standard np c—p
(n=0/A-p) 1-p)
Total cases nt c/n c—n Gl
N (C—c)/(N—-mn) (N —n)
wn c/w n—rc)
Nod — -
o T (= 0)/(T —w) TVT-w
Tree-Temporal
Node and ti nz c(C—mn—2z+c) n—0oc)(z—-o0)
ode and time n—=c)(z—rc) ¢ (C—m—-2z+0)
wC c/w (C—-o)
Purely Temporal Total cases — c—w
v emp T € —)/(T —w) T —w)
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4. Package development

This section introduces a new package available in R. A rtreescan package operate
based on the TreeScan software. After a briefly review of the TreeScan software, we

illustrate components and expected effects of the developed package.
4.1 TreeScan software

TreeScan is a data mining software that allows users to analyze large datasets using
various versions of the tree-based scan statistic. It looks for excess risk not only in each
individual cell in the database but also in groups of closely related cells. It is not open-

source, but it is distributed free of charge on the website (https://www.treescan.org).

TreeScan requires three files to operate: a parameter file, a tree file, and a count file.
The parameter file contains all information about the analysis, including the type of
probability model, input and output options. The tree file represents the structure of the tree
in two variables: Node ID and Parent Node ID. Every node on the tree is assigned a unique
Node ID. The second variable is defined as the parent node above one level of that node.
Each row in the tree file represents one node. That is, it has as many rows as the number of
nodes including the root. The count file has information about observed case by each node.
This file consists of three variables. Basically, it has Node ID and Number of Cases, and
the last variable depends on the type of probability model. For the Bernoulli model, the last

variable is the number of controls, and for the Poisson model, it is expected cases or total
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population numbers. The tree-temporal model contains information about case times. Table

4 describes the variables required for the count file.

Table 4. Information about the variables in the count file

Variable Description

Node ID Any numerical value or string of characters. Not used for a

purely temporal analysis.

Number of Cases The number of observed cases for the specified node.

Number of Controls  The number of observed controls for the specified node.

(Bernoulli)

Population The population size for the specified node. For the conditional
(Poisson) Poisson model, this could be raw population numbers, a
covariate adjusted population at risk, or, the expected number of
cases under the null hypothesis. If the unconditional Poisson

model is used, it must be the expected counts.
Time Specified in a generic format, which typically represent days,
(Tree-temporal) weeks, months or years, although it could also represent

seconds, minutes, decades or centuries.

20



4.2 A rtreescan package

There are two ways of access to TreeScan: a GUI and a batch file. The GUI is easy to
perform by direct manipulation of graphic elements but prevents automated and repeated
operation. The batch file allows this but can be hard to integrate into other analyses. The
rtreescan package based on the batch file enables easy automation and integration. This
package allows TreeScan to operate in an R environment. Therefore, TreeScan must be

installed in advance to use the rtreescan package.

Analysis of the Tree-Based Scan Statistic with TreeScan R

~
_\|\‘i \)

Documentation for package ‘rtreescan’ version 0.0.0.9000

« DESCRIPTION file.
» WUser guides, package vignettes and other documentation.

Help Pages

charlistopts Change list version of parameters into character vectors
makeSignaltree Color the signal of the tree structure

maketree Convert an object a 'data.tree’ structure

print treescan Methods for treescan-class objects

prm Default parameter file

PVcas Pharmacovigilance data set case file

Bvitre Pharmacovigilance dataset tree file

subin Substitute new values into the input object
treescan Run TreeScan software in O3

ts.options Set or reset parametars to be used by TreeScan
write cas VWrite a TreeScan cas (case) file

write tre Write a TreeScan tre (tree) file

write.ts. prm Write the TreeScan prm (parameter) file

Figure 3. Help for the rtreescan package (Demonstration version)
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4.2.1 Components of the package

The package is composed of R functions, sample datasets, and documents. Sample
datasets and documents help users easily use the package. Help illustrates R functions,
sample datasets, and other objects. Vignette is a helpful tutorial that guides users on how
to use the package.

The R functions of the rtreescan package consist of three main parts: a parameter
function to set parameters for TreeScan, an execution function to run TreeScan, and a

plotting function to visualize hierarchical tree structures.

Parameter function

The parameter function plays two main roles in setting parameters and writing files to
the operating system (OS). First, we need to set parameters for our analysis purposes. we
can use ts.options() to check and change the default settings of TreeScan that are set
automatically. For example, this function can set the type of probability model, conditional
type, input and output options, the number of Monte Carlo replications, and so on.

Second, we must write all input files with a specific file extension to the OS in
TreeScan readable formats. This is because TreeScan requires all input files to be in
TreeScan ASCII file format. The write.ts.prm() function allow us to save parameter
information set by ts.function() to the parameter file with “.prm” extension. In the same
way, we can use write.cas() and write tre() to write count file with “.cas” extension and tree

file “.tre” extension, respectively.
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Execution function

The main function, treescan() runs TreeScan with information pre-specified in the
parameter file. This function returns a standard output file with a “.txt” file extension that
contains a summary of data, most likely cuts, parameter settings, and computational
information. We can also generate additional optional output files in HTML, CSV format

by setting output options.

Plotting function

The plotting function is to visualize the analysis results in a tree structure. The
maketree() function converts the tree file to data.tree structure required for visualization.
The data.tree structure consists of the path text from the root to each leaf. The
makeSignaltree() function needs the results of maketree() and treescan() functions. In other
words, the maketree() creates an entire tree structure with all leaves connected to their
parent nodes. The makeSignaltree() function colors detected signals in the entire tree
structure generated by the maketree() function. It is possible to extract statistically
significant parts of the tree with the “onlysignal=TRUE” option. This is useful if the tree
structure is too large to be visualized. In addition, users can change the style of the nodes

or edges to suit their preferences using various functions in data.tree package.
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Simulated data

We generated sample datasets (PVcas, PVtre) based on real data for easy use of the
packages by users. For this, we used the KIDS KAERS database (KIDS-KD) reported to
KAERS between 2012 and 2016. KAERS is designed to report and manage information
about abnormal cases after taking medicine and medical supplier. KIDS-KD is coded as
WHO-ART for the internationally standardized classification of diseases. It has 4 levels
hierarchy that begins with the human organ system. However, PVtre data considered 3
levels only with the terms PT, HT, and SOC. And we extracted a sub-tree with 14 leaves
from all the reported leaves from the database. Also, PVcas are simulated with different
values, maintaining the pattern of the actual values. Once users load the package, simulated

datasets are available in R.

® SOC: System-organ classes body organ groups
® HT: High level terms for grouping preferred terms
® PT: Preferred terms principal terms for describing adverse reactions

® IT: Included terms synonyms to Preferred terms

Vignette guides users with detailed instructions on how to use the package. It is in the
supplementary of section 7. Figure 4 on the next page is a visualization of the entire tree
structure created by maketree(), and Figure 5 is the result of coloring statistically significant

signals using makeSignaltree(arg, onlysignal=TRUE).
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Figure 4. Plot of entiretree object
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Figure 5. Plot of signaltree object
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4.2.2 Advantages of the package

The rtreescan package brings three major advantages to users. First, users can perform
all analysis processes in one program. TreeScan requires input files with a certain format.
Users need to redefine the data in a format suitable for TreeScan. Users may use another
software (e.g. Excel, R) to do this and input the defined data into the TreeScan. This is
often cumbersome, especially if users have a lot of data to handle. With rtreescan package,

users can preprocess, analyze, and visualize easily in R without multiple software.

Second, this package makes it possible to repeat the analysis using numerous datasets.
Not only have countless drugs and vaccines already been developed around the world, but
the development of new drugs in the bio-pharmaceutical field has recently become more
active. Reported AEs information will also increase as the number of drugs on the market
increases. It can be time-consuming to use a GUI-type program whenever
Pharmacovigilance is performed on many drugs. If numerous analyses need to be

performed like this, it is highly efficient to use this package.

It also enables simulation studies. As mentioned previously, the tree-based scan
statistic has been developed recently, and only three types are available. Simulation studies
using this package can contribute to active research using the tree-based scan statistic. For
instance, we can develop new statistics that complement existing statistics and compare
performance with existing ones. Various studies based on simulation studies can be

conducted using “rtreescan” package.
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Third, users can customize the visualization options of the tree structure. By setting
options, users can change the color and shape of the node, the font type, and the thickness
of the edge in different styles. When using data with large tree structures, such as real data,
it is impossible to visualize the results. In this case, the function to visualize only the
detected signals in the package can be useful. Visualized results help users understand the

analysis results. Visualization plots help users understand the overall results of the analysis.
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5. Application

5.1 Data description

We used the KIDS KAERS database (KIDS-KD) reported to KAERS between 2012
and 2016 to apply the method to real data. The data contains information on demographics,
drugs, AEs, reporters, medical history, and a causality assessment. All drugs and AEs are
coded by the Anatomical Therapeutic Chemical Classification System (ATC) code and

WHO-ART’s preferred terms (PTs), respectively.

The frequency table of drugs and AEs includes approximately 1.8 million drug reports
with 1,981 types of drugs, and 1.1 million AE reports with 4,078 types of AEs. Only the
first report was used for duplicate AE drug pairs reported by the same person at dose or
time. We did not include pairs whose causal assessment criteria are lower than ‘possible’
and whose duration (the length from drug administration to AE occurrence) is less than one
day. The final dataset included 360,971 reports with types of 838 AEs. The tree structure

consists of SOC and PT term (i.e. two levels), excluding HLT, and IT.

In order to explore safety signals, we considered Levofloxacin, which is used to treat
a variety of bacterial infections. In the Bernoulli model, Ciprofloxacin, the same second-

generation Quinolones as Levofloxacin, was used as a control.
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5.2 Results

The results of signal detection using real data are shown in Figures 6-11 and Tables 5-

12. The common AE of Ciprofloxacin (the control group in the Bernoulli model) is similar

to Levofloxacin. Levofloxacin-related AEs are reported most frequently for nausea,

vomiting, diarrhea, headache, trouble sleeping, abdominal pain, rash, itching, and so on.

Ciprofloxacin-related AEs are reported most frequently for nausea, vomiting, diarrhea,

headache, abdominal pain, rash, stomach upset (https://www.healthline.com).

Two commonly detected signals (0600_0205, Diarrhoea; 0200_0063; Arthralgia) in

the three models are marked in light blue.

5.2.1 Tree-based scan statistic in the Poisson model

The Poisson model performed an analysis of when covariates were adjusted and not

adjusted. The adjusted covariates considered age and gender. Age is grouped into 8

categories at 10-year intervals, including under 20s, 20s, and 80s and older. First, we look

at the results of not adjusting covariates.

(1820_1 851)

(1 820_1 BBO] (182(]_1 QEBJ [1 820_0058} [01 DD_DDZ?) (01 00_0024) (Dﬂ 00_0028) (UEDD_DZOS) (0600_1 20 1) (‘1 030_136 1) (0200_0053)

Figure 6. Plot of signal detection for levofloxacin in the Poisson model

(no covariate adjustment)
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In this case, the signals detected in the unconditional and conditional versions are the

same, as in Figure 6. There is a difference only in RR values in Table 5 and 6.

In this model with 13 signals, AEs on diarrhea and skin disease (0100, 1820) are
statistically significantly detected. That is, there is a higher incidence of diarrhea and skin
diseases that are potentially caused by Levofloxacin than other drugs. However, it is
important to note that this is not a causal relationship where AEs are caused by a particular
drug. Significantly detected AEs belong to the Skin and appendages disorders (0100) are
as follows: Pruritus (0100_0024), Rash (0100_0027), Rash erythematous (0100_0028).
Significantly detected AEs belong to the Application site disorders (1820) are Injection site
reaction (1820_0058), Injection site pruritus (1820_1880), Injection site rash (1820_1881),
Injection site urticaria (1820_1968). Other detected signals include Arthralgia (0200 _0063),

Diarrhoea (0600_0205), and so on.

30



Table 5. Result of signal detection for levofloxacin in the unconditional Poisson model (no covariate adjustment)

Cut No. Node code Adverse Event Obs Exp RR P-value
1 0100 Skin and appendages disorders 1174 686.69 1.71 0.001
2 0100_0024 Pruritus 500 253.03 1.98 0.001
3 0100 0027 Rash 400 159.06 2.51 0.001
4 0100 0028 Rash erythematous 23 5.8 3.97 0.001
5 0200 0063 Arthralgia 15 3.19 4.71 0.002
6 0600_0205 Diarrhoea 138 54.16 2.55 0.001
7 0600 1201 Diarrhoea, Clostrdium difficile 7 0.85 8.24 0.016
8 1030 1361 QT prolonged 8 0.49 16.3 0.001
9 1820 Application site disorders 241 38.65 6.24 0.001
10 1820_0058 Injection site reaction 16 5.19 3.08 0.048
11 1820 1880 Injection site pruritus 72 2.74 26.27 0.001
12 1820 1881 Injection site rash 110 7.07 15.56 0.001
13 1820 1968 Injection site urticaria 14 1.08 12.91 0.001

Obs, Observed count; Exp, Expected count; RR, Relative Risk
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Table 6. Result of signal detection for levofloxacin in the conditional Poisson model (no covariate adjustment)

Cut No. Node code Adverse Event Obs Exp RR P-value
1 100 Skin and appendages disorders 1174 686.69 2.28 0.001
2 0100_0024 Pruritus 500 253.03 2.2 0.001
3 0100 0027 Rash 400 159.06 2.78 0.001
4 0100 0028 Rash erythematous 23 5.8 3.99 0.001
5 0200 0063 Arthralgia 15 3.19 4.73 0.001
6 0600_0205 Diarrhoea 138 54.16 2.63 0.001
7 0600 1201 Diarrhoea, Clostrdium difficile 7 0.85 8.25 0.009
8 1030 1361 QT prolonged 8 0.49 16.34 0.001
9 1820 Application site disorders 241 38.65 6.76 0.001
10 1820_0058 Injection site reaction 16 5.19 3.1 0.034
11 1820 1880 Injection site pruritus 72 2.74 26.98 0.001
12 1820 1881 Injection site rash 110 7.07 16.19 0.001
13 1820 1968 Injection site urticaria 14 1.08 12.97 0.001

Obs, Observed count; Exp, Expected count; RR, Relative Risk
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The following are the results of adjusting the covariates. Figure 7 and Table 7 are the
results of the unconditional Poisson model and Figure 8 and Table 8 are the results of the

conditional Poisson model, respectively.

=

[1820 1881) [1820 1880} [‘1820 1968] (0100 0027) (0100 0024 0100 0028 0600 0205) (0200 0063) [1030 1361]

Figure 7. Plot of signal detection for levofloxacin in the unconditional Poisson model

(covariate adjustment)

1820_1881 1820_1880 1820_1968 1820_0058 (0100_0027) (0100_0024) (0‘\00_0028] (0600_0205) (0200_0063) (1 030_1361)

Figure 8. Plot of signal detection for levofloxacin in the conditional Poisson model

(covariate adjustment)

In this case, the conditional model detected one more signal of the Injection site
reaction (1820_0058) than the conditional model. However, almost identical signals were
detected, regardless of whether the model was conditioned or covariate-adjusted. In other

words, it can be seen that the occurrence of AEs is not affected by age or gender.
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Table 7. Result of signal detection for levofloxacin in the unconditional Poisson model (covariate adjustment)

Cut No. Node code Adverse Event Obs Exp RR P-value
1 100 Skin and appendages disorders 1174 661.45 1.77 0.001
2 0100_0024 Pruritus 500 247.48 2.02 0.001
3 0100 0027 Rash 400 156.48 2.56 0.001
4 0100 0028 Rash erythematous 23 5.85 3.93 0.001
5 0200 0063 Arthralgia 15 2.99 5.01 0.001
6 0600_0205 Diarrhoea 138 65.09 2.12 0.001
7 1030 1361 QT prolonged 8 0.72 11.11 0.001
8 1820 Application site disorders 241 37.37 6.45 0.001
9 1820 1880 Injection site pruritus 72 2.83 25.41 0.001
10 1820 1881 Injection site rash 110 6.8 16.17 0.001
11 1820 1968 Injection site urticaria 14 0.96 14.51 0.001

Obs, Observed count; Exp, Expected count; RR, Relative Risk
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Table 8. Result of signal detection for levofloxacin in the conditional Poisson model (covariate adjustment)

Cut No. Node code Adverse Event Obs Exp RR P-value
1 100 Skin and appendages disorders 1174 661.45 2.39 0.001
2 0100_0024 Pruritus 500 247.48 2.26 0.001
3 0100 0027 Rash 400 156.48 2.83 0.001
4 0100 0028 Rash erythematous 23 5.85 3.96 0.001
5 0200 0063 Arthralgia 15 2.99 5.03 0.001
6 0600_0205 Diarrhoea 138 65.09 2.18 0.001
7 1030 1361 QT prolonged 8 0.72 11.14 0.001
8 1820 Application site disorders 241 37.37 6.99 0.001
9 1820 0058 Injection site reaction 16 5.2 3.09 0.043
10 1820 1880 Injection site pruritus 72 2.83 26.09 0.001
11 1820 1881 Injection site rash 110 6.8 16.83 0.001
12 1820 1968 Injection site urticaria 14 0.96 14.58 0.001

Obs, Observed count; Exp, Expected count; RR, Relative Risk
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5.2.2 Tree-based scan statistic in the Bernoulli model

0431 0200 0500 0410

l 0431_0238 ' ' 0200_0063 ' [0500_0183) (0410_0154)

Figure 9. Plot of signals detected for levofloxacin in the unconditional Bernoulli model

The unconditional Bernoulli model used matched data for age and gender. Due to 1:1

matching, the true probability was set to 1/2 and a total of six signals were detected.

AEs were newly detected for Vision disorders (0431), Psychiatric disorders (0500).
Because the true probability is set to 0.5, the prevalence of all detected AEs is higher than
0.5. In particular, Conjunctivitis (0431_0238), Insomnia (0500_0183) was detected up to
the upper node despite being a single node. It is expected that the number of cases on the

child nodes will account for a large proportion of the number of cases on the parent node.
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Figure 10. Plot of signals detected for levofloxacin in the conditional Bernoulli model

In the conditional Bernoulli model with 7 signals, AEs were newly detected for
Respiratory system disorders (1100), Dyspnoea (1100 0514), White cell and
reticuloendothelial system (RES) disorders (1220), Platelet, bleeding & clotting disorders
(1230). The detected AE has a higher prevalence of Levofloxacin than Ciprofloxacin.
Although it is not common, there is a study that Levofloxacin can cause serious platelet
depletion (Polprasert, 2009). Although there is a slight difference in the detected signal

depending on the covariate adjustment, Arthralgia (0200_0063) was generally detected.
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Table 9. Result of signal detection for levofloxacin in the unconditional Bernoulli model

Cut No. Node code Adverse Event Total Obs Obs Exp RR P-value
1 0200_0063 Arthralgia 40 35 20 1.75 0.001
2 0410 0154 Tremor 33 26 16.5 1.58 0.04
3 0431 Vision disorders 55 50 27.5 1.82 0.001
4 0431 0238 Conjunctivitis 34 33 17 1.94 0.001
5 0500 Psychiatric disorders 152 97 76 1.28 0.038
6 0500_0183 Insomnia 47 37 23.5 1.57 0.006

Total Obs, Total observation (cases and controls); Obs, Observed cases; Exp, Expected cases; RR, Relative Risk
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Table 10. Result of signal detection for levofloxacin in the conditional Bernoulli model

Cut No. Node code Adverse Event Total Obs Obs Exp RR P-value
1 0200_0063 Arthralgia 17 15 59 2.55 0.001
2 0600_0205 Diarrhoea 243 138 84.34 1.67 0.001
3 1100 Respiratory system disorders 151 72 52.41 1.38 0.044
4 1100 0514 Dyspnoea 105 53 36.44 1.46 0.043
5 1220 White cell and RES disorders 71 38 24.64 1.55 0.048
6 1230 Platelet, bleeding & clotting disorders 27 19 9.37 2.04 0.008
7 1230 0594 Thrombocytopenia 19 14 6.59 2.13 0.028

Total Obs, Total observation (cases and controls); Obs, Observed cases; Exp, Expected cases; RR, Relative Risk
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5.2.3 Tree-Temporal scan statistic

Root

N
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Figure 11. Plot of signals detected for levofloxacin in the conditional

Tree-temporal scan statistic

Unconditional tree-temporal scan statistic is not used in general situations, as AEs are
assumed to occur uniformly over the study period, with equal probability on each day. As
a result of applying the model, 100 signals were detached and therefore visualization was

not possible.

In the Conditional tree-temporal scan statistic with 10 signals, the following SOCs
have been detected: Skin and appendages disorders (0100), Musculo-skeletal system
disorders (0200), Gastro-intestinal system disorders (0600), Liver and biliary system
disorders (0700), Metabolic and nutritional disorders (800), and White cell and RES
disorders (1220). Among them, Skin and appendages disorders (0100) between 1-2 days
after drug administration, Diarrhoea (0600 0205) between 3-20 days drug administration

had a higher incidence than the remaining time interval, respectively.
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Table 11. Result of signal detection for levofloxacin in the unconditional Tree-temporal scan statistic

CutNo. Node code Adverse Event Obs Risk Window Obs in Window Exp RR P-value
1 0100 Skin and appendages disorders 1174 1-4 1002 1.37 5002.72 0.001
2 0100 0003 Angioedema 27 1-7 24 0.055  3922.29 0.001
3 0100 0014 Erythema multiforme 2 1-3 2 0.0017  infinity 0.003
4 0100 0024 Pruritus 500 1-4 436 0.58 5850.23 0.001
5 0100 0027 Rash 400 1-8 365 0.93 4472.55 0.001
6 0100_0028 Rash erythematous 23 1-5 22 0.033  15109.6 0.001
7 0100_0036 Skin discoloration 5 1-4 5 0.0058 infinity 0.001
8 0100 0043 Sweating increased 10 1-12 10 0.035 infinity 0.001
9 0100_0044 Urticaria vesiculosa 191 1-5 171 0.28 5872.14 0.001
10 0100_0871 Bullous eruption 4 1-2 3 0.0023 51555 0.001
11 0100 1199 Skin exfoliation 2 1-4 2 0.0023  infinity 0.005

100 1820 1968 Injection site urticaria 14 1-2 14 0.0081  infinity 0.001

Obs, Observed count; Exp, Expected count; RR, Relative Risk
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Table 12. Result of signal detection for levofloxacin in the conditional Tree-temporal scan statistic

Cut No. Node code Adverse Event Obs Risk Window Obs in Window Exp RR P-value
1 0100 Skin and appendages disorders 1174 1-2 899 787.4 2.23 0.009
2 0200 Musculo-skeletal system disorders 26 18-192 14 1.7 18.05 0.001
3 0200_0063 Arthralcia 15 18-192 11 0.98 41.9 0.001
4 0600 Gastro-intestinal system disorders 646 2-26 373 255.96 2.68 0.001
5 0600 0205 Diarrhoea 138 3-20 92 36.31 6.3 0.001
6 0700 Liver and biliary system disorders 41 4-189 29 10.54 7.25 0.009
7 0800 Metabolic and nutritional disorders 14 74-367 8 0.34 60.21 0.001
8 1220 White cell and RES disorders 38 4-313 32 9.83 15.99 0.001
9 1220 0572 Granulocytopenia 15 13-313 10 1.4 20.19 0.007
10 1220_0576 Leukocytosis 2 54-67 2 0.0091 infinity 0.043

Obs, Observed count; Exp, Expected count; RR, Relative Risk
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6. Conclusion and Discussion

With PMS becoming more important, studies using the tree-based scan statistics are
actively carried out. This method is particularly effective in detecting unusual or rare AEs

in large healthcare data.

Many researchers use TreeScan software to implement this statistic. GUI-type
environments have the advantage of being easy to use, but they often restricted from using
programs. Users have to pre-process input data with another program. It is cumbersome
and time-consuming to analyze many datasets. In case users have numerous datasets to
analyze or want to apply multiple models, setting parameters and entering data per analysis
can be quite tedious. To address these inconveniences, we developed a new and convenient

R package called “rtreescan”.

The package allows users to perform all analysis processes, including data pre-
processing, analysis, and visualization, in one program. It saves researchers time and
provides convenience in the analysis. It also enables analysis of many datasets and
simulation studies are possible with repetitive tasks. This will contribute to the
development of the tree-based scan statistic. When using data with large tree structures,
such as real data, it is impossible to visualize the results. In this case, the function to
visualize only the detected signals in the package can be useful. The figure will give users

to aid in the understanding and interpretation of the result.

For the first time in this study, we also outlined mathematical formulas for all methods

of this statistic. The tree-based scan statistic has been recently developed, so it is not easy
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to find related papers. Therefore, for all methods, this paper briefly describes hypotheses

and characteristics and summarizes formulas.

In conclusion, this study is expected to help provide an overall understanding of the
tree-based scan statistic. And the developed package will useful tool to conduct a study
using this statistic. We hope this package will provide a convenient research environment

to facilitate future studies by researchers.
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7. Supplementary

Section 7 contains the full content of the vignette. This document is a helpful tutorial
for users who are not familiar with analysis procedures and how to use the package. It is

built into the package and can be modified later because it is a pilot version.

rtreescan

TreeScan™ s a data mining software that allows users to analyze large datasets using a
different version of the tree-based scan statistic. This method scans both all individual
cells and groups of closely related cells to find excess risk. It is mainly used to detect
potential adverse events after drugs and vaccines are marketed. However, this can be
applied to any data if the independent variable is a hierarchical structure. For more
details, please refer to the paper on tree-based scan statistic.

rtreescan allows TreeScan™ to operate in an R environment, making it convenient and
flexible. The functions in the package can be grouped into three main parts: parameter
functions that set parameters for TreeScan™ or write them in a file to the OS; execution
functions that run TreeScan™ in OS and generate output files; plotting functions that
visualizes the structure of a tree.

rtreescan only does anything useful if you have TreeScan™. It is not open-source, but it
is distributed free of charge. You can be downloaded for free from the link.
<https://www.treescan.org>

library("rtreescan")

## rtreescan only does anything useful if you have TreeScan

## See http://www.treescan.org/ for free access

Basic usage of the package will:

use the ts.options() function to set TreeScan™ parameters; these are saved in R
use the write.ts.prm() function to write the TreeScan™ parameter file

use the treescan() function to run TreeScan™

use summary() on the treescan() object and proceed to analyze the results from
TreeScan™ in R

o eE
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Example data

Example data sets are automatically downloaded to your computer together with

TreeScan™ itself. The input file format is shown below.

1. Tree Scan Statistic, Poisson Model

Count file Format : <nodelD>, <#cases>, <#population>

Tree file Format : <nodelD>, <parentNodelD>

The count and population data for each leaf node as shown below (Count file:
Poisson.cas).

head(Poisson)

## nodeID cases population

## 1 Leafl 1 200
## 2 Leaf2 2 300
## 3 Leaf3 Q 400
## 4 Leafd 6 200
## 5 Leaf5 4 300
## 6 Leaf6 2 200

The parameter file defines the probability model, input data, and output options to be

performed in the TreeScan™.

If you have a prm file, you can simply use the treescan function as follows:

treescan(loc, "Poisson")
In the treescan(prmlocation, prmfilename), enter the location of the parameter file and the

the name of file excluding the extension.
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result <- treescan(loc, "Poisson")
result$csv

## Cut.No. Node.Identifier Tree.Level Observed.Cases Expected Relative.Risk

#H# 1 1 Leaf9 4 14 2.68 6.66
## 2 2 Node3 3 33 16.10 3.63
## 3 3 Node6 2 35 25.49 2.03
## 4 4 Leafl0o 4 7 2.68 2.84
## 5 5 Leaf4 4 6 2.68 2.39
## 6 6 Leaf8 4 9 5.37 1.81

## Excess.Cases Log.Likelihood.Ratio P.value Ancestry.Order

#H# 1 11.90 13.136308 0.001 6
## 2 23.90 11.148394 0.001 3
## 3 17.73 3.318753 0.084 2
##t 4 4.54 2.579169 0.191 4
## 5 3.49 1.619486 0.506 1
## 6 4.03 1.156791 0.633 5

If the option “results-csv’="y’ is set in the prm file, the result can also be seen in R.

If you don’t have a prm file, you can simply use the TBSS function as follows:

result <- TBSS(Poisson, tree, "Poisson", model=0, condition=1)
Arguments within the TBSS function are entered in order of case file, tree file, and file

name of the parameter you want to create, model type, and condition type.

Also, users can also create functions in the following form by setting only the options

they want:

The probability model and various options can be set based on the information

in ts.options().

head(ts.options())
## [1] "[Analysis]"

## [2] ";scan type (TREEONLY=0, TREETIME=1, TIMEONLY=2)"
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## [3] "scan-type=0"

## [4] ";probability model type (POISSON=@, BERNOULLI=1, UNIFORM=2,
Not-Applicable=3)"

## [5] "probability-model=0"

## [6] ";conditional type (UNCONDITIONAL=0, TOTALCASES=1, NODE=2,
NODEANDTIME=3)"

## [7] "conditional-type=1”

For example, if you want to set up a model and result options like this:

® model: conditional(*“conditional-type”=1) Poisson model(*““probability-model”= 0)

® result to save: csv and html file

you can set the options as the imp_treescan() function below.

imp_treescan <- function(cas, tre, filename){

write.cas(cas, loc, filename)

write.tre(tre, loc, filename)

ts.options(list("tree-filename" = paste@(filename, ".tre"),
"count-filename" = paste@(filename, ".cas")))
ts.options(list("probability-model"= 0, "conditional-type"= 1))
ts.options(list("apply-risk-window-restriction"="y"))

ts.options(list("results-csv"="y"', "results-html"='y"))

write.ts.prm(loc, filename)
result <- treescan(loc, filename)

return(result)

imp_treescan(Poisson, tree, "Poisson")

In the imp_treescan(count, tree, filename), enter the name of count file, tree file and prm
file. Then the prm file is created with the option you set.
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##

H#

H#

##

##

H##

TreeScan vl1.4

Tree Only Scan with Conditional Poisson Model

#i

##

##

#i

#i

##

##

#i

#i

##

SUMMARY OF DATA

Total Cases........cev0vveene.t 55
Total Expected................: 55.
Number of Nodes...............: 19
Number of Root Nodes..........: 1
Number of Nodes with Children.: 7
Number of Leaf Nodes..........: 12
Number of Levels in Tree......: 4

Nodes per Levels..............: 1,

2, 4, 12

#it

#it

##

##

#it

#it

##

##

#i

#i

MOST LIKELY CUTS

1)Node Identifier.......: Leaf9
Tree Level............: 4
Observed Cases........: 14
Expected..............: 2.68
Relative Risk.........: 6.66
Excess Cases..........: 11.90
Log Likelihood Ratio..: 13.136308

P-value...............: 0.001

#HH# ...
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## PARAMETER SETTINGS
H#

## Analysis

{¥R cooosoos
## Type of Scan : Tree Only
## Conditional Analysis : Total Cases

##  Probability Model - Tree : Poisson

## .

To plot the treescan results, create the full tree structure in advance using maketree().
Then you can also use the makeSignaltree() to create a tree structure in which the signals
are captured.

result <- treescan(loc, "Poisson")

entiretree <- maketree(tree)

plot(entiretree)




signaltree <- makeSignaltree(result, entiretree, pv = 0.1, onlysignal = FALSE)

plot(signaltree)

onlysignaltree <- makeSignaltree(result, entiretree, onlysignal = TRUE)

plot(onlysignaltree)

| Root'

L 4
' Nodeﬁ'
Y
| NodeS'
Y
Leaf9

If the onlysignal option is set to FALSE, it shows the entire tree where the signal is
captured, and if set to TRUE only shows where the signal is captured (default = FALSE).
You can also use the desired p-value level using the pv option. In this example, we

changed the p-value level to 0.1.

51



2.Tree Scan Statistic, Bernoulli Model

Count file Format : <nodelD>, <#cases>, <#controls>
Tree file Format : <nodelD>, <parentNodelD>

The case and control count data for each leaf node as shown below (Count file:
Bernoulli.cas).

head(Bernoulli)

## nodeID cases controls

## 1 Leafl 1 2
## 2 Leaf2 2 3
## 3 Leaf3 (4] 4
## 4 Leafd 6 2
## 5 Leaf5 4 3
## 6 Leaf6 2 2

There is a ‘\t’ in front of the parent node name in the example tree file, which requires a
text cleaning process to remove it. The tree.tre file is also used in other model (tree file:
tree.tre).

head(tree)
## nodeID parentNodeID

## 1 Leafl Nodel
## 2 Leaf2 Nodel
## 3 Leaf3 Nodel
## 4 Leaf4d Node2
## 5 Leafb Node2
## 6 Leaf6 Node2

If you have a prm file, you can simply use the treescan function as follows:

treescan(loc, "Bernoulli")

In the treescan(prmlocation, prmfilename), enter the location of the parameter file and the

the name of file excluding the extension.
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If you don’t have a prm file, you can simply use the TBSS function as follows:

result <- TBSS(Bernoulli, tree, "Bernoulli", model=1, condition=0, self='y')
Arguments within the TBSS function are entered in order of case file, tree file, and file
name of the parameter you want to create, model type, condition type, and self-control
design status.

To plot the treescan results, create the full tree structure in advance using maketree().
Then You can also use the makeSignaltree() to create a tree structure in which the signals are
captured.

result <- treescan(loc, "Bernoulli")

entiretree <- maketree(tree)

signaltree <- makeSignaltree(result, entiretree, pv = 0.1, onlysignal = FALSE)
plot(signaltree)

' “\ \
i )

Leaf10 Leaf11 Leaf12

onlysignaltree <- makeSignaltree(result, entiretree, onlysignal = TRUE)
plot(onlysignaltree)

g
< Q €
w

W

Leaf9

g

If the onlysignal option is set to FALSE, it shows the entire tree where the signal is
captured, and if set to TRUE only shows where the signal is captured (default = FALSE).
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3.Tree-Temporal Scan Statisitic

Count file Format : <nodelD>, <#cases>, <#time of cases>

Tree file Format : <nodelD>, <parentNodelD>

Study period: 1 to 28

The case and time of cases data for each leaf node as shown below (Count file:

TreeTemporal.cas).

head(TreeTemporal)

## nodeID cases timeOfcases

## 1 Leafl 1 6
## 2 Leafl 1 16
## 3 Leafl 1 23
## 4 Leaf2 2 7
## 5 Leaf2 1 24
## 6 Leaf2 1 25

If you have a prm file, you can simply use the treescan function as follows:

treescan(loc, "TreeTemporal")

If you don’t have a prm file, you can simply use the TBSS function as follows:

result <- TBSS(TreeTemporal, tree, "TreeTemporal", scan=1, model=2, condition=3,
start="[1,14]", end="[1,21]", entire="[1,28]")

Arguments within the TBSS function are entered in order of case file, tree file, and file
name of the parameter you want to create, scan type, model type, condition type, and start

range, end range, total period.

To plot the treescan results, create the full tree structure in advance using maketree().
Then You can also use the makeSignaltree() to create a tree structure in which the signals

are captured.

result <- treescan(loc, "TreeTemporal")

entiretree <- maketree(tree)
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plot(entiretree)

.
L =R
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signaltree <- makeSignaltree(result, entiretree, onlysignal = FALSE)
plot(signaltree)

onlysignaltree <- makeSignaltree(result, entiretree, onlysignal = TRUE)
plot(onlysignaltree)

| Node3 |

If the onlysignal option is set to FALSE, it shows the entire tree where the signal is

captured, and if set to TRUE only shows where the signal is captured (default = FALSE).
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Simulated data: Pharmacovigilance data set

The Korea Adverse Events Reporting System (KAERS) is designed that can report
and manage information about unusual cases after taking medicine and medical supplies. The
KAERS was coded based on WHO Adverse Reactions Terminology (WHO-ART) for
internationally standardized classification. WHO-ART is a dictionary meant to serve as a
basis for rational coding of adverse reaction terms. It has a 4 level hierarchical structure that
begins with the organ system of human.

e SOC: System-organ classesbody organ groups
» HT: High level terms for grouping preferred terms
»  PT: Preferred terms principal terms for describing adverse reactions

e IT: Included terms synonyms to Preferred terms

We considered only 3 level tree structure considering PT, HT, and SOC terms, and
extracted only a few trees with 14 leaves from the full tree. It also was simulated with
different values, while maintaining the pattern of the actual number of spontaneous reports for
each leaf.

data(PVcas, package = "rtreescan")
data(Pvtre, package = "rtreescan")
head(Pvcas)

#it nodeID cases controls
## 1 0600_0268 003 153 34
## 2 1810_2237_002 96 26
## 3 1100_1976_001 5 16
## 4 1100_2328 001 3 6
## 5 1810_1058_001 5 10
## 6 1820_0054 006 1 8
head(Pvtre)

## nodeID parentNodeID

## 1 1820 0054 001 1820 0054
## 2 1820 0054 002 1820 0054
## 3 1820 0054 003 1820 0054
## 4 0410 0115 001 0410 0115
## 5 0600_0268 003  0600_0268

## 6 0600_1014_005 0600_1014
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result <- TBSS(PVcas, PVtre, "Bernoulli", model=1, condition=0, self='y")
result$csv

## Cut.No. Node.Identifier Tree.Level Observations Cases Expected

## 1 1 0600_0268_003 4 187 153 93.5
## 2 2 0600_0268 3 187 153 93.5
## 3 3 0600 2 187 153 93.5
## 4 4 1810 _2237_002 4 122 96 61.0
## 5 5 1810_2237 3 122 96 61.0
## 6 6 Root 1 491 317 245.5
##t 7 7 1810 2 165 110 82.5
## 8 8 1820_0054_001 4 14 13 7.0

## Relative.Risk Excess.Cases Log.Likelihood.Ratio P.value Ancestry.Order

#H# 1 4.50 119 40.954471 0.001 4
## 2 4.50 119 40.954471 0.001 3
## 3 4.50 119 40.954471 0.001 2
##t 4 3.69 70 21.361325 0.001 7
## 5 3.69 70 21.361325 0.001 6
## 6 1.82 143 21.128683 0.001 1
## 7 2.00 55 9.344447 0.001 5
## 8 13.00 12 6.101600 0.011 8

entiretree <- maketree(PVtre)

signaltree <- makeSignaltree(result, entiretree, onlysignal=F)
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Plot style setting

You can change the style of a node or edge on the tree.

signaltree <- makeSignaltree(result, entiretree, onlysignal=F, fillcolor=
fillcolor = "darkolivegreen4")

SetNodeStyle(onlysignaltree$Node6$Node3, fillcolor = "darkolivegreen4",
penwidth = "5px")
plot(onlysignaltree)

In the makeSignaltree(), you can change the color of the node using the fillcolor option,
and the thickness of the edge with the penwidth option, as shown above. It is also possible
to change color only certain nodes can change color. There are many options for visualizing
the tree structure.

Please refer to the following link for more options.

https://cran.r-project.org/web/packages/data.tree/vignettes/data.tree.html
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