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Abstract

Introduction Signal detection yields confirmed signals in only 2.1%, which imposes a heavy burden on the pharmacovigi-
lance system in the European Union.

Objectives We aimed to develop a network theoretical metric to increase the confirmed signal ratio of individual case safety
report (ICSR) networks.

Methods ICSRs of five cardiovascular adverse events were requested from EudraVigilance. We developed Vigilace™,
a web-based application to build network representation of ICSRs. Three network-based signal scores, which we termed
NEWS (normalized edge weight for signals) scores, were calculated by normalizing the weight of each edge in the report-
based weighted network by the weight of the same edge in topological weighted networks. Depending on the third node in
topological network edges, we defined full-, adverse event-, and drug-type NEWS scores. Area under the receiver operating
characteristic curves (AUROC) were analyzed to compare the reporting odds ratio (ROR) and NEWS scores.

Results Overall, 72,475 ICSRs were accessed from EudraVigilance. Drug-type NEWS (NEWS) score performed better
(DeLong test, p-value <0.05) compared with the ROR in case of four adverse events: acute myocardial infarction (AUROC:
0.856 vs. 0.720), arrhythmia (0.657 vs. 0.614), pulmonary hypertension (0.861 vs. 0.720), and QT prolongation (0.830 vs.
0.749). Postural orthostatic tachycardia syndrome was excluded due to the lack of reference data.

Conclusion This is the first demonstration that report-based weighting normalized by topological weighting of co-reported
drugs, which we termed as NEWS, score, can perform better compared with the ROR. An application was developed for
ICSR network analysis that facilitates the calculation of this score.

To increase the confirmed safety signal ratio, a network
theoretical metric was created for the analysis of indi-
vidual case safety reports (ICSRs).

This is the first demonstration that report-based weight-
ing normalized by topological weighting of co-reported
- drugs, which we termed as NEWS, score (drug-type of
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1 Introduction

Signal detection is one of the basic constituents of pro-
active pharmacovigilance that ensure early detection of
adverse effects. Multiple sources are used for detecting
signals, such as literature review, postmarketing studies
and spontaneous adverse event reports, for which spon-
taneous reporting systems have been set up to collect the
reports in a structured and standardized format, providing
a framework for data analysis. Commonly used spontane-
ous reporting databases are VigiBase [1], FDA Adverse
Event Reporting System (FAERS) [2], and EudraVigilance
[3]. Each of these databases contains more than 10 mil-
lion individual case safety reports (ICSRs) that allow the
application of various robust data analysis methods for
statistical signal detection.

EudraVigilance is maintained by the European Medi-
cines Agency (EMA) and the national competent authori-
ties of the European Union (EU) for monitoring the safety
of medicines. EudraVigilance is used in all stages of phar-
macovigilance procedures, from the ICSR collection to
signal detection and decision support.

In 2020, 1888 potential signals were reviewed by the
EMA, and approximately 80% of them were not validated.
Moreover, only 2.1% were prioritized and assessed by the
EMA Pharmacovigilance Risk Assessment Committee
(PRAC) [4]. This gap between detected and prioritized
signals reveals the resource cost of detailed signal assess-
ments that imposes a heavy burden on the pharmacovigi-
lance system. Considering that 81% of the signals were
originating from EudraVigilance, the screening efficiency
of used statistical methods has a major impact on the over-
all effectiveness of the signal detection system.

The cornerstone of the EudraVigilance signal detection
is the disproportionality methods, which are based on the
calculation of statistical association between the constitu-
ents of so-called drug—event combinations (DECs). One of
the main limitations of disproportionality methods [5] is
that they are incapable of considering possible factors that
might cause signals in disproportionate reporting with no
causal relationship between the elements of DECs. Sensi-
tivity and specificity of statistical signal detection methods
have been compared previously [6] but no superior method
was identified. The EMA approach is to use the reporting
odds ratio (ROR) [7]. To reduce random variability effect
and false results, data filtering rules were introduced, like
a threshold for the minimum number of required adverse
event reports on drugs or the use of the important medical
event (IME) list [8].

Recent EMA initiatives aimed to identify new ways
of signal detection methods as a future prospective of
this field [7]. In 2017, the EMA published a data access
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procedure to the EudraVigilance database in order to facil-
itate pharmacovigilance-related research [9]. The access
level 2A for academia provides 228 of the 272 data ele-
ments of the ICH E2B(R3) standard ICSR format, pro-
viding deeper insights for researchers to analyze ICSRs
compared with publicly available data [10].

Studies were published in relation to the development
of improved statistical signal detection methodologies that
showed promising results, such as vigiRank [11], combi-
nation of supervised learning and Bradford Hill’s causal-
ity considerations [12], application of machine learning
[13], false discovery rate detection [14, 15], competition
bias removal [16], and co-prescription bias and associated
unmasking [17], but currently these methods are not used
widely by regulatory bodies or pharmaceutical companies.
In recent years, the field of network theory and analysis was
researched extensively, and various methods were applied
on spontaneous reporting databases in order to describe the
network characteristics of spontaneous adverse event report
databases [18-20], certain adverse events [21, 22] and sup-
port decision rules [23]. Network analysis as a part of sig-
nal detection methods has also been published recently, for
co-reported community detection [24] and adverse event
severity estimation and risk profiling [25]. In this study, we
aimed to investigate the application of previously described
network edge-weighting metrics for signal detection as a
novel approach.

2 Methods

ICSRs containing five selected cardiovascular adverse events
were accessed from the EudraVigilance database as indi-
vidual datasets. These were processed by our Vigilace™
web-based application that built four different networks
for each, representing the connections among all drugs and
adverse events reported in the selected ICSRs. Three met-
rics, which we termed normalized edge weight for signals
(NEWS) scores, were calculated based on the edge weights
of the networks and were used for signal detection purposes.
Area under the receiver operating characteristic curves
(AUROC) were calculated to compare the performance of
NEWS scores to the ROR disproportionality method as a
control. A detailed process workflow is presented in Fig. 1
using the example of the acute myocardial infarction (AMI)
ICSR dataset.

2.1 Data Access
We focused on the analysis of cardiovascular adverse

events, considering their high ratio among safety-related
drug withdrawals [26]. Signals assessed by the PRAC [27]
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Fig. 1 Process workflow. Data access: All ICSRs, including acute
myocardial infarction, were obtained from EudraVigilance on the 2A
access level. Data processing: ICSRs were processed using Vigi-
lace™ software. AE data were coded using the MedDRA®, and drug
data were coded using the XEVMPD and DrugBank dictionary. ICSR
filtering was applied based on the defined study settings, and four
drug-AE networks (RW, TWy,,, TW,g, TWp) were built. Network
analysis: The built networks were analyzed and visualized. NEWS
scores were calculated. Signal detection analysis: ROR and NEWS
scores were applied as signal detection methods for all drug—acute

were reviewed and five cardiovascular-related signals of
centrally authorized products, where the adverse event was
described in the form of single Medical Dictionary for Regu-
latory Affairs (MedDRA®) [28] Preferred Terms (PTs), were
selected for further analysis. We submitted our data request
to the EMA for accessing all ICSRs reported in connec-
tion with the above-mentioned PT codes on access level 2A.
Our research plan was approved by the Semmelweis Univer-
sity Regional and Institutional Committee of Science and

IMI Protect ADR
Database

myocardial infarction edges, and AUROC analysis was performed
to compare NEWS scores with ROR. The Merged SIDER and IMI
Protect—ADR Database were used as the reference dataset. /CSRs
individual case safety reports, AE adverse event, MedDRA® Medi-
cal Dictionary for Regulatory Activities, RW report-based weighted,
TW topological weighted, TW,;, full topological weighted, TW,z
adverse event topological weighted, TW), drug topological weighted,
ROR reporting odds ratio, NEWS normalized edge weight for sig-
nals, AUROC area under the receiver operating characteristic curve,
XEVMPD Extended EudraVigilance medicinal product dictionary

Research Ethics (SE RKEB 82/2018), and our data access
request was accepted by the EMA.

2.2 Data Processing
Literature data about the application of network analysis on
ICSRs are available [18, 19, 29, 30], however no publicly

available tool was accessible to test signal detection methods
using the networks built from ICSRs of the EudraVigilance
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database. Therefore, we developed a web-based application
called Vigilace™ (www.vigilace.com; Pharmahungary,
Szeged, Hungary), which allows us to process the accessed
ICSRs on access level 2A from EudraVigilance and build
networks from the reported data. The data processing and
network building parts of Vigilace™ were written in the
C++ programming language, where queries can be config-
ured by user-defined parameters regarding the processing of
ICSRs (e.g. reporting type, drug role, handling of combina-
tion drugs) and network settings (edge weighting algorithm).
Vigilace™ was developed by the Pharmahungary Group in
collaboration with Semmelweis University under commer-
cial license, but it is available free of charge for reasonable
academic research use. The networks can be downloaded
in graph modelling language (GML) and in custom value
separated (CSV) file format, which allows flexible analysis
of the data.

The ICSRs of the selected cardiovascular adverse events
were accessed from EudraVigilance as a relational database
in the form of Microsoft Excel Open XML Spreadsheet
(XLSX) files (Microsoft Corporation, Redmond, WA, USA).
In the published data, the adverse events and drugs were
provided in text format in line with MedDRA® and Extended
EudraVigilance medicinal product dictionary (XEVMPD).
In case the reported information could not be coded by the
EMA, the original reported text was provided in the XLSX
files. Further preprocessing was applied on the published
files to change the separator characters to a unique separa-
tor character in order to allow the correct reading of free-
text fields within ICSRs by Vigilace™. After preprocess-
ing, each cardiovascular ICSR dataset was uploaded for a
separate query to the website of Vigilace™. As the drug and
adverse event data were only published in text format (e.g.
XEVMPD code was not provided), the different terms and
synonyms for the same event could not be unified directly,
therefore we utilized dictionaries as additional input files
that served as look-up tables for string-matching and enabled
unification.

Adverse events of accessed ICSRs were coded by map-
ping them in text format to MedDRA® (version 23.0) PTs.
If an adverse event-related data field could not be mapped
against MedDRAZ®, it was not included in the internal data
representation of the ICSR.

Drugs of accessed ICSRs were coded by mapping the
corresponding drug to XEVMPD identifiers (IDs) provided
by the EMA. This could not cover all reported drugs, as
non-coded drugs in EudraVigilance were also published.
Therefore, DrugBank [31] IDs were applied to improve the
coding performance. Drugs reported under various names
(brand name, synonyms) were unified under one common
ID. If a drug in an ICSR could not be coded by the above-
mentioned drug dictionaries, then that drug was not included
in the internal data representation of the ICSR. Active
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substances of combination products were coded separately.
Drugs reported as suspected, interacting, or concomitant in
the ICSRs were all coded.

Only spontaneous ICSRs containing at least one suc-
cessfully coded drug and at least one successfully coded
adverse event were used in order to minimize the data loss.
The ICSRs that satisfied these filtering criteria were kept for
network building and analysis.

2.3 Network Analysis

Based on the previously described internal data representa-
tion of drugs and adverse events, four different networks
were built by Vigilace™ for each accessed cardiovascular
ICSR dataset using the filtered ICSRs. The reported drugs
and adverse events corresponded to the nodes of the net-
works, while undirected edges were created between them,
representing the interactions between the nodes.

Edge weights were calculated by different algorithms
described by Botsis et al. [29], and these algorithms were
implemented in their original form by our research group.
The report-based weighting (RW) algorithm calculates
weights for each edge in the network by counting the ICSRs
that contain their respective two nodes. In our study, the
node that represents the selected cardiovascular adverse
event of the accessed dataset is called the ‘central adverse
event node’, considering that it occurs in all ICSRs of the
dataset and therefore forms an edge with all other nodes
in the networks built by the RW algorithm. These types of
networks are called RW networks.

The topological weighting (TW) algorithm iterates on
each possible edge and sets the edge weight based on the
number of triangles in which the edge is included in the
network. As described by Botsis et al., the TW method con-
siders the triangle counts within the whole network, and it
does not take into account the reporting frequencies. Trian-
gles are defined as a subgraph of a network with three nodes
and three edges. In these triangles, the nodes that belong
to the investigated edge are called ‘base nodes’, while the
node outside that edge is termed the ‘third node’. The TW
algorithm can return three types of edge weights depending
on the third node type considered during the calculation.
If both types (drug and adverse event), only adverse event
type, or only drug type nodes are considered as the third
node during network building, the resulting network is called
full- (TWg,), adverse event- (TW,g), or drug- (TWyp) type
of TW network, respectively. TWg,, gives the number of co-
reported adverse events and drugs with a certain edge; TW,g
gives the number of adverse events co-reported with a cer-
tain edge; and TWp, gives the number of drugs co-reported
with a certain edge from the network. Edges with a weight
of 0 by TW algorithm were excluded from the TW networks.
If all edges of a given node were weighted 0, and therefore
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the node became isolated, then that node was excluded from
the network.

In Fig. 2 an example of the networks built by the four
edge weighting algorithms is shown. In this example, the
first and second ICSRs both contain AMI as the reported
adverse event, and cefalexin, nifedipine and rofecoxib as
reported drugs (Fig. 2a). The third ICSR contains AMI and
depression as adverse events, and cephalexin and nifedipine
as drugs. In Fig. 2b, RW, TWg,;;, TW, g, and TW, networks
from this set of ICSRs are visualized and calculated edge
weights for all edges are presented.

Vigilace™ performs the data processing, network build-
ing, edge weighting, and creation of GML output files.
The GML file format is widely used to describe networks,
as most of the network analysis software and libraries are
equipped to process this format. Vigilace™ also creates CSV
files with the node and edge attributes of the networks.

2.3.1 Network Characterization and Visualization

Each GML network file of the selected five cardiovascular
ICSR datasets were loaded to the Cytoscape software [32]
and characterized by overall node count, drug type node
count (i.e. the number of coded drugs), adverse event type
node count (i.e. the number of coded adverse events), and
edge count (i.e. the number of connections among the nodes
based on the applied edge weighting algorithm) with the

built-in network analysis functions of Cytoscape. EntOpt-
Layout plugin version 2.1 [33] for the Cytoscape software
was used to visualize the networks and manual amendments
were made for demonstration purposes.

2.3.2 Normalized Edge Weight for Signals (NEWS) Scores

We used the networks built by different edge weighting algo-
rithms from the selected cardiovascular ICSR datasets for
network-based signal detection. Here, we investigated only
the drug—adverse event edges connected to their respective
central adverse event node in the networks, as not all edges
and weights could be included for other adverse event nodes
in these networks, and thus only the central adverse event
node-related DECs could be properly described with the cre-
ated networks. In this study, NEWS scores of a drug—adverse
event edge were calculated by normalizing the edge weight
in the RW network by the corresponding edge weight in
the TW networks. NEWS scores were considered 0 using
our method, if the given TW algorithm would result in a 0
denominator. By this approach, we calculated three types of
NEWS scores depending on the TW type in the denomina-
tor, and we termed them full-, adverse event-, and drug-type
NEWS (NEWSg,;; NEWS,g, NEWS}) scores as presented
in Fig. 3a.

In Figs. 3b, c, an example is shown for the calculation of
NEWS scores of certain edges of the networks described

Fig.2 Example networks were A.

built by RW, TWg, TW, g,

Acute myocardial

and TW/, algorithms. A The ICSR 1 infarction (AMI) Cefalexin (Cef) Nifedipine (Nif) Rofecoxib (Rof)
list of drugs and adverse events

reported in three example ;

ICSRs. B RW, TWy ;. TW,; ICSR 2 Aiﬁ:‘]atfc:g:?:\jﬁl Cefalexin (Cef) Nifedipine (Nif)  Rofecoxib (Rof)
and TWy, networks are visual-

ized from the ICSRs listed in ;

(A). Acute myocardial infarc- ICSR3 Acute myocardial Depression (DEP)  Cefalexin (Cef) Nifedipine (Nif)

tion as the central adverse event
node is visualized with dark
green ovals, depression as the
adverse event node is visual-
ized with green ovals, and the
drug nodes are visualized with
blue diamonds. Calculated

edge weights are presented on
each edge by the number in
squares. /CSRs individual case
safety reports, RW report-based
weighting, TW,, full topo-
logical weighting, TW, adverse
event topological weighting,
TW,, drug topological weighting

Cef

infarction (AMI)

DEP Cef DEP

DEP Cef
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RW
A, NEWS,, =
TWFull
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Fig.3 A Formulas of NEWS score calculation for a certain edge
considering the RW, TWg,,;, TW,g, and TW, algorithms. B Edge
weights of drug—adverse event edges between AMI, CEF, NIF, and
ROF) nodes in networks presented in Fig. 2. C Calculated NEWSg;;,
NEWS g, and NEWS, scores for drug—adverse event edges. * NEWS
score was considered O, if the given TW algorithm resulted in a 0
denominator. NEWS normalized edge weight for signals, RW report-

in Fig. 2. In this example, the central adverse event node
was AMI, therefore only drug—adverse event edge weights
in relation to AMI were calculated, while depression-related
drug—adverse event edges were not. Figure 3b shows edge
weights in the RW and TW networks of AMI, with cefalexin,
nifedipine, and rofecoxib nodes. In Fig. 3c the NEWS scores
for each drug—AMI edge were presented.

2.4 Signal Detection Analysis

AUROC analysis was used to assess the predictive value of
the NEWS scores as a signal detection method.

The reference dataset for the analysis was prepared by
merging SIDER [34] and IMI protect—Adverse Drug Reac-
tion Database [35]. These databases contain known DECs
that we used as positive controls in the AUROC analysis.
Drug-adverse event edges that did not appear in this merged
reference dataset were considered as negative controls.

ROR, which is the standard statistical signal detec-
tion method used by the EMA, was chosen for the con-
trol method to evaluate the signal detection efficiency of
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based weighting, TWp,,; full topological weighting, TW,; adverse
event topological weighting, TW,, drug topological weighting, AMI
acutemyocardial infarction, CEF cefalexin, NIF nifedipine, ROF
rofecoxib, NEWS,; full topological weighting normalized edge
weight for signals, NEWS, adverse event topological weighting nor-
malized edge weight for signals, NEWS,, drug topological weighting
normalized edge weight for signals

NEWS scores. For ROR calculation, all ICSRs would have
been needed from the EudraVigilance database, therefore
the ROR results and their 95% confidence interval lower
bound values [ROR(—)] were provided, after additional
data request, by the EMA. The equal comparability of
ROR and NEWS scores was still ensured, considering that
to investigate the selected cardiovascular adverse event-
related DECs we needed the full dataset for ROR, but for
NEWS score calculations the adverse event-related ICSRs
were sufficient.

To determine whether the differences between the
AUROC values of ROR(-), NEWSg,;;, NEWS,, and
NEWS, scores were significant, pairwise DeLong tests
were applied [36] with a significance level of p < 0.05, and
Bonferroni correction was applied to adjust for multiple
comparisons. Assessment was performed using edges where
all methods could be calculated. The same assessment was
performed using edges over three reports for ROR calcula-
tions in order to provide a description of the dataset with the
similar settings as in the ROR methods applied by the EMA
[7]. This process was implemented using the R programming
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language [37] with pROC (v1.18.0) [38] and rjson (v0.2.20)
[39] packages.

Receiver operating characteristic (ROC) curves were
further analyzed for the investigation of sensitivity
and specificity on different thresholds. Threshold was
searched at which the NEWS scores yielded the same sen-
sitivity as ROR(—) on signal level [ROR(—) >1], and at
that threshold, specificity of the NEWS scores and ROR
was compared. The classification differences of the posi-
tive and negative controls by ROR(—) and NEWS score
methods were shown in a Venn diagram. The same pro-
cedure was repeated by searching NEWS thresholds for
fixed specificity and comparing the sensitivities.

3 Results
3.1 Data Access

In the PRAC signal list (data cut-off date: February 2018),
we identified five signals (temsirolimus—myocardial
infarction, daclatasvir, sofosbuvir, sofosbuvir and ledipas-
vir—arrhythmia, human papillomavirus vaccine— postural
orthostatic tachycardia syndrome (POTS), leflunomide-
pulmonary hypertension (PH), agomelatine—QT prolonga-
tion) that satisfied our predefined criteria. As a result, the
cardiovascular adverse event PTs were AMI, arrhythmia,
POTS, PH, and ‘electrocardiogram QT prolonged’ (QTP,
QT prolongation). We accessed all ICSRs of the selected
five adverse events from the EudraVigilance database
post-authorisation module on access level 2A in the form
of five XLSX file packages (one for each adverse events)
with a data cut-off date of July 2018.

The largest was the arrhythmia dataset with 26,028
ICSRs, while the POTS dataset was the smallest with only
539 ICSRs, as shown in Table 1. Only spontaneous ICSRs
were processed further by Vigilace™.

3.2 Data Processing

We identified the drugs and adverse events that could not be
coded using the dictionaries in Vigilace™. The number of
ICSRs including non-coded drugs and adverse events is pre-
sented in electronic supplementary material (ESM) Table 1.
Overall, 93 AMI, 314 arrhythmia, 6 POTS, 32 PH, and 468
QTP ICSRs were filtered out as these ICSRs did not have at
least one successfully coded drug and at least one success-
fully coded adverse event node after data processing. The
remaining, filtered ICSRs were used for network building.

3.3 Network Analysis

Drug-adverse event networks were built by the RW, TWy,
TW, g, and TW, algorithms, resulting in GML output files.
These networks were analyzed to obtain the basic charac-
teristics, such as overall node count, drug type node count,
adverse event type node count, and edge count. The char-
acteristics of RW networks for all five cardiovascular ICSR
datasets are presented in Table 2. The characteristics of
the three subtypes of TW networks are presented in ESM
Tables 2, 3, and 4. The highest node and edge count were
found in the RW networks for each cardiovascular dataset.
TWyg,; networks contained the most edges among differ-
ent types of TW networks. The edge count difference of
TWpg,; networks compared with RW networks arose from
those edges that were not included in triangles, therefore the
respective edge weights were 0, while the node count differ-
ence represented the isolated nodes compared with RW net-
works. TW, networks contained the least edges among all
networks, showing that more triangles existed with adverse
event node as the third node. TW, networks had less edges
compared with TWp,;, networks, but the node counts were
equal, representing that no node became isolated in TW,g
networks due to these missing edges. TW, networks had the
lowest node count, but only drug type nodes were isolated.

Table 1 Number of accessed,
spontaneous, and filtered
individual case safety reports

from EudraVigilance for each of
the five selected cardiovascular
ICSR datasets

Adverse event?® Accessed ICSRs Spontaneous Filtered ICSRs"
ICSRs

Acute myocardial infarction 17,546 12,252 12,159

Arrhythmia 26,028 20,682 20,368

Postural orthostatic tachycardia syndrome 539 484 478

Pulmonary hypertension 11,627 8190 8158

Electrocardiogram QT prolonged 16,734 13,501 13,033

Data cut-off date: July 2018

ICSRs individual case safety reports

“Medical Dictionary for Regulatory Activities, Preferred Term

PFiltered ICSRs are spontaneous ICSRs where at least one drug and at least one adverse event was success-

fully coded in Vigilace™ software
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Table 2 Topological characteristics of report-based weighted networks

Adverse event® Filtered ICSRs® Node count Drug type node Adverse event- Edge count
type node

Acute myocardial infarction 12,159 6163 2041 4122 740,837

Arrhythmia 20,368 8421 2835 5586 1,282,706

Postural orthostatic tachycardia syndrome 478 1556 383 1173 92,067

Pulmonary hypertension 8158 6902 1799 5103 1,266,979

Electrocardiogram QT prolonged 13,033 5252 2060 3192 488,356

ICSR individual case safety report

*Medical Dictionary for Regulatory Activities, Preferred Term

YFiltered ICSRs are spontaneous ICSRs where at least one drug and at least one adverse event was successfully coded in Vigilace™ software

In order to identify possible structural characteristics,
we visualized the networks by loading the GML files into
Cytoscape. We found that the complete networks rep-
resenting all nodes and edges (Fig. 4a) were not suitable
for visual investigation, as these are too dense to identify

separate modules. Therefore, only the sub-networks repre-
senting nodes connected by edges of the top 100 weights
were visualized for demonstration purposes (Fig. 4b). The
thickness of the edges shows the edge weight, meaning that
the higher the weight is, the thicker the edge appears. In

B. AMLODIPINE
CARDIOGENIC CEREBROVASCULAR
SHOCK ACCIDENT
GASTROOESOPHAGEAL PREDN
REFLUX DISEASE Ll
ANAEMIA ATENOLOL
PNEUMONIA
ACUTE KIDNEY
INJURY
NG FOLIC ACID
OBSTRUCTIVE
PULMONARY DISEASE
ANGINA PECTORIS
INSULIN HUMAN
ISOSORBIDE RAMIPRIL
A. LOSARTAN
DEATH POTASSIUM
CHEST PAIN ANGINA UNSTABLE
DYSPNOEA PARTOPRAZOLE
ACUTE MYOCARDIAL PAIN
INFARCTION
HYPERLIPIDAEMIA Z ARTERIOSCLEROSIS
CORONARY ARTERY
FATIGUE
ROFECOXIB HYPERTENSION
METFORMIN
DEPRESSION
ANXIETY ATRIAL
MYOCARDIAL ROSIGLITAZONE FIBRILLATION
INFARCTION ACFAILURE  SALBUTAMOL
LANSOPRAZOLE: CONGESTIVE CARDIAC DISORDER
BACK PAIN
FUROSEMIDE
TESTOSTERONE
HYDROCHLOROTHIAZIDE
CARVEDILOL GLYCERYL VICODIN OPR
CORONARY ARTERY SRUIRATE Hipeoom
DISEASE DIZZINESS ey CLOPIDOGREL SIMVASTATIN
CARDIAC ARREST
HYPOTENSION
METOPROLOL
ACETYLSALICYLIC
SODIUM CHLORIDE ACID ATORVASTATIN
MAGNESIUM
perpd SODIUM LACTATE
NAUSEA
CALCIUM CHLORIDE GLUCOSE

Fig.4 Acute myocardial infarction RW network generated by Vigi-
lace™ software and visualized in Cytoscape. A Visualization of the
complete acute myocardial infarction RW network. B Sub-network
representing nodes that were connected by edges of the top 100
weights and visualized for demonstration purposes for acute myo-
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cardial infarction. Nodes representing drugs are shown as blue dia-
monds, while nodes representing adverse events are shown as green
ovals. Acute myocardial infarction as the central adverse event is
labelled with dark green ovals. Edge thickness represents the weight.
RW report-based weighted
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Fig. 5, the sub-networks for each edge weighting algorithm
are presented for AMI. In Fig. 5a, the RW sub-network
contains 29 adverse event nodes and 34 drug nodes besides
the AMI central adverse event node. In this sub-network,
rofecoxib (edge weight: 2543) and coronary artery disease
(edge weight: 2157) edges have the highest weight with AMI
among all drugs and adverse events. In Fig. 5b, the TWg,
sub-network contains 28 adverse events and 12 drug nodes
besides AMI, and acetylsalicylic acid (edge weight: 3822)
and coronary artery disease (edge weight: 3592) edges have
the highest weight. In Fig. 5c, the TW,g sub-network con-
tains 29 adverse events and 8 drug nodes besides AMI, and
acetylsalicylic acid (edge weight: 2443) and coronary artery
disease (edge weight: 2690) edges have the highest weight.
In Fig. 5d, the TW, sub-network contains 11 adverse events
and 25 drug nodes besides AMI, and acetylsalicylic acid
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Fig.5 Acute myocardial infarction networks visualized by different
edge weighting algorithms. The panels represent the sub-networks
containing the nodes that were connected by edges of the top 100
weights. Nodes representing drugs are shown as blue diamonds,
while nodes representing adverse events are shown as green ovals.

(edge weight: 1379) and chest pain (edge weight: 1017)
edges have the highest weight.

Sub-networks of arrhythmia, POTS, PH, and QTP are
visualized in ESM Figs. 1, 2, 3, and 4, respectively.

3.4 Signal Detection Analysis
3.4.1 Reference Dataset

The reference dataset of known drug—adverse event rela-
tionships was formed using the SIDER and IMI Protect—
Adverse Drug Reaction Database. In this merged reference
dataset for the drug—adverse event edges of our networks,
16, 306, 1, 30, and 90 positive controls were found for AMI,
arrhythmia, POTS, PH, and QTP, respectively, for which all
methods could be calculated. Based on the created edges,
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Acute myocardial infarction as the central adverse event is labelled
with dark green ovals. Edge thickness represents the weight. A RW
network; B TWg,; network; C TW,g network; D TWp, network.
RW report-based weighted, TW,, full topological weighted, TW,;
adverse event topological weighted, TW/, drug topological weighted
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1541 AMI, 1713 arrhythmia, 298 POTS, 1391 PH, and 1544
QTP negative controls were included in the analysis. Con-
sidering that there was only one positive control in the refer-
ence dataset for POTS, we excluded it from further analysis,
as it did not provide sufficient amount of data for AUROC
analysis.

3.4.2 Signal Detection Efficiency

In order to assess the performance of our novel NEWSg
NEWS, g, and NEWS, scores for signal detection purposes,
we performed AUROC analysis along with ROR(-) as the
control method. All drug—central adverse event edges were
included, where all methods could be calculated, and the
reference dataset was used to determine the sensitivity and
specificity at the different thresholds. AUROCS of differ-
ent methods within the same selected cardiovascular ICSR
dataset were compared with each other by DeLong test. In
Fig. 6, the results of the AUROCSs are presented, and the
significance of the NEWS scores compared with ROR(-)
values is indicated on the bar plots.

AUROC
0.5
1

Acute myocardial infarction

Arrhythmia

NEWS, and NEWSg,, scores both performed sig-
nificantly better on the AMI, PH, and QTP ICSR datasets
(adjusted p < 0.05, with Bonferroni correction) compared
with ROR(-). On the arrhythmia dataset, only NEWS
scores performed better compared with ROR(—) [AUROC
0.657 vs. 0.614, p-value < 0.05, without Bonferroni cor-
rection), while NEWSg,,, performed poorer in tendency on
arrhythmia (0.608 vs. 0.614, p = 0.77).

We found that on three (arrhythmia, PH, QTP) of the four
analyzed cardiovascular datasets, NEWS, scores yielded
slightly more favourable results compared with NEWSg
scores (AMI 0.856 vs. 0.863; arrhythmia 0.657 vs. 0.608;
PH 0.861 vs. 0.827, QTP 0.830 vs. 0.819).

NEWS i score gave the lowest AUROC values among
all methods on all four ICSR datasets. In comparison with
ROR(-), it significantly performed poorer on arrhythmia
(0.512 vs. 0.614, adjusted p < 0.05, with Bonferroni cor-
rection) and poorer on QTP (0.693 vs. 0.749, p < 0.05).
NEWS ,j performed better compared with ROR(-) in ten-
dency on AMI (0.739 vs. 0.720, p = 0.77) and PH (0.725
vs. 0.720, p = 0.89).

Pulmonary hypertension Electrocardiogram QT prolonged

Adverse events

Fig.6 AUROC of full, adverse event, and drug normalized edge
weight for signal scores (NEWSg,;;, NEWS,;, NEWS;)) was com-
pared with the AUROC of ROR(—) in acute myocardial infarction,
arrhythmia, pulmonary hypertension, electrocardiogram QT pro-
longed networks. AUROCs were compared using the DeLong test (#
indicates p < 0.05 without Bonferroni correction; * indicates adjusted
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Delong test: # p-value < 0.05; * adjusted
p-value < 0.05

p < 0.05 with Bonferroni correction). AUROC area under the receiver
operating characteristic curve, ROR(—) 95% confidence interval lower
bound of the reporting odds ratio, NEWSp,,;, full topological weight-
ing normalized edge weight for signals, NEWS,, adverse event topo-
logical weighting normalized edge weight for signals, NEWS,, drug
topological weighting normalized edge weight for signals
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To better understand the AUROC results, the ROC curves
of the different datasets are presented in Fig. 7. These
results show that the overall higher AUROCs of NEWS,
and NEWSg, , scores compared with the ROR(—) originate
from higher sensitivity and specificity. Additionally, we
determined the specificity at a fixed sensitivity level, set with
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Fig.7 ROC curves are presented for full, adverse event, and drug
normalized edge weight for signals (NEWSg,;, NEWS,g, NEWS)
scores, and ROR(-) on different adverse event datasets. Thresh-
old was searched at which the NEWS scores yielded the same sen-
sitivity as 1.001 ROR(—) signal threshold, and at that threshold the

an ROR(-) >1 signal threshold, for each method. On this
threshold, the sensitivity was 0.688, 0.477, 0.667 and 0.744,
while the specificity was 0.623, 0.692, 0.628 and 0.607 for
AMI, arrhythmia, PH and QTP, respectively. On the same
level of sensitivity, the specificity of NEWS, scores was
0.812, 0.727, 0.853 and 0.784, respectively.
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specificity of the NEWSy, scores and ROR(—) was compared and was
labelled with grey lines. A Acute myocardial infarction; B arrhyth-
mia; C pulmonary hypertension; D electrocardiogram QT prolonged.
ROC receiver operating characteristic, ROR(—) 95% confidence inter-
val lower bound of the reporting odds ratio
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A B
Acute myocardial infarction Arrhythmia Acute myocardial infarction Arrhythmia
3 8 3 62 84 62 137 823 423 || 205 890 356
Pulmonary hypertension Electrocardiogram QT prolonged Pulmonary hypertension Electrocardiogram QT prolonged
4 16 4 10 57 10 106 767 417 131 806 381
ROR(-) true positives ROR(-) true negatives
NEWSp true positives NEWSD true negatives
C D
Acute myocardial infarction Arrhythmia Acute myocardial infarction Arrhythmia
3 2 3 62 98 62 423 158 137 356 172 295

Pulmonary hypertension Electrocardiogram QT prolonged

Pulmonary hypertension Electrocardiogram QT prolonged

417 101 106 381 226 131

ROR(-) false negatives
NEWSp false negatives

Fig.8 Venn diagram of A true positive; B true negative; C false neg-
ative; and D false positive results of ROR(—) and NEWS, scores at
a fixed sensitivity level of 1.001 ROR(—) signal threshold for acute
myocardial infarction, arrhythmia, pulmonary hypertension, and QT
prolongation. Reference data classified properly are included in A and

The classification differences of the positive and negative
controls in the reference dataset by ROR(—) and NEWS,
scores were illustrated in Fig. 8 by Venn diagrams at a
fixed sensitivity level of 1.001 ROR(-) signal threshold.
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ROR(-) false positives
NEWSp false positives

B, while the falsely classified reference data are included in C and D.
NEWS), drug topological weighting normalized edge weight for sig-
nals, ROR(—) 95% confidence interval lower bound of the reporting
odds ratio

Figure 8a, b show the true positive and true negative find-
ings, while Figs. 8c, d show the false positive and false
negatives. As the sensitivity is fixed, the true positive and
false negative ratio is equal for both methods, while the true
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negative and false positive ratio shows that NEWS scores
have greater specificity at this sensitivity level.

ESM Figs. 5 and 6 show similar representation for
NEWSg,; and NEWS,; scores, while ESM Data 1 pro-
vides the list of true positive findings (i.e. signals) of ROR
and NEWS score-based classification. The results for fixed
specificity are presented in ESM Figs. 7, 8, and 9, and ESM
Data 2.

In ESM Fig. 10, we present a comparison of the AUROC
values on bar plots, considering only edges with over three
reports. These limited AUROC results were comparable with
the results of the full analysis in Fig. 6. The ROC curves are
shown for edges over three reports in ESM Fig. 11, where
similar results were found as for the full dataset, except for
arrythmia, where at a 1.001 ROR(—) signal threshold the
ROR(-) yields slightly better specificity compared with
NEWS,, score (0.676 vs. 0.672) on sensitivity level 0.505.
Elsewhere, the NEWS, score ROC curve shows higher sen-
sitivity and specificity.

4 Discussion

We have shown here for the first time that network-based
NEWS scores developed by us, can outperform the stand-
ard disproportionality-based ROR method. NEWS, score,
which is the RW (i.e. the number of ICSRs in which the
DEC appears), divided by the co-reported drug count in
connection with a drug—adverse event edge in the network
(TWp) performed better compared with ROR(—) on four
different cardiovascular adverse event ICSR datasets.

We accessed all ICSRs of the selected cardiovascular
adverse events from EudraVigilance. Cardiovascular adverse
events were selected for analysis, as a high percentage of
drug withdrawals were triggered by these adverse events in
the postmarketing phase [26], and therefore a network theo-
retical description of such adverse events might improve
future signal assessment. We included signals only where the
adverse event was defined with a single PT, as we intended
to describe the basic correlations of network-based statisti-
cal signal detection. If signals from higher MedDRA® levels
or Standardized MedDRA Queries (SMQs) were included in
the analysis, the impact of multiple nodes for the same event
would have required a more complex assessment.

EudraVigilance access level 2A for academia was used as
it allowed us to access more ICSR data fields in structured
format compared with access level 1, which is the publicly
available ICSR data for EudraVigilance on the www.adrre
ports.eu webpage. The features of the www.adrreports.eu
website are useful in terms of transparency and ICSR analy-
sis of certain active substances and products, but they are
not suitable for statistical signal detection-related research
due to the limitations of query functions. For a streamlined

analysis of ICSR data from EudraVigilance, a user-friendly,
web-based application, called Vigilace™ (www.vigilace.
com), which is able to handle the reported drugs and adverse
events of the ICSRs from EudraVigilance in access level
2A, was developed by our research group. Even the ICSR
datasets published by the EMA contained non-coded data
(i.e., that could not be associated with standardized drug
names), therefore further data processing was needed. In
the absence of a widely accepted method for handling such
non-coded ICSR data, we applied additional drug coding in
order to enable the inclusion of as many ICSRs as possible in
the network analysis. Vigilace™ performs internal coding of
data with the use of two drug dictionaries for reported drugs,
and MedDRA® for reported adverse events, then builds a
set of networks from the filtered ICSRs for further network
analysis. Currently, there are only a limited number of pub-
licly available tools that allow network theoretical analysis
on ICSR datasets [1, 20, 23, 29, 40, 41], therefore we believe
that Vigilace™ could facilitate the related research projects.
For this purpose, the use of Vigilace™ is free of charge for
academic research.

In order to develop and test our network-based signal
detection metrics, the five selected cardiovascular ICSR
datasets were processed by Vigilace™. After ICSR filtering,
96.5-99.6% of the spontaneous ICSRs were kept for further
analysis. Based on the data loss, we found that MedDRA®
[28] provided a solid framework for standardized adverse
event coding, however for drug coding, there were no such
efficient dictionary, which made the data processing chal-
lenging. The International Organization for Standardization
(ISO) for the identification of medicinal products (IDMP)
standards [42] might help to solve this problem in the future,
as more structured data will be available for drug data.

Vigilace™ built four networks from the ICSRs that
allowed us to investigate the network characteristics of
selected cardiovascular adverse events (AMI, arrhyth-
mia, POTS, PH, QTP) using report-based and topological
edge weighting algorithms (RW, TWyg,,;, TW,g, TWp),
as described by Botsis et al. [29]. Our network analysis
proved that the different edge weighting algorithms high-
light distinct characteristics of each dataset. The networks
and network edges alone are not suitable for signal detec-
tion, and high edge weight does not necessarily imply a
signal. For example, in the Results section, we described
acetylsalicylic acid with the highest edge weight for all
AMI TW networks. However, without normalization,
this result only shows that the acetylsalicylic acid-AMI
edge was co-reported with the most adverse events and
drugs, which, for example, can be caused by bystander
effect [43]. We also need to take into account that the TW
algorithm uses all created triangles within the networks
irrespective of the reporting frequency, therefore a sin-
gle report contributes with the same weight as the most
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co-reported drugs. There are methods to filter out such
week associations in the network field [44], however, in
signal detection, they need to be applied carefully, as by
removing weak links from networks may result in losing
weak true associations. In the future, by further improv-
ing our network theoretical approach, we might be able to
incorporate not just mathematical descriptions for single
drug—adverse event relationships but also a comprehensive
description for multiple drug—drug, adverse event—adverse
event, and drug—adverse event relationships. This might
help us to solve the problem of confounders in the case of
the currently used disproportionality methods, and to also
include simple drug interaction analysis based on sponta-
neous reporting datasets.

In our present study, we hypothesized that the high
number of overall reported drugs with a DEC reduces the
chance that there is real causal relationship between the
drug and the adverse event included in the DEC. To prove
this, we calculated the so-called NEWS scores, of which the
NEWS, score was suitable to investigate this hypothesis. In
this study, drug—adverse event edges in connection with a
given central adverse event node were analyzed, as sufficient
data for NEWS scores calculation were available only for
the related edges of requested central nodes in the accessed
ICSR datasets. In contrary to the ROR, which requires all
ICSRs within the database, to calculate NEWS scores for
DEC:s of an adverse event it is sufficient to have only those
ICSRs that contain the investigated adverse event. These
less-limiting data requirements for the application of NEWS
scores can be an advantage over the ROR method.

The AUROC analysis showed that NEWS; scores per-
form better compared with ROR(—) on the selected cardio-
vascular ICSR datasets. By investigating the ROC curves,
we demonstrated that the gain of AUROC compared with
ROR(-) is in connection to the overall higher sensitivity and
specificity. These results show the potential of the original
edge weighting algorithms by Botsis et al., and suggest that
higher numbers of overall co-reported drugs and adverse
events occurring with a given edge (i.e. DEC in signal
detection) reduces the chances of having a real connection
between the investigated drug—adverse event pair. Previous
publications in the ICSR network analysis field were mainly
focused on descriptive analysis of spontaneous reporting
databases [18, 19, 30], while other studies provided support
for case review during signal evaluation by network visuali-
zation [23, 29], or described certain adverse events [21, 22].
Furthermore, two recent studies applied network metrics for
signal detection purposes [24, 25], but the approach was dif-
ferent from NEWS scores.

These findings highlighted that investigating ICSR net-
works during signal detection might have added value, as it
can describe the characteristics of connections among not
just drug—adverse events within the ICSRs but also adverse
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event—adverse event and drug—drug interaction with addi-
tional signal detection-related metrics.

4.1 Limitations

The first limitation of this study was that only five adverse
events were accessed, from which only four were analyzed,
therefore an extension of this study is required in order to
better generalize our observations regarding NEWS scores.
To limit this identified bias, an additional data request that
would allow the full analysis based on our coding standards
was submitted, to access all ICSRs within EudraVigilance,
but it was not supported by the EMA. Nevertheless, NEWS,
scores showed promising performance in four of four ICSR
datasets, which is robust evidence for the utility of such
metrics.

The lack of proper data standards further limited our study,
as the accessed ICSRs contained data that could not be mapped
against XEVMPD, and therefore EMA provided them in the
originally reported text format. As no IDs were available in the
dataset, a repeated coding was applied, which carries the risk
of not fully coding in line with EudraVigilance. To manage this
limitation, the same dictionary was used as that used by the
EMA. To limit the excluded ICSRs due to missing drugs within
the network representation, additional coding was applied by
DrugBank IDs, however this might have an effect on the com-
parability with ROR calculations by the EMA.

The filtering settings of ICSRs based on report types, drug
roles, inclusion and exclusion criteria might also have an impact
on the results of this study.

The limited and out-of-date reference datasets of known
DECs are plaguing the proper evaluation of performance for
signal detection methods. Both applied reference datasets were
text-mined from product information, but those mining algo-
rithms had their own limitations, therefore one needs to account
for additional false positive and false negative relationships. We
did not apply internal text-mining algorithms to produce our
own reference dataset, as that would have exceeded the scope
of our current work; hence, we worked with the widely used
datasets of the SIDER and IMI Protect projects to allow compa-
rability. The eProduct Information approach, which is planned
to be introduced in the future by EMA, might solve this issue,
given that it will also be available for research purposes. [45]

5 Conclusions

This is the first demonstration of using edge-weighting
normalization-based metrics for statistical signal detection
purposes. Our results showed that RW normalized by TW
of co-reported drugs, termed NEWSy, score, can perform
better when compared with ROR(—), which is promising
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for the application of network analysis on signal detection,
therefore we are planning to further develop our approach.

The Vigilace™ software was developed for the network-
based analysis of ICSR data, which could facilitate the
research on this field and the calculation of NEWS scores for
the improvement of signal detection. Vigilace™ is a flexible,
user configurable, web-based application for the purpose of
building and analyzing networks from selected ICSRs. Vigi-
lace™ could be a useful tool for researchers in the investiga-
tion of the possible further applications of network metrics,
and may lead to beneficial effects in drug safety.
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