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Abstract
Background  Safety signals for potential drug-induced adverse events (AEs) typically emerge from multiple data sources, 
primarily spontaneous reporting systems, despite known limitations. Increasingly, real-world data from sources such as 
electronic health records (EHRs) and administrative databases are leveraged for signal detection. Although network analysis 
has shown promise in mapping relationships between clinical attributes for signal detection in spontaneous reporting system 
databases, its application in real-world data from EHRs and administrative databases remains limited.
Objective  This study aimed to evaluate the performance of network analysis in detecting safety signals within Italian admin-
istrative databases, using drug-induced acute myocardial infarction (AMI) as a proof of concept.
Methods  We employed a case–crossover design to explore the association between drug exposure and AMI using the 
Healthcare Administrative Database of Mantova, Italy, from 2014 to 2018. Patients with their first AMI hospitalization were 
identified after a 365-day washout period to exclude prior hospitalizations. We constructed a network to analyse the relation-
ships between prescribed drugs and diagnoses, represented as nodes, with undirected edges illustrating their interactions. 
For each patient with AMI, we identified all diagnoses and drugs recorded or redeemed within 365 days of the first AMI 
episode and generated various drug–diagnosis, drug–drug, and diagnosis–diagnosis pairs. We calculated the frequency of 
these pairs, and three types of edge weights quantified the strength of connections. We identified outlier drug–AMI pairs using 
a predictive score (F) based on frequency (C) and full edge weights (WF), with validation for known AMI associations. We 
prioritized signals using the F score, C of AMI, and WF, analysed through k-means clustering to identify patterns in the data.
Results  From 2014 to 2018, a total of 3918 patients had an AMI, with 4686 AMI diagnoses. Of those, 2866 had prescriptions 
in the previous year, totalling 498,591 prescriptions. A network analysis identified 2968 unique nodes, revealing 529,935 
diagnosis–diagnosis connections, 235,380 drug–diagnosis connections, and 102,831 drug–drug connections. The median 
number of connections (C) was 404 (Q1–Q3: 194–671) for drug nodes and 380 (Q1–Q3: 216–664) for diagnosis nodes. The 
median WF was 11.8 (Q1–Q3: 9–14), and the median F score across pairs was 0.1 (Q1–Q3: 0.1–0.3). A total of 249 potential 
safety signals were detected, with 63.4% aligning with known AEs. Among the remaining signals, 80 were prioritized, and 
five emerged as the highest priority: terazosin, tamsulosin, allopurinol, esomeprazole, and omeprazole.
Conclusions  Overall, our novel method demonstrates that network analysis is a valuable tool for signal detection and prior-
itization in drug-induced AEs based on EHRs and administrative databases.
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Key Points 

Spontaneous reporting systems databases are the corner-
stone for signal detection, but their limitations have led 
to the exploration of real-world data, such as claims data 
and electronic health records, for enhancing signal detec-
tion capabilities.

The application of network analysis in signal detection, 
especially using electronic health records and adminis-
trative databases, is still novel and largely unexplored.

We constructed a network of 2968 nodes representing 
drugs and diagnoses, which identified over 800,000 con-
nections. A total of 249 potential drug–acute myocardial 
infarction signals were detected, with 63.4% aligning 
with a known adverse event.

1  Introduction

Safety signals refer to information on a new or known 
adverse event (AE) that is potentially caused by a medicine 
or a vaccine and that warrants further investigation. Signals 
are generated from several data sources, including sponta-
neous reports, clinical studies, and the scientific literature. 
Spontaneous reporting systems (SRS) databases continue to 
be the cornerstone data source in signal detection, despite 
their intrinsic limitations [1–4]. Other complementary data 
sources are now widely explored for use in signal detec-
tion, including real-world data (RWD), encompassing claims 
data, electronic health records (EHRs), and administra-
tive databases [5–7]. The Sentinel System in the USA and 
DARWIN-EU in the European Union are largely distributed 
database networks that also actively analyse RWD for signal 
detection and validation, facilitating timely interventions by 
employing common data models and analytical tools [8–12]. 
These distributed database networks use a variety of meth-
ods and analytical approaches. No single method/approach 
has demonstrated superior performance for signal detection 
across all drugs/vaccines and outcomes when using EHRs 
and administrative databases, highlighting the need for a 
wide variety of methods/approaches that can be used in dif-
ferent scenarios [7, 13–16].

Network analysis, a mathematical framework used to 
study the relationships (i.e., edges) between individual 
attributes (i.e., nodes) [17, 18] has been recently explored as 

a complementary method for signal detection in SRS data-
bases with a proof of concept in drug-induced AEs, includ-
ing acute myocardial infarction (AMI) [19–27]. Network 
analysis has been widely explored in the studies of disease 
progression and drug prescription pattern using EHRs and 
claims data [19, 20, 27–30]. However, to the best of our 
knowledge, no studies have been conducted to adapt network 
analysis for the purpose of signal detection through EHRs 
and administrative databases. Network analyses for signal 
detection in EHRs offers promise as an alternative to SRS by 
leveraging comprehensive RWD, useful to identify complex 
patterns and interactions between clinical events, medica-
tions, and patient characteristics [7, 31, 32]. Therefore, we 
investigated the use and the performance of network analysis 
as a method for signal detection in RWD, focusing on Italian 
EHRs and administrative databases using drug-induced AMI 
as a proof of concept.

2 � Methods

2.1 � Data Source

The data used in this study were sourced from the Healthcare 
Administrative Database of the Lombardy Region, which 
encompasses records for all residents within the region, 
constituting nearly 10 million individuals, approximately 
16% of the Italian population [33]. Due to limited compu-
tational resources, the study is based on data from 2014 to 
2018 related to the Healthcare Administrative Database from 
Mantova, Italy. All data are from both public and private 
accredited healthcare providers, partly or entirely funded 
by the Italian National Health Service (NHS). The database 
incorporates several components: (a) the archive of NHS 
beneficiaries, encompassing essentially the entire resident 
population and containing their demographic and adminis-
trative characteristics; (b) the hospital discharge database, 
documenting all hospital admissions across public and 
private hospitals in Lombardy with primary and second-
ary discharge diagnoses; and (c) the outpatient prescription 
drug database, containing information on NHS-reimbursable 
medication prescriptions. Integration of diverse pieces of 
information pertaining to NHS beneficiaries, stored across 
these repositories, is facilitated through a unique personal 
identification code. Adhering to prevailing Italian legisla-
tion on patient confidentiality, the unique identification code 
undergoes automatic conversion to an anonymous code, with 
reversal of this process pre-empted by deletion of the conver-
sion table. Further elucidation regarding the structure of this 
database is available elsewhere [34].



515Network Analysis and Machine Learning for Signal Detection Using Electronic Healthcare Records

All diagnoses are classified in accordance with the Inter-
national Statistical Classification of Diseases and Related 
Health Problems, 9th revision, Clinical Modification (ICD-
9-CM) [35], and drug prescriptions are categorized accord-
ing to the fifth level of the Anatomical Therapeutic Chemical 
(ATC) classification system codes [36]. Data obtained from 
this database have been validated previously [34, 37–40].

2.2 � Study Design

This study employed a case–crossover design. Individuals 
who experienced their first hospitalization for AMI during 
the study period were identified, without age limits. The 
study period was selected for data availability. A 365-day 
washout period was applied to ensure no prior AMI hos-
pitalizations in the previous year, defining this as the first 
AMI. As the 1-year look-back period is necessary, enrol-
ment started in 2015. Both primary and secondary diagnoses 
documented during hospital admissions, using ICD-9 CM 
codes beginning with 410, were examined to identify AMI. 
The positive predictive value of code 410, specifically when 
used as the primary diagnosis, was reported to be 86% [41]. 
Within a 365-day observational window leading up to the 
AMI event, individuals served as their own controls (Fig. 1) 
[42].

2.3 � Network Analysis

We constructed a network to map the relationships between 
various elements, with prescribed drugs and diagnoses rep-
resenting the nodes. The connections between these nodes 
were depicted as undirected edges, illustrating the interac-
tions between the drugs and diagnoses. Among all patients 
with AMI, we identified all other diagnoses and drugs 
recorded/redeemed within 365 days of their first AMI epi-
sode within the study period. Next, we created all possible 
combinations of drugs and diagnoses (i.e., drug–diagnosis 
pairs) that could be identified within this observational win-
dow of 365 days. We then calculated the frequency of each 
pair (C), representing the number of patients who had both 
the specific drug and diagnosis as a co-occurrence. This 
same pairing approach was applied to identify all combina-
tions of dispensed drugs (i.e., drug–drug pairs) and diag-
nosis codes (i.e., diagnosis–diagnosis pairs) (Fig. 2). To 
quantify the strength of the connection between nodes (size 
of the edge in Fig. 2), three types of edge weights were com-
puted for each pair (i.e., drug–drug, drug–diagnosis, and 
diagnosis–diagnosis):

•	 Drug edge weight (WDr): To calculate WDr, for each pair 
(i.e., drug–drug, drug–diagnosis, and diagnosis–diagno-
sis), we identified all related patients with the given pair; 
then, for each patient, we determined how many other 

drugs were co-dispensed within the 365 observational 
window. From this, we created a distribution and calcu-
lated the 75th percentile (quartile 3 [Q3]) with a continu-
ity correction of 0.5 to obtain the final WDr value.

•	 Diagnosis edge weight (WDi): To calculate WDi, for 
each pair (i.e., drug–drug, drug–diagnosis, and diag-
nosis–diagnosis), we determined how many other diag-
noses were co-recorded within the 365 observational 
window and calculated the 75th percentile (Q3) of 
this distribution with a continuity correction of 0.5 to 
obtain the final WDi value.

•	 Full edge weight (WF): the WDr and WDi values were 
summed to derive the overall WF for each pair (i.e., 
drug–drug, drug–diagnosis, and diagnosis–diagnosis). 
This gave the number of other diagnoses and drugs 
with a certain edge. There are epidemiological reasons 
to compute the WF scores. Specifically, WF considers at 
the same time the number of drugs co-dispensed along-
side the prevalence of co-recorded diagnoses. Drugs 
with an edge with AMI that have fewer co-dispensed 
medications and co-recorded diagnoses (and, therefore, 
a lower WF) have less potential for alternative ‘causes’ 
for their association with AMI and therefore a stronger 
epidemiological association. Conversely, the presence 
of multiple co-dispensed drugs, as well as additional 
co-recorded diagnoses, suggest potential alternative 
‘causes’ for AMI and therefore indicate a weakened 
association.

A graphical representation of the datasets generated from 
these calculations is provided in Fig. S1 in the electronic 
supplementary material.

2.4 � Signal Detection

The signal detection was conducted through outlier detec-
tion. Outlier detection was performed to identify drug–AMI 
pairs with unusually high frequencies relative to their WF 
scores. Initially, the final predictive score (F ) was computed 
for each drug–diagnosis pair, representing the ratio of fre-
quency (C) to the respective WF value through the following 
equation:

Outliers of the F score were identified using quartiles 1 
and 3 (Q1–Q3). Pairs with F that exceeded 1.5 times the Q3 
were classified as outliers. Detected outliers were further 
analysed to ascertain potential signals of interest. A density 
plot was generated to visualize the distribution of outlier 
scores, aiding in the identification of significant signals 
within the dataset.

F =
C

WF

.
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To evaluate the performance of our signal detection method, 
we used the SIDER database [43]. We considered in SIDER 
all drugs that listed in their summary of product characteristics 
(SmPCs) the Medical Dictionary for Regulatory Activities pre-
ferred term ‘myocardial infarction’ to be true positives. Since 
our data sources were pharmacy databases containing only 
drugs reimbursed by the Italian NHS, we excluded drugs not 
reimbursed or dispensed at community pharmacies from the 
list of drugs extracted from SIDER. These excluded drugs dis-
pensed only in hospitals and those whose cost is fully borne by 
the patient (both with and without medical prescription) [44]. 
Additionally, considering that SIDER is based on the US Food 
and Drug Administration (FDA) prescribing information, we 
excluded from the list of drugs extracted from SIDER those 
not commercialized in Italy during the study period. To assess 
the performance of our approach, we calculated the percentage 
of drugs identified by our method relative to the filtered list 
of drugs obtained from SIDER that listed ‘myocardial infarc-
tion’ (denominator) in the SmPC. Following identification as 
potential safety signals through an initial screening process, the 

drugs undergoing validation were categorized based on their 
therapeutic use from the ATC level. These categories included 
antibacterials for systemic use, analgesics, anti-inflammatory 
and antirheumatic products, drugs used in diabetes, antihy-
pertensives, psychoanaleptics, drugs for gastrointestinal and 
respiratory conditions, and vitamins and supplements. Broader 
categories captured antipsychotics for treating mental illness, 
anticonvulsants for seizure control, ophthalmic agents for eye 
care, bone metabolism agents, hormones, and a miscellaneous 
category for less common therapeutic uses.

2.5 � Signal Validation

We conducted signal validation to assess whether AMI was a 
known or unknown AE associated with each drug. This vali-
dation process involved consulting the European Medicines 
Agency SmPC [45] or Italian Medicines Agency SmPC if the 
drug is not authorized by centralized procedure, and the US 
FDA full prescribing information [46] to check whether the 
preferred term ‘myocardial infarction’ was listed.

Fig. 1   Case–crossover design: Each patient’s 1-year timeline (blue line) depicts the period leading up to the diagnosis of acute myocardial 
infarction (AMI) (red triangle)
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We then searched PubMed for observational or clinical trial 
studies investigating the association between the drug under 
investigation and AMI. The search strategy employed the 
terms ‘Drug Name’ AND ‘myocardial infarction’. If there was 
at least one study describing the association, we considered the 
potential safety signal as not novel.

For drugs lacking evidence in PubMed and not listing AMI 
in the SmPC, we assessed whether they have therapeutic indi-
cations for diseases with a very high risk of AMI development 
(confounding by indication and protopathic bias) [47].

2.6 � Signal Prioritization

Prioritization of signals was performed by using the F score, 
C of AMI (i.e., frequency of the drug–AMI pair), and WF. 
These variables underwent standardization by subtracting their 
mean and scaling them by dividing by their standard deviation. 

These standardized data were then subjected to k-means clus-
tering, an unsupervised machine learning technique aimed 
at identifying inherent clusters within the dataset based on 
similarity in standardized values. The number of clusters (k) 
was set empirically to 5. A fixed random seed (i.e., 1234) was 
used to ensure the reproducibility of clustering results across 
analyses.

For prioritization, the clusters were sorted by descending 
F score, followed by descending frequency C, and finally by 
ascending WF.

2.7 � Mathematical Framework for the Network 
Analysis

In this section, we provide the mathematical framework of the 
network in our signal detection method. We can describe the 
patient records as:

Fig. 2   Example of a network of diagnoses and drugs from 1 year 
leading up to the first episode of acute myocardial infarction for an 
individual patient. Each node represents either a drug or a diagnosis. 
The size of the node indicates its centrality degree, which measures 
the importance of the node within the network. The edges represent 
the type of pairs: drug–drug pair (blue lines), drug–diagnosis pair 
(green lines), and diagnosis–diagnosis pair (red lines). The thickness 

of the lines indicates the strength of the associations, with thicker 
lines representing stronger connections. The weight refers to the full 
edge weight. The centrality degree metric is based on the full network 
and indicates how central a node is within the entire network. Acute 
myocardial infarction is not represented as a separate node in this fig-
ure; instead, it focuses on the network of diagnoses and drugs leading 
up to the first episode of acute myocardial infarction
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where Pk represents the record of the kth patient out of a 
total number of N patients, whereas SDrk and SDik represent 
the set of unique drugs and diagnoses associated with the 
kth patient, respectively, that are subsets of all the unique 
recorded drugs SDrk and diagnoses SDik . Let us define the co-
occurrence (frequency) of a drug–diagnosis pair as:

This can be trivially extended for drug–drug and diagno-
sis–diagnosis pairs as:

For a drug dri ∈ SDr and a diagnosis dii ∈ SDi , the drug 
co-reporting distribution is given by:

where nDrk is the number of drugs reported with patient k. 
Then, the drug-weighting score is given by taking the 75th 
percentile of the distribution and adding 0.5.

where lDrij is the length of the distribution vector �Drij.
Similarly, the diagnosis co-reporting score is:

Pk =
{
SDrk, SDik |∀k ∈ {1,2,… ,N}

}
,

SDrk =
{
dri|dri ∈ SDr

}
,

SDik =
{
dii|dii ∈ SDi

}
,

Cij =

N∑

k=1

{
1,

0,

ifdri∈SDrk ,dii∈SDik
otherwhise

.

Cij =

N∑

k=1

{
1,

0,

ifdri,drj∈SDrk

otherwhise
,

Cij =

N∑

k=1

{
1,

0,

ifdii,dij∈SDik
otherwhise

.

�Drij
=
{
WDrk

|WDrk
= nDrk − 1, inPk,∀k ∈ {1,2,… ,N},

ifdri ∈ SDrk , dij ∈ SDik

}
,

�Drij
= sort

(
�Drij

)
,

WDrij
= 0.5 + �Drij

[
0.75 × lDrij

]
,

�Diij
=
{
WDik

|Wi = nDik − 1, inPk,∀k ∈ {1,2,… ,N},

ifdri ∈ SDrk , dij ∈ SDik

}

�Diij
= sort

(
�Diij

)
,

where nDik is the number of drugs reported with patient k, 
and lDiij is the length of the distribution vector �Diij.

The final predictive score for a drug–diagnosis pair is given 
by summing their drug-weighting and diagnosis-weighting 
scores, then dividing the co-occurrence value with the result:

For drug–drug and diagnosis–diagnosis scores, we fol-
lowed the same formulation, with the only difference being 
that we calculated the elements of the co-reporting distribu-
tions by n − 2 for matching types (e.g., for �Diij with diagno-
sis–diagnosis pairs) and by simply n for non-matching types 
(e.g., for �Drij with drug–drug pairs). This corresponds to the 
theoretical background of counting how many other drugs 
or diagnoses were reported with a given entity pair.

2.8 � Descriptive Analyses

Descriptive analyses were conducted to understand the char-
acteristics of the population, drug use, and hospitalization 
patterns. These analyses examined the total resident popula-
tion, the number of individuals who redeemed prescriptions, 
the total number of prescriptions dispensed, and the types of 
drugs used (identified by ATC code fifth level). Additionally, 
information on hospitalizations was analysed, including the 
total number of hospital admissions, the number of individu-
als hospitalized, and the variety of ICD-9-CM codes docu-
mented. The median number of hospitalizations per patient 
was also calculated. The analysis of AMI cases identified 
the number of individuals with at least one AMI hospitaliza-
tion and the total number of recorded AMI diagnoses. Dis-
pensing data were examined for individuals admitted for 
AMI, focusing on the number of individuals with at least 
one prescription filled within 365 days before the first AMI 
diagnosis and the total number of prescriptions dispensed 
during that period. Descriptive statistics were employed to 
characterize the demographics of individuals admitted for 
AMI, including median age and sex distribution. Addition-
ally, the median number of prescriptions redeemed per year 
and the median time between redeemed prescriptions and 
the subsequent AMI diagnosis were calculated.

Further descriptive analyses were conducted to character-
ize the network, such as the total number of unique nodes, 
representing both individual drugs and diagnoses, the types 
of connections (edges) categorized as diagnosis–diagnosis, 

WDiij
= 0.5 + �Diij

[
0.75 × lDiij

]
,

WFij
= WDrij

+W
Diij

,

Fij =
Cij

WFij

.
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drug–diagnosis, and drug–drug. The analysis further inves-
tigated the distribution of connections for each node type, 
examining the median C of connections for drugs and diag-
noses. Additionally, the strength of connections within the 
network was assessed using different weighting schemes 
(i.e., WF, F).

All data are presented as median with quartile 1 and quar-
tile 3 (Q1–Q3) for continuous variables and as absolute and 
percentage frequencies for categorical variables. The entire 
analysis was performed using R Studio software, version 
2023.12.1+402 [48].

3 � Results

3.1 � Descriptive Analysis

During the study period from 2014 to 2018, an aver-
age 412,002 individuals were resident in Mantova, Italy. 
Within this timeframe, 250,943 individuals had at least one 
redeemed prescription, resulting in a total of 1,5705,028 
prescriptions being redeemed, with 774 different drugs 
(ATC code fifth level) redeemed in the database. A total of 
206,414 hospitalizations were registered during the study 
period: 97,620 individuals had at least one hospitalization 
and 6057 different ICD-9-CM codes were recorded in the 
database. The median number of hospitalizations per patient 
was 1 (Q1–Q3: 1–3).

A total of 3918 individuals had at least one hospital 
admission for AMI, and a total of 4686 AMI diagnoses 
were registered. Within this timeframe, 2866 individuals 
admitted for AMI had at least one redeemed prescription 
in the 365 days up to the AMI diagnosis, resulting in a total 
of 498,591 prescriptions being redeemed. Individuals had 
a median age of 74 (Q1–Q3: 64–82) years and were mainly 
males (n = 1689; 58.9%). A total of 582 different drugs 
were redeemed in the database with a median of 40 (Q1–Q3: 
25–59) redeemed prescriptions for each individual per year. 
The median time from redeemed prescriptions of all drugs 
in the 365 days before AMI was 162 (Q1–Q3: 257–75) days.

3.2 � Network Characteristics

The network comprises a total of 2968 unique nodes, con-
sidering both individual drugs and diagnoses. The net-
work reveals three main edge types: diagnosis–diagnosis 
(most frequent, with 529,935 connections), drug–diagnosis 
(235,380 connections), and drug–drug (102,831 connec-
tions). The median C of connections (i.e., node degree) 
for drug nodes was 404 (Q1–Q3: 194–671), and diagnoses 
had a median of 380 (Q1–Q3: 216–664) connections. The 
median edge weight was 1 (Q1–Q3: 1–3) (i.e., full degree 

distribution). The analysis reveals variations in the median 
weights across different edge categories within the network. 
The median strength for WDr connections was 7.5 (Q1–Q3: 
5.5–10.3). WF had a median of 11.8 (Q1–Q3: 9–14). F score 
had a median of 0.1 (Q1–Q3: 0.1–0.3).

3.3 � Signal Detection

A total of 331 drugs listing ‘myocardial infarction’ were 
initially identified in SIDER. After excluding drugs used 
exclusively in hospitals, those unavailable commercially or 
not reimbursed in Italy, the number of drugs from SIDER 
was reduced to 134. A total of 249 signals were identified 
(Fig. 3). Among these potential safety signals, 85 (63.4%) 
were found within the 134 SIDER drugs. Of the remain-
ing 164 drugs identified as potential safety signals and not 
recorded in SIDER, 24 already listed ‘myocardial infarction’ 
in the SmPCs and 60 had protopathic or indication bias, 
leaving 80 signals for prioritization (Table 1).

3.4 � Signal Prioritization

Using a clustering approach, we grouped potential safety 
signals into five distinct clusters based on three key charac-
teristics: F score, WF, and C of occurrence. In all, five poten-
tial safety signals received the highest priority as defined in 
the materials and methods section, 17 classified as priority 
2, eight assigned priority 3, 23 categorized as priority 4, and 
the remaining classified with the lowest priority (Fig. 4).

4 � Discussion

To the best of our knowledge, the number of studies using 
network analysis in EHR data is growing [49, 50], and 
recent research incorporating administrative databases is 
now emerging [51, 52]. However, none of these studies have 
focused on safety signals. Our study presents a novel appli-
cation of network analysis as a method for signal detection 
and prioritization in EHRs and administrative databases, 
specifically investigating drug-induced AMI using data from 
Mantova, Italy, as a proof of concept. Our approach takes 
inspiration from the recent work of Pétervári et al. [25], who 
applied network analysis in the EudraVigilance database.

In our analysis, we recognize that the F score and clus-
tering prioritization in our method can be influenced by 
the frequency of drug–diagnosis pairs within the dataset. 
Specifically, more common drug–diagnosis pairs tend to 
appear more frequently, leading to higher co-occurrence 
values and, consequently, higher prioritization during net-
work analysis. This effect raises a potential concern, as it 
could result in a bias toward more common associations, 
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possibly overshadowing rarer drug–adverse drug reaction 
(AE) pairs. To address this, we implemented a weighting 
mechanism, including the 75th percentile adjustment, which 
helps mitigate the influence of highly frequent pairs. Despite 
this adjustment, the identification of rare AEs remains inher-
ently challenging because of their limited occurrence in 
available data. Nonetheless, from a public health perspec-
tive, our method is designed to prioritize AEs that are not 
only more frequent but also more severe, which aligns with 
the goal of identifying critical health risks that require atten-
tion. Therefore, although rare AEs are difficult to detect, our 
approach effectively targets events that have a greater public 
health impact, ensuring that the method serves its intended 
purpose of prioritizing clinically significant drug–diagnosis 
associations.

A key challenge we encountered was how to define the 
observation period for each patient. Unlike administrative 
databases, which track patients prospectively, SRS databases 
like the FDA Adverse Event Reporting System (FAERS) 
capture only ‘snapshots’ of individuals at the time an AE 
occurs; without the number of total users, it is not possi-
ble to compute the incidence of an AE. Our objective was 
to develop a comparable framework for individuals using 
administrative databases, capitalizing on the extensive 
data these sources offer. This methodology was adjusted to 
incorporate the 75th percentile of patients with a specific 
diagnosis and their corresponding co-medications. Notably, 
EHRs and administrative databases include all prescribed 
medications, whereas individual case safety reports are 
often incomplete, presenting a significant challenge for SRS 

database analysis [2, 53]. Indeed, our results illustrate the 
potential of network analysis to identify complex interac-
tions between medications, clinical events, and patient char-
acteristics, offering an innovative alternative to traditional 
SRS databases. However, individual case safety reports can 
include drugs not reimbursed or dispensed at community 
pharmacies, which are typically missing from Italian EHRs 
and administrative databases.

Network analysis is a powerful tool for exploring complex 
relationships within healthcare databases, providing valu-
able insights that traditional analytical methods may over-
look [17, 20, 27]. By modelling patients, treatments (i.e., 
drugs), and conditions (i.e., diagnoses) as interconnected 
nodes, network analysis enables the identification of pat-
terns and associations (i.e., edges) across large and diverse 
datasets. This approach is particularly useful for uncovering 
hidden connections between comorbidities, tracking disease 
progression, and understanding the interactions between 
medications and AEs. Our findings reveal that, during the 
study period from 2014 to 2018, a substantial number of 
individuals (n = 250,943) redeemed prescriptions, leading 
to over 1.5 million prescriptions, with a diverse range of 
medications involved (774 unique ATC codes). This exten-
sive data set allows for a comprehensive examination of the 
relationship between drug use and hospitalization for AMI, 
highlighting the robustness of the EHRs and administrative 
databases in capturing real-world patient data. The network 
analysis produced a substantial framework comprising 2968 
unique nodes, which indicates a rich tapestry of connections 
between diagnoses and medications. The predominance of 

Fig. 3   Signal identification from 
outliers
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Table 1   Potential signals 
identified from outliers and their 
prioritization

Drug name ATC code Therapeutic indication Priority (P)

Terazosin G04CA03 Benign prostatic hyperplasia P1
Tamsulosin G04CA02 Benign prostatic hyperplasia P1
Esomeprazole A02BC05 Gastrointestinal agent P1
Omeprazole A02BC01 Gastrointestinal agent P1
Allopurinol M04AA01 Gout treatment P1
Azithromycin J01FA10 Antibiotic P2
Insulin aspart A10AB05 Antidiabetic P2
Insulin lispro A10AB04 Antidiabetic P2
Insulin lispro (long acting) A10AC04 Antidiabetic P2
Alfuzosin G04CA01 Antihypertensive P2
Clonidine C02AC01 Antihypertensive P2
Dutasteride G04CB02 Benign prostatic hyperplasia treatment P2
Silodosin G04CA04 Benign prostatic hyperplasia treatment P2
Potassium canrenoate C03DA01 Diuretic P2
Torasemide C03CA04 Diuretic P2
Alginic acid A02BX13 Gastrointestinal agent P2
Ranitidine A02BA02 Gastrointestinal agent P2
Ferrous sulfate B03AA07 Iron supplement P2
Beclometasone R03BA01 Respiratory agent P2
Salmeterol and fluticasone R03AK06 Respiratory agent P2
Folic acid B03BB01 Vitamin B supplement P2
Calcitriol A11CC04 Vitamin D supplement P2
Lincomycin J01FF02 Antibiotic P3
Valproic acid N03AG01 Anticonvulsant P3
Ebastine R06AX22 Antihistamine P3
Haloperidol N05AD01 Antipsychotic P3
Calcium carbonate A12AA04 Calcium supplement P3
Chlortalidone C03BA04 Diuretic P3
Brimonidine S01EA05 Ophthalmic agent P3
Selegiline N04BD01 Parkinson's disease treatment P3
Oxycodone and naloxone N02AA55 Analgesic P4
Cefixime J01DD08 Antibiotic P4
Fosfomycin J01XX01 Antibiotic P4
Rifaximin A07AA11 Antibiotic P4
Sulfamethoxazole and trimethoprim J01EE01 Antibiotic P4
Clonazepam N03AE01 Anticonvulsant P4
Gliquidone A10BB08 Antidiabetic P4
Levocetirizine R06AE09 Antihistamine P4
Finasteride G04CB01 Benign prostatic hyperplasia treatment P4
Alendronic acid and colecalciferol M05BB03 Bone metabolism agent P4
Alendronic acid M05BA04 Bone metabolism agent P4
Ibandronic acid M05BA06 Bone metabolism agent P4
Methotrexate L01BA01 Cancer treatment P4
Multienzymes (lipase, protease, etc.) A09AA02 Digestive aid P4
Indapamide C03BA11 Diuretic P4
Bimatoprost S01EE03 Ophthalmic agent P4
Brinzolamide S01EC04 Ophthalmic agent P4
Travoprost S01EE04 Ophthalmic agent P4
Montelukast R03DC03 Respiratory agent P4
Calcipotriol, combinations D05AX52 Skin treatment P4
Clobetasol D07AD01 Skin treatment P4
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diagnosis–diagnosis connections suggests that certain clini-
cal conditions are frequently associated with one another, 
which is consistent with existing literature on comorbidities 
[54, 55]. The robust connections between drugs and diag-
noses emphasize the need for continued vigilance in moni-
toring AEs, particularly as patients often receive multiple 
medications simultaneously [56].

The identification of 249 potential safety signals for AMI, 
of which 63.4% were linked to drugs already recorded in 
the SIDER database, underscores the performance of this 
methodology in surfacing relevant safety information. Nota-
bly, the 80 previously unknown signals for drug-induced 
AMI prioritized for further investigation, particularly those 
not documented in the SIDER, highlight the importance of 
ongoing evaluation and re-assessment of drug safety profiles 
in the context of clinical practice. The clustering approach 
we used for signal prioritization effectively distilled the 
safety signals into five distinct clusters based on their char-
acteristics, providing a clear framework for future research. 
This systematic categorization aids in focusing efforts on the 

most pertinent signals, enabling healthcare providers and 
regulatory bodies to allocate resources efficiently toward 
further investigation and monitoring of potential risks asso-
ciated with drug use. Our approach successfully prioritized 
with the highest priority (intended as drugs with the highest 
mean F score, highest C, and lowest WF) five drugs: terazo-
sin, tamsulosin, allopurinol, esomeprazole, and omeprazole. 
These findings are confirmed by previous studies that further 
corroborate the performance of our method. Proton pump 
inhibitors (PPIs), such as esomeprazole and omeprazole, are 
commonly used by the Italian population. A recent study 
conducted in the Italian Lombardy region, which includes 
the city of Mantova, identified an elevated risk of cardio-
vascular events, including AMI, in the elderly population 
treated with PPIs [57]. Another study [58] hypothesized a 
potential protopathic bias, suggesting that cardiovascular 
conditions may present with gastrointestinal-like symptoms; 
however, chronic use of PPIs is more commonly associated 
with a diagnosed gastric condition, likely confirmed through 
imaging tests, or to the primary prevention of peptic ulcers 

Table 1   (continued) Drug name ATC code Therapeutic indication Priority (P)

Tacalcitol D05AX04 Skin treatment P4
Thiamazole H03BB02 Thyroid treatment P4
Codeine and paracetamol N02AA59 Analgesic P5
Fentanyl N02AB03 Analgesic P5
Ranolazine C01EB18 Antianginal P5
Ceftriaxone J01DD04 Antibiotic P5
Levetiracetam N03AX14 Anticonvulsant P5
Acarbose A10BF01 Antidiabetic P5
Insulin aspart A10AD05 Antidiabetic P5
Insulin degludec A10AE06 Antidiabetic P5
Insulin glulisine A10AB06 Antidiabetic P5
Linagliptin A10BH05 Antidiabetic P5
Sitagliptin A10BH01 Antidiabetic P5
Cetirizine R06AE07 Antihistamine P5
Desloratadine R06AX27 Antihistamine P5
Rupatadine R06AX28 Antihistamine P5
Hydroxychloroquine P01BA02 Antimalarial P5
Quetiapine N05AH04 Antipsychotic P5
Risedronic acid M05BA07 Bone metabolism agent P5
Calcium carbonate + Vitamin D A12AX Calcium supplement P5
Hydroxycarbamide L01XX05 Cancer treatment P5
Potassium chloride A12BA01 Electrolyte supplement P5
Latanoprost S01EE01 Ophthalmic agent P5
Tafluprost S01EE05 Ophthalmic agent P5
Budesonide R03BA02 Respiratory agent P5
Flunisolide R03BA03 Respiratory agent P5
Ipratropium bromide R03BB01 Respiratory agent P5
Cyanocobalamin B03BA01 Vitamin B supplement P5
Paricalcitol H05BX02 Vitamin D supplement P5
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in patients taking long-term aspirin for secondary cardiac 
prevention, rather than to early cardiac manifestations. 
Given that the impact of concomitant therapies is already 
accounted for in our analysis, incorporating the duration of 
PPI exposure could further strengthen our approach. Tera-
zosin and tamsulosin, both alpha-1 adrenergic antagonists 
primarily used for treating benign prostatic hyperplasia and 
hypertension, have been associated with adverse cardiovas-
cular effects. These drugs lower blood pressure by causing 
vasodilation; however, they can also lead to postural hypo-
tension and reflex tachycardia. The cardiovascular stress 
induced by these side effects may increase the risk of AMI, 
particularly in older patients or those with pre-existing cardi-
ovascular conditions [59]. Allopurinol, primarily prescribed 
for gout, has also raised concerns regarding its cardiovas-
cular safety profile. The effectiveness of allopurinol in low-
ering cardiovascular risk is not yet supported by sufficient 
clinical evidence, despite its established role in managing 
uric acid levels [60].

Despite the promising results, this study has limitations 
that warrant discussion. The reliance on administrative data-
bases may introduce bias due to incomplete data or varia-
tions in coding practices. First, the results observed in the 
population of the city of Mantova may not be applicable at 
national or international levels given potential regional vari-
ations in demographics, healthcare practices, and drug use 
patterns. Additionally, the sample size was relatively small, 
which may limit the statistical power and robustness of the 
conclusions drawn. Moreover, although network analysis 
offers insights into complex relationships, it may not fully 

account for confounding variables that influence drug safety, 
such as patient demographics, comorbid conditions, and 
clinical practices. Furthermore, although we employed the 
Pétervári et al. [25] method for signal detection (i.e. calculat-
ing various edge weighting scores to be used for network-
based signal detection), alternative methodologies exist that 
could yield different insights. For instance, Fusaroli et al. 
[26, 61] have published two studies using network analysis 
for signal detection focusing on the concept of syndromes 
rather than individual AEs. The study of these clusters is 
of particular importance in SRS databases, where most of 
the reports come from consumers. However, we focused 
our attention on the clinical diagnosis of AMI, which was 
surely made by a clinician in the hospital. In this case, the 
symptoms and the general aspect of a more complex syn-
drome were considered a priori by the reporter. Therefore, 
our approach could further expand to consider more than one 
diagnosis to analyse more complex clinical profiles.

Our methods demonstrate potential applicability to other 
administrative and electronic healthcare databases with 
comparable structures and data quality. Furthermore, these 
methods can be extended to investigate other AEs with high 
positive predictive value and sensitivity, akin to the char-
acteristics of AMI in our study. However, it is important to 
note that our analysis was limited to a single local health 
unit, which may constrain the generalizability of our find-
ings. Additionally, the decision to focus on AMI was guided 
by the original design of the method, which was tailored 
for application in SRS databases. Future studies should aim 
to validate these findings across diverse populations and 
healthcare settings to enhance the generalizability of the 
results.

5 � Conclusions

Our novel method demonstrates that network analysis is a 
valuable tool for signal detection and prioritization in drug-
induced AEs based on EHRs and administrative databases. 
By leveraging comprehensive RWD, this approach has the 
potential to enhance pharmacovigilance efforts and improve 
patient safety outcomes. Continued exploration of network-
based methodologies in pharmacovigilance will be crucial 
for developing a deeper understanding of drug safety in 
increasingly complex healthcare environments.
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