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ABSTRACT

The increasing use of glucagon-like peptide-1 receptor agonists (GLP-1 RAs) for type 2 diabetes mellitus and
obesity has increased the need for structured post-marketing safety analysis. Pharmacovigilance studies based
on spontaneous reporting systems generally emphasize adverse event frequency and disproportionality, while
sequential relationships among multiple events within individual reports remain insufficiently represented. This
study addresses this gap by applying process mining to adverse event reports obtained from the U.S. Food and
Drug Administration Adverse Event Reporting System through the OpenFDA Drug Adverse Event Application
Programming Interface for semaglutide, liraglutide, dulaglutide, and tirzepatide during 2023–2025. A total of
188,734 reports were processed through cleaning, normalization, deduplication, event-log construction, Top-25
adverse event selection, Directly-Follows Analysis, Heuristics Miner, and Inductive Miner. The final event log
contained 496,212 event records from 188,247 cases, including 48,429 cases with at least two reported events.
Nausea → Vomiting was the most frequent transition, occurring 4,459 times, while Incorrect dose administered →
Injection site pain occurred 2,267 times for tirzepatide. Heuristics Miner achieved precision values of 0.9671–0.9909
and F-scores of 0.8474–0.8682, whereas Inductive Miner achieved fitness of 1.0000 with lower precision values
of 0.5315–0.7481. These results indicate that process mining can complement conventional pharmacovigilance
analysis by characterizing recurring reporting-transition structures without implying clinical onset, causality, or
incidence.
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1. Introduction

Pharmacovigilance supports the continuous monitoring of medicine safety after medicinal products enter
routine clinical use. Post-marketing surveillance is necessary because pre-approval clinical trials cannot
represent all patient characteristics, concomitant treatments, patterns of medicine use, and long-term exposure
conditions that occur in broader populations. Spontaneous reporting systems therefore provide an additional
source of real-world safety information by collecting adverse events and medication errors reported after
product authorization. The U.S. Food and Drug Administration Adverse Event Reporting System (FAERS)
is one of the main sources of post-marketing pharmacovigilance data. FAERS contains adverse event and
medication error reports submitted by manufacturers, healthcare professionals, patients, and other reporters.
OpenFDA provides computational access to FAERS records through an application programming interface and
includes Harmonized Fields for structured drug identification. These data support large-scale safety-signal
exploration and computational analysis of reported adverse events.

FAERS data require careful interpretation. A report does not establish that a medicinal product caused an
adverse event because underlying diseases, concomitant medications, and other clinical factors can influence
the reported outcome. FAERS also contains duplicate reports, incomplete information, differences in reporting
quality, and reporting bias. In addition, spontaneous reporting data cannot be used directly to estimate adverse
event incidence because the exposed population and the number of unreported events are unknown.

Glucagon-like peptide-1 receptor agonists (GLP-1 RAs) have become an important focus of post-marketing
safety surveillance because their use has expanded in the management of type 2 diabetes mellitus and
obesity. Recent pharmacovigilance studies have examined adverse event patterns associated with semaglutide,
liraglutide, dulaglutide, tirzepatide, and other agents in this therapeutic group. A study of semaglutide
identified differences in adverse event patterns according to the route of administration [1]. A more recent
FAERS analysis evaluated neurological adverse events associated with several GLP-1 RAs and identified
reported safety signals through disproportionality analysis [2].

Tirzepatide has also received increasing attention in recent post-marketing studies. One study analyzed
tirzepatide reports in FAERS and identified adverse event signals through disproportionality analysis [3].
Another study examined tirzepatide safety in patients with type 2 diabetes and identified several reported
adverse event patterns using multiple disproportionality algorithms [4]. These studies provide updated
information on reported safety signals, but their analytical focus remains on frequency, disproportionality,
signal strength, and related pharmacovigilance measures.

Most FAERS-based studies of GLP-1 RAs analyze adverse events as individual observations or drug–event
associations. Common approaches include Reporting Odds Ratio, Proportional Reporting Ratio, Empirical
Bayesian Geometric Mean, Bayesian Confidence Propagation Neural Network, demographic stratification,
system-organ classification, and time-to-onset analysis. These methods are useful for identifying potential
safety signals. However, they do not explicitly represent the sequential structure of multiple adverse events
recorded within the same safety report.

This limitation creates a specific analytical gap. A single FAERS report can contain several reported
adverse events. Frequency analysis can identify which events appear most often, while disproportionality
analysis can identify which drug–event combinations are reported more frequently than expected. However,
these methods do not directly describe which reported event is followed by another event within the same
report. As a result, the transition structure among reported adverse events remains insufficiently represented
in current GLP-1 RA pharmacovigilance analysis.

Process mining provides a computational approach for analyzing this type of sequential information.
Process mining transforms event data into event logs that contain a case identifier, an activity, and temporal
information. The resulting traces can be used to identify recurring transitions and process structures. Process
mining generally includes process discovery, conformance checking, and process enhancement. This study
focuses on process discovery because the objective is to reconstruct process structures from observed event-log
behavior.

The use of process mining in healthcare has increased with the availability of digital clinical and adminis-
trative data. A systematic literature review published in 2025 identified applications of process mining in
clinical processes, organizational workflows, resource management, and healthcare process evaluation [5]. A
tertiary study published in 2025 also reported that process discovery remains one of the most frequently used
process mining activities in healthcare [6]. These studies also identified data quality, process variability, noise,
missing information, and model interpretation as important challenges in healthcare process mining.

Process discovery algorithms differ in how they represent event-log behavior. Heuristics Miner uses
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event frequency and dependency relationships to identify recurring transitions. The algorithm is suitable for
event logs that contain infrequent behavior and noise. Inductive Miner constructs structured process models
recursively from observed event-log behavior. These differences affect the characteristics of the resulting
process models.

Process model evaluation therefore requires several quality dimensions. Fitness measures how well a
model can reproduce the behavior recorded in the event log. Precision measures how strongly the model
restricts behavior that is not present in the event log. Generalization evaluates whether the model can
represent related behavior beyond the observed traces. Simplicity describes the structural complexity of the
resulting process model. The combined use of these metrics provides a broader basis for comparing process
discovery algorithms.

Despite recent developments in pharmacovigilance analysis and healthcare process mining, their integra-
tion for GLP-1 RA adverse event reporting remains limited. Recent GLP-1 RA studies continue to emphasize
disproportionality, signal detection, and time-to-onset analysis [2–4]. Recent healthcare process mining
studies mainly focus on care pathways, clinical workflows, organizational processes, and healthcare operations
[5, 6]. Therefore, a methodological gap remains between drug-safety signal analysis and process-oriented
analysis of reported adverse event sequences.

This study addresses this gap by applying process mining to adverse event reports associated with
semaglutide, liraglutide, dulaglutide, and tirzepatide. The study uses OpenFDA Harmonized Fields from
FAERS for the 2023–2025 period. Each safety report is represented as a case. Each reported adverse event
is represented as an activity. The available temporal information is used to establish the event order. The
resulting event log is analyzed using Directly-Follows Analysis, Heuristics Miner, and Inductive Miner. The
main contributions of this study are threefold. First, the study transforms OpenFDA/FAERS reports into an
event log that represents safety reports as cases and reported adverse events as activities. This representation
supports the analysis of reporting sequences beyond individual event frequencies and disproportionality
measures. Second, the study applies Directly-Follows Analysis to identify recurring transitions among the
most frequently reported adverse events and to characterize reporting patterns associated with semaglutide,
liraglutide, dulaglutide, and tirzepatide. Third, the study applies Heuristics Miner and Inductive Miner to the
same event-log samples and compares the resulting models using fitness, precision, generalization, simplicity,
and F-score.

The empirical results provide an initial description of the reporting-transition structures identified through
this framework. After preprocessing, the event log contains 496,212 event records representing 188,247 cases.
Among the Top 25 reported adverse events, 48,429 cases contain at least two events and contribute to
the transition analysis. The most frequent directly-follows transition is Nausea → Vomiting, with 4,459
occurrences. Heuristics Miner produces precision values of 0.9671–0.9909 and F-scores of 0.8474–0.8682.
Inductive Miner produces a fitness value of 1.0000 for all four drugs and precision values of 0.5315–0.7481.
These results show different model characteristics between the two process discovery algorithms. The event
sequences analyzed in this study represent reporting sequences rather than clinical onset sequences. The
analysis uses receivedate to establish temporal order and uses reaction_number as a tie-breaker when several
events share the same timestamp. Therefore, the identified transitions describe reporting patterns and should
not be interpreted as causal relationships, incidence estimates, or measures of clinical risk.

The remainder of this paper is organized as follows. Section 2 describes the research design, data source,
preprocessing, event-log construction, process discovery algorithms, and model evaluation procedures.
Section 3 presents the data extraction results, adverse event frequency analysis, Directly-Follows Analysis,
process discovery results, model evaluation, and drug-specific transition patterns. Section 4 summarizes the
findings and states the interpretation boundaries of the analysis.

2. Related Work

Recent pharmacovigilance studies have examined adverse events associated with glucagon-like peptide-1
receptor agonists (GLP-1 RAs) using spontaneous reporting databases. Semaglutide has been evaluated
using the FDA Adverse Event Reporting System (FAERS) to compare adverse event patterns between oral
and subcutaneous administration. The analysis identified differences in reported adverse events and time-
to-onset patterns between the two administration routes [1]. Gastrointestinal adverse events associated
with semaglutide have also been evaluated through FAERS-based disproportionality analysis [7]. Another
post-marketing study analyzed semaglutide reports and identified several drug–event signals that met the
applied disproportionality criteria [8].
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Pharmacovigilance studies have also examined adverse events across several GLP-1 RAs. A recent FAERS
analysis evaluated neurological adverse events associated with six GLP-1 RAs using disproportionality analysis
[2]. Metabolic and nutritional adverse events have also been analyzed across GLP-1 RAs using spontaneous
reporting data [9]. A review of serious adverse events associated with GLP-1 agonists examined evidence
across several clinical outcome categories [10]. These studies extend safety assessment beyond individual
gastrointestinal events but retain the drug–event association as the main analytical unit.

Tirzepatide has received specific attention in post-marketing pharmacovigilance. A FAERS-based study
applied disproportionality methods to identify reported adverse event signals associated with tirzepatide [11].
Another analysis examined both the overall reporting population and sex-specific subgroups and reported
frequent events involving incorrect dose administration, injection-site reactions, off-label use, and nausea [12].
More recent post-marketing monitoring also evaluated tirzepatide through FAERS-based signal detection
[3]. A separate study applied multiple disproportionality algorithms to characterize adverse event reports
associated with tirzepatide in type 2 diabetes [4].

These pharmacovigilance studies primarily analyze event frequency, disproportionality, demographic
characteristics, system-organ classifications, and time-to-onset information. These methods provide infor-
mation about reported drug–event associations. However, they do not explicitly represent the sequential
relationships among multiple adverse events recorded within the same safety report. This limitation separates
conventional pharmacovigilance signal analysis from event-sequence analysis.

Process mining provides a different analytical perspective because it represents observed activities as
ordered traces within event logs. A systematic literature review published in 2025 examined process mining
applications across healthcare processes and identified applications involving clinical workflows, organiza-
tional processes, and process evaluation [5]. A tertiary study published in 2025 also reviewed healthcare
process mining research and identified process discovery as a major analytical activity in this field [6]. These
studies indicate that process mining has become an established approach for examining structured event data
in healthcare.

Healthcare process mining also presents methodological challenges that affect event-log construction and
model interpretation. A review of process mining characteristics in healthcare identified process variability,
data characteristics, and domain-specific requirements as important considerations [13]. An updated review
of 263 healthcare process mining publications examined project stages, domain-expert involvement, and
the use of performance indicators [14]. These findings show that healthcare process mining requires both
computational analysis and domain-specific interpretation.

Process mining has also been applied to chronic disease data. A systematic review reported growing use
of process mining in chronic disease research, particularly for diabetes and cancer pathways [15]. The review
also described the combined use of statistical methods and process mining for obtaining information from
healthcare data. This direction demonstrates the applicability of process-oriented analysis to longitudinal and
pathway-based healthcare data.

Process discovery methods differ in the way they construct models from event logs. A Stable Heuristic
Miner was developed to identify common patient pathways from location event logs by applying statistical
stability to threshold selection [16]. The method calculates thresholds at statistically stable limits and
generates a reference process model from the analyzed event log. Fodina extends heuristic process discovery
by addressing limitations of conventional Heuristics Miner and providing additional configuration options
for model discovery [17]. These methods illustrate different strategies for handling variability and noise
in event-log data. Process model evaluation also requires several quality dimensions. Fitness measures the
ability of a model to reproduce behavior recorded in the event log. Precision measures the extent to which a
model restricts behavior that is absent from the observed log. Generalization and simplicity provide additional
information about model behavior and structural complexity. The X-Processes framework explicitly considers
fitness, precision, generalization, and simplicity when searching for process models [18]. These dimensions
provide a suitable basis for comparing process discovery models generated from the same event log.

Healthcare event logs can also contain sensitive information. Privacy-preserving process mining has been
examined to address privacy requirements while retaining data utility for process analysis [19]. Although
public pharmacovigilance data differ from patient-level hospital event logs, privacy-oriented process min-
ing research shows that event-log structure and information governance remain relevant methodological
considerations. Process mining has previously been applied to adverse event analysis in healthcare. An
event-log-based investigation used process mining to examine adverse events within care processes and
demonstrated how process information can support the analysis of process variations associated with adverse
events [20]. However, this application focused on care-process data rather than large-scale spontaneous
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pharmacovigilance reports. The reviewed literature therefore presents two related but distinct analytical
directions. Pharmacovigilance studies of GLP-1 RAs primarily use frequency analysis, disproportionality
measures, subgroup analysis, and time-to-onset analysis. Healthcare process mining studies analyze sequential
behavior, pathways, process structures, and process-model quality. The reviewed studies provide limited
integration of these approaches for examining transitions among multiple adverse events recorded within
individual GLP-1 RA safety reports.

This study addresses this methodological gap by transforming OpenFDA/FAERS reports into a process
mining event log. Each safety report represents a case, while each reported adverse event represents an
activity. Directly-Follows Analysis is used to characterize recurring reported-event transitions. Heuristics
Miner and Inductive Miner are then applied to the same event-log samples, and the resulting models are
compared using fitness, precision, generalization, simplicity, and F-score. The analysis therefore complements
conventional pharmacovigilance methods by examining the structure of reported-event sequences.

3. Methods

3.1. Research Design

This study employed a quantitative process mining approach to characterize reported adverse event transition
patterns associated with glucagon-like peptide-1 receptor agonists (GLP-1 RAs). The research data consisted
of adverse drug event reports obtained from the U.S. Food and Drug Administration Adverse Event Reporting
System (FAERS) through the OpenFDA Drug Adverse Event API. OpenFDA provides FAERS records in a
machine-readable JSON format and includes information on safety reports, medicinal products, patients,
and reported reactions [21]. The data source therefore supports systematic extraction and transformation of
large-scale pharmacovigilance records into an event-log structure suitable for computational analysis. The
research methodology consisted of nine main stages: (1) data collection, (2) preprocessing and normalization,
(3) event-log construction, (4) selection of the Top 25 adverse events, (5) Directly-Follows Analysis, (6) process
discovery using Heuristics Miner and Inductive Miner, (7) process-model quality evaluation, (8) selection of
the primary model, and (9) drug-specific pattern analysis. Recent healthcare process mining studies have
applied event-log transformation, Directly-Follows Graphs, Heuristics Miner, Inductive Miner, and other
process discovery algorithms to reconstruct observed healthcare processes and identify recurring process
patterns [22, 23].

Process mining was selected because it reconstructs observed process behavior from event logs containing
case identifiers, activities, and temporal information [24, 25]. Recent methodological developments have
further demonstrated that event attributes and transition features can enrich process models by representing
information associated with individual events and consecutive event relationships [26]. In healthcare, process
mining has been applied to clinical pathways, patient trajectories, process variation, and decision-support
analysis using real-world event data [13, 14, 27]. These applications support the use of process mining
for examining sequential structures that are not directly represented by conventional frequency-based
pharmacovigilance analysis. Figure 1 illustrates the research stages, beginning with the collection of adverse
drug event reports from OpenFDA/FAERS for the 2023–2025 period covering four GLP-1 receptor agonists:
semaglutide, liraglutide, dulaglutide, and tirzepatide. The collected data then undergo preprocessing, including
data cleaning, drug name normalization, deduplication, and event ordering based on the report receipt date.
The processed data are subsequently transformed into an event log, with the safety report serving as the
case, the reported adverse event as the activity, and receivedate as the timestamp. The Top 25 adverse events,
selected based on frequency, are then used to construct the process mining event log. Next, Directly-Follows
Analysis is performed to identify reporting sequences between adverse events, followed by process discovery
using the Heuristics Miner and Inductive Miner. The resulting models are evaluated based on fitness, precision,
generalization, simplicity, and F-score using the same event log sample to ensure a comparable evaluation.
Subsequently, drug-specific analysis is conducted, accompanied by Directly-Follows Graph (DFG) and Petri
Net visualizations, followed by interpretation of the identified transition patterns within the context of
pharmacovigilance.

3.2. Data Source and Collection

The data were obtained from the OpenFDA Drug Adverse Event API, which is sourced from the FDA Adverse
Event Reporting System (FAERS). OpenFDA indicates that a single adverse event report may contain multiple
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Figure 1. Research Design

medicinal products and multiple reported reactions. Therefore, the presence of a particular drug and a
reported reaction within the same report cannot, based solely on the report structure, be automatically
interpreted as evidence of a causal transition [21]. Data were collected from January 1, 2023, to December
31, 2025. Four drugs were analyzed: semaglutide, liraglutide, dulaglutide, and tirzepatide. Data retrieval
was performed using the OpenFDA harmonized field patient.drug.openfda.generic_name, with the
search separated by drug and year. The receivedate field was used to represent the report receipt date and
establish the temporal information for each report. OpenFDA provides receivedate as one of the fields
that can be used to search and filter adverse event reports [21, 28]. Because the number of retrieved records
was relatively large, the data extraction process was performed incrementally using the OpenFDA pagination
mechanism. Data for each combination of drug and year were stored in JSONL format before undergoing
further preprocessing. The extraction process resulted in 188,734 adverse event reports, with the distribution
across the four analyzed drugs presented in Table 1. By drug, the number of reports retrieved was 43,827

Table 1. Adverse Event Report Period 2023–2025

Year Number of Reports
2023 41,861
2024 56,483
2025 90,390
Total 188,734

reports containing semaglutide, 6,085 reports containing liraglutide, 22,670 reports containing dulaglutide,
and 116,152 reports containing tirzepatide across the entire study period. Since a single report may contain
more than one target drug, the drug-specific report counts should not be interpreted as unique case counts or
summed to represent the total number of reports.

3.3. Data Preprocessing and Normalization

The raw OpenFDA data have a hierarchical structure, as a single report may contain patient information,
multiple medicinal products, and multiple reported reactions. Therefore, the data need to be transformed
into a tabular structure suitable for process mining. Figure 2 illustrates the preprocessing stage, in which
each report is identified using the safetyreportid attribute as the report identifier. This attribute serves
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Figure 2. Data Preprocessing and Normalization

as the basis for defining a case in the event log; therefore, reports sharing the same identifier are treated
as a single case unit. At this stage, the completeness of the key attributes required for the analysis is also
examined, including the report identifier, drug information, adverse event, and report receipt date. The use of
safetyreportid enables each adverse event to be traced back to its original report while preserving the
relational structure between reports and events.

Drug names are then normalized to ensure that each target drug is represented consistently. This step
is necessary because the OpenFDA harmonized fields may contain name variations that substantively refer
to the same drug. In the study dataset, one of the identified variations was “Oral Semaglutide,” which was
normalized to “Semaglutide.” Meanwhile, Liraglutide, Dulaglutide, and Tirzepatide were retained as their
respective categories. This normalization was performed to ensure that drug grouping, frequency calculations,
and process mining analysis were not affected by variations in drug naming.

Adverse events were extracted from the patient.reaction.reactionmeddrapt field. Each reaction
term contained in a report was treated as a separate activity in the event log. Accordingly, when a single
report contained multiple adverse events, each adverse event was represented as a separate event while
retaining the same safetyreportid. Following extraction, duplicate events were identified and removed
based on the combination of safetyreportid, drug, and reaction_number. This step produced a more
structured representation of adverse events for subsequent analysis.

The extracted events were then ordered to establish the sequence of activities within each case. Ordering
was performed primarily based on receivedate, representing the date on which the report was received,
while reaction_number was used as a tie-breaker when multiple adverse events had the same receipt date.
This ordering was necessary because process mining requires a defined sequence of activities to construct
traces and analyze directly-follows transition between events. It should be emphasized that receivedate
represents the date on which a report was received by the FAERS/OpenFDA system, rather than the date
on which the adverse event occurred or began. Therefore, the event sequence constructed in this study
represents a reported-event sequence, rather than a clinical onset sequence, and is not used to infer causal
transition between adverse events. The use of reaction_number as a tie-breaker serves only to establish a
deterministic ordering when multiple events share the same timestamp.

3.4. Heuristics Miner

The Heuristics Miner was used to discover process structures based on the frequency and dependency
transition between activities. This heuristic approach is useful for handling real-world event logs that may
contain noise and infrequent behavior. In this study, the Heuristics Miner generated a Petri Net for each
GLP-1 RA. The resulting models were then evaluated using five process model quality metrics. The use of
multiple quality dimensions is necessary because a model with high fitness does not necessarily achieve
high precision. A highly permissive model may represent the observed event log well while also allowing
behavioral patterns that are not actually observed in the log [5]. The following formula for heuristics miners
is presented in [16].

a ⇒w b =
|a >w b| − |b >w a|

|a >w b|+ |b >w a|+ 1
(1)

where the term a ⇒w b denotes the dependency measure between activities a and b. The term |a >w b|
represents the number of times activity a is directly followed by activity b, while |b >w a| represents the
number of times activity b is directly followed by activity a. The constant +1 in the denominator prevents
division by zero and stabilizes the dependency calculation.

3.5. Inductive Miner

Inductive Miner was used as a comparative process discovery algorithm. The algorithm constructs a process
model recursively based on the structure of the event log and produces a structured process model. Inductive
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Miner was selected as the comparison algorithm because it is a widely used process discovery approach and
is capable of generating structured process models from event logs. In this study, the resulting Inductive
Miner models were evaluated using the same quality metrics and event log samples as the Heuristics Miner
models, enabling a comparable assessment of their ability to represent the observed reported adverse-event
sequences [25]. The comparison between Heuristics Miner and Inductive Miner was performed using the
same event-log samples, ensuring that differences in model evaluation were not attributable to differences in
the input data. This approach provides a consistent basis for comparing the performance and quality of the
process models generated by the two algorithms.

3.6. Model Evaluation

The process models were evaluated using five metrics: fitness, precision, generalization, simplicity, and F-score.
Fitness measures the ability of a model to represent the behavior observed in the event log, whereas precision
measures the extent to which the model restricts behavior that is not observed in the log. Generalization
assesses the model’s ability to represent patterns that have not explicitly appeared in the observed data, while
simplicity reflects the complexity of the resulting process model.

4. Results and Discussion

4.1. Results Data Extraction and Event Log Construction

The research data were obtained from the OpenFDA Drug Adverse Event API, which is sourced from the FDA
Adverse Event Reporting System (FAERS), covering the 2023–2025 period. Data extraction was performed
for four glucagon-like peptide-1 receptor agonists (GLP-1 RAs): semaglutide, liraglutide, dulaglutide, and
tirzepatide.

Table 2. Number of Adverse Event Reports Extracted by Drug and Year

Drug 2023 2024 2025 Total
Semaglutide 9,504 14,310 20,013 43,827
Liraglutide 2,043 1,839 2,203 6,085
Dulaglutide 9,512 7,286 5,872 22,670
Tirzepatide 20,802 33,048 62,302 116,152
Total 41,861 56,483 90,390 188,734

Based on Table 2, a total of 188,734 adverse event reports were successfully extracted during the 2023–2025
study period. Tirzepatide accounted for the largest number of reports, with 116,152 reports, followed by
semaglutide with 43,827 reports, dulaglutide with 22,670 reports, and liraglutide with 6,085 reports. Temporally,
the number of reports increased from 41,861 reports in 2023 to 56,483 reports in 2024 and 90,390 reports in
2025. The number of tirzepatide reports was substantially higher than that of the other drugs and therefore
requires careful interpretation. A high number of reports does not necessarily indicate that the drug carries a
higher risk, as FAERS is based on a spontaneous reporting system and is influenced by factors such as the
extent of drug use, attention toward the product, reporting patterns, and characteristics of the user population.
Therefore, in this study, report counts are primarily used to identify reporting patterns, rather than to estimate
adverse event incidence or relative risk.

After cleaning, normalization, deduplication, and event log construction, the extracted data comprised
188,734 raw reports from OpenFDA/FAERS during the 2023–2025 study period. The resulting final event
log contained 496,212 event records representing 188,247 unique cases. The number of event records was
greater than the number of cases because a single report may contain more than one reported adverse event,
resulting in multiple event records within a single case.

Figure 3 presents the distribution of final event records by drug and reporting year during the 2023–
2025 study period. Tirzepatide had the highest number of event records, with 251,105 events, followed by
semaglutide with 157,197 events, dulaglutide with 63,429 events, and liraglutide with 24,481 events. The final
event log comprised 6,742 unique reported adverse event terms, which were used as activity labels. This figure
represents the number of distinct adverse event types in the event log, whereas the 496,212 event records
represent the total occurrences of reported adverse events and serve as the observational units in the event
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Figure 3. Distribution Final Event Records based on Drug

log. Therefore, the frequency analysis in the subsequent stage was based on the number of event records,
rather than the number of distinct adverse event types.

Table 3. Result Event Log

Parameter Result Description
Raw reports 188,734 Number of reports extracted from

OpenFDA/FAERS
Unique safety report ID 184,969 Number of unique reports IDs in the ex-

tracted data
Unique cases 188,247 Number of cases represented in the event

log
Final event records 496,212 Number of all event records after prepro-

cessing
Unique adverse events 6,742 Number of unique adverse event

types/labels
Duplicate events re-
moved

50,340 Number of duplicate events removed

Invalid timestamp 0 Events lacking a valid timestamp
Multi-target reports 3,252 Reports with more than one target drug
Period 2023–2025

Table 3 shows that a single report may contain more than one adverse event, resulting in a higher number
of event records than reports. This structure provides the basis for constructing traces, which are required for
subsequent process mining analysis.

4.2. Selection Top 25 Adverse Event

After the final event log was constructed, a frequency analysis was performed for each reported adverse event
term. The final event log contained 496,212 event records. Based on the frequency of occurrence of each event
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term, the 25 most frequently reported adverse events (Top 25) were selected using the following formula:

Percentagei =
Frequencyi

496, 212
× 100% (2)

The percentage was used to indicate the proportion of occurrences of each reported adverse event relative to
the total number of event records in the final event log. The results of the selection are presented in Table 4.

Table 4. Top 25 Reported Adverse Event

Item Reported Adverse Event Frequency Persentase
1 Incorrect dose administered 27,896 5.62%
2 Nausea 21,336 4.30%
3 Injection site pain 15,293 3.08%
4 Off label use 13,338 2.69%
5 Diarrhoea 12,897 2.60%
6 Vomiting 12,319 2.48%
7 Extra dose administered 9,088 1.83%
8 Constipation 8,765 1.77%
9 Drug ineffective 6,591 1.33%
10 Blood glucose increased 6,363 1.28%
11 Decreased appetite 6,360 1.28%
12 Fatigue 5,938 1.20%
13 Injection site haemorrhage 5,378 1.08%
14 Abdominal pain upper 5,371 1.08%
15 Impaired gastric emptying 5,239 1.06%
16 Product dose omission issue 5,222 1.05%
17 Weight decreased 4,967 1.00%
18 Accidental underdose 4,941 1.00%
19 Headache 4,762 0.96%
20 Injection site erythema 4,695 0.95%
21 Abdominal pain 4,622 0.93%
22 Weight increased 4,314 0.87%
23 Dizziness 4,314 0.87%
24 Inappropriate schedule of product administration 3,834 0.77%
25 Dyspepsia 3,644 0.73%

Based on Table 4, Incorrect dose administered ranked first with the highest frequency, accounting for
27,896 event records (5.62%), followed by Nausea with 21,336 event records (4.30%) and Injection site pain
with 15,293 event records (3.08%). In addition to adverse events representing clinical symptoms, such as
nausea, vomiting, diarrhoea, constipation, and abdominal pain, other events were related to product use or
administration, including incorrect dose administered, extra dose administered, product dose omission issue,
and inappropriate schedule of product administration. Collectively, the 25 selected adverse events accounted
for 207,487 event records.

207, 487

496, 212
× 100% = 41.81% (3)

Therefore, the Top 25 reported adverse events accounted for 41.81% of all event records in the final event log.

4.3. Top 25 Event Log Characteristics

After filtering based on the Top 25 reported adverse events, a total of 207,487 event records were obtained
from 120,235 cases, comprising 25 activities. Of these, 48,429 cases (40.28%) contained at least two events and
were therefore eligible for Directly-Follows transition analysis, whereas 71,806 cases (59.72%) contained only
a single event. Furthermore, the 48,429 multi-event cases comprised 135,681 event records and generated
87,252 transition records, which were used to identify transition patterns among the reported adverse events.
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Table 5. Top 25 Event Log Characteristics

Parameter Result
Top 25 Event records 207,487
Cases 120,235
Activities 25
Cases ≥2 event 48,429 (40.28%)
Cases 1 event 71,806 (59.72%)
Event records on multi-event cases 135,681
Transition records 87,252

Based on Table 5, the Top 25 event log had an average trace length of 1.73 events, with a median of 1 event.
This indicates that most cases contained only a single event included in the Top 25 set. However, 48,429 cases
contained two or more events and therefore provided information on transition patterns among reported
adverse events.

4.4. Directly Follows Analysis Results

Directly Follows analysis was conducted on 48,429 multi-event cases data which resulted in 87,252 transition
records from the Top 25 activities. This analysis was used to identify the transition patterns of reported
adverse events that appeared sequentially in the trace, the results are shown in Table 6.

Table 6. Result of Directly Follows Analysis

Item Transition (→) Reported Adverse Event Frequency
1 Nausea → Vomiting 4,459
2 Incorrect dose administered → Injection site pain 2,267
3 Vomiting → Diarrhoea 1,924
4 Vomiting → Nausea 1,721
5 Impaired gastric emptying → Nausea 1,494
6 Nausea → Diarrhoea 1,411
7 Nausea → Constipation 1,245
8 Diarrhoea → Nausea 1,222
9 Incorrect dose administered → Injection site haemorrhage 1,101
10 Diarrhoea → Vomiting 1,070

Based on Table 6, the analysis showed that the most frequent transition was Nausea → Vomiting, occurring
4,459 times, followed by Incorrect dose administered→ Injection site pain with 2,267 occurrences, and Vomiting
→ Diarrhoea with 1,924 occurrences. Other dominant transition patterns also involved gastrointestinal events,
including Vomiting → Nausea, Nausea → Diarrhoea, and Diarrhoea → Nausea. Overall, the transition patterns
were predominantly associated with two major groups: gastrointestinal transitions and drug administration-
related transitions. These findings represent reported adverse-event sequences within the event log, rather
than causal transition or clinical event sequences. The event ordering was established based on the receivedate
timestamp available in the FAERS data.

4.5. Results Process Discovery and Model Evaluation

In addition to Directly-Follows Analysis, process discovery was performed to obtain process models rep-
resenting the relational structure among reported adverse events. Two algorithms were employed in this
study: Heuristics Miner (HM) and Inductive Miner (IM). The Heuristics Miner was used to identify transition
between activities based on their frequency and dependency, whereas the Inductive Miner was employed as a
comparative algorithm to construct a process tree based on the structure of the event log. Both algorithms
were applied to the same event-log sample for each drug, ensuring that the resulting evaluation metrics could
be compared consistently.
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Table 7. Results of Process Discovery and Model Evaluation

Drug Algorithm Fitness Precision Generalization Simplicity F-score
Dulaglutide HM 0.7776 0.9827 0.6901 0.4405 0.8682
Dulaglutide IM 1.0000 0.6478 0.9160 0.5543 0.7862
Liraglutide HM 0.7497 0.9743 0.4864 0.3511 0.8474
Liraglutide IM 1.0000 0.5315 0.8858 0.4146 0.6941
Semaglutide HM 0.7865 0.9671 0.6114 0.3344 0.8675
Semaglutide IM 1.0000 0.6876 0.9174 0.4959 0.8149
Tirzepatide HM 0.7711 0.9909 0.6191 0.3635 0.8673
Tirzepatide IM 1.0000 0.7481 0.9334 0.4775 0.8559

Table 7 shows that the Inductive Miner achieved a fitness value of 1.0000 across all four drugs, whereas
the Heuristics Miner produced fitness values ranging from 0.7497 to 0.7865. In contrast, the Heuristics Miner
achieved higher precision values, ranging from 0.9671 to 0.9909, compared with the Inductive Miner, which
ranged from 0.5315 to 0.7481. Differences were also observed in the F-score results. The Heuristics Miner
produced F-score values ranging from 0.8474 to 0.8682, while the Inductive Miner produced values ranging
from 0.6941 to 0.8559. On average, the Heuristics Miner obtained a fitness of 0.7712, precision of 0.9787,
generalization of 0.6017, simplicity of 0.3724, and F-score of 0.8626. Meanwhile, the Inductive Miner obtained
a fitness of 1.0000, precision of 0.6537, generalization of 0.9131, simplicity of 0.4856, and F-score of 0.7878.
Based on these results, the Heuristics Miner was used as the primary model for analyzing reported adverse
event transition patterns because it consistently achieved higher precision and F-score across the four drugs.
The Inductive Miner was retained as a comparative model to examine differences in the characteristics of the
resulting process models.

4.6. Drug Specific Analysis

The drug-specific analysis was conducted to identify the characteristics of adverse event transition patterns
for each GLP-1 receptor agonist, namely semaglutide, liraglutide, dulaglutide, and tirzepatide. The analysis
used directly-follows transitions from cases containing at least two Top 25 adverse events. The results showed
that semaglutide, liraglutide, and dulaglutide exhibited transition patterns predominantly involving nausea,
vomiting, diarrhoea, and other gastrointestinal events. For tirzepatide, in addition to gastrointestinal patterns,
relatively frequent transitions were observed between incorrect dose administered and various injection-site
reactions, including injection site pain, injection site haemorrhage, and injection site erythema. The drug
specific transition patterns are presented in Table 8.

Table 8. Transition Pattern Results Based on Drug

Drug Dominant Transition Patterns
Semaglutide Nausea → Vomiting; Vomiting → Diarrhoea; Impaired gastric

emptying → Nausea
Liraglutide Nausea → Vomiting; Impaired gastric emptying → Nausea; Vom-

iting → Diarrhoea
Dulaglutide Nausea → Vomiting; Impaired gastric emptying → Nausea; Ex-

tra dose administered → Inappropriate schedule
Tirzepatide Incorrect dose administered → Injection site pain; Nausea →

Vomiting; Incorrect dose administered → Injection site haemor-
rhage

5. Conclusion

Based on the results of the process mining analysis of adverse event reports for GLP-1 receptor agonist therapies
during the 2023–2025 period, the event-log-based approach was able to characterize reported adverse-event
sequences and identify directly-follows transition patterns. Following cleaning, normalization, extraction,
temporal ordering, and deduplication, the resulting dataset comprised 496,212 event records from 188,247
unique cases. Frequency-based filtering identified 25 reported adverse events as activities for process mining.
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Among the 120,235 cases containing at least one Top-25 activity, 48,429 cases contained at least two adverse
events and were therefore eligible for directly-follows transition analysis. The analysis revealed recurring
transition patterns, particularly Nausea → Vomiting, Vomiting → Diarrhoea, and transitions involving
Incorrect dose administered and various injection-site events. The process discovery results demonstrated
different characteristics between Heuristics Miner and Inductive Miner. Using the same event-log samples,
Inductive Miner achieved a fitness of 1.0000 across all four drugs, whereas Heuristics Miner achieved fitness
values ranging from 0.7497 to 0.7865. In contrast, Heuristics Miner achieved higher precision values (0.9671–
0.9909) than Inductive Miner (0.5315–0.7481), and also produced higher F-score values across the four drugs.
These findings indicate that the two algorithms provide different representations of the observed event-log
behavior, emphasizing the importance of evaluating process models using multiple quality dimensions rather
than a single metric. The drug-specific analysis further indicated that transition patterns varied across the four
GLP-1 receptor agonists. Semaglutide, liraglutide, and dulaglutide predominantly exhibited transition patterns
involving gastrointestinal events, whereas tirzepatide showed prominent transitions involving Incorrect dose
administered and injection-site events.
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