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Abstract

Understanding how real-world patients experience and report
adverse drug reactions (ADRs) is essential for post-market
pharmacovigilance. In this work, we compare ADR distribu-
tions for semaglutide-based medications across two comple-
mentary data sources: FDA clinical trial reports and patient-
reported social media posts. To enable structured comparison,
we apply a biomedical natural language processing pipeline
to extract, normalize, and align ADR mentions from social
media data. We then introduce a multidimensional compari-
son framework based on origami plots. Additionally, we pro-
pose a novel metric, the Geometric Overlap Score (GOS), to
quantify overlap between FDA and social media ADR pro-
files. This framework enables assessment of both overall sim-
ilarity across ADR distributions and localized differences in
specific symptom categories.
Our results reveal both shared patterns and notable diver-
gences. Common gastrointestinal symptoms such as nausea
and vomiting appear consistently across sources. However,
social media places greater emphasis on abdominal pain and
headache, whereas FDA reports more strongly emphasize di-
arrhea, constipation, and decreased appetite. At the brand
level, Wegovy exhibits the highest GOS, while Rybelsus
shows the weakest alignment. Coarse-level analysis yields
a modest GOS of 0.365, suggesting limited population-wide
agreement between sources.
These findings highlight the value of structured entity extrac-
tion, geometric metrics, and patient-centered data for surfac-
ing clinically relevant but underreported experiences in phar-
macovigilance.

1 Introduction
The concept of the “wisdom of the crowd” holds that a
large and diverse group of individuals can produce better
results than a single expert [1]. The study of crowd wisdom
has a long history. During a 1906 county fair in Plymouth,
England, 800 people individually estimated the weight of
an ox; Francis Galton noted that the median guess of 1207
pounds was less than 1% off from the correct weight of 1198
pounds [2]. With the surge in the availability of decentral-
ized information during the Information Age, the notion of
crowd wisdom has gained wide attention.

Traditional knowledge systems rely on centralized infor-
mation structures, where authoritative domain experts or
institutions generate and validate content—such as United

States Food and Drug Administration (FDA) trials, medi-
cal journals, and regulatory databases [3]. In contrast, online
resources such as Wikipedia, Reddit, Stack Overflow, and X
are crowdsourced in nature, with a much lower barrier to en-
try for contributors [4, 5]. These two paradigms reflect fun-
damentally different approaches to information generation,
quality control, and validation.

Prior work has explored this tension across domains such
as governance, encyclopedia accuracy, and clinical data cu-
ration [6, 7]. This centralized–distributed dichotomy appears
across domains—for instance, in software security, GitHub
serves as a decentralized collaboration platform (anyone can
create a GitHub account and post there), while the CVE
database reflects a more centralized software vulnerability
reporting model [8]. Centralized systems often offer rigor,
uniformity, and expert oversight, while distributed systems
offer scale, speed, and adaptability. However, direct com-
parisons between the two remain limited in healthcare con-
texts, where real-world data from social platforms has only
recently been studied alongside regulatory gold standards.

Within the pharmaceutical sciences, the practice of phar-
macovigilance involves the detection and prevention of ad-
verse drug reactions (ADRs) [9]. Clinical trials such as ran-
domized control trials are the standard tool for assessing
drug safety, but they suffer from limitations such as diffi-
culty identifying rare ADRs and underrepresentation of cer-
tain populations [10, 11]. To address these limitations, prior
work has developed biological models to predict drug ADRs
based on their molecular properties [12, 13].

In addition, the proliferation of social media platforms has
sparked interest in the use of social media data for pharma-
covigilance, due to its real-time nature and the vast quantity
of available data [14, 15]. The growing influence of user-
generated health discourse on platforms like X (formerly
Twitter) has fundamentally altered the landscape of pharma-
covigilance. Despite the increasing reliance on decentralized
sources for real-time ADR monitoring, there remains a lim-
ited understanding of how these crowd-sourced observations
align with structured clinical evidence used by regulatory
bodies like the FDA.

Many studies have utilized social media data to identify
or estimate the prevalence of ADRs [16–19]. Prior work has
often focused on identifying novel ADRs from social me-
dia (i.e., ADRs that were not discovered during clinical tri-



als) [20, 21]. In addition, prior work has compared ADRs
identified in electronic health records to a compiled social
media database [22] and compared ADRs reported by the
FDA Adverse Event Reporting System (FAERS) to ADRs
reported by social media users [21, 23, 24].

Modern natural language processing (NLP) and large lan-
guage model (LLM) tools have made this sort of analysis
much less time-consuming and allowed a much larger scale
of analysis. However, to our knowledge, few studies have
compared ADRs reported by social media users to ADRs re-
ported in FDA-approved clinical trials. Although clinical tri-
als suffer from drawbacks in identifying rare ADRs [25, 26],
they remain one of the primary tools used to gain FDA ap-
proval for new drugs [27–29].

To address these research gaps and explore the “wisdom
of the crowd” as it pertains to the field of pharmacovigilance,
this study compares ADRs reported from FDA-approved
clinical trials to ADRs identified in social media posts. We
use semaglutide as the focus of our case study. Semaglu-
tide was originally developed as a medication used to treat
diabetes but has gained widespread notoriety in off-label
obesity treatment [30]. Discussions surrounding semaglu-
tide are highly prevalent on social media platforms [31],
making the drug an appropriate focal point for our compar-
ison of centralized and decentralized ADR reporting. Our
pipeline builds on previous work analyzing semaglutide dis-
cussions across user subpopulations [32].

We investigate the following research questions:
• RQ1: Can adverse drug reactions be reliably extracted,

clinically canonicalized, and semantically clustered from
informal, user-generated social media text using domain-
adapted NLP and biomedical concept normalization
techniques?

• RQ2: Which methods are appropriate for measuring and
visualizing similarity between datasets?

• RQ3: How does the set of ADRs identified during FDA-
approved clinical drug trials for semaglutide differ from
the set of ADRs identified from semaglutide-related so-
cial media posts?

Motivation and Scope of Each Research Question
RQ1 addresses the full methodological pipeline required to
transform noisy, linguistically diverse social media data into
clinically interpretable insights. It is motivated by three core
challenges:

1. Extracting symptom mentions from informal text using
domain-adapted models like BioBERT,

2. Canonicalizing those mentions into standardized
biomedical concepts via UMLS and semantic normaliza-
tion, and

3. Structuring the resulting data through semantic embed-
dings and clustering to identify latent symptom group-
ings (e.g., gastrointestinal vs. psychological effects).

Together, these components enable scalable, interpretable
ADR extraction from real-world discourse, bridging infor-
mal patient language with formal pharmacovigilance frame-
works.

RQ2 is a foundational methodological question that ad-
dresses a core challenge in cross-dataset pharmacovigi-
lance: how to meaningfully compare ADR distributions be-
tween structured clinical trials and noisy, user-generated so-
cial media data. Existing approaches—such as frequency
counts and statistical tests like chi-square—are limited in
scope. They are scale-sensitive, one-dimensional, and fail
to preserve the distributional shape of adverse event pro-
files. These limitations obscure important structural differ-
ences between datasets. In response, we justify the need
for a more expressive and intuitive methodology. Specifi-
cally, we build on the established Intersection-over-Union
(IoU) metric [33] to define the Geometric Overlap Score
(GOS)—a directional, interpretable metric that enables mul-
tidimensional geometric comparison between ADR distribu-
tions from clinical and social media sources. GOS allows
similarity to be calculated among an arbitrary number of
datasets, where each dataset contains a given number of fea-
tures. We visualize dataset similarity using the preexisting
origami plot framework [34]. Our methodological contribu-
tion lies in reformulating IoU so it can computed directly
from the normalized ADR distributions used in our origami
plots. This approach quantifies overlap between our dataset
in a visually intuitive and scale-invariant manner.

RQ3 is the central applied question of our study, aim-
ing to assess the real-world alignment between ADRs docu-
mented in FDA-approved clinical trials and those reported in
decentralized social media platforms. While prior research
has compared social media ADRs with aggregated databases
like FAERS, direct comparisons to FDA clinical trial docu-
ments remain rare. This gap is crucial because FDA trials
represent the regulatory gold standard for drug safety eval-
uation. By examining where and how crowd-sourced ADRs
converge with or diverge from these clinical benchmarks,
RQ3 offers critical insight into the reliability and limitations
of crowd-based pharmacovigilance.

Our methodology—combining NLP-based extraction
with intuitive, multidimensional visualizations—enables
granular comparisons across brands, revealing not just
whether the datasets differ, but how they differ and why that
matters for public health surveillance.

Contributions
This paper makes the following contributions:

1. A robust NLP pipeline for ADR extraction and nor-
malization from noisy social media text. Our pipeline
integrates BioBERT NER, UMLS semantic normaliza-
tion, negation detection, and contextual clustering to map
informal user-reported symptom descriptions to stan-
dardized clinical ADR categories.

2. The first systematic comparison of semaglutide ADRs
from FDA-approved clinical trials with those ex-
tracted from 859,751 real-world X posts. Unlike prior
work that compares social media to FAERS or focuses
on discovering novel ADRs, we directly align social me-
dia discourse with the ADR profiles used to obtain FDA
approval.



3. A novel multidimensional framework for comparing
ADR distributions between FDA clinical trial data
and large-scale social media data. We combine origami
plots with geometric similarity metrics to quantify dis-
tributional overlap across multiple ADR dimensions, ad-
dressing limitations of traditional one-dimensional statis-
tical tests.

4. A multilevel analysis (coarse- and brand-level) of
ADR prevalence across social and clinical sources.
We show how ADR overlap varies substantially between
Ozempic, Wegovy, and Rybelsus at different granularity
levels, revealing population-level alignments and diver-
gences not captured by single-brand or aggregate analy-
ses.

5. Empirical evidence showing where X ADR reports
align strongly with FDA findings, and where they di-
verge. Our geometric similarity metrics highlight consis-
tent agreement on high-prevalence gastrointestinal ADRs
and notable divergence in ADRs that are disproportion-
ately emphasized in social media discourse.

6. A justification for using interpretable, multidimen-
sional visualization and overlap metrics as a com-
plement to classical tests such as chi-square. We
demonstrate that chi-square is limited in interpret-
ing high-dimensional ADR distributions—particularly
when sample sizes differ or when expected counts are
sparse—while our method provides explainable, visual,
and scale-invariant comparisons.

7. A direct geometric relationship between similarity
metrics and normalized ADR vectors in the origami
framework. We establish a direct geometric relation-
ship between similarity metrics and the normalized ADR
vectors in our origami framework. Specifically, we de-
rive a closed-form expression for the area of overlap be-
tween origami charts using the Geometric Overlap Score
(GOS)—a novel metric tailored to measure similarity
among datasets with an arbitrary number of features.
GOS enables interpretable, scale-invariant comparisons
between ADR distributions from social media (X) and
FDA clinical data, computed directly from the geomet-
ric structure of the plots. To our knowledge, this is the
first study to formally compute area-based overlap be-
tween two origami charts, addressing a methodological
gap with a reproducible and interpretable approach for
cross-source pharmacovigilance analysis.

2 Data and Methods
Figure 1 provides an overview of this study. We compile two
datasets, one consisting of X posts pertaining to semaglutide
and another consisting of FDA-approved semaglutide drug
trial reports. We apply a modular pipeline to extract ADR
mentions from the X posts. We compare the prevalences of
the ADRs reported in both datasets using traditional and ge-
ometric similarity tests.

2.1 Datasets
FDA-Approved Clinical Drug Trial Reports We query
the Drugs@FDA [35] database to obtain clinical trial re-

ports pertaining to “Ozempic”, “Wegovy”, and “Rybelsus”
(the three primary semaglutide brands). For each of the three
brands, we obtain its approval label. These labels contain
various prescribing information, including ADRs reported
in clinical trials. We manually inspect the labels and record
the ADRs and their associated prevalences in the clinical tri-
als.

Social Media Dataset Our social media dataset consists
of X posts compiled via Brandwatch, a social media analyt-
ics platform that collects posts via X’s historical API [36].
We use the query terms “Ozempic”, “Wegovy”, and “Rybel-
sus”, along with “semaglutide” (to collect posts in which the
user did not specify the particular drug brand). Our dataset
contains the text of each post, along with user information
and metadata such as the posting date. We limit our dataset
to original posts, replies, reposts (retweets), and quotes that
were created between July 1, 2021 (the date when semaglu-
tide gained FDA approval for weight management [37]) and
April 30, 2024. The final X dataset consists of 859,751 posts.

To provide for ethical compliance, all collected data is
anonymous and contains no personally identifiable infor-
mation. In addition, we adhere to the rate limits for the X
API and avoid collecting deleted posts. Information about
accessing an anonymized version of the X dataset is avail-
able in the Data Availability subsection. In addition, all of
our code is publicly available [38].

2.2 ADR Extraction from Social Media
To identify ADRs from social media discourse, we develop
a modular and interpretable NLP pipeline designed to pro-
cess noisy, user-generated content. This is particularly im-
portant given that social media posts often employ informal,
non-standard, and diverse language to describe ADRs [39].
Our approach integrates biomedical named entity recogni-
tion (NER), domain-aware normalization, negation detec-
tion, and embedding-based semantic generalization. This
framework is tailored to address the lexical variability and
informality inherent in platforms such as X.

Biomedical Named Entity Recognition
We employ a fine-tuned BioBERT model
(Ishan0612/biobert-ner-disease-ncbi) via
the Hugging Face Transformers API to identify biomedical
entities from social media text. BioBERT, pretrained on
PubMed and PMC articles, has demonstrated superior
performance in biomedical NER tasks [40]. Posts are pre-
processed using standard techniques including lowercasing,
lemmatization, and tokenization to ensure consistent input
to the model.

Concept Normalization and Synonym Mapping Fol-
lowing NER, we standardize entity mentions using a three-
stage normalization process:

1. Rule-based Synonym Mapping: Informal or slang
phrases (e.g., “queasy”, “light headed”) are normalized
to canonical terms (e.g., “nausea”, “dizziness”) via a
handcrafted dictionary inspired by MedDRA and UMLS
synonymy.



Figure 1: Overview of our research framework.

2. UMLS Canonicalization: Using the scispaCy li-
brary [41] with its built-in UMLS linker [42], we map
extracted entities to their corresponding Concept Unique
Identifiers (CUIs), filtering for clinically relevant seman-
tic types (e.g., T184: Sign/Symptom, T046: Pathologi-
cal Function). We utilize the en core sci sm model
(scispaCy version 0.5.1), a lightweight pipeline trained
on biomedical literature and optimized for entity recog-
nition and UMLS concept linking.

3. Semantic Embedding Matching: Terms not found in
UMLS or the synonym map are projected into a la-
tent space using the all-MiniLM-L6-v2 model [43].
We then compute cosine similarity with pre-encoded
ADR vocabularies to identify semantically close matches
above a threshold.

This layered normalization ensures robustness across lex-
ical variations, spelling errors, and non-standard phrasing
common in user-reported ADRs [44]. and directly supports
RQ3, which seeks to compare ADRs from FDA clinical
trial data with those identified from social media. By reduc-
ing linguistic noise and enhancing conceptual alignment, se-
mantic clustering improves the fidelity of this comparison.

Negation Detection and Filtering To distinguish af-
firmed ADRs from negated or hypothetical mentions, we
implement the NegEx algorithm [45] using the negspacy
extension, configured to target UMLS-relevant entity types.
This enables reliable exclusion of false positives such as “I
didn’t feel nauseous” or “others reported headaches”, ensur-
ing precision in ADR counting and downstream analysis.

Validity Filtering and ADR Classification To isolate le-
gitimate ADRs, we define a conservative filtering schema:

• Mentions of core diseases (e.g., diabetes, hypertension)
are excluded to focus on secondary adverse effects.

• Terms normalized via trusted sources (synonym dictio-
nary or UMLS) are accepted.

• Embedding-based matches are validated against a list of
generic non-medical terms (e.g., “life”, “problem”) to
avoid overgeneralization.

Final outputs are returned as structured dictionaries con-
taining both positive and negated ADRs per post, along with
provenance metadata.

Pipeline Contribution and Novelty Our system intro-
duces several advancements over prior work:
• Multilevel Normalization: Combines rule-based,

ontology-driven, and embedding-based techniques for
high-coverage normalization.

• Negation Sensitivity: Correctly filters negated ADRs,
addressing a known limitation in large language mod-
els [24].

• Dynamic Vocabulary Expansion: Learns previously
unseen ADRs via UMLS type inference and semantic
clustering, without manual supervision.

Manual Verification To assess the quality of our ADR ex-
traction pipeline, we evaluate a manually annotated subset
of our dataset. We randomly select posts from our dataset
and the extracted ADRs for those posts. For each post, we
classify the pipeline’s results into one of four categories:

• True positive (TP): The pipeline correctly flags the post
as mentioning an ADR and identifies the correct ADR(s).

• False positive (FP): The pipeline incorrectly flags the
post as mentioning an ADR or identifies an incorrect
ADR.

• True negative (TN): The pipeline correctly flags the post
as not mentioning any ADRs.

• False negative (FN): The pipeline incorrectly flags the
post as not mentioning any ADRs.

We perform two manual verification analyses. To measure
the pipeline’s ability to correctly classify posts as contain-
ing ADRs, we manually annotate 1000 random posts from
the dataset. In addition, to assess the quality of the ADR



extraction, we manually annotate 1000 random posts that
our pipeline flagged as containing ADRs. These analyses
are peformed without reposts, as we exclude reposts from
the ADR extraction pipeline to avoid skewing the prevalence
results with duplicate ADR mentions. For both analyses, we
measure precision (TP/(TP + FP)) and accuracy ((TP + TN)
/ total number of posts). Two of the authors indpendently
perform the manual verification; intercoder agreements be-
tween the authors are calculated using Krippendorff’s Al-
pha [46]. Our manual verification results are shown in Ta-
ble 1.

2.3 Brand & dosage parsing
Since ADR prevalence rates vary among semaglutide brands
and dosages and off-label dosage (e.g., over-dosing and
under-dosing) is common among users [47, 48], we identify
brand names within posts through regular expression (regex)
matches. We treat Wegovy, Ozempic, and Rybelsus as the
canonical brands and match them with a case-insensitive
regex over a curated alias list (common misspellings, abbre-
viations, and hashtags like weg, ozzy, #ozempic). When
multiple brands appear, we designate the first valid match
in text order as the primary brand. If no recognizable brand
appears, we assign “No Brand Given”.

For each detected primary brand occurrence, we search
for dose mentions within ±60 characters. The dose extrac-
tion regex handles cases without spaces (e.g., 1mg), with
multiple or Unicode whitespace characters (e.g., tabs, non-
breaking spaces, thin spaces), European decimal notation
(e.g., 1,0 mg), and optional approximation symbols (∼, ≈)
and excludes units such as mg/dL or mg/L.

We then aggregate doses by brand (union across all win-
dows and brand-specific subsets near the primary brand).
Detected doses are matched to brand-specific canonical sets
using a tolerance of ±0.15 mg (i.e., Ozempic: 0.5 mg, 1 mg;
Rybelsus: 7 mg, 14 mg; Wegovy: 2.4 mg). Posts that contain
a numeric dose with “mg” but fell outside the FDA-reported
ranges for that brand were specifically categorized as Off-
label. Mentions that reference a brand but did not include
any dosage are categorized as “No Dosage Given”.

For comparability, we report three prevalence measures:
All (%) – the share of the entire corpus, Within-brand (%) –
the share within that brand, and Brand All (%) – the brand’s
total share of the corpus, repeated across its rows. The over-
all distribution of brand and dosage mentions at the post
level is summarized in Table 2.

Per-authors aggregation Since individual authors may
create multiple posts, we derive author-level measures to
avoid inflating counts due to prolific posters. Specifically, we
collapse the per-post annotations into an author-level table,
identifying unique authors and summarizing their brand and
dosage mentions. To ensure balanced population-level anal-
ysis, we track whether each author ever mentioned a specific
brand, reported a dosage, or referenced an off-label amount.
This aggregation mitigates distortion from repetitive posting
behavior and provides a clearer picture of author-level dis-
course. Together, this annotation and aggregation framework
enables structured comparisons between social media data

and clinical trial findings, while supporting flexible stratifi-
cation by brand and usage patterns. The resulting brand and
dose prevalence statistics are presented in Table 3, and the
corresponding user-level engagement metrics appear in Ta-
ble 4.

2.4 Measuring and Visualizing Dataset Overlap
With the ADRs, brand names, and dosages extracted,
we seek to quantify and visualize the similarity of these
ADRs to those reported in FDA-approved semaglutide tri-
als. We report a chi-square test [49] at the coarse level (all
semaglutide-related ADRs) as a baseline comparison, since
chi-square is the most commonly used method in ADR sim-
ilarity analysis.

The chi-square test requires observed and expected fre-
quencies for each ADR category. For X, observed counts
Oi represent the actual number of times ADR i appears in
the collected posts. However, the FDA reports ADR preva-
lence as percentages rather than raw counts. To enable sta-
tistical comparison, we first normalize each FDA prevalence
value to form a probability distribution and then convert into
pseudo-counts by multiplying each proportion by the total
number of X ADR mentions. Formally, the FDA pseudo-
count for ADR i is computed as:

OFDA
i = pFDA

i ×NX , (1)

where pFDA
i is the normalized FDA prevalence and NX

is the total number of ADR extractions from X. Expected
counts Ei are then computed by the chi-square procedure
under the null hypothesis that the two distributions are iden-
tical.

Prior work has highlighted that one-dimensional tests
such as chi-square cannot fully represent multidimensional
shape or distributional overlap. For example, [50] show that
Pearson’s chi-square statistic is non-invariant under scaling
of count matrices, and [51] discuss the curse of dimension-
ality in goodness-of-fit testing in arbitrary dimensions. Ad-
ditionally, the chi-square test assumes independence and a
sufficient sample size per category, assumptions that are not
always satisfied in real-world social media data.

Graphical tools and statistics are crucial for understand-
ing complex phenomena, including ADRs [52, 53]. To visu-
alize the similarity between our datasets, we plot the ADR
prevalences graphically using radar charts, a common tool
for visualizing multivariate data [54, 55]. We specifically use
origami plots, an improvement over standard radar charts
whose area is invariant to axis order [34]. After construct-
ing origami plots for the ADR prevalence distributions in the
FDA and X datasets, we introduce and apply geometric anal-
ysis using the Geometric Overlap Score (GOS)—a closed-
form metric designed to quantify the overall shape similar-
ity and directional overlap among datasets. The origami plot
representations and geometric tests complement traditional
chi-square statistics by clarifying the cause of the differences
between the datasets (i.e., the ADR prevalences that differ).

Constructing Origami Plots We define origami plots as a
general geometric representation for comparing multivariate
feature distributions across a set of D datasets. To construct



Table 1: Manual verification results

TP FP TN FN Precision Accuracy Intercoder Agreement
1000 random posts, excluding reposts 3 0 993 4 1 0.996 0.933
1000 random posts flagged as containing
ADRs, excluding reposts 854 152 0 0 0.854 0.854 0.852

Table 2: Brand prevalence (sorted by Brand All %) with per–dose details for the X dataset. “All %” indicates the share of the
entire corpus, and “Within %” indicates the share within that brand.

Brand Brand All (%) Dose details (Count / All % / Within %)

Ozempic 688,082 (80.02)%

Dose Count All % Within %
0.5 mg 133 0.02% 0.02%
1 mg 471 0.05% 0.07%
Off-label 1,014 0.12% 0.15%
No Dosage Given 686,464 79.84% 99.76%

Wegovy 56,225 (6.54)%

Dose Count All % Within %
2.4 mg 462 0.05% 0.82%
Off-label 159 0.02% 0.28%
No Dosage Given 55,604 6.47% 98.89%

Rybelsus 3,679 (0.43)%

Dose Count All % Within %
7 mg 34 0.00% 0.92%
14 mg 116 0.01% 3.15%
Off-label 80 0.01% 2.17%
No Dosage Given 3,449 0.41% 93.75%

No Brand Given 111,886 (13.01)% Dose Count All % Within %
No Dosage Given 111,886 13.01% 100.00%

Table 3: Brand and dose-level prevalence, grouped by authors, for the X dataset. “All %” indicates the share of the entire
corpus, and “Within %” indicates the share within that brand. Note that the totals for each brand sum to more than 100%
because multiple posts may originate from the same author (e.g., an author may mention multiple brands across separate posts).

Brand Per-brand-
authors

Dose details (Count / All % / Within %)

Ozempic 383,668 (87.89%)

Dose Count All % Within %
0.5 mg 117 0.03% 0.03%
1 mg 461 0.11% 0.12%
Off-label 971 0.22% 0.25%
No Dosage Given 383,015 87.74% 99.83%

Wegovy 31,320 (7.17%)

Dose Count All % Within %
2.4 mg 395 0.09% 1.26%
Off-label 132 0.03% 0.42%
No Dosage Given 31,060 7.11% 99.17%

Rybelsus 2,755 (0.63%)

Dose Count All % Within %
7 mg 33 0.01% 1.20%
14 mg 113 0.01% 4.10%
Off-label 74 0.02% 2.69%
No Dosage Given 2,607 0.60% 94.61%

No Brand Given 61,027 (13.98%) Dose Count All % Within %
No Dosage Given 61,027 13.98% 100.00%

an origami plot, we fix a common set of N features (vari-
ables) that define the axes of the plot. For each dataset in-
dexed by i ∈ {1, . . . , D} and each feature j ∈ {1, . . . , N},
we associate a nonnegative feature height hi

j ∈ [0, 1], rep-
resenting the normalized relative occurrence of feature j in
dataset i.

Each origami plot is constructed by mapping the feature

heights to polar coordinates. Specifically, each feature j is
assigned a uniformly spaced angle

θj =
2π(j − 1)

N
, (2)

and the corresponding point for dataset i is given by(
hi
j cos θj , h

i
j sin θj

)
. (3)



Table 4: Author-level engagement statistics and brand mentions for X data.

Metric Value
Total unique authors 436,551
Authors mentioning at least 1 brand 402,126 (92.11%)
Authors mentioning more than 1 brand 15,221 (3.49%)
Authors mentioning exactly 1 brand & 1 FDA-approved dose (no off-label) 728 (0.17%)
Authors mentioning any off-label dose 1,155 (0.26%)
Authors mentioning both brand & (any) dose 2,145 (0.49%)
Authors mentioning brand only (no dose) 399,981 (91.62%)
Authors never mentioning any brand 34,425 (7.89%)
Authors mentioning both FDA-approved brand and no brand in different posts 26,602 (6.09%)
Most-mentioned brand by unique authors Ozempic (383,668 authors, 87.89%)

This mapping embeds the origami profile for each dataset in
the plane.

Figure 2 shows an origami plot for N = 10 features con-
structed for a dataset indexed by i. To compute the area of
the origami, each wedge can be decomposed into two con-
gruent isosceles triangles of the form △Ohi

jBj and its sym-
metric partner △Ohi

jBj−1. Since the N axes are equally
spaced, the central angle at O between consecutive axes is
π/N , and the distance from O to each auxiliary point Bj

is fixed at r. The area of each triangle depends on the spike
length hi

j , the constant radius r of the inner ring, and the sine
of the central angle. Specifically, the area of each triangle is

sij = 1
2 h

i
j r sin

(
π
N

)
. (4)

Each axis contributes two such triangles, one on either
side of the tip hi

j . Summing over all axes leads to a compact
formula for the total shaded area:

Si =

N∑
j=1

2sij = sin
(

π
N

)
r

N∑
j=1

hi
j . (5)

Geometric Overlap Score (GOS) Geometric Overlap
Score is a generalized metric that quantifies the overlap
among a set of D datasets, where each dataset has a set of N
features. To motivate this metric, we begin with the widely
used Intersection over Union (IoU)—also known as the Jac-
card Similarity Coefficient [33]—which quantifies the de-
gree of overlap between two sets in relation to their com-
bined coverage. The general form of IoU is given by:

IoU(S1, S2, . . . , SD) =
|S1 ∩ S2 ∩ . . . ∩ SD|
|S1 ∪ S2 ∪ . . . ∪ SD|

, (6)

where |S1 ∩S2 ∩ . . .∩SD| represents the area of geometric
intersection among the D datasets and |S1 ∪ S2 ∪ . . .∪ SD|
represents their total combined area.

Based on Figure 2, we observe that the base of every trian-
gle in the origami plot is the same. Thus, the height of each
of the N triangles is directly proportional to the value of the
dataset feature for that triangle, hi

j . When multiple origami
plots are plotted within the same plane using the same cen-
ter point, they share the same interior area, implying that

Figure 2: General representation of an origami plot. Each
feature height hi

j forms a spike, with auxiliary points Bj

lying on an inner ring of radius r. The complete polygon
is constructed by joining consecutive wedges △Ohi

jBj and

△Ohi
jBj−1, The shaded area is sin

(
π
N

)
r
∑N

j=1 h
i
j .

the overlap among the origami plots is entirely determined
by the triangle heights. We define GOS for origami plots as
follows:

GOS(D,N,H) =

∑N
j=1

(
h1
j ∩ h2

j ∩ . . . ∩ hD
j

)∑N
j=1

(
h1
j ∪ h2

j ∪ . . . ∪ hD
j

) (7)

In set-theoretic terms, the intersection h1
j ∩ h2

j ∩ . . .∩ hD
j

corresponds to the minimum value of feature j across every
dataset, capturing the shared area among the datasets at each
axis. Similarly, the union h1

j ∪ h2
j ∪ . . . ∪ hD

j is taken as the
element-wise maximum, reflecting the total coverage across
all datasets.



Figure 3: Top ADRs ranked by prevalence in X posts, re-
flecting the most frequently discussed ADRs in social media
discourse.

We define GOS using min/max as follows:

GOS(D,N,H) =

∑N
j=1 min(h1

j , h
2
j , . . . , h

D
j )∑N

j=1 max(h1
j , h

2
j , . . . , h

D
j )

. (8)

This formulation provides a compact and interpretable
measure of geometric similarity across arbitrary numbers of
datasets, where each dataset has a given number of features.
The use of min/max to define wedge overlap and union is
consistent with prior radar chart area-based similarity met-
rics [56]. In the above equation, the application of min and
max reflects standard set-theoretic definitions of intersec-
tion and union.

3 Results and Analysis
3.1 ADR Prevalence Across X and FDA Sources
Our dataset comprises ADR terms extracted from 859,751
posts on X for semaglutide-based drugs (Ozempic, Wegovy,
and Rybelsus). As part of the preprocessing steps, we ex-
clude reposts (retweets) to avoid redundant or duplicated
ADR mentions that could skew prevalence and frequency
distributions. The filtered dataset consists of 411,747 origi-
nal posts.

Addressing RQ1, we identify a total of 13,056 ADR
mentions from the filtered dataset via our ADR extrac-
tion pipeline, of which 12,745 (97.62%) are affirmed (non-
negated), and 311 (2.38%) are explicitly negated through the
implementation of a NegEx-based detection system.

The ADRs are then aggregated to compute mention
counts and prevalence percentages. Figure 3 illustrates the
distribution of the top most frequently reported ADRs in
terms of prevalence across unique posts. The most common
symptoms include abdominal pain, nausea, and vomiting,
with abdominal pain being reported in over 50% of all posts
that contain an ADR.

The ADR prevalence percentages in Table 5 are calcu-
lated by averaging reported frequencies from FDA trial data
across available doses for each brand. For instance, if an
ADR like nausea was reported in 15.8% of patients on
Ozempic 0.5 mg and 20.3% on Ozempic 1 mg, its average
prevalence is computed as (15.8 + 20.3)/2 = 18.05%. This

approach provides a normalized comparison across brands
with varying dosage.

To ensure balanced cross-platform comparison, we ex-
tract semaglutide-related ADRs from both X and FDA-
approved clinical trial reports. Using the FDA database, we
parse prescribing information and FDA-label PDFs for We-
govy, Ozempic, and Rybelsus. For each brand and dosage,
its ADRs are normalized and merged. This yields a consoli-
dated FDA ADR frequency vector spanning all semaglutide
use cases. The same procedure is applied to social media
data using NLP pipelines described in Section 2.2.

To unify comparison, we identify the top ten ADRs
with highest combined frequency across platforms. These
are used for axes for visualization in origami plots, en-
abling comparison of distributional structure across plat-
forms. These ten most common ADRs serve as the axes in
our origami plots, enabling visual comparison of FDA vs. X
distributions for each brand. Unlike Figure 3, which ranks
ADRs by prevalence in X alone, Figure 4 orders ADRs by
their combined prominence across X and FDA sources to
facilitate direct comparison.

3.2 Distributional Comparison of ADR Profiles
ADR patterns can be compared between datasets at multi-
ple levels of granularity. In this study, we compare ADR
distributions from X and FDA clinical trial data at two pri-
mary levels: the intermediate level, which considers brand-
specific differences (e.g., Ozempic, Wegovy, Rybelsus), and
the coarse level, which aggregates all semaglutide-related
mentions regardless of brand or dosage. Fine-grained com-
parisons—such as those incorporating specific dosage vari-
ations—are feasible using our dataset and could be explored
in the future.

Our chi-square test provides statistical grounding to de-
termine whether overall distributions differ between social
media and clinical trial data. The test reveals a statistically
significant difference (χ2 = 2638.61, df = 9, P < 0.001),
indicating a divergence in frequency patterns between the
two sources. Although this result demonstrates strong statis-
tical divergence, the chi-square statistic reflects only a global
measure of difference and does not preserve ADR-specific
distributional behavior, as discussed in Section 2.4. More-
over, as shown in Table 2, the number of ADR mentions dif-
fers substantially across brands. This variation violates the
assumptions required for valid application of the chi-square
test at the intermediate level. Applying the test in this context
would conflate brand-specific reporting imbalances with ac-
tual distributional differences. Therefore, we restrict the use
of chi-square to the coarse level and instead adopt geometric
comparison methods for brand-level analysis.

This section focuses on addressing RQ2 and RQ3 (RQ1 is
addressed in Section 3.1). To address RQ2, we use origami
plots, which visualize ADR prevalence across multiple di-
mensions in a single, interpretable shape. Unlike classic sta-
tistical tests, origami charts preserve distributional structure,
enable geometric comparison, and highlight nuanced differ-
ences between datasets. We quantify similarity using GOS,
measuring the extent of distributional overlap between so-
cial media and FDA clinical trial data. For our analysis, we



Table 5: Top 10 FDA-reported ADRs for each semaglutide brand, ranked by average prevalence across standard clinical trial
doses.

Rank Ozempic Wegovy Rybelsus
1 Nausea (18.05%) Nausea (44.0%) Decreased appetite (75.0%)
2 Diarrhea (8.65%) Diarrhea (30.0%) Vomiting (70.0%)
3 Vomiting (7.1%) Vomiting (24.0%) Constipation (55.0%)
4 Abdominal Pain (6.5%) Constipation (24.0%) Diarrhea (50.0 %)
5 Constipation (4.05%) Abdominal Pain (20.0%) Nausea (15.5 %)
6 Dyspepsia (3.1%) Headache (14.0%) Abdominal Pain (10.5%)
7 Hypoglycemia (2.7%) Fatigue (11.0%) Abdominal Distension (2.5%)
8 Eructation (1.9%) Dyspepsia (9.0%) GERD (Reflux Disease) (2.0%)
9 GERD (Reflux Disease) (1.7%) Dizziness (8.0%) Gastritis (2.0%)
10 Flatulence (0.95%) Abdominal Distension (7.0%) Dyspepsia (1.8%)

apply Equation (8) with D = 2 datasets corresponding to X
and FDA sources, N = 10 ADR features, and H denoting
the normalized ADR prevalence vectors. The resulting GOS
values are shown in Figure 4. We intentionally unshade the
inner polygons within our origami plots (e.g., in Figure 4),
de-emphasizing the shared geometric scaffolding across all
datasets. This choice foregrounds the data-dependent outer
spikes hi

j–the true source of variation between the X and
FDA ADR profiles—and aligns the visualization with the
mathematical formulation used in our comparisons.

At the intermediate level of granularity, we analyze ADR
patterns by aggregating all posts by brand, regardless of
dosage. The comparisons illustrated in Figure 4 a–c pro-
vide an intuitive and interpretable visualization of the align-
ment and divergence between distributed (X) and centralized
(FDA) ADR reporting.

Across all three brands we observe that vomiting appears
consistently in both datasets, confirming strong agreement
on core gastrointestinal effects. However, subtle but mean-
ingful differences also emerge. Notably, abdominal pain ap-
pears more prominently in X discourse, whereas other ADRs
such as diarrhea and constipation are more emphasized in
the FDA dataset. This heightened emphasis may reflect user
expectations surrounding weight loss and could be partially
shaped by placebo effects or framing biases inherent in so-
cial media conversations [57]. The differences may also be
influenced by user hesitancy to reveal their experiences with
certain ADRs within public spaces. Users may also employ
euphemisms rather than medical terminology to describe
their ADRs [58].

The origami plots support RQ3 by showing that while the
two data sources agree on common side effects, X surfaces
additional patterns. These patient-centered effects likely re-
flect experiences shared on social media that may be un-
derrepresented in formal clinical reports. These patterns jus-
tify the need for multidimensional and intuitive comparison
tools, such as the geometric metrics and origami plots used
in this work.

Figure 4 summarizes the Geometric Overlap Score results
for the each semaglutide brand. As shown in Figure 4, We-
govy (GOS = 0.453) exhibits the strongest alignment be-
tween X-reported ADRs and FDA-documented ADRs, re-
flected in the highest GOS among the three brands. In con-

trast, Rybelsus shows noticeably weaker alignment (GOS
= 0.208), suggesting that the ADRs most frequently men-
tioned on X for this medication diverge more substantially
from those documented by the FDA.

While brand-level comparisons reveal nuanced ADR pro-
files, an aggregated perspective offers insight into broader
population trends. We now examine the coarsest level of
granularity, where all brands and dosages are pooled. The
coarse-level aggregation allows us to assess the population-
wide similarity between user-reported ADRs on X and FDA
clinical trial findings, irrespective of brand or dosage. This
analysis provides a population-wide view of how social me-
dia discourse aligns with FDA-documented ADRs.

This representation emphasizes not only the shared core
of commonly acknowledged ADRs but also the nuanced dis-
tortions that reveal perception gaps between social media
discourse and clinical documentation. As shown in Figure
4d, both datasets exhibit moderate alignment. Nausea and
vomiting appear similarly in both datasets. Abdominal pain
and headache are more prominent in X. In contrast, diar-
rhea, constipation, and decreased appetite are reported less
frequently in X than anticipated from FDA documentation.
These discrepancies likely reflect the patient-centered focus
of social media discourse, particularly regarding weight-loss
experiences, appetite suppression, and real-world symptom
narratives.

A comparison of Figures 4d (coarse-level origami plot)
and 4a (Ozempic) reveals that the aggregated ADR distribu-
tion is most visually similar to the Ozempic-specific chart,
supporting the notion that Ozempic drives the aggregate
shape. This pattern makes sense given that Ozempic domi-
nates the X dataset, accounting for approximately 80% of all
brand mentions (Table 2), and therefore exerts the strongest
influence on the coarse-level distribution. Wegovy displays
similar structural characteristics, though with some variation
in dimensions such as headache and decreased appetite. In
contrast, Rybelsus diverges more sharply, suggesting a dis-
tinct real-world ADR profile that becomes obscured when
aggregated.

Quantitatively, the geometric similarity metrics for the
coarse-level comparison yield an GOS of 0.365, indicat-
ing moderate alignment between X and FDA data. The
polygonal similarity between the coarse-level and Ozempic-



Figure 4: Origami plots comparing ADR distributions between social media (X) and FDA data. Subfigures (a–c) show brand-
level comparisons for Ozempic, Wegovy, and Rybelsus, respectively. Subfigure (d) displays the coarse-level comparison, ag-
gregating ADRs across all semaglutide brands and dosages. GOS results are shown for all four plots.

specific shapes visually reinforces these metrics. Together,
these findings highlight the value of origami charts in
preserving ADR-specific structure while enabling inter-
pretable geometric comparisons across levels of granular-
ity. Moreover, the higher alignment observed at the coarse
level—largely driven by brand imbalance—underscores the
need for intermediate-level analysis to avoid masking mean-
ingful brand-specific variation in real-world discourse.

4 Discussion
Principal Results Our findings demonstrate that X and
FDA report overlapping but not identical ADR profiles for

semaglutide-based medications. Using origami plots to en-
code normalized ADR frequencies, we observe both conver-
gence and divergence in side effect emphasis across sources.
For example, FDA reports consistently emphasized clini-
cally severe ADRs such as pancreatitis and kidney injury,
while X users disproportionately focused on gastrointesti-
nal effects and weight-related outcomes—particularly for
Ozempic and Wegovy. This divergence reflects differences
in audience, reporting incentives, and perceived relevance.

The origami visualizations allow us to observe and detect
these contrasts at both the aggregate and brand-specific lev-
els. Particularly notable is the case of Rybelsus, where the
shape of the X ADR polygon revealed a distinct tilt toward



nausea and appetite suppression—effects that are medically
important but may be underreported in clinical channels.
By integrating GOS into the origami framework, we pro-
vide a unified, closed-form method for quantifying geomet-
ric similarity between ADR profiles. This interpretable met-
ric enables meaningful comparisons between clinical trial
data and social media discourse across multiple dimensions.

The use of GOS for our case study provides a normalized,
scale-invariant measure of similarity that reflects the degree
of geometric alignment between real-world (X) and clinical
(FDA) ADR distributions. Although we focus on origami
plots as our geometric construct, we believe that GOS can
convey area of overlap for any reasonable method of graph-
ing the relative occurrences of ADRs in datasets, including,
for example, bar charts and other visualizations in which
each feature’s area, for a given dataset, is proportionate to
its relative frequency (i.e., scalar height).

Practical Implications This work introduces a scal-
able framework for monitoring ADR signals across for-
mal (FDA) and informal (social media) pharmacovigilance
sources. The origami chart framework is compact, inter-
pretable, and dimensionally normalized, enabling meaning-
ful comparisons even when source volumes and ADR dis-
tributions differ. As an analytics tool, it supports both visual
inspection and algorithmic computation of similarity, offer-
ing value for early signal detection, brand surveillance, and
post-marketing safety evaluation.

An important strength of our pipeline is its explicit han-
dling of negation during ADR extraction, which improves
accuracy over prior approaches that rely solely on LLMs
such as GPT. Earlier studies have reported false positives
when users mention drugs and side effects in a negated con-
text (e.g., “I didn’t feel nauseous”), which LLMs may incor-
rectly interpret as positive ADR mentions [59, 60]. By in-
corporating negation detection, our system minimizes such
errors, ensuring cleaner ADR frequency profiles from social
media sources. This improvement enhances the reliability of
our similarity metrics and strengthens the overall integrity
of the origami-based comparison framework.

Our work also fills an important gap in the existing lit-
erature on origami charts. While prior studies have used
origami-style visualizations, they did not define a method
for quantifying similarity—such as area overlap—between
charts. As a result, comparisons remained descriptive and
lacked formal metrics. In contrast, our approach introduces
a closed-form geometric relationship between normalized
ADR vectors and similarity metrics—the Geometric Over-
lap Score (GOS), enabling reproducible, interpretable, and
quantitative comparisons between sources. To our knowl-
edge, this is the first use of origami chart overlap as a mea-
surable similarity construct in pharmacovigilance research.

While our empirical evaluation focuses on N = 10 ADR
features and D = 2 datasets (X and FDA), GOS is not lim-
ited to this configuration. The formulation naturally general-
izes to any number of features and datasets. This generality
highlights the method’s potential as a broadly applicable ge-
ometric similarity measure.

Limitations While this study offers valuable insights into
ADR variations between social media and clinical trial re-
ports, some limitations must be acknowledged. First our
dataset is limited to English-language posts on X, exclud-
ing non-English speaking users and introducing a potential
source of bias.

Second, the demographics of X users may not align with
the demographics of patients recruited for clinical drug trials
and the general population.

Third, as shown in Table 2, users rarely report their drug
dosage, and off-label dosages are common [47, 48], which
may decrease the reliability of user-reported dosages.

Fourth, it is important to note that FDA reports are sub-
mitted with the explicit intent of documenting adverse drug
reactions, while social media posts are informal and not
necessarily focused on ADRs. This difference introduces
asymmetries in data quality and structure. Still, our frame-
work leverages real-world data at scale to complement tradi-
tional pharmacovigilance. By enabling interpretable, quan-
titative comparisons between sources, it supports near real-
time monitoring of emerging ADR signals and aligns with
current regulatory interest in real-world evidence for post-
marketing surveillance.

Future Work Although this study focuses on
semaglutide-related discourse on X, our approach is
broadly applicable. The proposed pipeline is drug-agnostic
and can be adapted to extract, normalize, and ADRs for a
wide range of medications, including those related to both
mental and physical health. Furthermore, while we use X
as a primary data source, the same methodology can be
extended to other social media platforms such as Reddit,
Facebook health communities, or patient forums, which
may offer richer context and longer-form narratives for
ADR analysis.

5 Conclusions
This study bridges the gap between centralized pharma-
covigilance mechanisms (FDA clinical trials) and dis-
tributed, real-world health discourse on platforms like
X. Through a novel combination of domain-adapted
NLP techniques and geometric visualization tools, we
demonstrate that social media-derived ADR profiles
can meaningfully align with FDA data—especially for
common, high-prevalence side effects such as nau-
sea, vomiting, and diarrhea. However, discrepancies in
ADR prevalence—particularly in appetite-related symp-
toms—underscore the value of distributed systems in surfac-
ing patient-centered narratives and side effects that may be
underemphasized in regulatory reporting. The origami plot
framework, combined with the Geometric Overlap Score
metric, offers a scale-invariant, interpretable method for vi-
sualizing ADR overlap and could serve as a robust supple-
ment to existing pharmacovigilance protocols.

As pharmacovigilance increasingly embraces real-world
data sources, our findings advocate for hybrid models that
combine the rigor of clinical trials with the agility and
patient-centricity of crowd-based platforms. Future exten-
sions of this work could explore cross-platform compar-



isons, longitudinal ADR evolution, and the integration of
causal inference models to separate signal from noise in
social discourse. Ultimately, this approach may reduce the
need for exhaustive pre-market trials, enable faster detection
of emerging side effects, and promote a more inclusive, par-
ticipatory model of drug safety monitoring.

While the case study focuses on semaglutide, the devel-
opment of the GOS metric forms our core contribution, of-
fering a generalizable tool for structured visual compari-
son across any domain involving high-dimensional distribu-
tional data. It can be extended to other drugs, platforms, lan-
guages, or even beyond pharmacovigilance—for example, in
comparing user-reported experiences with clinical outcomes
in mental health, vaccine reactions, or chronic disease mon-
itoring.

5.1 Data Availability
An anonymized version of the X dataset analyzed during
this study, which has the “Author”, “Avatar”, “Entity
Info”, “Url”, “Original Url”, “Full Name”, “Twitter
Retweet of”, “Twitter Reply to”, “Thread Author”, and
“Weblog Title” columns removed, may be downloaded
using the following link: https://www.dropbox.com/scl/
fi/gksibelrijwnr1wg6xja2/dataset anonymized.csv?rlkey=
ks6dj60ysan9lwh8wdqnygma4&st=294q0sib&dl=0.
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Burgun, and Cédric Bousquet. Adverse drug reaction
identification and extraction in social media: A scop-
ing review. Journal of Medical Internet Research, 17
(7):e171, Jul 2015. ISSN 1438-8871. doi: 10.2196/
jmir.4304. URL http://www.jmir.org/2015/7/e171/.



[17] Thin Nguyen, Mark E. Larsen, Bridianne O’Dea,
Dinh Phung, Svetha Venkatesh, and Helen Chris-
tensen. Estimation of the prevalence of adverse
drug reactions from social media. International
Journal of Medical Informatics, 102:130–137, 2017.
ISSN 1386-5056. doi: 10.1016/j.ijmedinf.2017.03.
013. URL https://www.sciencedirect.com/science/
article/pii/S1386505617300746.

[18] Alon Bartal, Kathleen Jagodnik, Nava Pliskin, and
Abraham Avi Seidmann. Utilizing ai and social media
analytics to discover adverse side effects of glp-1 re-
ceptor agonists. Research Paper 4790676, Boston Uni-
versity Questrom School of Business, April 10 2024.
URL https://ssrn.com/abstract=4790676. Available at
SSRN.

[19] Seraphina Fong, Alessandro Carollo, Lambros
Lazuras, Ornella Corazza, and Gianluca Esposito.
Ozempic (glucagon-like peptide 1 receptor agonist)
in social media posts: Unveiling user perspectives
through reddit topic modeling. Emerging Trends
in Drugs, Addictions, and Health, 4:100157, 2024.
ISSN 2667-1182. doi: 10.1016/j.etdah.2024.100157.
URL https://www.sciencedirect.com/science/article/
pii/S2667118224000163.

[20] Michael P. Bremmer and Christian S. Hendershot. So-
cial media as pharmacovigilance: The potential for pa-
tient reports to inform clinical research on glucagon-
like peptide 1 (glp-1) receptor agonists for substance
use disorders. Journal of Studies on Alcohol and
Drugs, 85(1):5–10, 2024. doi: 10.15288/jsad.23-
00318. URL https://doi.org/10.15288/jsad.23-00318.
PMID: 37917019.

[21] Jing Zhang, Xiaofen Wang, and Yiting Zhou. Com-
parative analysis of semaglutide induced adverse re-
actions: Insights from faers database and social me-
dia reviews with a focus on oral vs subcutaneous
administration. Frontiers in Pharmacology, 15,
2024. ISSN 1663-9812. doi: 10.3389/fphar.2024.
1471615. URL https://www.frontiersin.org/journals/
pharmacology/articles/10.3389/fphar.2024.1471615.

[22] Maxim Topaz, Kenneth Lai, Neil Dhopeshwarkar, Di-
ane L. Seger, Roee Sa’adon, Foster Goss, Ronen
Rozenblum, and Li Zhou. Clinicians’ reports in elec-
tronic health records versus patients’ concerns in so-
cial media: A pilot study of adverse drug reactions of
aspirin and atorvastatin. Drug Safety, 39(3):241–250,
Mar 2016. ISSN 1179-1942. doi: 10.1007/s40264-
015-0381-x. URL https://doi.org/10.1007/s40264-
015-0381-x.

[23] Ying Li, Antonio Jimeno Yepes, and Cao Xiao. Com-
bining social media and fda adverse event reporting
system to detect adverse drug reactions. Drug Safety,
43(9):893–903, Sep 2020. ISSN 1179-1942. doi:
10.1007/s40264-020-00943-2. URL https://doi.org/
10.1007/s40264-020-00943-2.

[24] Zhijie Duan, Kai Wei, Zhaoqian Xue, Jiayan Zhou,
Shu Yang, Siyuan Ma, Jin Jin, and Lingyao li.

Crowdsourcing-based knowledge graph construction
for drug side effects using large language models with
an application on semaglutide, 2025. URL https://
arxiv.org/abs/2504.04346.

[25] C A Naranjo, U Busto, and E M Sellers. Difficulties
in assessing adverse drug reactions in clinical trials.
Prog Neuropsychopharmacol Biol Psychiatry, 6(4-6):
651–657, 1982. doi: 10.1016/s0278-5846(82)80162-0.

[26] Sonal Singh and Yoon K Loke. Drug safety assess-
ment in clinical trials: methodological challenges and
opportunities. Trials, 13:138, 2012. doi: doi.org/10.
1186/1745-6215-13-138.

[27] Peter Corr and David Williams. Conflict of Interest in
Medical Research, Education, and Practice, chapter E,
The Pathway from Idea to Regulatory Approval: Ex-
amples for Drug Development. Institute of Medicine
(US) Committee on Conflict of Interest in Medical Re-
search, Education, and Practice, 2009. URL https:
//www.ncbi.nlm.nih.gov/books/NBK22930/.

[28] Lawrence M Friedman, Curt D Furberg, David L
DeMets, David M Reboussin, and Christopher B
Granger. Fundamentals of clinical trials. Springer,
2015. doi: 10.1007/978-3-319-18539-2.

[29] U.S Food & Drug Administration. Overview of our
role regulating and approving drugs — video series.
https://www.fda.gov/drugs/information-consumers-
and-patients-drugs/overview-our-role-regulating-
and-approving-drugs-video-series, 2024. Accessed:
2025-07-02.

[30] Aurélie Mailhac, Lars Pedersen, Anton Pottegård,
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