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Abstract 

Drug safety remains a major challenge in drug development. In clinical practice, safety 

outcomes are influenced not only by chemical structure but also by patient characteristics and 

treatment conditions, limiting the ability of structure-based predictions to fully capture real-

world adverse events. Here, we integrated post-marketing safety data from the FDA Adverse 

Event Reporting System (FAERS; 2004Q1–2025Q2) with chemical structure and drug label 

information. Using 875 drugs, we quantified concordance between structure-based similarity 

and FAERS safety signals, as well as agreement between FAERS signals and label-reported 

risks. To support large-scale, reproducible signal detection, we developed a dedicated analytical 

application. Based on these measures, drugs were classified into four safety patterns. Pattern 1 

(56.4%) showed consistent alignment among chemical structure, real-world safety signals, and 

labels, indicating informative structure–safety relationships. Pattern 2 (38.4%) diverged from 

structural similarity yet agreed with label information, suggesting safety profiles influenced by 

individual biology or clinical context. Pattern 3 (2.7%) reflected treatment-dependent 

attenuation of expected risks, whereas Pattern 4 (2.5%) revealed unanticipated risks not 

predicted by structure or labels. Collectively, this framework provides a pattern-based 

perspective on drug safety and suggests that such stratification may facilitate drug repurposing 

and support structure–activity relationship analyses.   
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Introduction 

Early identification of potential safety risks is a fundamental objective in modern drug 

discovery.1 Evaluating these risks through structure–activity relationship (SAR) analyses at the 

earliest stages of development enables the rational design of safer drug candidates and the 

implementation of more targeted evaluation strategies. This proactive approach allows research 

teams to prioritize compounds with favorable safety profiles and to better anticipate biological 

responses before clinical testing.2  

Despite extensive preclinical evaluation using in vitro and in vivo models, unanticipated clinical 

toxicity remains a leading cause of drug attrition and post-marketing withdrawal.3,4 Many 

adverse events are not readily detected in standard experimental models, particularly when the 

effects are rare, delayed, or associated with long-term use. Therefore, bridging the gap between 

preclinical safety predictions and real-world clinical outcomes remain a critical challenge in 

pharmaceutical development. 

A major contributor to this gap is that clinical safety outcomes are influenced by factors beyond 

the intrinsic chemical properties of drug compounds. Drug responses in real-world settings are 

shaped by patient-specific variables such as age, genetic background, organ function, 

comorbidities, and disease severity.5 These multifaceted clinical factors introduce a level of 

complexity that cannot be fully captured by chemical structure-based models alone. 
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Safety evaluation is therefore an iterative process that spans the entire lifecycle of a drug.6 Early 

discovery relies on structure-based predictions to link chemical similarity with biological 

effects.7 This is followed by randomized clinical trials, which assess safety in human 

populations within controlled environments, following strict protocols to minimize bias and 

characterize risks under predefined conditions. Finally, post-marketing pharmacovigilance 

systems capture spontaneous adverse event reports, reflecting a drug’s performance across 

diverse patient populations and real-world settings.6 Each stage provides a complementary 

perspective on the safety profile of drugs. SAR-based methods are essential for early screening 

and molecular design, as they identify risks associated with specific chemical motifs. Clinical 

trials generate high-quality safety data in human subjects under defined conditions. In contrast, 

pharmacovigilance data can uncover safety signals that emerge only in complex clinical 

environments, such as those involving comorbidities, polypharmacy, or uncommon patient 

profiles. 

Therefore, integrating structure-based predictions with clinical trial outcomes and post-

marketing pharmacovigilance data is necessary for a comprehensive understanding of drug 

safety. Consistency across these sources strengthens confidence in a drug’s safety profile, 

whereas differences highlight the complementary roles of clinical trials and real-world 

surveillance. Importantly, these differences often reveal risks that emerge only in real-world 
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settings—driven by patient variability, comorbidities, or drug combinations—that are not 

detected from structure-based predictions alone. 

In this study, we integrated 21 years of data (2004–2025) from the FDA Adverse Event 

Reporting System (FAERS), with chemical structure information and drug labeling data from 

OnSIDES. This integrated dataset enabled systematic characterization of the safety profiles of 

875 drugs by directly comparing chemical similarity with real-world adverse event patterns. 

We conducted a multidimensional comparative analysis incorporating chemical descriptors, 

label-reported risks, and real-world adverse event profiles. By synthesizing these distinct data 

modalities, we classified drugs into four safety patterns representing different degrees of 

alignment or divergence between structure-based expectations and clinical outcomes. This 

framework highlights where chemical similarity correlates with safety outcomes and, more 

importantly, where clinical factors drive divergence from structural predictions. 

The objective of this study was to provide a practical, pattern-based framework that clarifies the 

relationship between chemical profiles and real-world safety. By delineating the complementary 

roles of SAR, clinical trials, and post-marketing surveillance, this approach supports more 

informed safety assessment, targeted SAR studies, and improved decision-making throughout 

drug development, establishing a foundation for more proactive and efficient safety monitoring. 
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Results 

Large-scale signal detection across 21 years of post-marketing surveillance data 

We constructed a curated FAERS dataset covering Q1 2004 to Q2 2025 (Figure 1).8 

Preprocessing included harmonizing adverse event terminology according to the Medical 

Dictionary for Regulatory Activities (MedDRA) version 28.1 and standardizing units and date 

formats across records. Duplicate reports and records with temporal inconsistencies were also 

excluded. To address heterogeneity in drug naming within the DRUG table, we standardized 

drug strings using the DiAna Dictionary9 and an expanded normalization procedure designed to 

capture ingredient-level names from noisy entries better, increasing drug name normalization 

coverage within the curated FAERS database from 97.7% to 99.03% for all mentions and from 

39.8% (351,563/883,058) to 66.8% (590,277/883,058) for unique entries. 

We implemented high-throughput disproportionality analyses using the Adverse Event Signal-

detection Tool (AEST), an originally developed web-based signal detection platform optimized 

for large-scale FAERS processing. AEST uses label encoding and an HDF5-based storage 

design with a Virtual Dataset (VDS)10,11 layout to support efficient longitudinal querying 

without physically merging quarterly files. When applied to the curated FAERS records stored 

in the AEST database, this optimized workflow reduced the storage footprint by 77% (from 5.47 

GiB to 1.25 GiB) relative to a baseline representation without label encoding or HDF5. To 
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accelerate the large-scale aggregation, computations were parallelized across quarterly segments 

using Ray12 in a 20 vCPUs/30 GiB environment, achieving an average processing time of 

approximately 6 s per compound. 

Using established thresholds for the Reporting Odds Ratio (ROR) and Proportional Reporting 

Ratio (PRR),13–15 we defined an adverse event (AE) signal as meeting the criteria for either 

method and generated PT-level binary safety profiles for downstream analyses. Across 3,110 

drugs with Anatomical Therapeutic Chemical (ATC) codes, this workflow yielded analyzable 

post-marketing AE signal profiles. 

 

Chemical–AE signal similarity alignment stratifies drugs into high-, low-, and 

intermediate-alignment groups 

Among the 3,110 drugs with valid ATC codes, 2,159 compounds with available chemical 

information were included in the chemical–AE signal similarity alignment analysis. For these 

compounds, we analyzed a 2,159 × 696 2D chemical descriptor matrix and a corresponding 

2,159 × 27,163 PT-level binary AE signal matrix derived from significant ROR or PRR signals. 

Aligned-UMAP16 embeds the chemical descriptor and AE signal matrices into a shared low-

dimensional space, achieving moderate preservation of the local neighborhood structure (Figure 

2). Quantitative evaluation showed trustworthiness/continuity17 values of 0.70/0.66 for chemical 
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descriptors and 0.71/0.73 AE respectively. Robustness analyses across 81 runs with independent 

±10% hyperparameter perturbations showed minimal variation in embedding quality (chemical: 

trustworthiness 0.701±0.027, continuity 0.671±0.034; AE signal: trustworthiness 0.715±0.003, 

continuity 0.738±0.012), indicating that the aligned representations are stable to parameter 

changes. 

The chemical–AE signal similarity alignment was quantified using two complementary 

measures capturing global and local alignments across the two embedding spaces (Figure 3a, 

3b). We defined thresholds based on the elbow points of the cumulative distribution functions 

for these metrics: a Euclidean distance of 0.835 and a Jaccard index of 0.037. Based on these 

cutoffs, the drugs were classified into three groups: high alignment (low embedding distance 

and high neighbor overlap), low alignment (high embedding distance and low neighbor 

overlap), and intermediate (all remaining drugs). This procedure yielded 1,229 high-alignment 

(56.92%), 804 low-alignment (37.24%), and 126 intermediate-alignment (5.84%) drugs. 

We evaluated whether these alignment-defined groups reflected the separable structures in the 

original high-dimensional data using PERMANOVA and PERMDISP.18,19 In the AE signal 

space, the high- and low-alignment groups were significantly separated by PERMANOVA 

(pseudo-F=1.37, Bonferroni-adjusted p=0.012; raw p=0.001), whereas no significant separation 

was observed in the chemical descriptor space (pseudo-F=0.84, p=0.53). PERMDISP suggested 
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a dispersion difference in the AE signal space before multiple-testing correction (pseudo-F 

=7.89, raw p=0.006); however, this effect was not significant after Bonferroni adjustment 

(p_adj=0.072). 

These results suggested that high- and low-alignment drugs formed statistically distinguishable 

groups in the adverse-event signal space. When interpreted alongside the PERMDISP results, 

the group separation detected by PERMANOVA was more likely attributable to differences in 

the group centroids than to differences in the within-group dispersion. In contrast, no significant 

differences were observed between the two groups in terms of the chemical descriptor space. 

These findings indicate that the separation observed in the UMAP projection reflects 

distinctions intrinsic to adverse event signal profiles, rather than differences in chemical 

properties. Thus, although high- and low-alignment drugs may share similar chemical 

characteristics, they appear to differ in their adverse event profiles. This may partly explain the 

limitations of toxicity prediction approaches that rely primarily on chemical features, including 

quantitative structure–activity relationship (QSAR) models. 

 

Signal–label alignment stratifies drugs into high- and low-alignment groups 

Among the 3,110 drugs with valid ATC codes, 1,450 overlapped with drugs reported in 

OnSIDES,20 a database of AEs extracted from drug labels, and were included in the signal–label 
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alignment analysis. For each drug, we encoded label-listed events across 27,163 PTs and 

quantified signal–label alignment by computing Yule’s Q between the FAERS-derived binary 

AE-signal vector and the corresponding OnSIDES label vector, with Yule’s Q ranging from −1 

to +1 as a bounded association measure appropriate for sparse, highly imbalanced adverse-event 

profiles. 

To stratify drugs by signal–label alignment, we fitted Gaussian mixture models (GMMs)21 

(k=1–5) to the distribution of Yule’s Q and selected the optimal model using the Bayesian 

Information Criterion (BIC).22 This procedure favored a two-component model, yielding high-

alignment (95.2%, n=1,380) and low-alignment (4.8%, n=70) groups (Figure 4). 

 

Four-patterns risk stratification framework construction 

We constructed a four-pattern risk stratification framework for 875 drugs possessing both 

chemical descriptors and OnSIDES labeling information by integrating structure–signal 

alignment (similarity between chemical descriptors and signals) and signal–label alignment. For 

structure–signal alignment, the analysis was restricted to high- versus low-alignment classes, as 

supported by a pairwise PERMANOVA utilizing a Euclidean distance of 0.835 as the separation 

threshold. Signal–label alignment was dichotomized using Yule’s Q GMMs. 
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In the integrated framework, the x-axis represents Yule’s Q (higher values indicate stronger 

correlation with labeling), and the y-axis represents the Euclidean distance (lower values 

indicate higher similarity alignment between chemical descriptors and signals). Based on these 

thresholds, the drugs were classified into four distinct safety information alignment patterns 

(Figure 5, Supplementary Tables 1–4).  

Pattern 1 (consistent safety profile; high-x/low-y) was characterized by high alignment in 

both dimensions (56.4%, n=493). 

Pattern 2 (individual biology-driven risk; high-x/high-y) was characterized by high label 

alignment but low structural alignment (38.4%, n=336). 

Pattern 3 (treatment environment: low-x/low-y) was characterized by low label alignment 

despite high structural alignment (2.7%, n=24). 

Pattern 4 (hidden risk; low-x/high-y) was characterized by low alignment in both dimensions 

(2.5%, n=22). 

Therapeutic category composition differed significantly across patterns at ATC level 1 (Chi-

square test, p = 5.05×10⁻⁶). Standardized residual analysis identified specific 

overrepresentations: ATC A (alimentary tract and metabolism; residual = 2.02) and ATC R 

(respiratory system; 2.20) in pattern 3; ATC D (dermatologicals; 3.56) and ATC S (sensory 
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organs; 3.40) in pattern 4; and ATC H (systemic hormonal preparations, excluding sex 

hormones and insulins; 2.07) in pattern 2. 

At ATC level 3, no subgroup remained significant after the Bonferroni correction. This indicated 

that the enrichment signal observed at ATC level 1 did not robustly localize to specific ATC 

level 3 subcategories under conservative multiple-testing control. 

To explore the mechanistic and contextual characteristics of our framework, we evaluated 

Pattern 2 for biological underpinnings and Pattern 3 for potential polypharmacy effects. 

For Pattern 2, FDA-listed pharmacogenetic associations23 mentioning active metabolites were 

significantly more frequent than in Pattern 1 (odds ratio 9.8, p = 0.0078; Figure 6), with Patterns 

3 and 4 excluded as they contained no drugs on the list. This observation suggests that risk 

expression in this category may be linked to metabolic factors beyond parent chemical profiles 

alone. For Pattern 3, our analysis of prescription claims data24 suggests that drugs in this 

category are often used in multi-drug regimens, with the relative frequency reaching an 

approximately 3.7-fold peak in triple-therapy combinations compared with monotherapy 

(Figure 7). Despite the limited sample size, the observed trend suggests that Pattern 3 captures 

risk signals arising in complex clinical settings, rather than from isolated pharmacological 

effects. 
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Discussion 

We integrated 21 years of post-marketing surveillance signals, chemical informatics, and label-

derived adverse event profiles to stratify drugs based on the alignment of safety evidence across 

three orthogonal data sources. By quantifying the alignment between intrinsic chemical 

descriptors, real-world reporting patterns, and drug labels, we established a four-pattern risk-

stratification framework. Since spontaneous reporting captures drug safety within actual clinical 

contexts, the resulting patterns reflect a synthesis of pharmacological properties and real-world 

factors, enabling system-level standardization of drug safety profiles beyond isolated signal 

detection. 

 

Pattern 1 (Information Convergence) included the majority of analyzed drugs (56.4%, n=493), 

which structural predictions, signals, and approved labeling showed strong alignment. This 

served as a validation baseline for the framework, confirming that the chemical descriptors, 

drug labels, and signals were generally consistent across most drugs. 

Notably, ATC enrichment analysis showed no significant over-representation of specific drug 

classes, unlike the other patterns. The absence of bias indicates that information convergence 

represents a general baseline state that is not limited to specific therapeutic categories.  
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Pattern 2 (individual biology-driven risk) comprised a substantial proportion of the analyzed 

drugs (38.4%, n = 336). Drugs in this quadrant display adverse event signals that diverge from 

predictions based on chemical structure yet remain consistent with established safety labeling 

(OnSIDES). This structure–signal inconsistency indicates that the safety profiles of these agents 

are not primarily encoded in their chemical features alone but are conditionally expressed 

through individual- and context-dependent factors, including metabolic variability, genetic 

susceptibility, comorbidities, and treatment conditions. 

Canonical examples illustrate this concept. The risk of hepatotoxicity associated with isoniazid 

is influenced by NAT2 acetylation phenotypes,25 while severe cutaneous adverse reactions 

induced by carbamazepine are closely linked to specific HLA alleles.26 Similarly, the clinical 

safety profiles of codeine and tramadol depend on CYP2D6-mediated bioactivation, resulting in 

substantial inter-individual variability driven by genetic polymorphisms and drug–drug 

interactions.27,28 Consistent with this context-dependency, residual analysis revealed a 

significant enrichment of systemic hormonal agents (ATC code H, excluding sex hormones and 

insulin) within this pattern. Synthetic glucocorticoids such as dexamethasone exemplify this 

class, acting across interconnected endocrine and metabolic pathways in which both efficacy 

and safety are profoundly shaped by patient-specific physiology, disease state, and hormone 

sensitivity.29 



 

16 

 

Importantly, this context-dependent manifestation of risk suggests that drugs with pattern 2 can 

exhibit distinct clinical characteristics across different therapeutic settings. Because the 

observed adverse events often reflect secondary or downstream effects in humans under 

appropriate conditions, these same agents may confer meaningful therapeutic benefits. In line 

with this notion, several drugs with this pattern have recently received regulatory approval or 

are currently under active investigation for novel indications. 

For example, colchicine expanded beyond its long-standing use in gout to receive FDA approval 

for cardiovascular risk reduction in 2023,30 targeting inflammatory risk through pleiotropic anti-

inflammatory mechanisms that extend beyond its classical role as a microtubule inhibitor.31  

Similarly, amisulpride has long been used for the treatment of schizophrenia, with dose-

dependent pharmacological effects. Although lower oral doses preferentially act on presynaptic 

dopamine D2/D3 receptors, higher doses primarily antagonize postsynaptic receptors, resulting 

in distinct clinical profiles.32 In 2020, modification of both the dose and route of administration, 

specifically, low-dose intravenous delivery (5 mg), allowed its repurposing for the prevention 

and rescue treatment of postoperative nausea and vomiting,33 reflecting a therapeutic application 

that differs from its original psychiatric indication.  

Additionally, ganaxolone, a synthetic analog of the endogenous neurosteroid allopregnanolone, 

features a 3β-methyl modification that enhances metabolic stability and reduces hormonal 
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effects.34 This modification enables oral administration and confers a distinct pharmacological 

profile by selectively modulating the extrasynaptic GABAA receptors.35 Ganaxolone, which was 

approved in 2022 for CDKL5 deficiency disorder, is also under investigation for refractory 

status epilepticus and tuberous sclerosis complex,36 highlighting the potential clinical impact of 

its subtle structural differences and unique pharmacological properties. 

Taken together, these observations suggest that drugs with inconsistent chemical profiles and 

real-world safety signals constitute a distinct and biologically meaningful class. These drugs 

highlight the importance of individual and clinical contexts in shaping drug responses and may 

constitute promising candidates for drug repositioning. 

 

Pattern 3 (treatment environment), accounting for 2.7% (n = 24) of the dataset, represents a 

subset of drugs that exhibit high structural concordance and persistent adverse event signals in 

FAERS, yet show limited alignment with the safety descriptions provided in their drug labels. 

This discordance does not necessarily indicate failure of the prediction framework or a lack of 

safety data. Rather, it likely reflects a gap between controlled, label-based evaluations of 

individual drugs and complex multidrug treatment environments captured in real-world 

pharmacovigilance data. 



 

18 

 

A characteristic of this group is that although the drugs share chemical features suggestive of 

specific toxicities or adverse events and show corresponding signals in pharmacovigilance 

analyses, these structural risks are not always clearly reflected as clinically apparent adverse 

outcomes when the agents are evaluated individually. 

Paromomycin is an example. In the United States, paromomycin is administered orally and is 

primarily used to treat acute and chronic intestinal amoebiasis. Although it is classified as an 

aminoglycoside, the drug class commonly associated with nephrotoxicity and ototoxicity is not 

specifically listed in the DailyMed information. This finding may be related to limited 

gastrointestinal absorption and the resulting low level of systemic exposure.37 In developed 

countries, intestinal amoebiasis has been increasingly reported in HIV-infected individuals 

living with HIV.38 This population may present with several clinical characteristics, including 

HIV-associated nephropathy, otologic symptoms, and the use of concomitant medications with 

nephrotoxic potential, such as tenofovir and atazanavir.39–42 According to outpatient prescription 

claims databases,24 paromomycin can be co-prescribed in situations where drugs such as 

tenofovir or atazanavir are used. These factors may be informative when considering the 

relationship between structural features and pharmacovigilance data. 

Residual analysis further revealed that drugs classified under the alimentary and metabolic 

systems (ATC code A) and the respiratory system (ATC code R) were significantly enriched in 
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this group. Many of these medications are used concomitantly with other therapies and are often 

administered over the long term. As FAERS records drugs reported at the time of adverse event 

occurrence, co-prescribed agents or those producing similar clinical manifestations can 

contribute to the apparent signal overlap. As a result, structural risk predictions and real-world 

signals may coincide, even when the intrinsic toxic potential of the compound is low. 

Taken together, the signals observed for Pattern 3 drugs are not necessarily false positives, but 

may instead reflect adverse outcomes arising in patients with severe underlying conditions or 

those receiving intensive multi-drug therapy. At the same time, these findings underscore the 

shared limitations of both SAR models and spontaneous reporting data, highlighting the 

importance of considering biological modifiers of exposure and clinical context when 

interpreting individual drug risks. 

 

Pattern 4 (hidden risk), accounting for 2.5% (n = 22) of the dataset, represents a distinct subset 

of drugs for which structural features, approved label information, and pharmacovigilance 

signal detection results do not consistently align. This pattern suggests the presence of risks that 

are challenging to predict from chemical structures or during clinical trials and may become 

increasingly apparent in post-marketing real-world data, often after longer periods of follow-up. 

Residual analysis revealed that this group was significantly enriched for dermatological agents 
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(ATC code D) and sensory drugs (ATC code S). These drugs are primarily intended for topical 

or local administration. They are often assumed to have minimal systemic effects compared 

with oral or intravenously administered medications. However, this assumption can be 

misleading. Under certain clinical conditions, topical agents may be systemically absorbed, 

leading to serious adverse effects.43 

A representative example is mafenide acetate, a topical antimicrobial that is widely used to 

prevent infections in patients with burns. Mafenide acetate is known to inhibit carbonic 

anhydrases through its metabolite p-sulfamylbenzoic acid, leading to metabolic acidosis. This 

risk is particularly pronounced in patients with extensive burns, especially those with inhalation 

injuries and concomitant respiratory acidosis.44 Indeed, a recent clinical report described a case 

in which metabolic acidosis worsened rapidly after mafenide application, even under 

contemporary burn management.45 

Importantly, the occurrence of systemic toxicity depends on the clinical context, including usage 

patterns (dose and frequency), application sites, and individual factors such as age.46 These 

factors may not be fully apparent in the early stages of drug development, including in clinical 

trials, and often become better understood over time through routine post-marketing 

surveillance, which monitors drugs across broader populations and longer periods of use.47  

The inclusion of ranitidine in this quadrant further validates our framework. Ranitidine is a 
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systemic drug, and safety concerns arise primarily from external factors, such as contamination 

with N-nitrosodimethylamine (NDMA), rather than from its intrinsic chemical descriptors or 

pharmacological mechanism.48,49 The classification of ranitidine into a pattern characterized by 

low structural risk demonstrates that our approach can capture clinically relevant risks driven by 

manufacturing and external factors that traditional structure-based analyses fail to detect. These 

results highlight the need for continuous real-world pharmacovigilance to capture safety signals 

that are not evident solely through chemical descriptors or clinical trials. 

 

This study stratified drugs into four distinct categories based on the alignment of chemical 

descriptors, drug label information, and safety signals, offering a unified framework for 

interpreting heterogeneity in adverse drug reactions. By jointly considering structure-based 

predictions and real-world evidence, this alignment approach provides practical insights into 

safety assessments in clinical trials, pharmacovigilance, and hypothesis generation for drug 

repositioning. 

Our exploratory analyses further suggest that this stratification can inform the construction of 

more effective QSAR models for adverse event prediction (Supplementary Note 2; 

Supplementary Table 7). In a benchmark dataset,50 random forest QSAR models trained within 

pattern-defined subsets showed higher AUCs for three of the four adverse events examined—
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acute kidney injury and acute myocardial infarction in Pattern 1 (AUC 0.92 and 0.77; ΔAUC 

0.17 and 0.25, respectively) and upper gastrointestinal bleeding in Pattern 2 (AUC 0.91; ΔAUC 

0.22)—compared with size- and ratio-matched random baselines, with Benjamini–Hochberg 

adjusted q-values of 0.09 meeting the pre-specified exploratory FDR threshold (q < 0.10). The 

improvement in AUC observed for upper gastrointestinal bleeding in Pattern 2 is notable, as it 

may reflect the influence of biological factors. Pattern 2 includes several non-steroidal anti-

inflammatory drugs, such as piroxicam, for which polymorphisms in CYP2C9 have been 

associated with an increased risk of upper gastrointestinal bleeding.51,52 In addition, Pattern 2 

contains antithrombotic agents such as clopidogrel, whose CYP2C19-mediated bioactivation 

contributes to variability in bleeding risk.53 Although based on limited examples, pattern-based 

stratification may reduce biological and mechanistic heterogeneity within datasets, thereby 

contributing to improved QSAR performance. 

Interestingly, the same pattern-based stratification approach appears to be applicable to drug 

repositioning. In a separate exploratory analysis (Supplementary Note 3; Supplementary Table 

8), we applied a similar four-pattern framework to evaluate the repositioning potential of 

approved drugs. Pattern 2, which covers a wide range of therapeutic areas while maintaining a 

hit rate comparable to or higher than the overall hit rate obtained without any pattern‑based 
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grouping, serves as a practical starting point for prioritization in DR studies. These findings 

suggest that applying this framework could enhance the efficiency of drug repositioning. 

This study has several limitations that should be considered when interpreting the results. First, 

FAERS data are subject to well-recognized biases, including under-reporting,54 Weber effects,55 

and lack of denominator information. While disproportional metrics such as ROR and PRR 

partially mitigate these issues, they cannot fully eliminate them. Second, the use of 2D chemical 

descriptors constrains the representation of the stereochemical, conformational, and dynamic 

properties that may contribute to toxicity. Third, although OnSIDES provides a standardized and 

curated source of label-derived adverse events, it is a secondary resource derived from 

regulatory texts and may not fully capture the complexity underlying regulatory decision-

making. These considerations regarding data provenance and chemical representation have been 

expanded further (Supplementary Note 4). 

Further investigations are required to address these limitations. Nevertheless, this framework 

offers a scalable and interpretable approach to integrate chemical profiles, label information, 

and real-world safety data. By explicitly modeling the alignment and discordance across the 

three dimensions, the proposed strategy supports a more informed safety anticipation from early 

drug discovery through post-marketing surveillance.  
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Conclusion 

In this study, we integrated chemical structure data, drug label information, and post-marketing 

safety signals derived from real-world clinical practice, and quantitatively examined their 

agreement and differences to propose a pattern-based perspective on drug safety. By analyzing 

21 years of FAERS data, together with chemical structure descriptors and label-derived adverse 

events, we showed that drugs can be grouped into those for which structure-based expectations 

are generally consistent with observed clinical safety and those for which safety signals are not 

fully accounted for by structure alone and may be influenced by factors such as interindividual 

variability, treatment context, or usage conditions. 

Although the analyses were exploratory and did not address causal mechanisms, the results 

suggested that organizing drugs according to these patterns may be useful for interpreting safety 

signals and informing subsequent analyses, including exploratory drug repurposing 

considerations and QSAR-based adverse event modeling. The four safety patterns introduced 

here are intended as an interpretive framework for relating structural and clinical safety 

information rather than as definitive safety classifications. 

As a secondary contribution, we developed AEST, a web-based platform that enables large-scale 

reproducible analysis of FAERS data and supports transparent pharmacovigilance analyses. 
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Overall, explicitly considering the agreement and differences among chemical structure 

descriptors, post-marketing safety signals, and label information offers a preliminary framework 

for organizing safety-related evidence across the drug lifecycle and understanding how 

structure-based prediction and clinical context contribute to drug safety assessment. 

 

Methods 

FAERS data acquisition, processing, and quality control 

FAERS data spanning Q1 2004 through Q2 2025 were obtained from FDA public repositories.8 

FAERS is a voluntary reporting system with substantial free-text entry; therefore, data are 

subject to quality issues, such as input errors and inconsistent terminology, which can affect the 

accuracy of signal detection.56  

We standardized patient characteristics (e.g., age, weight, sex, date, and reporting country). 

Body weight was recorded in multiple units (e.g., g, lb) and converted to kilograms; non-

convertible values were set to missing values. Age was converted to years, records with non-

convertible ages were excluded, and values outside 0–125 years were treated as missing, 

considering the plausible physiological limits (maximum documented lifespan: 122 years).57 

Event onset dates were converted to the YYYY-MM-DD format and unparseable values were 
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missing. Reporting countries were harmonized with ISO 3166 codes,58 and obvious 

typographical errors were manually corrected. Sex was classified as male (M), female (F), or 

unknown (all other entries). 

Adverse events were coded using MedDRA®, an international standardized medical 

terminology developed under the auspices of ICH.59 As FAERS contains records based on 

different MedDRA versions and includes non-standard term variants, we harmonized all adverse 

event terms with PTs version 28.1. Indications were not consistently MedDRA compliant; 

therefore, we mapped indication terms to the PT where possible and excluded records that could 

not be standardized after manual review. 

We merged DRUG, THER, and INDI using primary_id and drug_seq and merged all other 

tables using primary_id. We defined duplicates as records identical across drug name, therapy 

start and end dates, indication, adverse event, sex, event onset date, weight, age, and reporting 

country. Following FDA guidance, we retained the most recent record and removed the 

remainder. Finally, we excluded logically inconsistent reports, i.e., those in which the recorded 

therapy start date occurred after the date of adverse event onset. 

 

AEST development and signal detection methodology 

We developed AEST, a web-based application designed to enable comprehensive, high-
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throughput detection of pharmacovigilance signals (Supplementary Note 1; Supplementary 

Figures 1–6 and Supplementary Tables 5, 6). AEST integrates (i) database optimization for 

efficient storage and querying, (ii) name normalization to mitigate name heterogeneity, and (iii) 

distributed parallel computing for accelerating large-scale aggregation. 

For data management, string fields in the FAERS (e.g., drug names and adverse event terms) 

were label-encoded and stored in a hierarchical HDF5.10 Quarterly FAERS releases are 

presented as a single logical dataset via a VDS, eliminating the need for physical file merging.11 

This architecture reduces the memory footprint and improves I/O performance, enabling 

efficient longitudinal querying and aggregation. 

To address heterogeneous drug names (e.g., generic versus brand names), we adopted the DiAna 

Dictionary (v.2025.06.25),9 which provides a high coverage of FAERS. We further extended the 

dictionary through text normalization, which focuses on ingredient extraction. Specifically, 

ingredient names were parsed from entries such as “80% (propranolol)” using non-

alphanumeric delimiters and then matched against known substances. This improved the 

consolidation of reports mapped to the same active ingredient, thereby increasing the accuracy 

of downstream signal counts. 

For scalable computations, AEST leverages rays for distributed parallel processing.12 FAERS 

data were partitioned into manageable segments, aggregations required for signal detection were 
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computed in parallel within each segment, and the intermediate results were merged to produce 

the final counts. In this study, rays were deployed in 20 vCPUs and 30 GiB environments and 

used to analyze 5,721 compounds. 

AEST signals were evaluated using ROR and PRR with established thresholds. For ROR, a 

signal required a minimum report count of ≥2 and a lower bound of the 95% confidence interval 

>1.0. For PRR, a signal required a minimum report count of ≥3, PRR ≥2.0, and χ² ≥4.0. A drug–

event pair was considered a signal if it met the criteria for either method.13–15 

 

Chemical descriptor computation and chemical–AE signal similarity alignment analysis 

We acquired chemical structure data via the PubChem60 and Chemical Identifier Resolver 

(CIR)61 using standardized drug names, yielding SMILES notations for 2,159 compounds. Two-

dimensional molecular descriptors (696 features) were computed using Mordred (Mordred-

community),62,63 resulting in a 2,159 × 696 chemical descriptor matrix. Correspondingly, we 

constructed a 2,159 × 27,163 binary AE signal matrix (PT level), where each element denoted 

the presence (1) or absence (0) of a signal for the 27,163 PTs. 

We employed the Aligned-UMAP16 to embed these two high-dimensional matrices in a shared 

low-dimensional representation. The algorithm was configured with two embedding 
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dimensions: a Euclidean distance metric, alignment regularization strength of 20, 30 nearest 

neighbors, and a minimum distance of 0.1.  

Embedding quality was evaluated using trustworthiness and continuity, which measure local 

neighborhood preservation within each modality.17 These metrics were calculated using the 

default neighborhood size (k = 5), employing the Euclidean distance for the chemical descriptor 

matrix and the cosine distance for the binary AE signal matrix. 

Parameter robustness was examined by systematically perturbing each model parameter by 

±10% around its baseline value, including the alignment strength (alignment_regularisation), 

embedding neighborhood size (n_neighbors), a minimum distance (min_dist), and the 

evaluation neighborhood size (baseline values: 20, 30, 0.1, and 100, respectively). The stability 

of trustworthiness and continuity was assessed across all 81 parameter settings. 

The chemical–AE signal alignment was quantified using two complementary measures: (i) the 

Euclidean distance between each compound’s coordinates in the chemical descriptor embedding 

and the AE signal embedding (global), and (ii) the Jaccard overlap of the k=100 nearest-

neighbor sets across the two embeddings (local). We then defined two thresholds using the 

elbow method applied to the cumulative distribution functions and classified the drugs into three 

groups: high-alignment (low embedding distance and high neighbor overlap), low-alignment 

(high embedding distance and low neighbor overlap), and intermediate (all remaining drugs). 
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To validate the separation of these groups in the original high-dimensional data, we performed 

PERMANOVA18 and PERMDISP19 using a chemical descriptor matrix and a binary AE signal 

matrix. We used the Euclidean distance for the continuous chemical descriptor matrix, which 

was z-score-normalized, and the Jaccard distance for the sparse binary AE signal matrix, with 

the significance assessed via 999 permutations. Multiple testing was controlled using the 

Bonferroni correction applied to a single family comprising all PERMANOVA and PERMDISP 

p-values (including all pairwise group comparisons).  

 

OnSIDES integration and signal–label alignment quantification 

Drug labels were obtained from the OnSIDES database (v3.1.0; May 2025 updated).9 OnSIDES 

is an adverse drug event resource that is generated by extracting AE terms from drug labels 

using a fine-tuned PubMedBERT language model.20 In this study, we identified 1,450 

overlapping compounds between OnSIDES and our AEST compound list and included them in 

downstream analyses. 

For each compound, we encoded the presence (1) or absence (0) of label-listed events across 

27,163 PTs, resulting in a 1,450 × 27,163 binary label matrices. To quantify the signal–label 

alignment for each compound, we computed Yule’s Q (Yule’s coefficient of association) 

between the FAERS-derived signal vector and the corresponding OnSIDES label vector. Yule’s 
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Q is derived from the odds ratio and is defined as:  

Q = ad − bcad + bc 
where a, b, c, and d denote the true positives (signal present/label present), false positives, false 

negatives, and true negatives, respectively. This measure ranges from −1 (complete negative 

association) to +1 (complete positive association) and provides a bounded association metric for 

binary contingency tables suitable for sparse, highly imbalanced adverse-event data. If the 

coefficient was undefined owing to a zero denominator, it was set to zero to represent a lack of 

association. 

To stratify drugs by signal–label alignment, we modeled the univariate distribution of Yule’s Q 

using GMMs.21 We fitted the GMMs with k=1 to k=5 components and selected the optimal 

model based on the BIC.22 To determine the optimal number of components, we used the elbow 

criterion on the BIC curve by identifying the point with the maximum perpendicular distance 

from the line connecting the BIC values at k=1 and k=5. 

 

Four patterns risk stratification framework construction 

Based on the relationship between chemical descriptors and signals, we stratified compounds 

into groups showing high versus low chemical–AE signal similarity alignment in UMAP 

embedding and validated group separation in the original high-dimensional space using 
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PERMANOVA and PERMDISP. Independently, we quantified the signal–label alignment 

between FAERS-derived signals and label-derived events using Yule’s Q and classified drugs 

into high- versus low-alignment groups via GMMs of Yule’s Q distribution. We then integrated 

these two binary classification axes and constructed a four-pattern placement for the subset of 

compounds with available chemical descriptors and OnSIDES labeling information (n = 875). 

To evaluate whether the therapeutic categories were nonrandomly enriched in specific 

quadrants, we performed statistical analyses using the ATC classification system. At ATC level 

1, we tested the independence between quadrant membership and ATC categories using the chi-

square test and assessed deviations from a random distribution. To identify categories that 

contributed most strongly to the observed association, we computed standardized residuals for 

each cell of the contingency table and interpreted ATC categories with absolute residual values 

greater than 2.0, as significantly over-represented (positive) or under-represented (negative) 

relative to expectations. 

For ATC level 1 categories showing evidence of nonrandom quadrant enrichment, we repeated 

the chi-square analysis after stratifying to ATC level 3 to localize the contributing subgroups. To 

control for multiple comparisons across repeated subgroup tests, we adjusted the significance 

thresholds using Bonferroni correction and defined ATC level 3 subgroups as key drivers of 
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quadrant enrichment when Bonferroni-adjusted p < 0.05 and the absolute standardized residual 

exceeded 2.0. 

 

Analysis of Mechanistic and Contextual Consistency Across Patterns 

To further characterize the biological and clinical relevance of the proposed framework, we 

focused our analysis on Pattern 2 and Pattern 3. 

Pattern 2 (high label alignment, low structural alignment) comprises drugs with high 

concordance with safety label information but low structural alignment, suggesting that risk 

expression may be influenced by biological factors not fully captured by chemical descriptors. 

As a representative mechanism, the involvement of active metabolites was examined. 

Pharmacogenetic association data were obtained from the table of pharmacogenetic associations 

created by the FDA,23 which compiles gene variants or genotype-inferred phenotypes that affect 

drug metabolism or response based on scientific evidence. Analyses were restricted to Section 1 

(pharmacogenetic associations for which the data support therapeutic management 

recommendations) and Section 2 (pharmacogenetic associations for which the data indicate a 

potential impact on safety or response). Each entry was screened for the explicit presence of the 

term “active metabolite” in the description, and counts were aggregated by pattern. As no drugs 

classified as Pattern 3 or Pattern 4 were represented in these sections, statistical comparison was 
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limited to Pattern 1 and Pattern 2. Differences in the proportion of reports mentioning active 

metabolites were assessed using a Fisher’s exact test. 

Pattern 3 (low label alignment, high structural alignment) comprises drugs with high structural 

alignment but low concordance with safety labels, potentially reflecting divergence between 

controlled-label evaluations and real-world multidrug treatment environments. Using outpatient 

prescription claims data,24 the mean number of exact counts per drug was calculated for each 

pattern across strata defined by the number of concomitant medications. Counts reported as 

“<100” for privacy protection were excluded from the analysis. Values were normalized to the 

mean prescription frequency under monotherapy to assess relative changes in prescription 

frequency with increasing numbers of concomitant drugs. Given the limited sample sizes in 

some patterns, statistical testing was not performed, and trends were evaluated descriptively. 

 

Statistical information 

All statistical tests were two-sided unless otherwise specified. The unit of analysis was defined 

as an individual drug compound, and all n values represent the number of unique drugs included 

in each analysis. 

For signal detection, a disproportionality analysis was conducted for 5,721 compounds, of 

which 3,110 were drugs with ATC codes and were used for downstream profiling. The 
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chemical–AE signal similarity alignment analysis included 2,159 compounds with both 

chemical descriptors and FAERS-derived binary AE profiles. Signal–label alignment was 

quantified for 1,450 compounds overlapping with the OnSIDES database. The final four-pattern 

risk stratification and ATC enrichment analyses were performed on a subset of 875 compounds 

with complete data across chemical, label, and AE signal information. 

To validate group separation in the original high-dimensional spaces, PERMANOVA and 

PERMDISP were performed using 999 permutations. Multiple testing across all pairwise group 

comparisons for PERMANOVA and PERMDISP was controlled using Bonferroni correction, 

and adjusted P values were reported. Therapeutic category enrichment across the four patterns 

was assessed using chi-square tests of independence. To identify specific over- or under-

representation, standardized residuals were calculated for each cell of the contingency table, and 

categories with absolute residuals greater than 2.0 were considered significantly enriched or 

depleted. For ATC level 3 subcategory analyses, P values were adjusted using Bonferroni 

correction to account for multiple comparisons. All statistical values, including pseudo-F 

statistics, P values, and Bonferroni-adjusted P values, are reported in the corresponding sections 

of the Results.  
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To further contextualize the proposed framework, additional statistical analyses were conducted 

with a focus on Pattern 2. Differences in the proportion of reports reporting active metabolites 

between Pattern 1 and Pattern 2 were assessed using a two-sided Fisher’s exact test. 

All statistical analyses in this study were performed using Python, including the SciPy, 

statsmodels, and Scikit-bio64 libraries. 

 

Data availability 

All data used in this study are publicly available. FAERS data were obtained from the FDA 

website (https://www.fda.gov/drugs/fdas-adverse-event-reporting-system-faers/fda-adverse-

event-reporting-system-faers-latest-quarterly-data-files). The adverse event signal detection 

results generated in this study, as well as the AEST analysis framework, are accessible through 

the AEST web application (https://alain003.phs.osaka-u.ac.jp/AEST/). Drug safety label 

information from the OnSIDES database was obtained from its public repository 

(https://github.com/tatonetti-lab/onsides). 

 

Code availability 

The programming code is available from the authors upon reasonable request. 
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Figures 

 

Figure 1. Data-processing pipeline and architecture of the Adverse Events Signal-detection 

Tool (AEST). The FAERS quarterly reports from Q1 2004 to Q2 2025 were assembled across 

relational tables (DEMO, DRUG, INDI, REAC, and THER) to construct a unified post-

marketing safety resource. During data curation, records were cleaned through country code 

harmonization, standardization of measurement units (e.g., age and body weight), and 

unification of date formats; adverse event terms were mapped to MedDRA version 28.1 

Preferred Terms (PTs). Drug names were standardized using the DiAna Dictionary and a custom 

ingredient-level normalization procedure to ensure robust integration of heterogeneous drug 

entries. After removing duplicate and temporally inconsistent reports, the curated data were 

organized in the data formation stage using a hierarchical HDF5-based architecture with VDS, 
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enabling efficient longitudinal access across quarterly partitions. In the signal detection and 

visualization stage, disproportionality analyses based on the ROR and PRR were conducted in 

parallel, and the resulting post-marketing safety signal profiles for drugs with valid ATC codes 

were made accessible through an interactive web-based visualization interface. 
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Figure 2. Visualization of the alignment between chemical similarity and adverse event 

(AE) signal similarity using Aligned-UMAP. Aligned-UMAP was used to embed PT-level 

binary adverse event (AE) signal profiles (2,159 × 27,163) and corresponding chemical 

descriptor profiles (2,159 × 696) of 2,159 drugs into a shared low-dimensional space. Each 

point represents a drug and is colored according to its ATC level 1 classification. To enable 

direct visual comparison between modalities, embeddings derived from post-marketing AE 

signals (“Signal”) and chemical descriptors (“Chem”) are displayed side-by-side. Preservation 

of local neighborhood structure in the aligned embeddings was confirmed by trustworthiness 

and continuity values of 0.70/0.66 for chemical descriptors and 0.71/0.73 for AE signals, 

respectively. The top panel shows the globally-aligned embedding across all therapeutic classes, 

whereas the subsequent panels present subsets stratified by ATC level 1 categories, along with 

corresponding ATC level 3 subgroups. Drugs occupying similar positions in both Signal and 

Chem embeddings indicate concordance between intrinsic chemical features and real-world 

post-marketing safety signal profiles. 
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Figure 3. Quantification of chemical–AE signal alignment and stratification of drugs. (a) 

Quantitative assessment of the alignment between chemical descriptor–based embeddings and 

adverse event (AE) signal–based embeddings using complementary local and global similarity 

metrics, together with their representation in aligned low-dimensional space. Local alignment 

was quantified using the distribution of Jaccard indices (k = 100), which measure the overlap of 

k-nearest neighbors between the chemical and AE signal embeddings, with higher values 

indicating a stronger correspondence of the local neighborhood structure across modalities. 

Global alignment was assessed by the distribution of Euclidean distances between the chemical 

and AE signal embedding coordinates for individual drugs, with smaller distances indicating a 

stronger overall correspondence between chemical and AE signal similarities. The cumulative 

distribution functions are shown for both metrics, and the vertical dashed lines indicate the 

thresholds determined by the elbow points (Jaccard index = 0.037, Euclidean distance = 0.835). 

Based on these cut-offs, drugs (n = 2,159) were classified into three groups: high-alignment 

(56.92%, n = 1,229; low Euclidean distance and high Jaccard overlap), low-alignment (37.24%, 

n = 804; high Euclidean distance and low Jaccard overlap), and intermediate alignment (5.84%, 

n = 126; remaining drugs). Alignment scores were visualized on aligned UMAP embeddings, 

where drugs were colored according to Euclidean distance using a continuous color scale, 
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directly linking quantitative global alignment to spatial organization in the embedding space. (b) 

Visualization of chemical AE signal alignment stratified by therapeutic class. Drugs with small 

Euclidean distances are shown in gray to provide a spatial context, whereas drugs with larger 

distances are highlighted and colored according to their ATC classification, which is consistent 

with the visualization scheme shown in Figure 2. The top panel displays the global-aligned 

embedding across all included drugs, whereas the subsequent panels show subsets stratified by 

ATC Level 1 categories. These panels reveal heterogeneous alignment patterns across 

therapeutic areas, including classes with strong correspondence between chemical and AE signal 

similarities, as well as classes with weak alignment. Drugs occupying similar positions in both 

embeddings indicated a concordance between the intrinsic chemical features and post-marketing 

safety signal profiles. 
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Figure 4. Stratification of drugs based on signal–label alignment using GMMs. The 

distribution of Yule’s Q coefficients (red/blue bars) quantifies the association between FAERS-

derived adverse event signals and OnSIDES-extracted label information across 1,450 drugs. 

Yule’s Q values range from −1 to +1, where higher values indicate stronger alignment between 

real-world reporting and regulatory labeling. To objectively define a data-driven cutoff for 

stratification, GMMs with k = 1–5 components were fitted to the observed distribution. 

Bayesian Information Criterion (BIC) analysis favored a two-component solution. Based on 

posterior probabilities from the selected GMM, a threshold of −0.048 (vertical dashed line) 

stratifies the drugs into a high-alignment group (blue bars; 95.2%, n = 1,380) and a low-

alignment group (red bars; 4.8%, n = 70). 
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Figure 5. Integrated four-pattern risk stratification framework for drug safety 

information alignment. Building on the alignment metrics derived in Figures 3 and 4, this 

framework integrates structure-signal alignment and signal-label alignment for 875 drugs. The 
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x-axis represents the signal-label alignment (Yule’s Q), where higher values indicate stronger 

correlation with established labeling, and the y-axis represents the structure-signal alignment 

(Euclidean distance in the aligned embedding space), where lower values indicate higher 

similarity between chemical descriptors and real-world safety signals. Horizontal (blue dashed 

line, Euclidean distance = 0.835) and vertical (red dashed line, Yule’s Q = -0.048) thresholds 

divide the space into four distinct patterns: Pattern 1 (bottom-right: high-alignment in both 

dimensions, 56.4%, n=493), Pattern 2 (top-right: individual biology-driven risk, 38.4%, n=336), 

Pattern 3 (bottom-left: treatment environment, 2.7%, n=24), and Pattern 4 (top-left: hidden risk, 

2.5%, n=22). The representative drugs for each pattern were labeled to illustrate their clinical 

relevance. Statistically significant enrichment of therapeutic categories was observed across 

patterns (Chi-square test, p = 5.05×10⁻⁶), as visualized in the bottom panels where points are 

colored by ATC level 1 class and quadrants with significant over-representation are highlighted 

for ATC H in Pattern 2, ATC A and R in Pattern 3, and ATC D and S in Pattern 4 (standardized 

residuals > 2.0). 
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Figure 6. Enrichment of active metabolite–related pharmacogenetic associations in 

Pattern 2 

Proportions of FDA pharmacogenetic association reports (Sections 1 and 2) that explicitly 

mention active metabolites are shown for Pattern 1 and Pattern 2. Reports involving active 

metabolites were more frequent in Pattern 2 (35.3%, 6/17) than in Pattern 1 (5.3%, 2/38), 

corresponding to an odds ratio of 9.82. Statistical significance was assessed using a Fisher’s 

exact test (p = 0.0078). 
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Figure 7. Mean prescription frequency across levels of concomitant medication, stratified 

by risk pattern. 

The x-axis indicates the number of concomitant drugs per prescription. The y-axis represents the 

mean prescription frequency, calculated by averaging the number of prescriptions across drugs 

within each risk pattern for a given concomitant-drug stratum, and normalized to the 

corresponding monotherapy value. Drugs classified as Pattern 3 showed an increase in 

normalized mean prescription frequency with increasing numbers of concomitant medications, 

peaking at triple-drug regimens. The number of drugs contributing to each pattern is shown 

adjacent to the data points. Trends were evaluated descriptively, as sample sizes were smaller 

for some patterns. 
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