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Abstract
 

___________________________________________________________ 

Pharmacovigilance is an essential component of post-marketing drug safety, 

yet conventional adverse drug event (ADE) reporting systems are often 

constrained by substantial underreporting. Patient-generated health narratives 

from online forums provide a valuable complementary source for ADE 

intelligence; however, their informal and unstructured nature poses significant 

challenges for automated analysis. This study evaluates BioClinical 

ModernBERT, a biomedical-clinical long-context encoder, for the automatic 

detection of ADEs from patient reviews. The model's performance was 

compared against three transformer baselines (BERT-base, BioBERT, and 

ClinicalBERT) using the CSIRO Adverse Drug Event Corpus (CADEC) for 

binary sentence-level classification. The experimental results demonstrate that 

BioClinical ModernBERT achieved the highest overall performance with an 

F1-score of 0.891, outperforming ClinicalBERT (0.847), BioBERT (0.832), 

and BERT-base (0.798). Further analysis indicates that the model effectively 

reduced false negative errors, particularly in long, multi-clause, and clinically 

implicit patient narratives. In conclusion, combining biomedical-clinical 

domain adaptation with long-context representation provides a significant 

advantage in detecting ADE signals within complex, patient-generated text. 

This capability is highly relevant for developing AI-enabled pharmacovigilance 

surveillance systems to enhance medication safety, health intelligence, and 

readiness-oriented risk monitoring across both civilian and defence health 

ecosystems. 
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INTRODUCTION 

Pharmacovigilance is a fundamental component of post-marketing drug safety because the full risk profile 

of a medicine cannot be completely established during pre-approval clinical trials. Phase III trials are commonly 

limited by sample size, duration of observation, controlled inclusion criteria, and insufficient representation of 

real-world population diversity. As a result, rare, delayed, cumulative, or context-dependent adverse drug 

reactions may only become visible after a medicine has been used by larger and more heterogeneous populations. 

The World Health Organization defines pharmacovigilance as the science and activities relating to the detection, 

assessment, understanding, and prevention of adverse effects or any other medicine-related problems [1], [2]. 

Within this framework, the timely identification of adverse drug events (ADEs) is essential not only for 

individual patient safety but also for population-level health risk management. 

Despite its importance, conventional pharmacovigilance remains constrained by persistent 

underreporting. Spontaneous reporting systems such as VigiBase and the FDA Adverse Event Reporting System 

(FAERS) provide critical infrastructures for post-marketing safety surveillance, but they rely heavily on reports 

submitted by healthcare professionals, pharmaceutical companies, and patients [3], [4]. Previous studies have 

shown that adverse drug reactions are substantially underreported, with only a minority of actual events entering 

formal pharmacovigilance systems [5], [6]. Underreporting may be caused by limited patient awareness, 

uncertainty regarding causal attribution, administrative burden, time constraints in clinical practice, and the 

perception that mild or expected adverse effects do not require formal reporting. This creates a structural 

surveillance gap: clinically meaningful safety signals may circulate within patient communities long before they 

are captured by formal regulatory channels. 

The growth of digital health communication has created a complementary source of pharmacovigilance 

intelligence. Patients increasingly describe their medication experiences through online health forums, drug 

review platforms, and social media. These patient-generated health narratives often include information about 

symptoms, dosage, perceived causality, temporal sequence, treatment discontinuation, quality-of-life impact, 

and subjective burden. Such information is not always available in structured electronic health records or 

spontaneous reporting forms. Prior studies have therefore highlighted the potential value of social media and 

patient-authored text for adverse drug reaction identification, signal detection, and pharmacovigilance 

enrichment [7]–[13]. However, the same data source also presents a difficult natural language processing 

problem because patient narratives are typically informal, noisy, emotionally expressive, lexically inconsistent, 

and clinically implicit. 

From a defence health perspective, this problem has broader strategic relevance. Medication safety is not 

merely a clinical issue; it is also connected to force health protection, medical readiness, and operational 

resilience. Defence health systems must maintain the health and availability of personnel across routine, 

emergency, and deployment settings. Medication-related risks, vaccine-related adverse events, prophylactic 

regimens, and treatment side effects may affect personnel readiness, mission continuity, and the ability of 

military health systems to respond rapidly to emerging health threats. Force health protection doctrine 

emphasizes the responsibility to maintain, restore, and enhance the health of military personnel across 

operational contexts [14]. Similarly, military health readiness frameworks stress the importance of a medically 

ready force and a ready medical force as foundations of operational effectiveness [15], [16]. In this sense, 

automated ADE detection can be understood as a dual-use health intelligence capability: it supports civilian 

pharmacovigilance while also offering potential value for defence health surveillance. 

Natural language processing has become an increasingly important tool for extracting ADE-related 

information from unstructured text. Earlier approaches relied on lexicons, rule-based matching, and machine 

learning models using manually engineered features. Although useful, these methods struggled to capture the 

linguistic variability and contextual ambiguity of patient-authored narratives. The introduction of transformer-

based pretrained language models marked a major shift in biomedical NLP. BERT introduced deep bidirectional 

contextual representation learning and became a strong baseline for many text classification and information 

extraction tasks [17]. BioBERT extended this approach through continued pretraining on biomedical literature, 

substantially improving performance in biomedical text mining tasks [18]. ClinicalBERT and related clinical 

language models further adapted transformer representations to clinical notes and healthcare-specific language 

[19], [20]. 
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Nevertheless, conventional BERT-based models have important architectural limitations for long, 

complex, and narrative patient text. Standard BERT models are typically constrained by a maximum context 

length of 512 tokens and rely on architectural assumptions that may be less suitable for long-context reasoning. 

Patient reviews, however, often contain multi-sentence narratives in which the mention of a drug, the onset of 

symptoms, the temporal relationship, and the perceived adverse effect are distributed across several clauses or 

sentences. Truncation or insufficient long-range contextual modeling may therefore reduce sensitivity, especially 

when ADE expressions are implicit or embedded within lengthy personal accounts. Long-context transformer 

architectures such as Longformer and BigBird have attempted to address this limitation by extending sequence 

length and improving attention efficiency [21], [22]. More recently, ModernBERT was proposed as a modern 

bidirectional encoder designed for efficient long-context fine-tuning and inference, incorporating architectural 

improvements such as rotary positional embeddings and alternating local-global attention [23]. 

BioClinical ModernBERT extends this architectural development into the biomedical and clinical 

domain. By combining the long-context efficiency of ModernBERT with continued pretraining on biomedical 

and clinical corpora, BioClinical ModernBERT is designed to capture both domain-specific medical knowledge 

and extended contextual dependencies [24]. This makes it theoretically suitable for ADE detection from patient-

generated health narratives, where clinically relevant signals may be expressed indirectly, informally, or across 

extended narrative structures. However, to date, no empirical study has systematically compared BioClinical 

ModernBERT against established biomedical and clinical BERT variants on a patient-review ADE benchmark, 

leaving a methodological gap in the long-context biomedical NLP literature. In particular, its comparative 

performance against established BERT-based biomedical and clinical models has not been sufficiently examined 

in the context of patient-authored ADE classification. 

To address this gap, this study evaluates BioClinical ModernBERT for automatic ADE detection from 

patient reviews using the CSIRO Adverse Drug Event Corpus (CADEC). CADEC is a widely used benchmark 

corpus containing patient-reported medication experiences from online health forums, manually annotated for 

adverse drug events and related medical entities [25], [26]. The study formulates ADE detection as a binary 

sentence-level classification task and compares BioClinical ModernBERT against three representative 

transformer baselines: BERT-base, BioBERT, and ClinicalBERT. Model performance is evaluated using 

accuracy, precision, recall, and F1-score, with particular attention to recall and false negative reduction because 

missed ADE signals have direct implications for pharmacovigilance sensitivity and patient safety.  

The main contributions of this study are threefold. First, it provides an empirical evaluation of BioClinical 

ModernBERT for ADE detection from patient-generated health narratives using a recognized benchmark 

corpus. Second, it offers a controlled comparison between BioClinical ModernBERT and established BERT-

based biomedical and clinical transformer models. Third, it reframes automated ADE detection as a potential 

component of AI-enabled defence health surveillance, linking pharmacovigilance, patient-generated health data, 

and long-context biomedical NLP to the broader agenda of force health protection and medical readiness. While 

the present study does not use military medical data, it establishes a methodological foundation for future 

research on readiness-oriented pharmacovigilance systems in civilian–military health ecosystems. 

 

METHOD 

This study applies an experimental-computational research design to evaluate the performance of 

transformer-based biomedical language models for automatic adverse drug event (ADE) detection from patient-

generated health narratives. The design is appropriate because the objective of this study is not to develop a 

purely conceptual framework or statistically infer causal relationships, but to compare the predictive 

performance of different pretrained encoder models under a controlled experimental setting. The study 

formulates ADE detection as a binary sentence-level classification task, in which each sentence is classified as 

either ADE or non-ADE. The experimental results are then interpreted within the broader context of AI-enabled 

pharmacovigilance and defence health surveillance. 

Unlike purely clinical pharmacovigilance studies that focus on manual case assessment, this study focuses 

on automated text classification using natural language processing. The methodological logic consists of five 

main components: dataset selection, text preprocessing and label alignment, model fine-tuning, comparative 

performance evaluation, and defence health contextual interpretation. The defence health component is not used 

as training data for the model. Instead, it provides an application-oriented interpretation of how automated ADE 
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detection may support force health protection, medical readiness, and health surveillance in civilian–military 

health ecosystems [14]–[16], [27]–[29]. 

2.1 Dataset 

This study uses the CSIRO Adverse Drug Event Corpus (CADEC), a publicly available benchmark 

corpus developed for adverse drug event annotation from patient-generated health text [25], [26]. CADEC 

contains patient-authored medication experiences collected from online health forums. The corpus is 

particularly suitable for this study because it represents real-world patient narratives rather than formal clinical 

notes or structured pharmacovigilance reports. The texts include informal expressions, colloquial symptom 

descriptions, non-standard spelling, emotional narratives, and implicit descriptions of medication-related harm. 

CADEC contains 1,250 patient posts and more than 6,300 adverse drug reaction annotations mapped to 

standardized medical terminologies. The original annotations include several entity categories, such as adverse 

drug reaction, drug, disease, symptom, and finding. For the purpose of this study, the corpus was transformed 

into a sentence-level binary classification dataset. A sentence was labeled as ADE if it contained at least one 

annotated adverse drug reaction mention. A sentence was labeled as non-ADE if it did not contain an adverse 

drug reaction mention but remained contextually related to medication use or patient experience. 

After preprocessing and label alignment, the final dataset consisted of 9,842 labeled sentences, including 

3,150 ADE sentences and 6,692 non-ADE sentences. This distribution reflects a moderate class imbalance, with 

ADE sentences representing approximately 32% of the dataset and non-ADE sentences representing 

approximately 68%. 

2.2 Data Preprocessing and Label Alignment 

The preprocessing stage was designed to preserve clinically relevant information while reducing textual 

noise. Because patient-generated text contains informal language, abbreviations, irregular punctuation, and 

inconsistent formatting, excessive normalization could remove useful signals. Therefore, preprocessing was 

conducted conservatively. 

First, each patient post was segmented into sentence-level units using an English sentence segmentation 

pipeline. Sentence-level segmentation was necessary because the experimental task was defined as binary 

ADE/non-ADE classification at the sentence level. Second, the original character-based entity annotations were 

aligned with the segmented sentences. A sentence was assigned a positive ADE label when the span of at least 

one adverse drug reaction annotation overlapped with that sentence. Sentences without adverse drug reaction 

annotations were assigned a non-ADE label. 

Third, text cleaning was performed by removing residual HTML tags, normalizing non-standard Unicode 

characters, and correcting excessive whitespace. Punctuation, capitalization, medication names, and medical 

abbreviations were preserved because they may contain useful contextual signals. Fourth, drug name 

normalization was performed using a generic-name mapping dictionary to reduce lexical sparsity caused by 

variations in brand names or spelling. Fifth, each model used its corresponding tokenizer. BERT-base, 

BioBERT, and ClinicalBERT used WordPiece tokenization, while BioClinical ModernBERT used the tokenizer 

associated with its long-context encoder architecture. 

To address class imbalance, class weighting was applied to the training loss. This step was intended to 

reduce model bias toward the majority non-ADE class and improve sensitivity to ADE-positive sentences. This 

is especially important in pharmacovigilance because false negative errors may represent missed safety signals. 

2.3 Models Evaluated 

Four transformer encoder models were evaluated in this study. The first model was BERT-base, which 

served as the general-domain baseline. BERT introduced bidirectional contextual representation learning and 

remains a foundational architecture for text classification and information extraction tasks [17]. 

The second model was BioBERT, a biomedical-domain adaptation of BERT through continued 

pretraining on PubMed abstracts and PubMed Central full-text articles. BioBERT was included because it 

represents one of the most widely used biomedical transformer baselines for biomedical text mining [18]. 

The third model was ClinicalBERT, a clinical-domain BERT variant adapted to clinical notes and 

hospital documentation. ClinicalBERT was included because ADE detection requires sensitivity not only to 
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biomedical terminology but also to clinical expressions, abbreviations, and healthcare-specific linguistic patterns 

[19], [20]. 

The fourth model was BioClinical ModernBERT. This model extends the ModernBERT architecture into 

the biomedical and clinical domain through continued pretraining on biomedical and clinical corpora [23], [24]. 

BioClinical ModernBERT was selected as the main model of interest because it combines domain-specific 

biomedical–clinical representation with long-context modeling capability. This is theoretically relevant for 

patient-generated ADE detection because medication mentions, symptom descriptions, temporal markers, and 

perceived adverse effects may appear across extended narrative structures. 

2.4 Experimental Design 

The dataset was divided into training, validation, and test subsets using a 70:15:15 split. The split was 

performed at the document level before sentence segmentation to reduce the risk of data leakage. This means 

that sentences originating from the same patient post were not distributed across training and test sets. Stratified 

sampling was used to maintain a similar ADE/non-ADE class distribution across all subsets. 

All models were fine-tuned for binary sentence classification. The classification head consisted of a 

dropout layer followed by a linear classification layer. The models were optimized using AdamW with weight 

decay regularization [50]. The learning rate was set to 2 × 10^-5 for BERT-base, BioBERT, and ClinicalBERT, 

and 3 × 10^-5 for BioClinical ModernBERT based on validation performance. The batch size was set to 16, the 

maximum number of epochs was 10, and early stopping was applied based on validation F1-score with a 

patience of two epochs. A warm-up ratio of 0.1, weight decay of 0.01, and dropout rate of 0.1 were used across 

experiments. 

The maximum sequence length was set to 256 tokens for BERT-base, BioBERT, and ClinicalBERT. For 

BioClinical ModernBERT, the maximum input length was set to 1024 tokens to allow the model to incorporate 

longer patient narrative context using a sliding context window. Although BioClinical ModernBERT supports 

longer context lengths, 1024 tokens were selected as a computationally practical setting for controlled 

comparison. Each model configuration was run three times using different random seeds, and the reported 

results represent the average performance across runs. 

2.5 Evaluation Metrics 

Model performance was evaluated using accuracy, precision, recall, and F1-score. Accuracy measures the 

proportion of correctly classified sentences across all test instances. Precision measures the proportion of 

predicted ADE sentences that were truly ADE-positive. Recall measures the proportion of actual ADE sentences 

correctly detected by the model. F1-score represents the harmonic mean of precision and recall. 

In this study, recall and F1-score were given greater interpretive emphasis than accuracy alone. This is 

because ADE detection is a safety-sensitive task. A false negative error means that a sentence containing a 

potential adverse drug event is incorrectly classified as non-ADE. In pharmacovigilance, such errors may delay 

the detection of medication-related safety signals. Therefore, a model that reduces false negative errors is 

particularly valuable for AI-enabled pharmacovigilance and defence health surveillance. 

Confusion matrix analysis was also conducted to examine the distribution of true positives, false positives, 

true negatives, and false negatives. Additional qualitative error analysis was performed on misclassified samples 

to identify whether model errors were associated with long sentence structures, implicit adverse event 

descriptions, informal patient language, or ambiguous clinical context. 

2.6 Defence Health Contextual Interpretation 

Although the dataset used in this study is civilian and patient-generated, the methodological problem 

addressed by this study has relevance to defence health surveillance. Defence health systems require timely 

identification of health risks that may affect personnel availability, operational readiness, and force health 

protection. Medication safety, vaccine adverse events, prophylactic treatment effects, and treatment-related 

symptoms may all have implications for medical readiness. 

Therefore, after model evaluation, the findings were interpreted through a defence health lens. This 

interpretive step focused on three questions. First, how can automated ADE detection improve sensitivity in 

health surveillance systems? Second, how does false negative reduction matter for readiness-sensitive 

populations? Third, how can long-context biomedical NLP contribute to future defence health intelligence 
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systems? This step was guided by official defence health and force health protection documents, including 

references on Force Health Protection, Military Health System strategy, health readiness, public health, and 

adverse event reporting in military healthcare settings [14], [15], [27]–[29]. 

This contextual interpretation does not claim that the model has been validated on military medical 

records. Instead, it positions the study as a methodological foundation for future research on AI-enabled 

pharmacovigilance in defence health environments. 

2.7 Analytical Procedure 

The study was conducted through five analytical stages, as shown in Table 1. This five-stage structure was 

selected deliberately rather than adopted from a single existing template, and each stage corresponds to a distinct 

methodological requirement of the research question. 

The first stage, dataset preparation, is a prerequisite for any supervised classification study and 

encompasses the transformation of the raw CADEC corpus into a structured, sentence-level binary classification 

dataset. This stage is necessary because CADEC was originally annotated at the span level rather than the 

sentence level, meaning that label alignment and sentence segmentation had to be performed before any model 

could be trained. Alternative approaches, such as using the corpus in its original span-level annotation format 

for sequence labeling or named entity recognition, were considered but not adopted because the research 

question concerns sentence-level ADE detection rather than fine-grained entity extraction. The sentence-level 

formulation was selected to enable direct and controlled comparison across all four transformer models under a 

consistent classification objective. 

The second stage, model fine-tuning, is necessitated by the standard practice in transformer-based NLP, 

in which pretrained encoder models require task-specific adaptation before they can be applied to downstream 

classification tasks. This stage ensures that each model is evaluated after domain-appropriate adaptation rather 

than in a zero-shot configuration, which would systematically disadvantage models with weaker general-domain 

representations of pharmacovigilance language. Alternative evaluation paradigms, such as few-shot prompting 

or retrieval-augmented generation using decoder-based large language models, were not adopted because the 

research question specifically concerns encoder-only transformer architectures designed for discriminative 

classification tasks, and because fine-tuning under a controlled setting is the standard protocol for ADE detection 

benchmarking in the biomedical NLP literature. 

The third stage, comparative evaluation using standardized metrics, was selected because it provides a 

transparent and reproducible basis for comparing model performance across configurations. Accuracy, 

precision, recall, and F1-score were selected as the primary metrics because they are universally adopted in the 

ADE detection literature and collectively capture different aspects of classification quality relevant to 

pharmacovigilance, particularly the trade-off between sensitivity and specificity. Statistical significance testing 

and effect-size analysis were incorporated to ensure that reported differences reflect genuine performance gains 

rather than sampling variance, addressing a limitation common in comparative NLP studies that report mean 

performance without confidence estimation. 

The fourth stage, error analysis, was included because aggregate performance metrics alone are 

insufficient to characterize model behavior in safety-sensitive classification tasks. Error analysis enables 

qualitative identification of the linguistic patterns and narrative structures associated with systematic model 

failures, which informs both the interpretation of quantitative results and the design of future improvements. 

This stage distinguishes the present study from evaluations that report only summary statistics, and it is 

consistent with best practices in biomedical NLP evaluation that emphasize understanding model limitations 

alongside benchmark performance. 

The fifth stage, defence health contextual interpretation, was included because the study situates 

automated ADE detection within a broader application domain that extends beyond conventional civilian 

pharmacovigilance. Rather than treating model performance as a purely technical outcome, this stage provides 

an application-oriented interpretation of the findings in relation to force health protection, medical readiness, 

and health surveillance. This interpretive stage does not modify the experimental results but frames their 

significance for a defence health audience and identifies directions for future research at the intersection of 

biomedical NLP and defence health informatics. Alternative framings, such as limiting the discussion to civilian 

pharmacovigilance or clinical decision support, were considered but judged insufficient to capture the full scope 
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of the research motivation, which explicitly connects AI-enabled ADE detection to health surveillance in 

defence and national security ecosystems. 

Together, these five stages reflect a progression from data preparation through model adaptation, 

performance validation, qualitative error characterization, and contextual interpretation. This structure was 

preferred over simpler two-stage or three-stage pipelines common in benchmark-oriented NLP studies because 

the research question requires not only technical evaluation but also methodological transparency about corpus 

transformation decisions and application-oriented interpretation of the results. 

Table 1. Analytical procedure of the study 

Stage Analytical Focus Key Question Output 

Dataset 

preparation 

CADEC corpus, sentence 

segmentation, label alignment, 

and class distribution 

How can patient-generated 

ADE annotations be 

transformed into a binary 

classification dataset? 

Sentence-level 

ADE/non-ADE 

dataset 

Model fine-

tuning 

BERT-base, BioBERT, 

ClinicalBERT, and 

BioClinical ModernBERT 

How do different transformer 

encoders learn ADE 

classification from patient 

narratives? 

Fine-tuned model 

configurations 

Comparative 

evaluation 

Accuracy, precision, recall, 

F1-score, and confusion 

matrix 

Which model performs best in 

detecting ADE-positive 

sentences? 

Comparative model 

performance 

Error analysis False negatives, false positives, 

long narratives, and implicit 

ADE expressions 

What types of ADE 

expressions are most difficult 

to detect? 

Error pattern 

interpretation 

Defence health 

interpretation 

Force health protection, 

medical readiness, and health 

surveillance relevance 

How can ADE detection 

support readiness-oriented 

health monitoring? 

Defence health 

surveillance 

implications 

 

2.8 Validity, Reproducibility, and Limitations 

The methodological reliability of this study was strengthened through controlled experimental design, 

document-level data splitting, stratified sampling, repeated runs, consistent evaluation metrics, and baseline 

comparison. Document-level splitting was used to reduce data leakage by ensuring that sentences from the same 

patient post did not appear in both training and test sets. Stratified sampling maintained class balance across 

training, validation, and test subsets. Each model configuration was run three times using random seeds 42, 123, 

and 456, and the reported results represent the mean performance across runs. The standard deviation of the F1-

score across three runs was 0.004 for BERT-base, 0.003 for BioBERT, 0.005 for ClinicalBERT, and 0.004 for 

BioClinical ModernBERT, indicating that the performance differences between models are stable and not 

attributable to random initialization variance. These low standard deviation values confirm that the reported 

mean performance metrics reliably reflect the models’ learning capacity rather than a favorable random seed. 

Comparative validity was supported by evaluating all models under a consistent fine-tuning and 

evaluation framework, including shared hyperparameter settings, the same training data, identical class 

weighting, and uniform evaluation metrics. However, it must be explicitly acknowledged that BioClinical 

ModernBERT was evaluated at a maximum input length of 1,024 tokens, whereas BERT-base, BioBERT, and 

ClinicalBERT were evaluated at 512 tokens. This difference in input length constitutes a potential confounding 

factor in the comparison. It is therefore not possible to fully isolate the contribution of domain-specific 

pretraining from the contribution of extended context capacity to the observed performance gains. The longer 

input window may have allowed BioClinical ModernBERT to incorporate additional contextual cues from 

patient narratives that were truncated for the BERT-based baselines. This architectural asymmetry is intentional 

and reflects the central research question of this study, which concerns whether combining long-context 

modeling with biomedical–clinical pretraining yields measurable improvements for ADE detection from patient-

generated text. Nevertheless, readers should interpret the performance differences with this caveat in mind: the 

observed gains reflect the combined effect of domain adaptation and architectural capacity rather than 
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pretraining alone. Future studies should address this confound by evaluating BioClinical ModernBERT under 

a constrained 512-token setting alongside its full-length configuration, which would allow direct quantification 

of the marginal contribution of extended context length. 

This study has several limitations. First, CADEC is an English-language corpus and may not represent 

patient narratives in Indonesian or other multilingual settings. Second, the dataset is civilian and forum-based, 

so the findings should not be interpreted as direct validation on military health data. Third, the sentence-level 

classification design does not fully exploit the maximum context capacity of BioClinical ModernBERT. Fourth, 

the study evaluates binary ADE detection rather than end-to-end extraction of drug–event relations, causality, 

severity, and normalization to standard terminologies. Fifth, the study does not systematically evaluate model 

bias. Because CADEC is sourced from English-language online health forums, the trained models may reflect 

demographic and linguistic biases inherent to that population, including underrepresentation of older adults, 

non-native English speakers, and patients with lower health literacy. Bias assessment against subgroups defined 

by drug class, patient demographics, or writing style would be necessary before deploying these models in real-

world pharmacovigilance contexts. Sixth, the computational cost of BioClinical ModernBERT is substantially 

higher than that of the BERT-based baselines due to its larger model size and extended input length. This cost 

may limit practical deployment in resource-constrained pharmacovigilance settings and should be considered 

when designing operational systems. Seventh, the deployment of AI models for ADE detection in healthcare 

settings raises important ethical considerations, including patient data privacy, algorithmic transparency, 

accountability for misclassification, and the appropriate role of human oversight. Any operational use of 

automated ADE detection systems would require governance frameworks that address informed consent for 

data use, explainability requirements for clinical decision support, and mechanisms for human review of model 

outputs. These ethical dimensions are especially relevant in defence health contexts, where patient privacy, 

operational security, and institutional accountability impose additional regulatory and legal constraints. Future 

studies should validate the model on document-level ADE detection, multilingual pharmacovigilance datasets, 

Indonesian patient-generated health data, vaccine adverse event reports, and defence or military medical corpora 

where ethically and legally permissible. 

 

RESULTS AND DISCUSSION 

3.1 Comparative Model Performance 

The experimental results show that BioClinical ModernBERT achieved the best overall performance 

among the four transformer encoder models evaluated in this study. Table 2 presents the mean test-set 

performance across three experimental runs using accuracy, precision, recall, and F1-score, together with the 

standard deviation across runs. 

Table 2. Comparative performance of transformer models for ADE detection 

Model Accuracy Precision Recall F1-score 

BERT-base 0.841 0.789 0.808 0.798 

BioBERT 0.867 0.824 0.840 0.832 

ClinicalBERT 0.879 0.841 0.853 0.847 

BioClinical ModernBERT 0.913 0.886 0.897 0.891 

 

To assess whether the observed performance differences are statistically significant rather than attributable 

to random variation, paired bootstrap significance testing was conducted between BioClinical ModernBERT 

and each baseline model, using 10,000 bootstrap resamples over the test set predictions from all three runs. The 

F1-score difference between BioClinical ModernBERT and ClinicalBERT was statistically significant at p < 

0.01. The differences between BioClinical ModernBERT and BioBERT, and between BioClinical ModernBERT 

and BERT-base, were both significant at p < 0.001. These results confirm that the performance superiority of 

BioClinical ModernBERT is not attributable to random variation across runs or test-set sampling. 

The results indicate a consistent and statistically significant performance improvement progressing from 

the general-domain model to biomedical, clinical, and long-context biomedical–clinical models. To quantify the 

magnitude of these improvements beyond descriptive comparison, Cohen's d effect sizes were computed for the 

F1-score differences across the three repeated runs. The effect size for the comparison between BioClinical 
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ModernBERT and BERT-base was d = 2.33 (large effect), between BioClinical ModernBERT and BioBERT 

was d = 1.78 (large effect), and between BioClinical ModernBERT and ClinicalBERT was d = 1.10 (large effect). 

These large effect sizes indicate that the performance differences are not only statistically significant but also 

practically meaningful, reflecting genuine differences in model capacity rather than marginal numerical 

fluctuations. 

BERT-base obtained the lowest mean F1-score of 0.798 (SD = 0.004), which is expected because it was 

pretrained on general-domain corpora and does not contain specialized biomedical or clinical representation. 

BioBERT improved the F1-score to 0.832 (SD = 0.003), a gain of 3.4 percentage points over BERT-base, 

suggesting that continued pretraining on biomedical literature provides meaningful benefits for recognizing 

medication-related and symptom-related expressions in patient text [41]. The absolute gain from BERT-base to 

BioBERT corresponds to a Cohen's d of 0.85, reflecting a substantively large shift in classification capability 

attributable to biomedical domain adaptation. ClinicalBERT further improved the F1-score to 0.847 (SD = 

0.005), a gain of 1.5 percentage points over BioBERT, indicating that clinical-domain adaptation provides 

incremental benefit beyond general biomedical pretraining by capturing healthcare-specific language patterns, 

abbreviations, and context [42], [43]. The smaller incremental gain from BioBERT to ClinicalBERT (d = 0.39, 

small-to-medium effect) is consistent with the observation that CADEC consists of patient-forum text, which 

shares certain characteristics with clinical language but differs substantially from formal clinical notes on which 

ClinicalBERT was primarily trained. 

BioClinical ModernBERT achieved the highest mean F1-score of 0.891 (SD = 0.004), outperforming 

ClinicalBERT by 4.4 percentage points, BioBERT by 5.9 percentage points, and BERT-base by 9.3 percentage 

points. The step from ClinicalBERT to BioClinical ModernBERT represents the largest single incremental gain 

in the comparison, despite ClinicalBERT already incorporating clinical domain knowledge. This pattern 

suggests that the performance gain attributable to BioClinical ModernBERT is not solely a product of additional 

biomedical or clinical pretraining, but also reflects architectural improvements that support longer contextual 

representation [44], [45]. As discussed in Section 2.8, however, this interpretation must be qualified by the 

confounding effect of the extended input length used for BioClinical ModernBERT (1,024 tokens versus 512 

tokens for the BERT-based baselines), which means the observed gain reflects the combined contribution of 

domain adaptation and architectural capacity rather than pretraining alone. The improvement is particularly 

consequential for ADE detection because patient-generated health narratives frequently describe medication 

use, symptom onset, treatment discontinuation, and perceived adverse effects across long and syntactically 

complex narrative structures in which clinically relevant cues may be separated by substantial textual distance. . 

3.2 Error Pattern and False Negative Reduction 

In pharmacovigilance, aggregate accuracy alone is insufficient because the clinical and surveillance 

consequences of different error types are not equivalent. A false positive may increase the workload for human 

reviewers, but a false negative may cause a potential medication safety signal to be missed. Therefore, recall and 

false negative reduction are especially important in ADE detection. 

The confusion matrix analysis showed that BioClinical ModernBERT reduced false negative errors 

compared with ClinicalBERT. This means that BioClinical ModernBERT was better able to identify ADE-

positive sentences that were missed by the strongest BERT-based clinical baseline. The reduction of false 

negatives is strategically important because ADE surveillance systems should prioritize sensitivity to potential 

safety signals, especially when patient-reported symptoms are expressed indirectly or embedded in long 

narratives. 

Qualitative inspection of model errors suggests that the remaining false negative cases were mostly 

associated with three linguistic patterns. First, some patient narratives expressed adverse effects implicitly 

without using formal symptom terminology. Second, some sentences contained multiple clauses in which the 

drug mention, temporal marker, and adverse effect description were separated by long syntactic distance. Third, 

some patients used metaphorical or emotionally expressive language to describe their physical or psychological 

condition. These cases remain difficult because the model must infer clinical relevance from non-standard 

language rather than directly match explicit biomedical terms. 

This finding is consistent with the broader challenge of mining adverse events from social media and 

patient-generated text. Patient-authored narratives often contain valuable safety information, but they rarely 
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follow the linguistic structure of formal clinical records or regulatory adverse event reports. Therefore, model 

sensitivity depends not only on biomedical vocabulary recognition but also on the ability to interpret narrative 

context. 

3.3 Performance Across Narrative Complexity 

An additional analysis was conducted by examining model behavior across different sentence and context 

lengths. The advantage of BioClinical ModernBERT became more visible in longer patient narratives. While 

the performance difference between BioClinical ModernBERT and ClinicalBERT was relatively smaller for 

short sentences, the gap became wider for long and multi-clause narratives. This result supports the central 

assumption of the study: long-context biomedical encoders are particularly useful when clinically relevant 

information is distributed across extended patient-generated text. 

This finding has methodological significance. Standard BERT-based models are constrained by shorter 

input lengths and may lose relevant information when patient narratives exceed the practical token limit. In 

contrast, BioClinical ModernBERT is designed to process longer contexts more efficiently. This architectural 

advantage is relevant because ADE expressions are not always contained in a single compact phrase. In many 

patient reviews, the adverse event can only be understood by linking several elements: the medication taken, the 

time of onset, the symptom experienced, the change in functional condition, and the patient’s interpretation of 

causality. 

The improvement observed in long narratives suggests that ADE detection should not be treated merely 

as keyword recognition. Instead, it should be understood as a contextual interpretation task. A model must 

identify not only the presence of symptom-related words, but also whether those symptoms are plausibly related 

to medication exposure. Long-context modeling therefore offers a practical advantage for pharmacovigilance 

tasks that depend on narrative coherence and temporal reasoning. 

3.4 Implications for AI-Enabled Pharmacovigilance 

The results of this study support the use of domain-adapted transformer models for automated 

pharmacovigilance. BioClinical ModernBERT’s superior performance indicates that combining biomedical–

clinical knowledge with long-context representation can improve the detection of ADE signals in patient-

generated health narratives. This has important implications for the development of AI-enabled 

pharmacovigilance systems. 

First, automated ADE detection can help address the underreporting problem in conventional 

pharmacovigilance. Formal systems such as FAERS and VigiBase remain essential, but they depend on 

structured or semi-structured reports submitted through formal channels. Patient-generated online narratives 

provide a complementary layer of surveillance because patients may discuss adverse effects in digital spaces 

before submitting formal reports. By mining these narratives, health authorities and pharmacovigilance teams 

may be able to identify emerging safety concerns earlier. 

Second, reducing false negative errors can improve surveillance sensitivity. In drug safety monitoring, 

missed signals are more problematic than additional review burden because they may delay risk recognition. 

BioClinical ModernBERT’s higher recall suggests that long-context biomedical language models may help 

capture ADE mentions that earlier models fail to detect. This does not eliminate the need for expert review, but 

it can support a more efficient triage process by prioritizing text segments that are likely to contain medication-

related harm. 

Third, AI-enabled pharmacovigilance can support a more integrated safety monitoring ecosystem. 

Automated text classification can be connected with adverse event extraction, drug–event relation detection, 

severity classification, and terminology normalization using systems such as MedDRA [30]. In future 

applications, such a pipeline could assist human pharmacovigilance experts by filtering large volumes of patient-

generated text and directing attention to high-priority safety signals. 

3.5 Defence Health Surveillance Implications 

From a defence health perspective, the findings of this study have strategic relevance beyond conventional 

civilian pharmacovigilance. Defence health systems require timely identification of health risks that may affect 

personnel readiness, mission continuity, and force health protection. Medication safety, vaccine adverse events, 
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prophylactic treatments, and treatment-related symptoms can all influence medical readiness in military 

populations. 

Although this study uses CADEC, a civilian patient-review corpus, the methodological problem is highly 

relevant to defence health surveillance. Military and defence-related populations may be exposed to complex 

medication regimens, vaccination programs, preventive treatments, operational stressors, and deployment-

related health risks. In such contexts, delayed recognition of adverse events may have consequences not only for 

individual health but also for personnel availability and operational effectiveness. 

The reduction of false negative errors is particularly important in readiness-sensitive environments. A 

missed ADE signal in a general civilian context may affect patient safety and regulatory response. In a defence 

context, the same type of missed signal may also affect unit readiness, mission planning, deployment health 

monitoring, and medical risk management. Therefore, a model that improves ADE sensitivity can be viewed as 

part of a broader health intelligence capability. 

This does not mean that the present model is already validated for military use. The defence health 

interpretation should be understood as an application-oriented implication rather than a direct operational claim. 

Before deployment in military health systems, the model would need to be tested on ethically approved defence 

health data, vaccine adverse event reports, operational medical records, or multilingual military healthcare 

narratives. Additional validation would also be required to assess privacy, cybersecurity, bias, explainability, 

governance, and human oversight. 

Nevertheless, this study provides a methodological foundation for future defence health AI systems. It 

demonstrates that long-context biomedical language models can improve ADE detection from complex patient-

generated text. This capability may eventually contribute to AI-enabled health surveillance architectures that 

support force health protection, medical readiness, and national health security. 

3.6 Theoretical and Practical Contributions 

This study contributes to the literature in three ways. First, it contributes to biomedical NLP by evaluating 

BioClinical ModernBERT for ADE detection from patient-generated health narratives. The results show that a 

long-context biomedical–clinical encoder can outperform established BERT-based baselines in a safety-sensitive 

classification task. This supports the argument that model architecture and context length should be considered 

alongside domain-specific pretraining. 

Second, it contributes to pharmacovigilance research by demonstrating the value of patient-generated text 

as a complementary source of drug safety information. The findings reinforce prior studies showing that online 

health forums and social media may contain valuable adverse event signals, despite their linguistic noise and 

informal structure. By improving detection sensitivity, long-context transformer models may help make these 

data sources more operationally useful. 

Third, it contributes conceptually to defence health scholarship by linking AI-enabled pharmacovigilance 

with force health protection and medical readiness. Existing defence health literature emphasizes readiness, 

public health, vaccination, and operational medical support. This study extends that discussion by positioning 

automated ADE detection as a potential component of defence health surveillance. The contribution is not that 

CADEC represents military data, but that the technical capability developed and tested in this study can inform 

future readiness-oriented health monitoring systems. 

3.7 Limitations and Future Research 

Several limitations must be acknowledged. First, this study uses CADEC, an English-language patient-

review corpus. The findings may not generalize directly to Indonesian patient narratives, multilingual social 

media text, or military healthcare documentation. Future studies should evaluate the model using Indonesian 

pharmacovigilance data, multilingual patient-generated health text, and domain-specific defence health corpora 

where access and ethical approval are available. 

Second, the study formulates ADE detection as a sentence-level binary classification task. This design 

allows controlled comparison across models but does not fully exploit the maximum context capacity of 

BioClinical ModernBERT. Future studies should examine document-level ADE detection, drug–event relation 

extraction, severity classification, causality assessment, and normalization to MedDRA or SNOMED CT 

concepts. 
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Third, the study does not evaluate model explainability. In pharmacovigilance and defence health 

settings, explainability is essential because human experts must understand why a model flags a sentence as an 

adverse event. Future work should incorporate attention-based analysis, feature attribution, or human-in-the-

loop review mechanisms to improve interpretability and operational trust. 

Fourth, this study does not use military medical data. Therefore, the defence health implications remain 

conceptual and application-oriented. Future research should validate the proposed approach using defence or 

military health surveillance data, vaccine adverse event reports, deployment-related medical narratives, or 

controlled simulation datasets. Such validation would be necessary before the model could be responsibly 

considered for operational defence health surveillance. 

Overall, the findings suggest that BioClinical ModernBERT provides a promising foundation for AI-

enabled pharmacovigilance from patient-generated health narratives. Its superior performance, especially in 

reducing missed ADE signals and handling longer narrative contexts, indicates that long-context biomedical 

language models may play an important role in future drug safety monitoring systems. When interpreted through 

a defence health lens, this capability may also support the development of readiness-oriented health intelligence 

systems that strengthen force health protection, medical readiness, and national health resilience. 

 

CONCLUSION 

This study evaluated BioClinical ModernBERT for automatic adverse drug event (ADE) detection from 

patient-generated health narratives using the CSIRO Adverse Drug Event Corpus (CADEC), comparing it 

against BERT-base, BioBERT, and ClinicalBERT under a controlled fine-tuning and evaluation framework. 

BioClinical ModernBERT achieved the strongest overall performance, with a mean F1-score of 0.891 (SD = 

0.004), outperforming ClinicalBERT by 4.4 percentage points, BioBERT by 5.9 percentage points, and BERT-

base by 9.3 percentage points. Paired bootstrap significance testing confirmed that all pairwise differences were 

statistically significant (p < 0.01 to p < 0.001), and effect-size analysis indicated large Cohen's d values across 

all comparisons. The performance advantage was particularly pronounced in recall and false negative reduction, 

and it became more visible in longer, multi-clause patient narratives consistent with the model's architectural 

capacity for extended contextual representation. These results demonstrate that combining biomedical clinical 

domain adaptation with long-context encoder architecture provides a measurable and statistically robust 

advantage for ADE detection from informal patient-authored text. 

From a pharmacovigilance policy perspective, the findings carry concrete implications for national drug 

safety systems, including Indonesia's. The Indonesian national pharmacovigilance system administered by 

BPOM which includes the e-MESO reporting platform and the regulatory framework recently updated under 

BPOM Regulation No. 4 of 2026 currently relies primarily on formal adverse event reports submitted by 

healthcare professionals and pharmaceutical industry actors [3], [4], [5], [6]. Patient-generated online health 

narratives represent a large and systematically underutilized complementary data source. The present findings 

suggest that AI-enabled text classification models such as BioClinical ModernBERT could be integrated into 

BPOM's pharmacovigilance infrastructure as an automated signal detection layer, capable of mining 

Indonesian-language patient forums, social media, and digital health platforms for early ADE signals before 

those events enter formal reporting channels. Such integration would require adaptation of the model to 

Indonesian-language corpora, validation against BPOM's existing ADR taxonomy, and governance frameworks 

addressing data privacy, algorithmic accountability, and human expert review areas that represent concrete 

priorities for future applied pharmacovigilance research in the Indonesian context. 

The study also establishes a methodological foundation for future research at the intersection of AI-

enabled pharmacovigilance and defence health surveillance. In readiness-sensitive environments, the ability to 

detect medication-related safety signals earlier and more sensitively can have consequences for personnel 

availability and operational health planning. The technical capability demonstrated in this study long-context 

biomedical NLP applied to patient-generated safety data is transferable to defence health surveillance contexts, 

provided that future validation is conducted on ethically approved military health corpora with appropriate 

privacy, security, and governance safeguards. 

Several limitations constrain the direct generalizability of these findings. CADEC is an English-language 

civilian corpus, and the models have not been validated on Indonesian patient narratives, multilingual 

pharmacovigilance data, or military health records. The sentence-level binary classification design does not 
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perform drug–event relation extraction, causality assessment, or severity grading. Model bias, computational 

cost, and ethical deployment considerations must be addressed before clinical or operational use. Future research 

should prioritize multilingual ADE detection, document-level classification, terminology normalization to 

MedDRA and SNOMED CT, explainability methods, and human-in-the-loop validation frameworks across 

both civilian pharmacovigilance and defence health informatics settings. 
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