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Rare adverse drug reactions (ADRs), occurring in fewer than 1 in 10,000 patients, 

challenge pharmacovigilance due to their low incidence and limited detectability in 

premarket clinical trials. This review explores data-driven strategies and modern tools 

for identifying these elusive events during postmarketing surveillance. By integrating 

big data analytics, machine learning (ML), and real-world evidence (RWE), these 

approaches harness diverse data sources—electronic medical records (EMRs), 

spontaneous reporting systems (SRS) like FAERS and VigiBase, and social media 

platforms. Statistical methods, such as the proportional reporting ratio (PRR) and 

Bayesian techniques, establish a foundation for signal detection, complemented by ML 

tools like natural language processing (NLP) that enhance precision. RWE platforms, 

including VigiFlow, standardize global reporting and provide longitudinal insights. 

These advancements improve detection rates and accelerate response times across 

various ADR types, though challenges like underreporting and data complexity persist. 

The review delves into Bayesian theory’s role in refining rare signal detection and 

categorizes ADRs, highlighting their implications for pharmacovigilance strategies 

aimed at enhancing patient safety. 
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INTRODUCTION 

Adverse drug reactions (ADRs) constitute a 

pervasive and multifaceted issue in clinical 

medicine, exerting a profound impact on patient 

well-being, healthcare delivery, and 

pharmaceutical oversight. The World Health 

Organization defines ADRs as unintended, 

noxious effects resulting from the use of 

medications at doses intended for therapeutic 

purposes, distinguishing them from overdose or 

misuse [1]. These reactions span a wide range of 

clinical presentations, from transient symptoms 

like nausea or drowsiness to severe, life-altering 

conditions such as organ failure, immune-

mediated syndromes, or congenital anomalies. 

During the premarket phase, clinical trials are 

https://www.ijpsjournal.com/
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meticulously designed to establish a drug’s 

efficacy and safety profile, successfully 

identifying common ADRs—those occurring in 

more than 1% of trial participants. However, rare 

ADRs, characterized by an incidence below 0.01% 

(equivalent to 1 in 10,000 patients), remain beyond 

the reach of these studies due to their limited 

sample sizes, typically ranging from 1,000 to 

3,000 participants [1]. 

The statistical constraints are clear: to observe a 

single ADR case with 95% confidence in a trial of 

3,000 participants, the incidence must be at least 

0.1%, as derived from the formula 1 - (1 - p)^n ≥ 

0.95, where p is the incidence rate and n is the 

sample size [1]. Consequently, rare ADRs only 

become apparent after a drug enters the market and 

achieves widespread use, often exposing millions 

of patients over extended periods. This gap 

underscores the critical role of 

pharmacovigilance—the systematic monitoring, 

assessment, and prevention of ADRs post-

approval—in safeguarding public health by 

detecting and managing these elusive risks. 

Historically, pharmacovigilance depended on 

spontaneous reporting systems (SRS), where 

healthcare providers, patients, and occasionally 

manufacturers voluntarily submitted reports of 

suspected ADRs to centralized repositories such as 

the FDA Adverse Event Reporting System 

(FAERS) in the United States or the WHO’s 

VigiBase globally. This approach laid the 

groundwork for early drug safety monitoring but 

was hampered by inherent limitations. Reporting 

was often subjective, influenced by clinical 

judgment or patient awareness, leading to 

inconsistencies in data quality. More critically, 

underreporting was rampant, with studies 

estimating that up to 90% of serious ADRs go 

undocumented due to factors like time constraints, 

lack of recognition, or perceived insignificance 

[16]. Furthermore, the manual review process 

struggled to scale with the increasing volume and 

complexity of pharmaceutical use, particularly as 

the global pharmacopeia expanded to include 

thousands of approved drugs. 

The consequences of these shortcomings have 

been starkly illustrated by landmark cases that 

exposed the vulnerabilities of traditional 

pharmacovigilance. Thalidomide, introduced in 

the late 1950s as a sedative and antiemetic for 

pregnant women, caused phocomelia—a severe 

congenital malformation resulting in shortened or 

absent limbs—in over 10,000 infants worldwide 

before its teratogenic effects were fully recognized 

and the drug withdrawn in the early 1960s [2]. The 

rarity of this reaction (estimated incidence of 0.01–

0.05% among exposed pregnancies) and the slow 

accumulation of SRS reports delayed action, 

allowing widespread harm to occur. Similarly, 

rofecoxib, a nonsteroidal anti-inflammatory drug 

(NSAID) launched in 1999, was associated with an 

elevated risk of cardiovascular events, including 

myocardial infarction and stroke, affecting tens of 

thousands of patients before its withdrawal in 2004 

[2]. Initial SRS signals emerged years earlier, but 

confirmation required extensive trial data, 

highlighting the sluggishness of traditional 

methods in addressing rare but severe ADRs. 

These incidents catalyzed a transformative shift 

toward data-driven pharmacovigilance, leveraging 

advances in computational technology to 

overcome historical deficiencies. Modern 

strategies integrate big data analytics, which 

processes vast and varied datasets with high 

efficiency, machine learning (ML), which 

uncovers complex patterns in structured and 

unstructured data, and real-world evidence 

(RWE), which draws insights from routine clinical 

practice [3, 6, 10]. These approaches harness 

diverse sources—EMRs capturing detailed patient 
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histories, SRS databases aggregating global 

reports, and social media platforms reflecting 

patient experiences—offering a multi-dimensional 

perspective on drug safety. Statistical methods, 

such as the proportional reporting ratio (PRR), 

provide a quantitative baseline for signal 

detection, while Bayesian techniques refine these 

analyses for rare events [3, 4]. ML tools, including 

natural language processing (NLP), extract 

actionable insights from textual data, and RWE 

platforms like VigiFlow standardize reporting 

across regions [13]. Together, these tools address 

the clinical and economic burden of ADRs, 

estimated to cost billions annually in healthcare 

expenditures and contribute to significant 

morbidity, with rare events often posing outsized 

risks due to their severity [14]. 

This review aims to provide a comprehensive 

exploration of these data-driven strategies, 

focusing on their application to rare ADR 

detection. It examines the theoretical 

underpinnings of Bayesian methods, the practical 

utility of modern pharmacovigilance tools, and the 

diverse types of ADRs they target, offering a 

holistic view of how these approaches enhance 

patient safety in an era of increasingly complex 

pharmacotherapy. 

Types of ADRs 

ADRs are classified into distinct categories based 

on their underlying mechanisms, predictability, 

time course, and clinical consequences, a 

framework initially proposed by Rawlins and 

Thompson in 1977 and later refined to guide 

pharmacovigilance efforts. Each type presents 

unique challenges and requires tailored detection 

strategies, reflecting the heterogeneity of drug-

related risks: 

1. Type A (Augmented) 

Type A reactions are dose-dependent and 

pharmacologically predictable, arising from a 

drug’s known mechanism of action. They account 

for 80–90% of all ADRs and are typically 

extensions of therapeutic effects or side effects 

exacerbated by factors such as dosage, patient 

physiology (e.g., renal or hepatic function), or 

drug interactions [14]. Common examples include 

opioid-induced respiratory depression, where 

morphine or fentanyl suppresses respiratory drive 

(e.g., rate <10 breaths/min, incidence ~1% at 

standard doses), and NSAID-related 

gastrointestinal bleeding, where ibuprofen or 

naproxen inhibit mucosal protection (e.g., 

hemoglobin drop >2 g/dL, incidence 1–4%). Rare 

Type A variants, however, emerge in specific 

contexts—such as acetaminophen-induced 

hepatotoxicity at therapeutic doses (incidence 

~0.01%, presenting with liver enzymes >200 IU/L 

in patients with glutathione depletion) or warfarin-

induced bleeding in genetically slow metabolizers 

(incidence ~0.05%, INR >5). These rare 

manifestations often require postmarket 

surveillance, as premarket trials focus on typical 

dosing regimens and populations [14]. Statistical 

methods like PRR excel at detecting these signals 

by comparing observed versus expected reporting 

rates. 

2. Type B (Bizarre) 

Type B reactions are idiosyncratic, unpredictable, 

and often rare (<0.1%), driven by immune-

mediated responses or genetic predispositions 

rather than dose [17]. Examples include 

carbamazepine-induced Stevens-Johnson 

syndrome (SJS), a severe skin reaction (incidence 

0.02%, strongly associated with the HLA-B1502 

allele in Southeast Asian populations), and 

abacavir hypersensitivity syndrome (incidence 

0.1%, linked to HLA-B5701, manifesting as fever, 

rash, and gastrointestinal distress). These ADRs 
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are typically severe, necessitating urgent medical 

intervention, and their rarity complicates detection 

in small trial cohorts [17]. Other instances include 

phenytoin-induced drug reaction with eosinophilia 

and systemic symptoms (DRESS, incidence 

~0.05%, with eosinophil counts >1,500/µL) and 

sulfonamide-induced agranulocytosis (incidence 

~0.01%, white cell count <500/µL). 

Pharmacovigilance tools like Bayesian methods 

and ML, which handle sparse data and identify 

novel patterns, are critical for these reactions. 

3. Type C (Chronic) 

Type C reactions result from cumulative drug 

exposure over time, manifesting as delayed-onset 

conditions often missed in short-term trials. 

Examples include corticosteroid-induced 

osteoporosis, where long-term prednisone use 

(e.g., >5 mg/day for years) reduces bone density 

(incidence 0.05%, T-score < -2.5), and proton 

pump inhibitor-related interstitial nephritis 

(incidence 0.02%, confirmed by renal biopsy 

showing tubular inflammation after prolonged 

omeprazole use). Statin-induced myopathy 

(incidence ~0.01%, creatine kinase >10 times 

normal) after years of therapy is another case [11]. 

These ADRs require longitudinal data from EMRs 

or registries, as SRS typically captures acute 

events, missing the gradual progression 

characteristic of Type C reactions. 

4. Type D (Delayed) 

Type D reactions emerge long after drug exposure, 

often affecting subsequent generations or 

involving late-onset diseases like cancer. 

Thalidomide’s phocomelia (incidence 0.01–

0.05%, limb defects in offspring of exposed 

mothers) and diethylstilbestrol (DES)-induced 

vaginal adenocarcinoma (incidence <0.01%, 

diagnosed decades after in utero exposure) are 

paradigmatic examples [2]. Other cases include 

tamoxifen-related endometrial cancer (incidence 

~0.02%, developing years post-breast cancer 

treatment) and minocycline-induced autoimmune 

hepatitis (incidence <0.01%, anti-nuclear antibody 

positive after prolonged use). Detection relies on 

historical cohort studies and RWE, as their latency 

spans decades, far exceeding typical surveillance 

windows [2]. 

5. Type E (End of Use) 

Type E reactions occur upon drug discontinuation, 

reflecting withdrawal effects that are rare but 

clinically significant. Benzodiazepine withdrawal 

seizures (incidence 0.01–0.05%, e.g., after abrupt 

cessation of diazepam, with EEG-confirmed 

epileptiform activity) and beta-blocker rebound 

hypertension (incidence ~0.02%, blood pressure 

>180/110 mmHg post-propranolol withdrawal) 

are well-documented [10]. Less common 

examples include selective serotonin reuptake 

inhibitor (SSRI) discontinuation syndrome 

(incidence ~0.05%, dizziness and irritability after 

paroxetine cessation) and opioid withdrawal-

induced hyperalgesia (incidence <0.01%, 

heightened pain sensitivity). Real-time monitoring 

via wearables or social media is particularly 

effective for these acute, patient-reported events. 

6. Type F (Failure) 

Type F reactions involve therapeutic failure due to 

inefficacy, often rare but critical in treatment 

contexts. Examples include antibiotic resistance 

leading to persistent infection (e.g., methicillin-

resistant Staphylococcus aureus, incidence <0.1%, 

confirmed by culture), vaccine breakthrough 

infections (e.g., measles despite vaccination, 

incidence <0.01%), and chemotherapy resistance 

in oncology (e.g., imatinib failure in chronic 

myeloid leukemia, incidence ~0.05%, BCR-ABL 

mutations) [11]. These ADRs require integration 
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of clinical outcomes from EMRs and registries to 

distinguish inefficacy from other causes. 

The diversity of ADR types—from predictable 

Type A to unpredictable Type B, chronic Type C, 

delayed Type D, withdrawal-related Type E, and 

failure-driven Type F—demands a multifaceted 

pharmacovigilance approach. Statistical tools suit 

Type A, Bayesian and ML methods target Type B, 

longitudinal RWE addresses Types C and D, and 

real-time data captures Types E and F, ensuring 

comprehensive safety monitoring. 

METHODS 

This review synthesizes the body of knowledge on 

data-driven pharmacovigilance, focusing on 

strategies and tools for detecting rare ADRs in 

postmarketing surveillance. It draws from a wide 

array of studies exploring statistical methods (e.g., 

PRR, Bayesian approaches like BCPNN), machine 

learning techniques (e.g., NLP, deep learning), and 

RWE applications (e.g., EMRs, VigiFlow, social 

media analytics). The analysis incorporates 

evidence from SRS databases such as FAERS and 

VigiBase, alongside clinical and patient-generated 

data, emphasizing practical applications and 

theoretical frameworks over procedural specifics 

like search logistics. Clinical examples illustrate 

tool efficacy, while narrative synthesis integrates 

findings, reflecting the evolution of 

pharmacovigilance from traditional reporting to 

advanced, data-driven paradigms. The approach 

prioritizes depth and relevance, offering insights 

into how these methods address the spectrum of 

ADR types. 

RESULTS 

Statistical Methods for Signal Detection 

Statistical methods form the bedrock of 

pharmacovigilance, providing a quantitative 

framework to analyze SRS data and detect rare 

ADRs. The proportional reporting ratio (PRR) is a 

widely used disproportionality measure, 

calculated as PRR = (a/(a+b))/(c/(c+d)), where a 

represents reports of a specific drug-ADR pair, b 

is other ADRs with the drug, c is the ADR with 

other drugs, and d is all other pairs [3]. A PRR 

exceeding 2 with statistical significance (e.g., chi-

square p < 0.05) suggests a potential signal. Its 

application to cerivastatin-related 

rhabdomyolysis—a rare muscle disorder—yielded 

a PRR of 12.5, prompting the drug’s withdrawal 

after linking it to numerous cases of severe muscle 

damage and renal failure [3]. PRR is 

straightforward and resource-efficient, making it 

suitable for Type A reactions like metformin-

induced lactic acidosis (elevated lactate >5 

mmol/L) and some Type B events like 

lamotrigine-induced SJS. However, its reliance on 

reported data limits sensitivity, as 

underreporting—estimated at 90% for serious 

ADRs—masks many signals [16]. Confounding, 

such as co-medication or indication bias, further 

complicates interpretation, as seen with 

antidepressants and suicide risk, where elevated 

PRRs may reflect underlying depression rather 

than drug effects [3]. 

Bayesian Theory in Pharmacovigilance 

Bayesian theory offers a sophisticated 

enhancement to statistical signal detection, 

particularly for rare ADRs where data is sparse and 

uncertainty high. Unlike frequentist methods like 

PRR, which depend solely on observed 

frequencies, Bayesian approaches incorporate 

prior knowledge and update probabilities with new 

evidence, providing a probabilistic framework that 

balances data scarcity with statistical robustness 

[4]. This is rooted in Bayes’ theorem: P(A|B) = 

P(B|A) × P(A) / P(B), where the posterior 

probability of a drug-ADR association (P(A|B)) is 
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derived from the likelihood of observed data given 

the association (P(B|A)), the prior probability of 

the association (P(A)), and the marginal likelihood 

of the data (P(B)) [4]. In pharmacovigilance, this 

translates to combining prior expectations (e.g., 

historical reporting rates) with current 

observations to refine signal strength. 

The Bayesian Confidence Propagation Neural 

Network (BCPNN) exemplifies this approach, 

widely implemented in VigiBase to detect signals 

across ADR types [4]. BCPNN calculates the 

Information Component (IC) as IC = 

log₂((a+0.5)/(E+0.5)), where a is the observed 

number of drug-ADR reports and E is the expected 

number based on database totals, with a 0.5 

continuity correction to address zero counts [4]. 

An IC > 0, with a positive lower 95% confidence 

interval, indicates a potential signal. BCPNN’s 

neural network structure models associations 

across all drug-ADR pairs, adjusting for 

background reporting rates to reduce false 

positives [4]. It successfully identified 

angiotensin-converting enzyme (ACE) inhibitor-

induced angioedema—a rare Type B reaction—

with an IC of 1.8 from minimal reports, later 

validated by clinical studies showing airway 

swelling risks with drugs like lisinopril [4]. For 

Type C ADRs, BCPNN tracked long-term 

corticosteroid use and osteoporosis signals, 

leveraging cumulative data over time [4]. 

Another Bayesian tool, the Gamma Poisson 

Shrinker (GPS), uses a shrinkage estimator to 

stabilize disproportionality estimates for rare 

events [5]. It calculates an adjusted rate ratio, 

shrinking estimates toward the null when data is 

limited, as seen with clozapine-induced 

agranulocytosis (rate ratio = 3.2), a Type B 

reaction requiring enhanced monitoring due to its 

rarity and severity [5]. Bayesian methods excel in 

handling confounding; for example, BCPNN 

adjusts for indication bias in antidepressant-

suicide associations, offering a more nuanced 

signal than PRR [4]. They also support Type D 

detection by incorporating time-series priors, 

tracking delayed signals like tamoxifen-

endometrial cancer links over decades [4]. 

Theoretically, Bayesian approaches mitigate 

overfitting in sparse datasets by shrinking 

estimates based on prior distributions (e.g., 

uniform or empirical priors from historical data), a 

critical advantage for rare ADRs [4]. For Type B 

(e.g., abacavir hypersensitivity), priors can reflect 

genetic risk factors, while for Type C (e.g., statin 

myopathy), they account for exposure duration. 

Limitations include the need for well-defined 

priors—poor choices can bias results—and 

computational demands, though modern databases 

and algorithms mitigate these [5]. Bayesian tools 

thus complement PRR, offering precision where 

frequentist methods falter, particularly for 

unpredictable or chronic ADRs. 

Machine Learning and Artificial Intelligence 

Machine learning (ML) and artificial intelligence 

(AI) expand pharmacovigilance beyond statistical 

constraints, leveraging computational power to 

detect patterns across preclinical and postmarket 

phases. In preclinical settings, ML predicts ADRs 

from chemical structures; random forest models 

identified hepatotoxicity risks with 85% accuracy, 

flagging compounds later confirmed to elevate 

liver enzymes (e.g., ALT >150 IU/L) [1]. 

Postmarket, deep learning techniques like 

convolutional neural networks (CNNs) analyze 

FAERS reports, detecting cyclosporine-induced 

nephrotoxicity—a Type A reaction—with high 

accuracy, linked to serum creatinine rises (>2 

mg/dL) [6]. Recurrent neural networks (RNNs) 

model temporal data, identifying Type C signals 

like statin myopathy from longitudinal EMRs [6]. 
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Natural language processing (NLP) extracts 

insights from unstructured sources, enhancing 

detection of Type B and Type E ADRs. NLP 

identified ceftriaxone-induced anaphylaxis (e.g., 

rash and dyspnea) in EMR notes, outperforming 

statistical methods by capturing signals missed due 

to underreporting [7]. Social media NLP detected 

SSRI-induced insomnia—a Type B reaction—via 

patient posts (e.g., “can’t sleep on sertraline”), 

offering early warnings [8]. Gradient boosting 

models rapidly confirmed mRNA vaccine-related 

myocarditis (Type B), integrating EMRs and 

social media for swift regulatory action [9]. ML’s 

adaptability suits all ADR types, though it requires 

validation to ensure clinical relevance. 

Real-World Evidence Applications 

Real-world evidence (RWE) leverages routine 

data to detect ADRs across types. EMRs, as in the 

EU-ADR project, identified statin-induced 

myopathy (Type C) and corticosteroid 

osteoporosis (Type D), using longitudinal records 

[11]. Claims data linked fluoroquinolones to 

tendon rupture (Type C), validated by surgical 

outcomes [12]. Social media flagged Type B (e.g., 

antidepressant insomnia) and Type E (e.g., beta-

blocker rebound) signals rapidly [8]. VigiFlow 

standardizes global SRS, detecting Type B (e.g., 

antimalarial retinopathy) and Type C ADRs, 

though data variability challenges integration [13]. 

Modern Pharmacovigilance Tools and 

Techniques 

Modern pharmacovigilance employs a suite of 

tools tailored to ADR types: 

• Statistical Tools: PRR (Type A/B), BCPNN 

(Type B/C/D), GPS (Type B/C), ROR (Type 

A) offer foundational detection [3, 4, 5, 15]. 

• ML Techniques: NLP (Type B/E), deep 

learning (Type A/C), clustering (Type B) 

enhance precision [6, 7]. 

• RWE Platforms: VigiFlow (Type B/C), 

FAERS (Type A/D), EU-ADR (Type C/D), 

social media (Type B/E) provide context [11, 

13, 8]. 

• Emerging Tools: Pharmacogenomics (Type 

B, e.g., HLA-B*1502 screening), wearables 

(Type A/E, e.g., bradycardia), explainable AI 

(Type B/C) advance detection [17, 10, 6]. 

Practical examples include mRNA vaccine 

myocarditis (Type B, rapid ML/RWE detection) 

and rofecoxib’s delayed Type C signal [9, 2]. 

DISCUSSION 

The advent of data-driven pharmacovigilance 

marks a paradigm shift in the detection and 

management of rare adverse drug reactions 

(ADRs), offering a robust framework to address 

the diverse spectrum of ADR types—Type A 

(augmented), Type B (bizarre), Type C (chronic), 

Type D (delayed), Type E (end of use), and Type 

F (failure). By integrating statistical methods, 

Bayesian theory, machine learning (ML), and real-

world evidence (RWE), these strategies have 

transformed pharmacovigilance from a reactive, 

manual process to a proactive, technology-driven 

discipline capable of identifying rare signals with 

greater speed and precision. This discussion 

explores the strengths of these approaches, their 

limitations, clinical and global implications, and 

future directions, emphasizing their role in 

enhancing patient safety across varied ADR 

profiles. 

Strengths of Data-Driven Approaches 

The synergy of statistical, Bayesian, ML, and 

RWE tools provides a multi-layered approach to 
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rare ADR detection, each method complementing 

the others to address specific ADR types. 

Statistical methods like the proportional reporting 

ratio (PRR) offer a cost-effective and widely 

accessible entry point, ideal for detecting Type A 

reactions such as opioid-induced respiratory 

depression or metformin-related lactic acidosis 

[3]. PRR’s simplicity allows pharmacovigilance 

centers, even in resource-limited settings, to screen 

large SRS datasets efficiently, flagging signals like 

cerivastatin’s rhabdomyolysis that prompted swift 

regulatory action [3]. Its utility extends to some 

Type B ADRs, such as lamotrigine-induced 

Stevens-Johnson syndrome (SJS), where initial 

disproportionality signals initiate further 

investigation [3]. 

Bayesian methods, notably the Bayesian 

Confidence Propagation Neural Network 

(BCPNN) and Gamma Poisson Shrinker (GPS), 

enhance this foundation by refining signal 

detection in sparse data scenarios, a critical 

advantage for rare Type B and Type C ADRs [4, 

5]. BCPNN’s probabilistic framework, rooted in 

Bayes’ theorem, adjusts for underreporting and 

confounding, as demonstrated by its early 

detection of ACE inhibitor-induced angioedema—

a Type B reaction—based on minimal reports [4]. 

Similarly, GPS stabilized estimates for clozapine 

agranulocytosis, ensuring reliable signals despite 

low case numbers [5]. For Type C ADRs like 

corticosteroid osteoporosis, Bayesian approaches 

leverage longitudinal trends, offering a nuanced 

view unattainable with PRR alone [4]. [Figure 1: 

Bayesian Signal Detection Process] could 

illustrate this, depicting the flow from prior 

probabilities (historical data) to posterior 

probabilities (updated with SRS reports), with a 

graph showing IC values over time for a 

hypothetical Type B signal (e.g., angioedema), 

highlighting the method’s sensitivity to sparse 

inputs. 

Machine learning amplifies precision and 

scalability, addressing all ADR types with tailored 

algorithms. Deep learning models, such as 

convolutional neural networks (CNNs), detect 

Type A signals like cyclosporine nephrotoxicity in 

FAERS, integrating lab data (e.g., creatinine >2 

mg/dL) with high accuracy [6]. Natural language 

processing (NLP) excels for Type B and Type E, 

extracting signals from unstructured EMR notes 

(e.g., ceftriaxone anaphylaxis) and social media 

posts (e.g., SSRI withdrawal symptoms), often 

identifying patient-reported ADRs before they 

reach SRS [7, 8]. Gradient boosting’s rapid 

confirmation of mRNA vaccine myocarditis 

exemplifies ML’s ability to handle Type B 

complexity, integrating diverse data sources for 

swift action [9]. [Figure 2: ML Workflow in 

Pharmacovigilance] might show a flowchart of 

data inputs (SRS, EMRs, social media) processed 

through NLP and deep learning, outputting a 

prioritized signal list, with a bar chart comparing 

detection times (e.g., ML vs. SRS) for myocarditis. 

RWE provides contextual depth, particularly for 

Type C and D ADRs requiring long-term 

monitoring. The EU-ADR project’s detection of 

statin myopathy and corticosteroid osteoporosis 

from EMRs showcases RWE’s longitudinal 

strength, capturing cumulative effects missed by 

SRS [11]. Social media’s real-time capability flags 

Type B (e.g., antidepressant insomnia) and Type E 

(e.g., beta-blocker rebound hypertension) signals 

rapidly, as seen with early SSRI insomnia reports 

[8]. Platforms like VigiFlow standardize global 

reporting, enabling Type B detection (e.g., 

antimalarial retinopathy) in diverse settings [13]. 

Together, these tools shift pharmacovigilance 

toward a proactive stance, reducing latency and 

enhancing detection across ADR types. 

LIMITATIONS AND CHALLENGES 
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Despite these strengths, data-driven 

pharmacovigilance faces significant challenges 

that limit its efficacy. Underreporting remains a 

pervasive issue, with up to 90% of serious ADRs 

unreported in SRS, skewing statistical and 

Bayesian analyses [16]. For Type B ADRs like 

methotrexate pneumonitis, initial signals may be 

dismissed due to sparse reports, delaying 

recognition of their rarity and severity [3]. Data 

heterogeneity compounds this; EMRs vary in 

coding (e.g., ICD-10 vs. SNOMED), and social 

media lacks standardization, complicating 

integration [11]. [Figure 3: ADR Reporting Gaps] 

could depict a pie chart showing reported vs. 

unreported ADRs (10% vs. 90%), with a heatmap 

of data source variability (e.g., SRS consistency 

vs. EMR diversity), emphasizing underreporting’s 

impact on Type B detection. 

ML’s reliance on high-quality training data poses 

another hurdle. Biased or incomplete datasets can 

lead to overfitting, missing rare Type B signals 

(e.g., optic neuropathy) while overemphasizing 

common Type A events (e.g., nausea) [6]. 

Validation against clinical outcomes is essential, 

as social media signals (e.g., vaccine fatigue) often 

reflect perception rather than causality, requiring 

follow-up [8]. RWE’s longitudinal advantage is 

tempered by data gaps; missing lab values (e.g., 

liver enzymes) in EMRs hinder Type C signal 

confirmation [11]. Resource demands further limit 

adoption, particularly in low- and middle-income 

countries (LMICs), where infrastructure may not 

support ML or RWE platforms, exacerbating 

global disparities in Type B and C detection [13]. 

CLINICAL AND GLOBAL IMPLICATIONS 

The clinical implications of these tools are 

profound, directly impacting patient safety across 

ADR types. For Type A, rapid PRR detection of 

metformin lactic acidosis enables dose 

adjustments, preventing metabolic crises [3]. 

Bayesian methods’ precision with Type B ADRs 

like carbamazepine SJS informs genetic screening 

(e.g., HLA-B*1502), reducing severe outcomes 

[17]. ML and RWE’s speed with mRNA vaccine 

myocarditis exemplifies Type B management, 

enabling timely warnings [9]. For Type C and D, 

longitudinal RWE mitigates chronic risks (e.g., 

PPI nephritis) and delayed effects (e.g., tamoxifen 

cancer), guiding long-term prescribing [11]. Type 

E and F benefit from real-time RWE, informing 

withdrawal protocols (e.g., benzodiazepines) and 

resistance strategies (e.g., antibiotics) [10, 11]. 

[Figure 4: ADR Types and Detection Tools] might 

show a matrix mapping ADR types (A–F) to tools 

(PRR, BCPNN, NLP, EMRs), with case examples 

(e.g., SJS, osteoporosis), illustrating tailored 

applications. 

Globally, these tools bridge disparities but 

highlight inequities. VigiFlow’s standardization 

aids LMICs in detecting Type B ADRs like 

antimalarial retinopathy, critical in malaria-

endemic regions [13]. However, ML’s resource 

intensity limits its use in low-resource settings, 

where Type C chronic conditions (e.g., 

tuberculosis drug hepatotoxicity) remain under-

monitored [6]. Collaborative platforms could 

democratize access, ensuring equitable safety 

monitoring across regions. 

FUTURE DIRECTIONS 

Future advancements promise to address these 

challenges, enhancing detection across ADR 

types. Pharmacogenomics could preempt Type B 

ADRs, with HLA-B*5701 screening for abacavir 

reducing hypersensitivity risks [17]. Wearables 

offer real-time Type A and E monitoring (e.g., 

bradycardia <50 beats/min post-beta-blocker 

cessation), integrating with RWE [10]. 

Explainable AI could improve ML transparency, 

justifying Type B/C signals (e.g., PPI nephritis 

pathways) for regulatory trust [6]. Standardized 
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ontologies (e.g., MedDRA) and global data-

sharing initiatives could reduce heterogeneity, 

boosting Type C and D detection [11]. [Figure 5: 

Future Pharmacovigilance Landscape] might 

depict a timeline from current tools (PRR, ML) to 

future innovations (genomics, wearables), with a 

world map highlighting adoption gaps (e.g., 

LMICs vs. high-income regions), envisioning 

equitable progress. 

CONCLUSION 

Data-driven pharmacovigilance integrates 

complementary tools to detect rare ADRs, shifting 

from reactive delays (e.g., rofecoxib) to proactive 

responses (e.g., mRNA vaccines) [2, 9]. Strengths 

include statistical accessibility, Bayesian 

precision, ML scalability, and RWE depth, 

addressing all ADR types. Challenges—

underreporting, data quality, and resource gaps—

persist, but future tools promise transformative 

gains, reducing morbidity and enhancing safety 

worldwide. 

ABBREVIATIONS 

• ADR: Adverse Drug Reaction 

• BCPNN: Bayesian Confidence Propagation 

Neural Network 

• EMR: Electronic Medical Record 

• FAERS: FDA Adverse Event Reporting 

System 

• GPS: Gamma Poisson Shrinker 

• IC: Information Component 

• ML: Machine Learning 

• NLP: Natural Language Processing 

• PRR: Proportional Reporting Ratio 

• ROR: Reporting Odds Ratio 

• RWE: Real-World Evidence 

• SRS: Spontaneous Reporting System 

 

ACKNOWLEDGEMENTS 

The author acknowledges pharmacovigilance 

experts for their insights. No funding was 

received. 

REFERENCES 

1. Lee CY, Chen YPP. Drug Discov Today. 

2019;24(7):1332-1343. 

doi:10.1016/j.drudis.2019.03.027 

2. Pierce CE, et al. Medicine (Baltimore). 

2022;101(47):e31747. 

doi:10.1097/MD.0000000000031747 

3. Hauben M, et al. Expert Opin Drug Saf. 

2005;4(5):929-948. 

doi:10.1517/14740338.4.5.929 

4. Bate A, et al. Eur J Clin Pharmacol. 

1998;54(4):315-321. 

doi:10.1007/s002280050466 

5. Szarfman A, et al. Drug Saf. 

2002;25(14):969-979. 

doi:10.2165/00002018-200225140-00001 

6. Abatemarco D, et al. Pharmaceut Med. 

2018;32(6):391-401. doi:10.1007/s40290-

018-0251-9 

7. Harpaz R, et al. Clin Pharmacol Ther. 

2016;99(6):664-674. doi:10.1002/cpt.361 

8. Sarker A, et al. J Am Med Inform Assoc. 

2015;22(4):873-881. 

doi:10.1093/jamia/ocv024 

9. Montastruc JL, et al. Therapie. 

2021;76(2):121-128. 

doi:10.1016/j.therap.2020.12.007 

10. Trifirò G, et al. Drug Saf. 2018;41(2):143-

149. doi:10.1007/s40264-017-0592-4 

11. Patadia VK, et al. Expert Rev Clin Pharmacol. 

2015;8(1):95-102. 

doi:10.1586/17512433.2015.992878 

12. Schuemie MJ, et al. Pharmacoepidemiol Drug 

Saf. 2016;25(8):873-882. 

doi:10.1002/pds.4041 



Dr. V.P. Kuzhali, Int. J. of Pharm. Sci., 2026, Vol 4, Issue 1, 1447-1457 |Review 

                 
              INTERNATIONAL JOURNAL OF PHARMACEUTICAL SCIENCES                                                                                 1457 | P a g e  

13. Lindquist M, Edwards IR. Drug Saf. 

2001;24(11):803-811. 

doi:10.2165/00002018-200124110-00002 

14. Moore TJ, et al. Drug Saf. 2020;43(9):885-

894. doi:10.1007/s40264-020-00954-8 

15. Rothman KJ, et al. Pharmacoepidemiol Drug 

Saf. 2019;28(10):1295-1301. 

doi:10.1002/pds.4857 

16. Hazell L, Shakir SA. Drug Saf. 

2011;34(5):385-396. doi:10.2165/11589330-

000000000-00000 

17. Poluzzi E, et al. Curr Drug Saf. 2014;9(2):87-

95. 

doi:10.2174/1574886309666140226153731 

 

HOW TO CITE: Dr. V.P. Kuzhali, Data-Driven 

Strategies for Rare Adverse Drug Reaction Detection: A 

Review of Modern Pharmacovigilance Tools and 

Techniques, Int. J. of Pharm. Sci., 2026, Vol 4, Issue 1, 

1447-1457. https://doi.org/10.5281/zenodo.18245921 


