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ABSTRACT

Background and Objective: Drug-drug interactions (DDIs) present major challenges in clinical care, impacting patient safety
and therapeutic outcomes. Traditional detection methods, often based on curated databases, may miss newly emerging inter-
actions or require frequent manual updates. Recent advances in natural language processing (NLP) and artificial intelligence
(A1) offer novel tools for real-time, automated DDI detection directly from biomedical literature. This study introduces an
Al-powered approach to identify DDIs, assign relevance scores to publications, and benchmark performance against conven-
tional databases.

Methods: We developed an NLP pipeline incorporating sentence classification to detect safety and interaction-related content,
and named entity recognition (NER) to extract drug-drug interaction types, their clinical impact, and patient features. The
sentence classification module is based on a BERT architecture fine-tuned from microsoft/BiomedNLP-BiomedBERT-base-
uncased-abstract-fulltext, and the NER module uses the open-source model d4data/biomedical-ner-all. A DDI relevance score
was designed to quantify each article's significance based on weighted parameters derived from model outputs, with weights
informed by domain experts (title relevance: 50 points, DDI impact: 40 points, publication type: 10 points). The system was
validated on a manually curated dataset. We applied ANOVA and sensitivity analyses, and evaluated performance using recall,
precision, and F1-score, comparing our method to established DDI resources.

Key Content and Findings: The pipeline was validated on 7,751 articles across 15 query types. ROC analysis identified a
relevance score threshold of 75%. Drug-family queries achieved the highest Fl-score (0.872), followed by single-drug (0.731)
and drug-drug queries (0.684). ANOVA and Tukey post-hoc analysis confirmed statistically significant differences in relevance
scores between annotation groups (p < 0.05), with full stratification across all three groups for drug-drug family queries.
Compared with manually compiled expert reference lists, our system retrieved substantially more relevant articles without
requiring manual updates.

Conclusion: Al-driven NLP approaches can enhance clinical decision support systems by providing comprehensive, evi-
dence-based DDI detection and prioritization, offering scalable support for safer pharmacological decision-making.

Keywords: Drug-drug Interactions;, Natural Language Processing, Artificial Intelligence; Pharmacovigilance; Clinical
Decision Support.
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Key Points
* Traditional drug interaction databases often miss new or rare
drug combinations and require constant manual updates, leav-
ing healthcare providers with incomplete information when
prescribing.

» This study presents an Al system that automatically scans
scientific literature to detect and rank drug-drug interactions,
achieving high accuracy (F1-score up to 0.872) while iden-
tifying more relevant studies than existing manually curated
lists.

* This approach could help doctors and pharmacists make safer
prescribing decisions by providing real-time, evidence-backed
references to support drug interaction alerts.

1. Introduction

1.1 Background

Drug-Drug Interactions (DDIs) represent a critical area of concern
in clinical practice, as they can significantly impact patient safety
and treatment outcomes [ 1]. DDIs occur when the pharmacological
effect of one drug is altered by the presence of another, leading to
potential adverse effects, reduced therapeutic efficacy, unexpected
toxicity or a synergistic effect [1,2]. Drug interactions may be
both pharmacokinetic (PK) and pharmacodynamic (PD) in nature
[2]. The risks associated with DDIs are heightened in patients un-
dergoing polypharmacy, as the concurrent use of multiple medica-
tions increases the complexity of managing potential interactions.
According to the literature [3], DDIs are a leading cause of adverse
drug reactions (ADRs) and hospital admissions worldwide, con-
tributing to both morbidity and mortality. For example, more than
one-third of older Americans regularly use five or more drugs or
supplements, and 15% are at risk for serious DDIs [4]. Given that
the harmful reactions from DDIs include bleeding, bone marrow
suppression, arrhythmias, hypotension, rhabdomyolysis, central
nervous system depression, seizures, hypoglycemia, renal failure,
and so on [5], the accurate prevention and management of DDIs
are crucial for avoiding adverse outcomes, optimizing treatment
plans, and enhancing patient safety in clinical settings.

1.2 Rationale and knowledge gap

To detect and manage DDIs, healthcare professionals rely on a va-
riety of tools and methods, ranging from drug interaction databas-
es to clinical decision support systems (CDSSs). Several well-es-
tablished databases, such as Vidal [6] and DrugBank [7], provide
valuable resources for identifying potential interactions between
drugs and their corresponding clinical implications. These tools
are based on predefined interaction tables, expert-reviewed con-
tent, and available literature. However, despite their widespread
use, these systems face significant limitations that compromise
their clinical utility.

Most clinical DDI alert systems operate through simple ta-
ble-based lookup mechanisms, matching prescribed drug combi-
nations against predefined interaction lists [8]. When a clinician
prescribes two drugs, the system checks whether that specific
drug pair appears in its interaction table and generates an alert if

a match is found. Critically, this approach does not incorporate
patient-specific risk modifiers such as renal or hepatic function,
age, concurrent medical conditions (e.g., diabetes, heart failure,
nephropathy), or genetic polymorphisms. This “one-size-fits-all”
strategy means that identical alerts are generated for all patients
prescribed the same drug combination, regardless of whether indi-
vidual patient characteristics substantially increase or decrease the
actual risk of interaction.

Consequently, clinicians are frequently confronted with alerts that
lack clinical actionability for their specific patient, contributing to
alert fatigue and potentially dangerous override behavior, a phe-
nomenon where providers routinely ignore warnings due to ex-
cessive false positives. A systematic review by Van der Sijs et al.
[9] found that drug safety alerts are overridden by clinicians in
49% to 96% of cases across different clinical settings, indicating
widespread dismissal of system-generated warnings. The magni-
tude of inappropriate alerting is further illustrated by Phansalkar
et al. [10], who identified that 36% of DDI alerts displayed in one
institution were low-priority interactions that did not warrant in-
terruptive alerts, contributing unnecessarily to alert burden. This
over-alerting problem represents a fundamental barrier to the stat-
ed goal of using DDI detection systems to support clinical deci-
sion-making, as excessive false positives erode clinician trust and
reduce compliance with legitimate warnings.

Beyond this personalization gap, current DDI detection methods
face structural limitations. The reliance on static, predefined drug
pairs or families restricts the ability to detect novel or rare inter-
actions that fall outside established combinations. This challenge
is amplified by the exponential growth in pharmaceutical agents:
The latest release of DrugBank [11] Online (version 5.1.13, re-
leased January 2, 2025) contains 19,775 drug entries, including
3,016 approved small molecule drugs, 1,768 approved biologics
(proteins, peptides, vaccines, and allergenics), 135 nutraceuticals,
and over 8,924 experimental (discovery-phase) drugs. Maintaining
comprehensive, manually curated interaction tables for all possi-
ble combinations is increasingly infeasible, leaving clinicians with
incomplete information precisely when the therapeutic landscape
demands greater vigilance.

One additional problem related to these databases is that they often
don’t reference the interactions they provide: the clinician or phar-
macist may face an alert about an interaction without being able to
easily validate it, or understand and quantify the extent to which it
is clinically relevant.

Beyond traditional databases, researchers have explored various
Al-driven computational approaches to predict DDIs, including
traditional machine learning models (e.g., random forests, sup-
port vector machines) [12,13], deep learning models utilizing NLP
techniques [14,15], and score function-based models [16]. Howev-
er, these prediction-focused methods face significant limitations:
they lack transparent literature referencing to support their predic-
tions; traditional models require extensive training data and may
not generalize to new drugs; deep learning approaches struggle
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with negative sample scarcity; and score function-based models
depend heavily on known DDI databases and probability assump-
tions. This gap motivates the need for systems that can systemat-
ically extract, evaluate, reference and prioritize DDI information
directly from published research in real-time.

1.3 Objective

In light of these challenges, the present study aims to test whether
a novel DDI detection and referencing approach from scientific
literature can overcome key limitations of traditional methods.
Specifically, we seek to evaluate whether this system can: generate
dynamic, evidence-based DDI reports that are not constrained by
static, predefined drug pair lists; enhance clinical decision support
system (CDSS) alerts by providing accurate, literature-backed ref-
erences that substantiate interaction warnings; and improve alert
prioritization by quantifying the strength and quality of evidence
supporting each potential interaction.

2. Materials and Methods

2.1 Data Collection

The data used in this study were collected from three primary
sources: PubMed, MEDLINE, and ClinicalTrials.gov, without
any restrictions on publication date. A flexible query strategy
was implemented to retrieve articles relevant to drug-drug inter-
actions (DDIs). Queries were designed to capture various types
of relationships, including “Drug 1 AND Drug 2,” “Drug 1| AND
Drug Family 2,” “Drug Family 1 AND Drug 2,” “Drug Family 1
AND Drug Family 2,” as well as single-drug queries. All searches
were conducted without timeframe limitations and were applied
across all available sections of each article (title, abstract, full text
when available, etc.). Any article matching a query (regardless of
where in the text the match occurred) was automatically includ-
ed in the Datamart. The specificity of queries was further refined
based on user input. Users could request a focus on specific drugs
or broader drug families. In addition, when a query returned too
few results, the system broadened its scope using drug families
defined by MeSH (Medical Subject Headings), which organizes
drugs hierarchically by pharmacological class or therapeutic use.
All queries were constructed using a proprietary drug ontology de-
veloped in-house, which integrates information from authoritative
sources such as MeSH and the National Cancer Institute Thesau-
rus (NCIT), enabling consistent and accurate drug identification.
This data retrieval process, termed Datamart Creation, served as
the foundation for all subsequent analyses. The resulting Datamart
includes metadata for each article (e.g., title, abstract, publication
date, source, authors), the full text when available (around 35%
of the articles), and all associated drug entities identified through
the ontology, ensuring comprehensive and systematic coverage of
DDI-related literature.

2.2 Data Points Extraction and Processing

2.2.1 Publication Type Classification

The publication type classification is built upon a BERT-based
architecture, fine-tuned from the pretrained encoder microsoft/
BiomedNLP-BiomedBERT-base-uncased-abstract-fulltext. This
encoder is specifically trained with PubMed full-text articles. To

Table 1: Inclusion Criteria for Article Selection in the Datamart.
Details
PubMed, MEDLINE, ClinicalTrials.gov

Criterion

Data Sources

Language English or French
Timeframe No restrictions on publication date
Text Scope Query terms searched across all sections (title, abstract, full text

when available)

Includes combinations such as: * Drug 1 AND Drug 2 « Drug 1
AND Drug Family 2 ¢ Drug Family 1 AND Drug 2 « Drug Fam-
ily 1 AND Drug Family 2 « Single-drug queries

Query Structure

Inclusion Rule Any article matching a query is included

enhance classification accuracy, different classification head vari-
ants were tested and compared. The best-performing architecture
comprised a bi-directional Long Short-Term Memory (bi-LSTM)
layer processing the concatenated last 2 hidden states (input dimen-
sion: 1,536), with the bi-LSTM output fed to a linear layer (output
dimension: 10 classes). Since the context window is limited to 512
tokens, the model only processes the most relevant content of an
article, ensuring only the most pertinent sections are fed to the
model for analysis. The model is trained on a large dataset from
PubMed and PubMed Central (PMC), where articles are classified
into 10 distinct categories. The classification follows the global
evidence pyramid, prioritizing Meta-Analyses, Systematic Re-
views, and Randomized Controlled Trials above lower-evidence
sources like observational studies and author opinions. There is
no predefined threshold used in the model; rather, it leverages this
evidence hierarchy to determine the importance of a publication in
relation to drug-drug interactions.

2.2.2 DDI Sentence Classification

To identify sentences that mention drug-drug interactions (DDIs),
a specialized sentence classification model based on the BERT
architecture is employed. This model is fine-tuned from the pre-
trained encoder microsoft/BiomedNLP-BiomedBERT-base-un-
cased-abstract-fulltext, with a simple linear layer serving as the
classification head (input dimension: 768, output dimension: 3
classes; dropout rate: 0.1 applied to the pooled [CLS] token rep-
resentation).

The DDI sentence classifier was trained on a dataset of approx-
imately 3,500 annotated sentences compiled from two sources:
sentences manually extracted from biomedical publications in-
dexed in PubMed and PMC, and sentences generated through
language-model-based augmentation to improve coverage of un-
derrepresented classes. The agreement between annotators was
assessed using Cohen’s Kappa (k = 0.82), indicating high inter-an-
notator reliability. The dataset was partitioned using a stratified
split strategy to preserve the class distribution (DDI-positive,
DDI-possible, DDI-negative) across subsets: 70% for training,
15% for validation, and 15% for testing. The test set was com-
posed exclusively of sentences extracted from real publications,
with no augmented data, to ensure that held-out evaluation reflects
true in-distribution performance.

The model was trained using the weighted cross-entropy loss func-
tion, standard for multi-class classification. For an input sentence
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with true class label y and predicted class probabilities p over C
= 3 classes, the base loss is defined as L = —)(c=1 to C) y c
log(p_c), where y c is the one-hot encoded ground-truth indicator
for class ¢ and p_c is the softmax probability output by the final
classification head. To mitigate class imbalance (DDI-negative
sentences being more prevalent than DDI-positive or DDI-possi-
ble), class weights inversely proportional to class frequency were
applied, yielding the weighted variant L w=—(c=1to C) w c *
y c e log(p c), where w ¢=N/(C+N c)and N _c is the number
of samples in class c.

The model was fine-tuned using the AdamW optimizer with an
initial learning rate of 2x107%, 1 = 0.9, B2=0.999, ¢ = 1x107%, and
weight decay of 0.01. Training was conducted over 4 epochs with
a batch size of 16. A linear learning rate warm-up was applied over
the first 10% of total training steps, followed by linear decay to
zero. The maximum input sequence length was set to 512 tokens,
consistent with the BERT architecture’s positional embedding lim-
it. Early stopping was employed with a patience of 2 epochs, mon-
itoring validation loss to prevent overfitting.

Model training was conducted on a Linux server equipped with an
NVIDIA A10G GPU (24 GB VRAM) and 64 GB of system RAM.
The software environment used Python 3.11 with PyTorch 2.1,
Hugging Face Transformers 4.35, and scikit-learn 1.3. CUDA 12.1
was used for GPU acceleration. Reproducibility was ensured by
setting fixed random seeds across Python, NumPy, and PyTorch.
The base pre-trained model was loaded from the Hugging Face
model hub.

Sentences are classified into three categories: relevant, which
contain explicit mentions of DDIs and their associated pharma-
cokinetic implications (e.g., “Coadministration of ketoconazole,
a CYP3A4 inhibitor, significantly increased plasma levels of sim-
vastatin, suggesting a pharmacokinetic interaction”); irrelevant,
which do not mention DDIs at all (e.g., “Simvastatin is commonly
prescribed for hyperlipidemia and is well tolerated by most pa-
tients”); and possibly relevant, which discuss the concomitant use
of drugs without directly confirming or rejecting a DDI (e.g., “The
patient was treated with simvastatin and clarithromycin during
hospitalization”). The model is evaluated using precision, recall,
and F1 scores, all of which exceed 0.85, and the overall accuracy
surpasses 0.90, ensuring reliable DDI detection.

2.2.3 Safety Model

The safety model identifies sentences reporting safety concerns,
specifically adverse events, by combining sentence classification
with Named Entity Recognition (NER). Each sentence is classi-
fied as relevant, possibly relevant, or non-relevant. For sentences
labeled relevant or possibly relevant, the NER component extracts
the specific adverse event mentioned, using the MedDRA ontolo-
gy. The training dataset consists of articles selected primarily by
clinicians and pharmacists, who annotated sentences for safety rel-
evance and adverse event types.

2.2.4 Patient Information

This model was applied to relevant articles identified in order to
extract patient information related to the populations affected by
the detected drug-drug interactions, including only the age, sex,
and medical conditions. The model used is an open-source tool,
d4data/biomedical-ner-all, which has been fine-tuned on a do-
main-specific corpus to recognize over 100 biomedical entities,
enabling accurate extraction of patient-related data from the text.

2.2.5 Pipeline Integration

These models are integrated into a seamless, multi-stage pipeline
that operates in sequence. The process begins with the classification
of publication types, followed by sentence extraction to identify
mentions of drug-drug interactions (DDIs) and safety information.
Each model generates its output, which is then aggregated into a
comprehensive scoring system. This ensures that the final output
reflects both the relevance of the publication and its implications
for safety or DDIs. Once relevant articles are identified through the
scoring system, the patient information Named Entity Recognition
(NER) model described in Section 2.2.4, which is distinct from the
classifiers used for scoring, is applied to extract essential biomedi-
cal entities, such as patient data, from those articles.

cighin
ceo . A.‘ic..,./
-

Figure 1: Diagram illustrating the pipeline overview. NER: named entity recogni-
tion; SCM: sentence classification model; LLM: large language model.

2.3 Scoring System Development

The scoring system was developed through extensive discussions
with Vidal’s team and independent experts to identify the most
critical components and assign appropriate weights to each. These
experts included six pharmacists and two toxicologists. This pro-
cess involved multiple iterations and fine-tuning of the coefficients
attributed to each element to optimize the system’s accuracy and
relevance. During this iterative process, the scoring components
were defined first through expert consensus, followed by iterative
adjustment of the weight coefficients against the gold standard
dataset. The final framework integrated several key components,
including title relevance (weight of 50 points), determined by the
DDI sentence classifier (Section 2.2.2); mention of DDI impact
(weight of 40 points), primarily derived from the safety model
(Section 2.2.3); and publication type (weight of 10 points), cal-
culated as the publication type score multiplied by a coefficient
of 0.10. The rationale for assigning higher weights to title rele-
vance and DDI impact reflects their stronger discriminative power
in identifying clinically relevant articles. The resulting relevance
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score ranges from 0 to 100, where higher scores indicate greater
relevance of the article to the queried drug-drug interaction.

2.4 Validation Tests

To validate the scoring system’s ability to detect DDIs from sci-
entific literature, the evaluation process was based on a represen-
tative gold standard collaboratively developed by two pharmacists
from ArcaScience. This gold standard was created using rigorous
guidelines to ensure objectivity and minimize bias. Specifically,
the annotators were provided with the full list of 7,751 article ti-
tles retrieved for 15 sample queries: 5 Drug-Drug queries, 5 Drug-
Drug Family queries, and 5 Single Drug queries. These examples
were selected to represent a diverse range of DDI scenarios, en-
abling a comprehensive assessment of the system’s performance.
The annotators were required to categorize each article using one
of three labels: relevant, possibly relevant, or non-relevant. Rele-
vance was determined based on the article title alone. A title was
considered relevant if it explicitly indicated that the article dealt
with the DDI in question; possibly relevant if the title suggested
a potential relation, but did not directly mention the DDI topic;
and non-relevant if the title was unrelated to the DDI subject. It is
important to note that these guidelines slightly differed depending
on the query type and were iteratively refined during the process
based on ambiguous or borderline cases encountered, ensuring
progressive alignment between annotators. The differences con-
cerned specifically the definition of ‘possibly relevant’, which was
adapted for each query type to account for family-level mentions
and interaction context specificity. Inter-annotator agreement was
assessed using Cohen’s kappa coefficient, which yielded a value
of k = 0.83, indicating almost perfect agreement between the two
annotators. This process led to four possible outcomes: true posi-
tive, false positive, true negative, and false negative. These results
were then used to calculate the sensitivity and specificity of the
models for each possible threshold. A ROC/AUC evaluation was
conducted via a Receiver Operating Characteristic (ROC) curve to
identify the optimal relevancy score threshold, ensuring the accu-
rate identification of relevant articles. Sensitivity and specificity
were calculated for every 5-point difference in the threshold.

Our evaluation strategy aimed to balance high precision with ad-
equate recall, as both metrics address distinct clinical needs in
DDI detection. Precision is critical for reducing over-alerting, a
major limitation of existing DDI systems that leads to alert fatigue
and reduced clinician compliance. Simultaneously, recall remains
important to ensure that clinically significant interactions are not
missed. However, we recognized that truly important DDIs are
typically reported across multiple publications in the literature;
therefore, extremely high recall was deprioritized in favor of preci-
sion, as critical interactions are unlikely to be represented by only
a single article. This approach optimizes the practical utility of the
system by providing clinicians with a focused, high-quality set of
relevant articles rather than an overwhelming volume of results.

The efficiency of the scoring system across components was fur-
ther evaluated using one-way ANOVA, with Tukey’s post-hoc test
applied for pairwise comparisons (significance threshold: p < 0.05
for both tests). Standard performance metrics, including precision,

which measures the proportion of correctly predicted positive in-
stances among all predicted positives; recall, which quantifies the
ability to identify all actual positives; F1-score, the harmonic mean
of precision and recall that balances both metrics; and accuracy,
which represents the proportion of correctly classified instances
among all predictions, were calculated based on the gold standard
to provide detailed insights into procedural effectiveness.

Finally, the results of the scoring system (for the optimal thresh-
old) were benchmarked against Vidal’s experts lists (a list of ref-
erences computed manually by the team for internal purposes),
allowing for direct comparison of performance and coverage. This
benchmarking process highlighted the model’s competitive edge
and areas for potential improvement.

3. Results

3.1 Performance Metrics

3.1.1 Threshold Detection

The results of the individual sensitivity analyses (for each query
type independently) and the ROC/AUC evaluation for the global
dataset both exhibited a typical sensitivity curve, indicating an op-
timal threshold of 75%.

ROC/AUC evaluation for the total Datamart

100

o

00
0.0000 0.0025 0.0050 0.0075 0.0100 00125

1.Specificty

Figure 2: ROC/AUC evaluation (ROC Curve) for the global data mart derived
from the three types of queries, illustrating that the optimal threshold is 75%. The
analysis was conducted using threshold values ranging from 100% to 0%, with
intervals of 5% units between consecutive points.

3.1.2 Drug-Drug Family Query

The performance metrics for the drug-drug family query demon-
strated strong precision (0.941), while maintaining robust recall
(0.813) and achieving an F1 score of 0.872 (Table 2). The dif-
ferentiation between relevant, possibly relevant, and non-relevant
articles was validated through ANOVA and Tukey post-hoc anal-
ysis, confirming the system’s ability to stratify articles accurately
(Figure 3).

One-Way ANOVA [Average * Standard Deviation]

Xaxis: Human Annotation
¥ axi var
200

100 [ ]

Possibly Non

Relevant Relevant Relevant

Figure 3: Bar graph of ANOVA results for the drug-drug family query, showing a
significant difference between the three groups: Relevant, Possibly Relevant, and
Non-Relevant (p<0.05).
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3.1.3 Drug-Drug Query

The performance metrics for drug-drug queries varied, with F1
scores differing based on the level of available documentation (av-
erage: 0.684) (Table 2). Differentiation between relevant, possibly
relevant, and non-relevant articles was validated using ANOVA
and Tukey post-hoc analysis (Figure 4).

One-Way ANOVA [Average % Standard Deviation]

Xaxis: Human Annotation
¥ axis; Relevancy Score
100

50 -

Possibly Non

Bl Relevant

Relevant

Figure 4: Bar graph of ANOVA results for the drug-drug query, showing a signifi-
cant difference between two groups: Relevant with Possibly Relevant and Non-Rel-

evant (p<0.05).

3.1.4 Single Drug Query

For single drug queries, the F1 score was 0.731 (Table 2; formulas
provided in Table 3). Differentiation between relevant, possibly
relevant, and non-relevant articles was validated through ANOVA
and Tukey post-hoc analysis, further confirming the robustness of
the system’s classification (Figure 5).

One-Way ANOVA [/ ge Deviation] ek v
200
- e
0
Possibly
Relevant Relovant Not Relevant

Figure 5: Bar graph of ANOVA results for the single drug query, showing a signifi-
cant difference between two groups: Relevant with Possibly Relevant and Non-Rel-

evant (p<0.05).

Table 2: Performance Metrics of the Scoring System for Each Query Type.

Metric Drug-Drug Family = Drug-Drug Single Drug

Recall 0.813 (0.764 - 0.856) | 0.583 (0.489 - 0.673) | 0.682 (0.462 - 0.850)
Precision 0.941 (0.901 - 0.969) = 0.829 (0.726 - 0.904) = 0.789 (0.544 - 0.929)
F1 0.872 (0.835 - 0.905) | 0.684 (0.602 - 0.758) | 0.731 (0.546 - 0.870)
Accuracy 0.983 (0.976 - 0.986) ' 0.993 (0.991 - 0.995) = 0.992 (0.987 - 0.996)
Specificity 0.996 (0.993 - 0.998) | 0.998 (0.997 - 0.999) | 0.997 (0.993 - 0.999)

Negative Predic-
tive Value

0.984 (0.979 - 0.989)

0.994 (0.992 - 0.996)

Table 3: Calculation formulas for the validation metrics.

0.995 (0.991 - 0.998)

Metric Formula

Recall (Sensitivity) TP/ (TP +FEN)

Precision TP/ (TP + FP)

Fl-score 2 x (Precision x Recall) / (Precision + Recall)
Accuracy (TP +TN) /(TP + TN + FP + FN)

Specificity TN /(TN + FP)

Negative Predictive Value (NPV)

TN/ (TN + FN)

3.1.5 Enhanced Flexibility and Comprehensive Coverage in
DDI Analysis

The comparison with the lists provided by Vidal’s scientific teams
was carried out using two different types of queries. In the first
example, focusing on proton pump inhibitors and clopidogrel, Ar-
caScience identified 155 relevant articles, whereas Vidal’s list con-
tained 43 relevant articles. Among these, 26 articles were common
to both sources. The 17 missing articles from ArcaScience were
due to unsupported languages or databases, as we currently only
process French and English content and use PMC and Medline
as our data sources, as well as removed articles and limitations in
the algorithm’s recall. Another example, examining the interaction
between risperidone and selective serotonin reuptake inhibitors,
showed that ArcaScience provided approximately twice as many
relevant articles as Vidal’s manual list. These examples demon-
strate that ArcaScience’s pipeline provides substantially broader
coverage than manually curated databases, while maintaining high
precision. This advantage can be attributed to the dynamic nature
of article selection, the absence of a need for manual annotation,
and the flexibility the algorithm provides.

3.2 Case Studies

3.2.1 Specific drug-drug queries

A well-known example of drug-family interactions is the interac-
tion between macrolides and statins. Searching for their interac-
tion can generate hundreds of articles, ranging from general dis-
cussions to studies focused on specific drug pairs. However, not
all drugs within the same family share the same interaction profile:
for instance, azithromycin has a lower impact on cytochromes and
thus interacts less compared to clarithromycin and erythromycin.
To address this variability, users may need to find evidence specific
to a particular drug interaction. Our algorithm optimizes article
ranking by adjusting their order based on drug modifications, en-
suring that users receive the most relevant and accurate informa-
tion (Table 4).

Table 4: The first three articles found for each drug pair, demonstrating that directly
related articles are prioritized at the top as key references.

Drug Pair Relevant Articles

. Assessment of potential interaction between simvastatin and clari-
thromycin in healthy adult male subjects [17].

Simvastatin  + 2.
Clarithromycin

Rhabdomyolysis in association with simvastatin and dosage incre-
ment in clarithromycin [18].

%)

. Rhabdomyolysis secondary to a drug interaction between simvasta-
tin and clarithromycin [19].

—

. Statin toxicity from macrolide antibiotic coprescription: a popula-
tion-based cohort study [20].

2. Risk management of simvastatin or atorvastatin interactions with
CYP3A4 inhibitors [21].

. Drug safety of macrolide and quinolone antibiotics in a tertiary care
hospital: administration of interacting co-medication and QT pro-
longation [22].

Erythromycin +
Atorvastatin

w2

. Lovastatin-induced rhabdomyolysis possibly associated with clari-
thromycin and azithromycin [23].

Lovastatin + 2. Statin-induced rhabdomyolysis from azithromycin interaction in a
Azithromycin patient with heterozygous SLCO1B1 polymorphism [24].
3. Antibiotics and Lipid-Modifying Agents: Potential Drug-Drug In-

teractions and Their Clinical Implications [25].
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3.2.2 Drug-Drug Family Interactions

Our algorithm demonstrates its capacity to detect not only indi-
vidual drug-drug interactions but also broader drug-drug family
interactions, such as those occurring between risperidone and
SSRIs. It successfully identifies both pharmacokinetic interac-
tions (such as CYP2D6 inhibition leading to altered risperidone
plasma levels) and pharmacodynamic interactions, including ad-
ditive serotonergic or cardiac effects. Importantly, it also captures
the clinical implications of these interactions, which range from
metabolic and endocrine disturbances to neurotoxic and cardio-
vascular complications. These complications include, for example,
severe weight gain, documented in “Severe weight gain induced
by combination treatment with risperidone and paroxetine” [26],
and gynecomastia, as described in “Gynecomastia with risperi-
done-fluoxetine combination” [27]. Other PD-related consequenc-
es include serotonin syndrome, reported in “Serotonin syndrome
during treatment with paroxetine and risperidone” [28], and tor-
sade de pointes, noted in “Torsade de pointes during combined
treatment with risperidone and citalopram” [29]. These findings
highlight the algorithm’s robustness in surfacing clinically rele-
vant interactions that span mechanistic categories and therapeutic
risks within a drug-family interaction framework.

3.2.3 Drug interaction profiling

An additional need for interaction profiling of a single drug could
arise when prescribing new medications with limited research. In
such cases, it is essential to back up prescriptions with solid ev-
idence. Having a list of significant articles related to the drug’s
interactions becomes crucial. For instance, Siponimod, a drug with
fewer than 500 articles mentioning it, has only around 10 rele-
vant studies about its potential DDIs. Examples of these studies
include: “Siponimod pharmacokinetics, safety, and tolerability in
combination with the potent CYP3A4 inhibitor itraconazole in
healthy subjects with different CYP2C9 genotypes™ [30], “Effect
of Fluconazole Coadministration and CYP2C9 Genetic Polymor-
phism on Siponimod Pharmacokinetics in Healthy Subjects” [31],
among others. The algorithm effectively identified these articles
and summarized the interaction profile of this recent drug.

4. Discussion

4.1 Key findings

This study shows the potential of the scoring system to improve
how drug-drug interactions are detected, referenced, and managed
by addressing major limitations of current methods, namely slow
update cycles and limited coverage. It works alongside existing
static references, adding the ability to generate on-demand, evi-
dence-based reports when data is available, while still allowing for
expert input when it’s not. By integrating diverse metrics, such as
publication type, pharmacokinetic and pharmacodynamic effects,
and patient-specific factors, the system enhances the clinical value
of the insights it delivers.

4.2 Strengths and limitations

The system’s enhanced flexibility and comprehensive coverage
further distinguish it from traditional tools. This system dynam-
ically analyzes the latest literature, ensuring up-to-date and com-

prehensive coverage of potential DDIs. This feature is particularly
valuable in the context of rare or emerging drug interactions that
may not yet be documented in conventional databases.

With strong performance metrics, an F1 score of 0.872 for drug-
drug family queries and a precision of 0.941, the system effec-
tively prioritizes relevant interactions and the supporting evidence.
These capabilities have significant implications for pharmacovigi-
lance, as they enable healthcare professionals to identify potential
safety concerns more efficiently and tailor treatment regimens to
individual patient needs.

Despite its promising performance, our scoring system has some
limitations. In particular, its recall could be improved by increas-
ing the size of the training datasets and refining the scoring meth-
ods. Currently, the recall for drug-drug family queries is 0.813,
which is noticeably higher than the recall for drug-drug queries
(0.583) and single drug queries (0.682). Enhancing the model’s
performance for drug-drug and single drug queries to match that of
drug-drug family queries remains an important goal.

In addition, the system relies solely on evidence from published
literature, which inherently includes gaps and missing data and
lags real-world clinical phenomena due to publication timelines.
Incorporating new data sources, such as real-world evidence, and
additional scientific databases, may improve its comprehensive-
ness and performance. However, electronic health records carry
substantial limitations, including data quality issues, coding er-
rors, and confounding factors that require careful methodological
consideration. Also, this system does not predict DDIs for new
molecules, as it depends on existing evidence, introducing a time
lag between drug approval and literature availability. It’s also im-
portant to note that pharmacodynamic (PD) interactions are often
underrepresented in the literature, precisely because many of them
are mechanistically predictable and do not always warrant publi-
cation as clinical alerts.

4.3 Comparison with similar research

When compared to other systems in the DDI domain, such as the
SFINX database (INXBASE from Medbase) [32], ArcaScience
scoring system demonstrates several advantages. SFINX is rec-
ognized for its robust and evidence-based approach to DDI detec-
tion, relying on expert-reviewed content and predefined drug pairs
(8000 pairs). However, it shares limitations with other traditional
systems, including a static database structure and limited flexibil-
ity to incorporate newly emerging drug interactions or adapt to
novel queries.

The literature mentions more than 10 databases and web servers
that address the subject of drug-drug interactions, each with its
own approach to handling and presenting the data [33]. These plat-
forms, such as DDInter, SuperDRUG2, DIDB, DrugComb, Drugs.
com, Drugbank, and others, offer various methods for recording
and displaying DDIs, along with additional drug-related informa-
tion like pharmacokinetics, side effects, and drug targets. For ex-
ample, DDlInter, available only in China, not only records 236 834
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DDIs involving 1833 drugs but also documents the detailed infor-
mation about each DDI, such as mechanisms and risk levels [34].

A study by Kin Wah Fung et al. compared three commercial
knowledge bases (First DataBank, Micromedex, and Multum)
for DDI detection and found that, while varying in size and alert
generation, all provided 99.8-99.9% coverage of the Office of the
National Coordinator for Health Information Technology (ONC)
list, highlighting the need for standardization to reduce variations
among knowledge sources [35]. Similarly, another study from
Elpida Kontsioti et al. explored the level of agreement on DDI
information across three major online drug information resourc-
es (DIRs), the British National Formulary (BNF) [36], ANSM
(Agence nationale de sécurité du médicament et des produits de
santé) Thesaurus [37], and Micromedex [38], and found consider-
able variation in the drug pairs involved, severity ratings, evidence
ratings, and clinical management recommendations. This variation
emphasizes the need for harmonization and standardization in DDI
information across different knowledge sources [39]. A concrete
example is a comparison between EPIC and the Seegnal platform,
which further highlights these limitations: EPIC generated over
90% more alerts with markedly lower specificity, contributing to
alert fatigue, whereas Seegnal produced fewer, more clinically rel-
evant alerts and could have prevented several adverse events [40].

In the academic area, recent studies have leveraged transform-
er-based models and deep learning architectures to achieve high
performance in both drug named entity recognition and DDI classi-
fication from literature. For instance, transformer frameworks such
as SciBERT and BioBERT have been employed to sequentially
extract drug entities and classify their interactions within scientific
articles, reporting strong F1-scores for both tasks [41,42]. Similar-
ly, long short-term memory (LSTM) networks augmented by senti-
ment analysis [43] have not only detected DDI events but also eval-
uated interaction severity, which is a functionality closely aligned
with our system’s safety and adverse event extraction components.
Comparative evaluations across rule-based, deep learning, and lan-
guage model-based approaches [44] further underscore the poten-
tial of modern NLP models to capture subtle, context-dependent
drug-event relationships from large, heterogeneous text corpora.

Simultaneously, a wave of graph-based and multi-view fusion
models has emerged, integrating molecular, network, and pharma-
cological data to predict or classify DDIs [45-48]. These approach-
es often surpass traditional similarity-based or profile-driven
algorithms by capturing more complex inter-drug relationships
and contextual features, although, unlike our literature-centric
pipeline, many focus primarily on data-driven event prediction
rather than dynamic literature extraction and interpretability.

Taken together, these recent advancements highlight the rapid
progress in Al-powered DDI detection and the growing recogni-
tion of literature mining as a vital complement to static knowledge
bases. Our approach contributes to this landscape by combining
robust NLP-driven extraction with a clinically oriented scoring and
ranking system, aiming to bridge the gap between high-throughput

computational methods and the nuanced, context-rich evidence
required for real-world pharmacotherapy decision support, while
also offering unique capabilities such as multilingual text process-
ing, real-time literature updates, and patient-centered risk scoring
to enhance clinical relevance and adaptability.

4.4 Explanations of findings

These findings demonstrate that, thanks to artificial intelligence, it
is now possible to generate an unlimited list of publications related
to drug-drug interactions, as long as relevant literature exists. Un-
like the current state of the art, which relies on automatic queries
but still depends heavily on manual contributions, this Al-powered
approach significantly reduces the need for manual input.

4.5 Implications and actions needed

The use of this technology in clinical decision support systems is a
crucial step to enable clinicians to benefit from the comprehensive
results, thereby improving the safety of their prescriptions. Ad-
ditionally, integrating this approach into benefit-risk assessments
would be particularly important, especially for polymedicated pa-
tients. Finally, feedback loops from end-users can refine the meth-
odology and ensure clinical alignment.

5. Conclusions

This study demonstrates that an Al-powered scoring system can
successfully overcome key limitations of traditional DDI detec-
tion methods. The system generates dynamic, evidence-based
DDI reports unconstrained by static drug pair lists, provides liter-
ature-backed references to substantiate clinical alerts, and enables
evidence-based alert prioritization through quantitative relevance
scoring. With high precision across all query types and a validated
relevance threshold, the system delivers accurate, clinically ac-
tionable insights. By leveraging diverse metrics, including pub-
lication type, clinical impacts, and patient-specific contexts, this
approach addresses critical gaps in traditional tools and offers a
scalable solution for enhancing clinical decision support systems.
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