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ABSTRACT 

 

Potential drug-drug interactions (pDDIs) are highly prevalent, particularly in older adults 

exposed to polypharmacy. They are identified using heterogeneous sources, including Summary 

of Product Characteristics, regulatory reference documents, and interaction checkers (ICs), 

often embedded in clinical decision support systems. However, the clinical relevance of many 

pDDIs remains uncertain, and substantial discordance exists across sources in terms of pDDI 

inclusion and severity grading. In addition, the large number of low-priority pDDIs presented 

to prescribers by these tools contributes to alert fatigue and limits their use and usefulness. The 

generally low level of evidence supporting many pDDIs appears to be at least partially 

responsible for both these issues. Improving knowledge in this field therefore requires, in 

parallel, strengthening the evidence base for pDDIs and improving the way they are 

operationalized in clinical tools. 

The aim of this thesis was to develop a methodological framework to improve the identification 

and prioritization of high-severity pDDIs. Specifically, it aimed to: (1) quantify discordances 

across commonly used pDDI sources in terms of management recommendations; (2) develop a 

reliable gold standard for high-severity pDDIs based on the ANSM Thesaurus, the French 

reference document on pDDIs; and (3) evaluate and refine this gold standard through systematic 

comparison with a natural language processing (NLP)-based automated detection tool. 

Three studies were conducted to achieve these objectives. 

The first study developed a structured scale to classify pDDIs into four management-based 

priority categories and applied it to 218 real-world pDDIs identified in 1,923 patients. Six major 

pDDI sources were compared. Overall agreement between sources was moderate (AC1 = 0.44). 
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Agreement improved when analyses focused only on the classification of the highest-priority 

pDDIs versus all others. Nevertheless, substantial heterogeneity in management 

recommendations across sources was observed. 

The second study developed a gold standard for high-severity pDDIs based on the ANSM 

Thesaurus. More than 30,000 unique drug pairs extracted from discharge prescriptions of 6,027 

hospitalized patients aged ≥65 years were independently annotated by two experts using a 

predefined decision algorithm, with adjudication of discordant cases. Inter-rater agreement was 

very good (AC1 = 0.94). High-severity pDDIs were identified in 9.7% of patients and were 

strongly associated with the number of drugs prescribed. The gold standard was then used to 

evaluate an NLP-based detection tool (PRoSIT), which showed moderate sensitivity (63.1%) 

but high negative predictive value (96.0%). 

The third study examined discordances between PRoSIT and the gold standard. All 

discrepancies were reviewed to determine whether they were due to algorithmic limitations or 

to human annotation errors in the gold standard. Among false negatives, 81.0% were attributable 

to human-related errors. After correcting these errors, sensitivity increased from 63.1% to 89.4% 

and the negative predictive value from 96.0% to 99.2%. Most errors were concentrated in a 

small number of recurring pDDI clusters. 

Overall, this thesis shows that improving the identification of high-severity pDDIs requires both 

better references and advanced automated tools. Gold standards derived from reference 

documents should be considered evolving resources that require periodic revision. The 

concentration of high-severity pDDIs in a limited number of recurrent drug combinations also 

supports targeted educational strategies and focused alerting systems. Future work should 

combine incremental improvement of reference sources with outcome-based studies evaluating 
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the clinical impact of high-priority pDDIs, in order to improve knowledge about pDDIs, source 

quality, and operational efficiency.   
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LIST OF ABBREVIATIONS 

 

ADR: adverse drug reaction 

AI: artificial intelligence 

ANSM: Agence Nationale de Sécurité du Médicament et des produits de santé (French 

national agency for medicines and health products safety)  

AUC: area under the curve  

BNF: British National Formulary  

CDSS: clinical decision support systems  

CI: confidence interval 

CYP: cytochrome P450 

DDI: drug-drug interactions 

EHR: electronic health records 

FN: false negative 

FP: false positive 

IC: interaction checker 

NLP: natural language processing 

NPV: negative predictive value 

PD: pharmacodynamic 

pDDI: potential drug-drug interaction 

PK: pharmacokinetic 

PPV: positive predictive value 

PV: pharmacovigilance 
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Romedi: référentiel ouvert du medicament (a French drug referential for semantic 

interoperability) 

SmPC: Summary of Product Characteristics 

SRS: spontaneous reporting systems 

TN: true negative 

TP: true positive
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1.1 Drug-drug interactions and potential drug-drug interactions  

1.1.1 Definitions and mechanisms 

A drug-drug interaction (DDI) can be defined as a modification of the pharmacological effect 

or concentration of a drug caused by the presence of another substance (1). In most cases, DDIs 

originate from the co-administration of two drugs. However, they may also occur in the absence 

of direct temporal overlap when the precipitating drug has a long elimination half-life or when 

it induces or inhibits enzymatic systems, transporters, or receptors with effects that persist after 

drug discontinuation, thereby modifying the response to a subsequently administered drug (2,3).  

DDIs are generally classified according to their mechanism as pharmacokinetic (PK) or 

pharmacodynamic (PD) in nature (4). 

PK DDIs occur when a precipitant drug modifies the absorption, distribution, metabolism, or 

elimination of another drug, referred to as the object drug (5). A classification of the main 

mechanisms of PK DDIs is presented in Table 1.  

PD DDIs, in contrast, occur when two drugs act on the same physiological systems or molecular 

pathways, producing additive, synergistic, or antagonistic effects (6). A PD DDI is considered 

additive when the effect of a drug combination corresponds to the sum of the pharmacological 

effects of the individual substances. It is considered synergistic when the combined effect 

exceeds the sum of the individual effects. It is considered antagonistic when the combined effect 

is lower than expected based on the effects of the individual agents (6,7). 
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Table 1 – Major pharmacokinetic mechanisms of DDIs 

Pharmacokinetic 

phase 
Mechanism Example 

Absorption 

Chelation with polyvalent cations Fluoroquinolones + iron (8) 

Adsorption to polymeric resins Patiromer + ciprofloxacin (9) 

Alteration of gastric pH Gefitinib + omeprazole (10) 

Inhibition of intestinal uptake transporters (e.g., OATP) Fexofenadine + grapefruit juice (11) 

Inhibition of intestinal efflux transporters (e.g., P-gp) Dabigatran etexilate + verapamil (12,13) 

Induction of intestinal efflux transporters (e.g., P-gp) Dabigatran etexilate + rifampicin (12) 

Distribution 
Inhibition of hepatic uptake transporters (e.g., OATP1B1/1B3) Eltrombopag + rosuvastatin (14) 

Plasma protein binding displacement (generally low clinical relevance) Dolutegravir + valproic acid (15,16) 

Metabolism 
Enzyme inhibition (e.g., cytochrome P450 [CYP]-mediated metabolism) Clarithromycin + statins (17) 

Enzyme induction (e.g., CYP-mediated metabolism) Rifampicin + crizotinib (18) 

Excretion 

Inhibition of renal tubular transporters (e.g., OCTs, MATE) Dolutegravir + metformin (19) 

Interference with enterohepatic circulation 
Mycophenolate mofetil + oral antibiotics 

(20) 

Reduction in glomerular filtration rate Lithium + lisinopril (21) 

Alteration of urinary pH (limited clinical relevance; mainly relevant in 

toxicology) 
Sodium bicarbonate + salicylates (22) 

This list is not intended to be exhaustive; additional or secondary mechanisms of pharmacokinetic DDIs may exist.
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The literature further distinguishes several subcategories of DDIs with different degrees of 

clinical relevance, although terminology is not fully standardized across studies.  

Potential DDIs (pDDIs) represent pharmacological combinations whose concomitant or 

temporally close administration is associated with a theoretical risk of DDI (1). The presence of 

a pDDI does not necessarily imply the occurrence of an adverse drug reaction (ADR) or a 

clinically meaningful modification of the therapeutic effect (23). Rather, each pDDI 

corresponds to a condition of risk, the clinical relevance of which depends on the probability 

that the DDI will occur and on the magnitude of its effect. Beyond the intrinsic characteristics 

of the substances involved, the probability that a pDDI will occur and, more importantly, that it 

will translate into a clinically manifested DDI depends on multiple patient-related determinants.  

Clinically relevant DDIs refer to DDIs for which a clinically measurable change in the efficacy 

or toxicity of one or more drugs is highly probable, taking into account not only the 

pharmacological combination itself but also individual patient factors such as age, sex, 

comorbidities, diagnosis, dose, and route of administration (23-25).  

DDIs resulting in actual patient harm refer to DDIs that have produced documented clinical 

injury, identified on the basis of symptoms, signs, or diagnostic findings recorded in the medical 

record (24,25).  

1.1.2 Pharmacological determinants of DDI vulnerability 

Several drug-related characteristics may determine both the pharmacological vulnerability of 

the object drug and the interaction potential of the precipitant drug, thereby influencing the 

probability that a pDDI will become clinically relevant. The clinical relevance of a DDI rarely 

depends on a single determinant, but rather emerges from the interaction between multiple PK 

and PD properties affecting both exposure and pharmacological vulnerability (27).  
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Among the main determinants is the dependence of drug clearance on a single metabolic or 

transport pathway (27). Drugs whose clearance predominantly depends on a single isoenzyme 

or transporter are particularly vulnerable to DDIs because inhibition or induction of the involved 

pathway may produce disproportionate changes in exposure without compensatory elimination 

through alternative pathways (27,28). Conversely, drugs capable of inhibiting or inducing 

multiple metabolizing enzymes or transporters may display broad precipitant effects and high 

DDI potential (29).  

Oral bioavailability also influences DDI magnitude. For drugs with low oral bioavailability due 

to extensive intestinal or hepatic first-pass metabolism, inhibition of the involved pathway may 

produce marked changes in systemic exposure (30). Similarly, drugs whose absorption depends 

on gastric pH or intestinal transport mechanisms may be highly susceptible to food- or drug-

induced gastrointestinal alterations (31). 

High plasma protein binding is another commonly cited determinant of PK DDIs. Competition 

for protein-binding sites may transiently increase the free fraction of highly bound drugs. 

However, protein-binding displacement alone rarely causes clinically meaningful DDIs, except 

when the affected drug also has a narrow therapeutic index or limited compensatory elimination 

capacity (16). 

Drugs with a narrow therapeutic index and a steep concentration-response relationship have a 

limited margin between therapeutic and toxic concentrations. For these substances, even modest 

PK or PD perturbations, as induced by the administration of concomitant substances, may result 

in severe and potentially fatal complications (32,33). Typical examples include antiarrhythmics, 

anticoagulants, immunosuppressants, antiepileptic drugs, digoxin, lithium, and several 

anticancer agents (32–34). 
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Lastly, drugs characterized by poor receptor selectivity and broad pharmacodynamic activity 

profiles may be particularly prone to clinically relevant PD DDIs (35). When combined with 

other agents acting on the same physiological systems, these drugs may produce additive or 

synergistic effects.  

1.2 Patient-related risk factors 

Several factors, beyond the pharmacological properties of the drugs themselves, influence the 

likelihood that a DDI will occur. The most relevant of those include the number of prescribed 

medications, age, multimorbidity and organ impairment, and genetic variability affecting drug 

metabolism (36).  

Many of these determinants are interrelated. Increasing age is often associated with a higher 

burden of chronic diseases and with progressive decline in organ function, particularly renal 

function. These conditions frequently lead to more complex therapeutic regimens and a greater 

use of medications (37). 

1.2.1 Number of medications 

The number of prescribed medications is one of the strongest predictors of DDIs. As additional 

drugs are added to a treatment regimen, the number of possible drug combinations increases 

rapidly, raising the probability that at least one pDDI may occur. Any pDDI in turn carries a 

potential risk of evolving into a clinically manifested DDI.  

Population-based studies have consistently shown a strong association between polypharmacy, 

commonly defined as the use of five or more drugs, and pDDIs (38). In a large study of older 

adults using national prescription register data, the prevalence of clinically relevant pDDIs 

increased markedly with the number of dispensed medications (39). Similar findings have been 
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reported in hospital settings, where the number of prescribed drugs emerged as a major predictor 

of pDDIs among admitted patients (40). It is not yet clear whether the relationship between the 

number of medications and the number of pDDIs is solely due to combinatorial reasons or 

whether, as the number of medications increases, the ability to identify and prevent at-risk 

combinations decreases. 

1.2.2 Multimorbidity 

Multimorbidity, commonly defined as the coexistence of two or more chronic diseases in the 

same individual (41), increases the risk of DDIs. In addition to its obvious association with 

polypharmacy, the simultaneous management of several conditions often requires complex 

therapeutic regimens involving multiple pharmacological classes, increasing the likelihood that 

interacting drugs will be prescribed together (36). 

Moreover, chronic diseases frequently lead to organ dysfunction, which then affects drugs PK. 

Renal impairment, often observed in patients with diabetes or cardiovascular disease, reduces 

the clearance of renally eliminated drugs and promotes drug accumulation. This may increase 

the clinical impact of PK DDIs and raise the risk of toxicity when interacting drugs are co-

prescribed (36). 

Liver dysfunction can further modify the magnitude of DDIs by altering the expression and 

activity of drug-metabolizing enzymes and by reducing hepatic blood flow, thereby affecting 

the PK of enzyme inhibition or induction (42,43). 
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1.2.3 Age 

Advanced age is a relevant factor influencing the risk of DDIs. In many cases, age acts as a 

proxy reflecting the accumulation of other determinants, particularly multimorbidity and 

polypharmacy (37,44). 

A recent systematic review of studies on older adults living in the community found that 

polypharmacy rates ranged from 2.6% to 86.6%. At the same time, the prevalence of 

multimorbidity varied from 4.8% to 91.0% (45). In studies of older adults in clinical settings, 

polypharmacy rates ranged from 5.0% to 85.0%, and multimorbidity rates varied from 20.0% 

to 93.1%. This wide range is likely due to differences in the study groups, how conditions and 

medications were defined, and the methods used to identify them, such as self-reports and 

electronic or administrative records (45).  

However, the increased likelihood of DDIs in older adults cannot be attributed solely to 

polypharmacy or multimorbidity. Age-related reductions in the functional reserve of multiple 

organs can alter drug metabolism and elimination, thereby increasing susceptibility to PK DDIs 

(37,42). 

Aging may also affect the expression of specific CYP enzymes involved in drug metabolism in 

an isoform-specific fashion. Evidence suggests that the activity of some enzymes, such as 

CYP1A2 and CYP2C19, may decline with age, whereas others, including CYP3A4, CYP2C9, 

and CYP2D6, appear to remain relatively stable or only slightly modified (42). 

Age-related changes in body composition may also influence drug disposition. Older 

individuals typically exhibit an increase in body fat and a reduction in lean body mass and total 

body water, factors that may alter the volume of distribution of several drugs (46). 
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From a PD perspective, aging may also modify the response to medications. Changes in receptor 

sensitivity, electrolyte balance, neurotransmitter systems, blood-brain barrier permeability, 

metabolic regulation, and homeostatic mechanisms can alter the body’s response to drugs and 

increase vulnerability to adverse effects (47).  

1.2.4 Genetic polymorphisms 

Genetic polymorphisms represent another important determinant of variability in DDIs (48). 

These variants, defined as stable DNA sequence differences occurring in the population with a 

frequency of at least 1%, can lead to quantitative or qualitative changes in the expression and 

activity of drug-metabolizing enzymes, transporters, or pharmacological receptors (49). 

In PK, genetic variants can produce distinct metabolic phenotypes (e.g., poor, intermediate, 

extensive, and ultrarapid metabolizers), potentially influencing systemic drug exposure and may 

modify the magnitude of DDIs (50). 

Differences in metabolic phenotype may amplify ADRs. For example, in individuals who are 

poor metabolizers, administering an enzyme inhibitor may further reduce the limited residual 

clearance of the affected drug (50).  

In rare cases, the same drug combination may lead either to therapeutic failure or to toxicity 

depending on the patient’s genotype, with markedly different dosing implications. A clear 

example is the DDI between voriconazole and atazanavir/ritonavir. Voriconazole is mainly 

metabolized by CYP2C19, with CYP3A4 and CYP2C9 playing a secondary role. In subjects 

who extensively metabolize CYP2C19, ritonavir can increase CYP2C19 activity, which can 

reduce voriconazole exposure to about one-third of its typical area under the curve (AUC). In 

contrast, in CYP2C19 poor metabolizers, the CYP3A4 pathway becomes predominant, and 



15 
 

strong inhibition of CYP3A4 by atazanavir/ritonavir may therefore increase voriconazole AUC 

leading to a higher risk of toxicity (51).  

1.3 Prevalence of DDIs and pDDIs  

As previously defined, the literature distinguishes between pDDIs, DDIs, clinically relevant 

DDIs, and DDIs that result in actual patient harm. Most epidemiological studies have focused 

on pDDIs only, whereas substantially fewer have assessed the remaining categories (24,25).  

In hospital settings, pDDIs are consistently reported as common. In a systematic review and 

meta-analysis of hospitalized patients, 33.0% (95% confidence interval [CI]: 17.3-51.3%) of 

general inpatients experienced at least one pDDI during their hospital stay, with the estimate 

rising to 67.0% (95% CI: 52.7-79.1%) in intensive care units, where exposure to complex 

pharmacotherapy is greater (24). Individual studies included in the mentioned systematic review 

reported highly variable prevalence estimates, ranging from 16.3% to 71.1% in general wards 

and from 46.3% to 90.3% in intensive care units (24). A more recent study reported an even 

higher pooled prevalence of pDDIs, at 64.9% (95% CI: 61.8-73.6%) among hospitalized 

patients overall, again with substantial heterogeneity between studies and across clinical settings 

(52). Together, these findings indicate that pDDIs are very frequent in inpatient care, although 

their exact prevalence is highly sensitive to the population studied and to the identification 

method used (24,52). 

Far fewer studies have evaluated clinically relevant DDIs. Among hospitalized patients, a 

systematic review specifically addressing clinically relevant DDIs showed that about one in ten 

inpatients experiences at least one DDI with documented clinical manifestation during 

hospitalization (pooled prevalence: 9.2%; 95% CI: 4.7-19.7) (26). However, individual 



16 
 

estimates ranged widely, from 1.2% to 64.0%, with the highest prevalence observed in intensive 

care units and lower estimates in emergency and internal medicine settings (26).  

A recent multicenter study of hospitalized patients reported that while 70% of inpatients 

experienced at least one pDDI, fewer than 1% of DDIs resulted in actual patient harm (53). 

Overall, these data suggest a marked gradient in frequency when moving from pDDIs to 

clinically relevant DDIs to DDIs inducing harm. 

Evidence is even more limited when the outcome of interest is hospital admission or emergency 

attendance attributable to a pDDI or a DDI. In a systematic review and meta-analysis of actual 

DDIs associated with hospital use, the median prevalence of hospital admissions attributable to 

DDIs was 1.1%, whereas the median prevalence of hospital visits was only 0.1% (54). Among 

patients admitted because of ADRs, however, DDIs accounted for a large proportion, with a 

median prevalence of 22.2% among ADR-related hospital admissions and 8.9% among ADR-

related hospital visits (54).  

More recently, a cross-sectional study of emergency department admissions in patients aged 75 

years or older showed that up to 6.4% of admissions involved a high-risk contraindicated or 

discouraged pDDI, and 0.4% to 1% of admissions were considered probably or certainly 

attributable to a clinically relevant DDI (55).  

Outside acute-care hospital settings, pDDIs are also highly prevalent among older community-

dwelling individuals and nursing home residents. A recent systematic review in community-

dwelling older adults reported pooled DDI prevalence estimates ranging from 16.6% to 57.8% 

depending on the identification method used, with cardiovascular drugs, anticoagulants, and 

psychotropic agents among the most frequently implicated medications (56). Nursing home 
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residents appear particularly vulnerable because of extensive polypharmacy, frailty, 

multimorbidity, and high use of psychotropic medications. In a Spanish cross-sectional study, 

more than 80% of nursing home residents experienced at least one pDDI and 24.7% had at least 

one severe or moderate interaction (57). Similarly, an Italian study conducted in elderly 

populations from the Emilia-Romagna region reported exposure to at least one clinically 

relevant pDDI in 53.7% of nursing home residents (58).  

1.4 Sources and Methods for Identifying pDDIs  

Potential DDIs are typically identified through a combination of information sources and 

operational approaches, including reference compendia, digital interaction checkers (ICs), 

automated clinical decision support systems, and structured clinical processes such as 

medication review (59). Each of these approaches presents specific advantages and limitations 

in terms of coverage, usability, and clinical applicability. 

1.4.1 Summary of Product Characteristics (SmPC) 

The Summary of Product Characteristics (SmPC) is a standardized regulatory document for 

medicinal products authorized in the European Union. It forms an integral part of the marketing 

authorization of a medicinal product and provides healthcare professionals with the official 

information required for the safe and effective use of the medicine (60). 

Section 4.5 (Interaction with other medicinal products and other forms of interaction) reports 

known or expected pDDIs based on available clinical and in vivo data at the time of 

authorization, as well as information derived from subsequent updates, including post-

marketing data (60). Additional information may also be provided in Sections 4.3 
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(Contraindications) and 4.4 (Special warnings and precautions for use), which may cross-

reference Section 4.5 when relevant. 

Although the SmPC represents the primary regulatory source of information on drug safety, its 

use in routine clinical practice appears limited. Consulting individual SmPCs is often time-

consuming and poorly scalable and therefore tends to play a secondary role in everyday 

prescribing practice (61,62). Studies suggest that SmPCs in their current format may not fully 

meet the needs of healthcare professionals, with difficulties reported in locating and interpreting 

specific information and with relatively limited use of the document as a practical source of 

clinical information (62,63). 

Beyond these practical limitations, inconsistencies in the information provided across SmPCs 

have also been reported. In particular, discrepancies between originator and generic products 

containing the same active substances have been described, including differences in Section 4.3 

- Contraindications (64).  

1.4.2 National or institutional reference documents 

National regulatory or institutional reference documents (e.g., the ANSM Thésaurus des 

interactions médicamenteuses in France, or the British National Formulary, BNF, in the UK) 

represent curated sources that synthesize information on drug therapy and pDDIs for routine 

clinical use (65,66). In this sense, they function as tertiary synthetic drug information resources. 

They generally provide a structured interaction statement for a given drug pair, often 

complemented by severity stratification and management recommendations (65,67). National 

reference documents can be used to define high-severity pDDI subsets for evidence generation 

and prevention strategies and as a source for clinical decision support systems (CDSS - 
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presented in further detail in Section 1.4.4) (68). Limitations of these resources include limited 

ease of consultation and lack of transparency on the underlying evidence (68,69). 

1.4.3 Commercial interaction checkers (ICs) 

ICs are digital tools designed to provide structured information on pDDIs using proprietary or 

institutional drug knowledge bases (70,71). They are typically implemented as web-based 

interfaces or software applications that allow users to query pDDIs between two or more drugs 

and retrieve summaries describing the pDDI, its severity, potential mechanism, and 

recommended management strategies. ICs are primarily consultation tools that provide 

interaction information on demand, although they may also be implemented as modules within 

broader CDSS integrated into electronic prescribing or health record systems (72,73). 

Most ICs allow the simultaneous entry of multiple medications and generate structured reports 

describing the pDDIs detected among the selected drugs. The information provided commonly 

includes a severity classification, a brief description of the underlying mechanism, 

recommended management strategies, and, in some resources, an assessment of the strength or 

quality of the underlying evidence (69,74).  

Examples of widely used ICs include commercial resources such as Micromedex and Lexidrug, 

as well as specialized academic databases such as the Liverpool Drug Interaction databases for 

HIV and hepatitis therapies (10,71,75,76) 

Comparative studies consistently indicate an important degree of discordance across ICs 

regarding which drug pairs are flagged and how severity and management recommendations 

are presented (57,65-73). Consequently, the clinician’s exposure to pDDI information depends 

on the specific tool selected and may plausibly influence prescribing decisions. This 

phenomenon has been described in broad comparisons of multiple ICs, in real-world 
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evaluations, and in domain-specific comparisons (e.g., antiretroviral pDDI resources) 

(69,79,81,86). This important limitation may be directly linked to the epistemic foundations of 

pDDIs themselves. The evidence base underlying many DDIs is heterogeneous and 

encompasses a wide variety of study designs, including in vitro experiments, case reports, case 

series, observational analyses, PK trials, and both randomized and non-randomized clinical 

studies, reflecting the methodological diversity of research used to establish and evaluate DDIs 

(87,88). 

Empirical reviews illustrate the consequences of this heterogeneity. In a systematic review of 

psychotropic pDDIs associated with clinical adverse effects, only a minority of these pDDIs 

were supported by controlled studies, whereas many relied solely on uncontrolled investigations 

or case reports (89). Similar patterns emerge even for extensively studied drugs. In a systematic 

review of warfarin DDIs including 72 studies, only 11 were randomized trials, while the 

remaining 61 were observational designs, often retrospective and potentially subject to 

confounding and selection bias (90). 

Together, these elements may reduce the consistency of evidence synthesis and contribute to 

variability in how DDI risk is interpreted across different sources. 

1.4.4 Clinical Decision Support Systems 

Clinical decision support systems (CDSS) are automated tools designed to assist prescribing 

physicians and hospital pharmacists by identifying therapies that may lead to ADRs (72). These 

systems can detect a variety of potential problems, including dosing errors, substances 

associated with allergy risk, and combinations of co-administered drugs that may be potentially 

harmful due to pDDIs (91).  
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However, the generation of an excessively high number of alerts in routine clinical practice, 

many of which represent false positives (FP) or low-relevance signals, has led to the 

phenomenon known as alert fatigue. Alert fatigue can be defined as the mental state resulting 

from continuous exposure to a large number of clinically irrelevant alerts, which may lead 

clinicians to inadvertently ignore important warnings together with those of minor relevance 

(92,93). 

Empirical studies consistently demonstrate that prescribers override the majority of alerts 

generated by CDSS. In a recent systematic review and meta-analysis including more than half 

a million prescriptions, approximately 90% of DDI alerts were overridden by physicians 

(94,95).  

Cases of serious and preventable ADRs associated with the systematic overriding of existing 

alerts have been reported in the literature (96). Beyond these concerns, the effectiveness of alert-

based systems themselves has also been questioned. A recent multicenter controlled study by 

Baysari and colleagues designed to evaluate the impact of DDI alerts on hospital readmission 

rates in the presence of pDDIs and clinically manifested DDIs, showed a significant reduction 

in readmissions among patients with pDDIs, regardless of their clinical relevance (25). In 

contrast, no reduction was observed for readmissions associated with clinically relevant DDIs, 

(25). 

This lack of effect may represent a practical consequence of alert fatigue itself. For an alert to 

influence prescribing behavior, clinicians must first recognize the relevance of the signal. In 

other words, when DDI alerting systems generate an excessive number of notifications, their 

practical utility may approach that of having no alerting system at all. 
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On the one hand, these findings further reinforce the importance of focusing alerting systems 

on high-severity pDDIs in order to improve their efficiency. On the other hand, they raise an 

ethical concern. If reductions are observed in the number of theoretical pDDIs without a 

corresponding reduction in clinically relevant DDIs, this effect may paradoxically reflect the 

avoidance of prescriptions that are generally safe. The possibility that excessive alerting may 

produce not only a neutral but also a potentially detrimental effect has been suggested (97). 

1.4.5 Medication review 

Medication review represents a structured clinical process, often multidisciplinary, in which a 

healthcare professional, typically a clinical pharmacist or clinical pharmacologist, evaluates the 

patient’s overall pharmacotherapy with the aim of optimizing medication use (98). The objective 

is to prevent, identify, and resolve drug-related problems, including pDDIs (99). During this 

process, clinicians may decide to maintain a combination flagged as interacting when it is 

considered clinically justified, integrating into the evaluation factors such as comorbidities, 

laboratory data, and therapeutic indications, or, when appropriate, considering deprescribing 

strategies (100). Structured set of criteria can guide medication review in high-risk patient 

groups. For example, the Beers Criteria and the STOPP/START criteria are commonly used to 

identify potentially inappropriate medications in older adults (101,102).  

Although medication review partially relies on the IC tools described above, it enables a patient-

specific approach with a high degree of clinical contextualization. This allows clinicians to 

assess the real clinical relevance of potential interactions rather than relying solely on theoretical 

alerts. 

The main limitation of medication review lies in its resource requirements. These approaches 

are time-consuming, difficult to scale to large populations, and strongly dependent on the 



23 
 

expertise of the professionals involved (103,104). Nevertheless, comparisons between 

medication review strategies and automated CDSS approaches suggest that medication review 

may achieve higher levels of clinical acceptance. In a large teaching hospital, Beeler and 

colleagues reported that a consulting pharmacist reviewing the same patients issued less than 

3% of the number of recommendations that would have been generated by a CDSS while 

maintaining a high (>75%) rate of acceptance and implementation by treating physicians (105). 

However, no definitive conclusions can be drawn regarding the impact of medication review on 

hard clinical outcomes. Evidence from recent systematic reviews suggests that medication 

review and deprescribing interventions can slightly improve medication appropriateness and 

reduce potentially inappropriate medications in hospitalized older adults (106). These 

interventions appear feasible and safe and may contribute to modest but significant reductions 

in hospital readmissions, likely by decreasing ADRs and clinically relevant DDIs. However, 

their impact on harder outcomes such as mortality remains uncertain and may be limited by the 

availability of long-term follow-up data (106). 

1.5 Strategies to Improve the Identification, Prioritization, and Evidence 

Base of pDDIs 

Most strategies to reduce the gap between potential pDDIs and clinically relevant DDIs and to 

make the process of identifying and managing pDDIs less demanding converge on one of four 

often complementary approaches: (i) standardization of evidence and information in pDDI 

sources, (ii) prioritization and contextual filtering, (iii) use of artificial intelligence (AI) as 

support for prescribing, and (iv) validation and updating using real-world data. 
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1.5.1 Standardization of evidence and information in pDDI sources 

Expert panels, mainly developed in the United States, have proposed structured approaches to 

improve the consistency and transparency of the DDI information used in clinical decision 

support (1,107,108). In these approaches, the knowledge bases used by ICs and CDSS should 

be built and maintained through standardized processes. Professional societies or academic 

expert groups are expected to play a central role in identifying and classifying pDDIs using 

structured evaluation procedures (107). 

Several frameworks have therefore been proposed to support the systematic assessment of pDDI 

evidence. These frameworks generally address three sequential questions: whether a pDDI 

exists (109), whether it is clinically relevant, and how the associated risk should be managed in 

clinical practice. 

Experts also recommend that a set of key elements should be systematically reported for each 

interacting drug pair. These include the classification of seriousness, which is considered more 

informative than the commonly used concept of severity, the potential clinical consequences of 

the DDI, the estimated frequency of harm or exposure, and recommended management 

strategies. Additional elements include factors that may modify patient susceptibility, the 

pharmacological mechanism of the DDI, the quality of the supporting evidence, and access to 

the underlying documentation (1,107). 

The most critical information, especially management recommendations, should appear at the 

beginning of the alert. Additional details can remain available if needed, for example, through 

expandable sections or linked documentation (59). 

Classification systems should remain simple and transparent. Limiting the number of 

seriousness categories can improve both interpretability and consistency across systems. The 
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highest category should correspond to pDDIs that trigger interruptive alerts, meaning alerts that 

interrupt the prescribing workflow and require clinician action (110). Lower categories may 

correspond to non-interruptive notifications or to pDDIs that should not generate alerts at all. 

The term contraindicated should be used cautiously. It should be reserved for situations in which 

no clinical circumstance exists in which the benefits of the drug combination outweigh the risks. 

In practice, however, many pDDI described as contraindicated in drug information sources 

represent situations that require careful management rather than absolute avoidance (110). 

Extrapolation of DDIs to entire pharmacological classes should also be approached with 

caution. PK pDDIs are often drug-specific, and the magnitude of the effect may vary 

substantially between agents belonging to the same class, depending on their inhibitory or 

inducing potency (1). 

For PK pDDIs, reporting pharmacokinetic changes alone is often insufficient. Whenever 

possible, the expected clinical consequences should be described, and estimates of the frequency 

of adverse outcomes should be provided (1).  

1.5.2 Prioritization and contextual filtering 

One operational approach is to limit the number of pDDIs presented to the prescriber. 

This can be implemented in different ways. One option is to allow clinicians to filter alerts and 

display only predefined categories of pDDIs. Another approach relies on dynamic processes 

that incorporate physician feedback and periodic reassessment by expert panels, which review 

pDDIs that may have been incorrectly classified (99-102). 

Interventions such as selective alert inactivation, severity reclassification, contextualization, 

and threshold adjustment have been associated with substantial reductions in alert volume and 

improved clinical acceptance rates (114). In particular, the reorganization of alerts according to 
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severity levels, often referred to as tiering, and the targeted suppression of low-relevance alerts 

have been shown to increase adherence to high-severity alerts (113). 

Improving DDI alerting systems also requires increasing the specificity of alert-triggering rules. 

Alert systems should consider contextual factors that influence the likelihood that a pDDI will 

lead to clinically relevant harm (114,115). These include characteristics of drug exposure, such 

as dose, route of administration, and treatment duration. The clinical indication and the order in 

which therapies are initiated may also influence pDDI risk. Timing of administration and 

laboratory data may be relevant as well, although integrating these latter elements into alert 

systems remains challenging (92,107). These approaches, however, require stable 

multidisciplinary governance and regular review processes.  

Another strategy considered is to abandon integrated CDSS alerts and instead make ICs freely 

available for voluntary consultation by prescribers. However, the advantages of this approach 

remain unclear. Observational experiences suggest that prescribers rarely consult such tools 

spontaneously when they are not integrated into the prescribing workflow, whereas their use 

remains high among hospital pharmacists and clinical pharmacologists (105). 

1.5.3 AI as support for prescribing 

NLP methods, i.e., computational methods designed to represent and analyze human language 

computationally (116), have been used to convert unstructured clinical narratives into structured 

medication data that can support clinical decision systems (117,118). NLP has also been applied 

to automatically extract pDDI information from regulatory and biomedical texts, although 

performance remains variable due to complexity and heterogeneity in drug labels (119). 

More advanced approaches based on machine learning and neural networks have been proposed 

to improve medication alerting systems (120). In some hospital settings these methods have 
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shown the potential to substantially reduce alert burden, in certain cases by up to 90 percent, 

while improving positive predictive value compared with traditional rule-based systems (120).  

Some of these models use clinical, prescribing, and contextual variables to predict alert 

overrides and dynamically adjust alert generation (121); other approaches use data derived from 

electronic health records to identify patients whose prescriptions are at higher risk of medication 

error and to prioritize medication review (122) 

Hybrid systems combining predefined clinical rules with machine learning models have been 

evaluated. In these systems, predefined clinical rules identify potential prescribing errors, while 

neural networks trained on prescription and clinical data refine the signal and filter FP based on 

patient-specific clinical conditions (117).  

However, the current literature indicates that a majority of machine learning models have been 

developed using monocentric datasets and have undergone only internal validation. Real-world 

implementation remains limited, and systematic external validation is often lacking. These 

limitations restrict the generalizability of the results and suggest caution in large-scale adoption 

(120). 

More recently, several studies have explored the use of generative large language models to 

extract pDDI information from unstructured sources such as product labels, with promising 

preliminary results (123). Nevertheless, issues such as hallucination risk, difficulties in 

assessing output reliability, and the environmental cost associated with large models suggest 

that the real advantages of these approaches remain uncertain (124). 
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1.5.4 Validation/Updating with Real-World Data 

The use of real-world data may serve two primary purposes: reducing the structural uncertainty 

surrounding many pDDIs by strengthening existing evidence and identifying new pDDI signals 

worthy of further investigation. 

In the context of evidence generation for pDDIs, spontaneous reporting systems (SRSs) 

represent a first-line tool for the timely identification of signals of potentially clinically relevant 

DDIs. DDIs, which are rarely fully explored during the pre-marketing phase, find in post-

marketing pharmacovigilance (PV) a privileged setting for their detection through 

disproportionality analyses applied to large spontaneous reporting databases (125,126). 

Nevertheless, SRSs are affected by numerous potential biases, including notoriety bias, 

competition/masking effect, and channeling bias, all of which may distort both the presence and 

the apparent absence of signals. (115-117) 

In particular, the absence of disproportionality for known DDIs should be considered an element 

of interest, but only a preliminary one, to be integrated with appropriately designed analytical 

observational studies (130). From this perspective, PV performs a triage and prioritization 

function: identifying previously unrecognized combinations deserving further investigation or, 

conversely, preliminarily signaling the need to reassess hypothesized pDDIs not corroborated 

by real-world data.  

The integration of data derived from Electronic Health Records (EHRs) allows overcoming 

some intrinsic limitations of spontaneous reporting systems, particularly the lack of reliable 

denominators, underreporting, and limited clinical granularity (131). However, the literature 

shows that the application of EHR data for signal detection remains methodologically 

heterogeneous; studies differ in design, handling of temporality, confounding control, and 
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management of multiple testing, and have only sporadically been applied specifically to DDIs 

(131). Targeted EHR-based data mining applications have demonstrated that it is possible to 

identify and replicate known pDDI signals using objective clinical criteria and laboratory 

trajectories, as in the case of pDDIs associated with acute kidney injury (132). Such experiences 

suggest that real-world data may function both as a hypothesis-generating tool and as a 

refinement layer for pDDIs already included in knowledge bases, provided that the resulting 

signals are subsequently subjected to clinical review and expert contextualization (132). 

A further evolution in evidence generation derives from the integration of AI techniques applied 

directly to clinical text. In a multicenter study based on hospital EHR data from more than 

500,000 patients, Kaas-Hansen and colleagues developed an end-to-end, language-agnostic 

pipeline capable of associating latent information contained in clinical notes with exposures to 

individual drugs and drug pairs, without relying on curated ontologies or predefined dictionaries 

(133). This approach enabled the identification of potentially relevant signals for drug 

combinations, including a relevant proportion of possible pDDIs not previously described, 

thereby generating shortlists of signals to be submitted for expert review (133). 

While various PV approaches allow for the initial identification of signals, or for the assessment 

of signal absence, their validation requires appropriately designed analytical observational 

studies. Such approaches primarily generate hypotheses regarding suspicious drug 

combinations, but the resulting “signal” does not constitute definitive proof; rather, it represents 

an alert requiring subsequent validation. 

In this sense, pharmacoepidemiology provides the conceptual and operational framework for 

evaluating the real-world clinical outcomes of pDDIs. Nevertheless, epidemiological studies on 

DDIs present specific methodological challenges, including misclassification of concomitant 
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exposure, multiple confounders related to each drug, immortal time bias, and the distinction 

between the direct effect of the precipitant drug and the true DDI effect (134). These issues 

require careful attention and complex design strategies, including separate analyses according 

to the order of drug initiation, the use of negative controls, and sensitivity analyses addressing 

exposure definitions (134). 

Interventional clinical studies represent a theoretically possible approach to DDI evaluation. 

The literature presents numerous examples of studies designed to assess the impact of drug co-

administration (123-126). It should be emphasized that, although these studies offer the 

methodological advantage of operating under highly controlled conditions, they are often 

conducted as sub-studies within larger trials or in healthy volunteers, with limited sample sizes, 

selected drug pairs, predominantly PK endpoints, and controlled experimental settings.  

 

 

All the strategies discussed converge on two fundamental and interconnected planes of 

intervention. The first is epistemic in nature and is oriented toward the consolidation, 

standardization, and hierarchical organization of the evidence underlying pDDIs in order to 

reduce heterogeneity in classification and management. The second is operational and is aimed 

at the concrete implementation of tools capable of identifying, filtering, and prioritizing pDDIs 

in real clinical settings, reducing cognitive burden and improving the clinical relevance of alerts. 

As detailed in the following chapters, several of these strategies were applied in an integrated 

manner throughout this thesis: (a) a structured approach was developed to compare and 

standardize pDDI management recommendations across different sources; (b) an expert-derived 

gold standard for high-severity pDDIs was constructed and progressively refined; (c) an NLP-
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based tool for the automated identification of pDDIs in hospital prescribing data was evaluated 

and further informed. 

Finally, this work led to the identification of a database of high-interest pDDIs in real-world 

prescribing contexts, which constitutes a methodologically solid foundation for future 

validation, evidence generation, and in-depth investigation using real-world data.   
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2 - Thesis objectives 
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This thesis aimed to address the following research questions: 

1. How can management recommendations for pDDIs be systematically compared across 

different sources? 

2. What level of consensus exists among sources regarding pDDIs management 

recommendations? 

3. How can an expert-derived gold standard for the identification of high-severity pDDIs 

be constructed and refined?  

4. To what extent can an NLP-based tool identify pDDIs in hospital prescribing data? 

To address these questions, three studies were conducted. 

1. The first study was a methodological investigation aimed at developing and testing a 

structured approach to standardize and compare pDDI management recommendations 

across different ICs commonly used in clinical practice. It also evaluated the extent of 

agreement among these recommendations within a set of clinically relevant pDDIs 

identified in a real-world hospital context. 

2. The second study focused on the construction and initial validation of an expert-derived 

gold standard for the identification of high-priority pDDIs. This gold standard was 

subsequently used to perform a first evaluation of the performance metrics of an NLP-

based detection tool. 

3. The third study aimed to refine the limitations of the gold standard through a structured 

and sequential process of comparison with the aforementioned NLP tool. In addition, 

the information derived from this comparative analysis was used to inform subsequent 

improvements of the NLP system. 
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The overall objective of these studies was to lay the groundwork for both epistemic and 

operational advancement in the identification and prioritization of clinically relevant pDDIs.   
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3 - Standardizing and comparing management recommendations 

for potential drug-drug interactions across different interaction 

checkers  
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3.1 Context and objectives  

Most pDDIs identified in the available sources, such as reference documents and ICs, do not 

translate into clinically observable events, whereas only a minority may be associated with 

severe outcomes. This gap between the theoretical burden of pDDIs and their measurable 

clinical impact generates a practical dilemma: which pDDIs should be prioritized and 

brought to the clinician’s attention as requiring immediate action, while simultaneously 

avoiding over-alerting that contributes to alert fatigue and erodes trust in decision-

support tools? 

While local regulatory sources serve as essential institutional references, they may offer limited 

information regarding the level of evidence or provide insufficiently standardized practical 

guidance. Several commercial ICs are commonly used to inform clinical decisions; however, 

they may differ not only in the list of pDDIs identified and in severity classification, but also, 

and more critically, in the management recommendations they provide. 

Within the existing literature, several studies have compared ICs in terms of pDDIs presence or 

severity grading. Nonetheless, a methodological gap persists regarding the systematic 

comparison of management recommendations, which represent the component most directly 

driving clinical action. The principal challenge lies in the absence of a shared metric capable of 

translating textual recommendations and heterogeneous informational structures into 

comparable categories applicable to real-world settings and suitable for prioritization. 

This study addresses this need by developing and testing a classification scale for pDDI 

management recommendations, with the objectives of: (i) standardizing and enabling 

comparison of management recommendations across different ICs; (ii) quantifying inter-IC 

agreement on management recommendations, focusing on clinically relevant pDDIs identified 
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in a real-world hospital context; and (iii) describing, when available, variability in the reported 

level of evidence supporting pDDIs as a potential determinant of discordance. 

 

The following section constitutes a faithful reproduction of the article published in the journal 

Drug Safety and available at the following DOI (https://doi.org/10.1007/s40264-025-01637-3). 

The only modifications made relate to text formatting and the numbering of references, which 

have been adapted to ensure consistency with the formatting of the present thesis.  

Note. Tables and figures follow the internal numbering system used within the study and have 

not been renumbered across chapters. Abbreviations are defined at their first occurrence in each 

article, regardless of previous definitions in the thesis. 
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3.2 Article 

Abstract  
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Introduction 

Drug-drug Interactions (DDIs), which occur when one medication affects the activity of 

another, are highly prevalent in hospitalized patients (139), especially among older adults and 

patients on polypharmacy (39,44,56). Improving knowledge of DDIs and developing preventive 

strategies are key to enhancing patient safety and quality of care. 

The high number of potential DDIs (pDDIs), defined as the concomitant administration of at 

least two potentially interacting drugs, has led to the development of several interaction 

checkers (ICs) (24,70), which are generally expected to screen prescribed medications, identify 

pDDIs, provide prescribers with actionable management advice, and help prioritize clinically 

relevant pDDIs. Moreover, and ideal IC should ensure transparency and regular updates. 

However, ICs integrated into prescription tools often generate an overwhelming number of 

alerts, many of which pertain to low-risk pDDIs. Although theoretically possible, many of these 

pDDIs are considered to have minimal impact on the efficacy or safety of the involved drugs. 

More importantly, they contribute to the well-documented phenomenon of “alert fatigue”, 

where prescribers become desensitized to warnings and may overlook critical pDDIs (92,140–

142). 

Despite the routine use of several ICs (70), these tools often show limited concordance in the 

identification and classification of pDDIs (143,144). Additionally, evidence suggests that 

discrepancies exist not only among ICs but also between ICs and Summaries of Product 

Characteristics (SmPCs), which have been shown to provide limited and sometimes incomplete 

information (79). Moreover, a significant proportion of pDDIs stem from theoretical or 

anecdotal evidence (89), potentially contributing to variability in clinical decision-making and 

suboptimal therapeutic outcomes. 
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To address these challenges, real-world studies focusing on the most clinically relevant pDDIs 

may be helpful. Furthermore, establishing a consensus on best practices for identifying, 

prioritizing, and managing pDDIs based on their clinical priority could help improve 

prescription quality and reduce DDI-related adverse reactions. Although several studies have 

compared ICs, they mostly focused on severity categories, with limited attention to information 

regarding their management (69,80,84,145). There remains a need for a systematic 

standardization of management recommendations across different ICs. The present study aims 

to address these gaps by developing and testing a method for prioritizing, standardizing, and 

comparing the management recommendations of clinically relevant pDDIs through some of the 

most widely used ICs. Moreover, this study aims to evaluate whether and to what extent these 

ICs agree on the management recommendations of pDDIs and to assess the level of evidence 

supporting the existence of each pDDI. 

By achieving these objectives, this study seeks to contribute to more effective and consistent 

management of DDIs, ultimately improving prescribers’ awareness and patient safety. 

Methods 

Development of a Scale for pDDIs Management Recommendations 

Six ICs were selected for this study: the ANSM Thesaurus (ANSM Thesaurus des interactions 

médicamenteuses), the British National Formulary (BNF, No. 85 - March 2023), Drugs.com, 

Epocrates, UpToDate® Lexidrug™ (formerly Lexicomp™), and Medscape (146–151). 

To classify and compare the management recommendations of pDDIs across these six ICs, a 

scale was developed based on a sample of 70 pDDIs randomly extracted from the ANSM 

Thesaurus (Fig. 1). This number was expected to capture the range of distinct management 

scenarios reported across ICs. 
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Figure 1 Workflow for the development and application of the method for classifying, 

prioritizing, and comparing management recommendations for potential drug-drug 

interactions.  

ASDEC: Association not recommended; CI: Contraindicated; DDI: Drug-Drug Interaction; 

NLP: Natural Language Processing; Romedi: Référentiel Ouvert du Médicament (i.e., a French 

open-access drug referential for semantic interoperability). 

 

To generate an initial list of pDDIs for the development of the scale, a single IC was selected as 

the reference standard. The ANSM Thesaurus was chosen because it serves as the official 

national standard for pDDIs in France (146), and thus reflects the clinical setting of the study’s 

real-world application phase. The remaining five ICs were included due to their widespread use 

in clinical practice and the inclusion of both open-access and subscription-based tools (152). A 

summary of the information structure and content in each IC is provided in the Supplementary 

Table 1. 
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One author (L.C.) extracted the complete set of information on pDDIs from each IC. Two 

authors (L.C. and F.S.) independently reviewed the extracted data and identified the most 

relevant sections of each IC for classifying management recommendations (Supplementary 

Tables 1-4). Common patterns of management scenarios were then systematically identified by 

L.C. and F.S. based on recurring textual and conceptual elements. The identified scenarios 

included: a) prohibition of co-administration; b) context-dependent avoidance, based on clinical 

risk-benefit assessment; c) patient monitoring (e.g., ECG, serum potassium, INR); d) dose 

adjustment; e) timing or route of administration modification; f) general caution without specific 

intervention; g) acknowledgment of the pDDI without any recommended action; h) absence of 

a documented interaction. Combinations of these patterns occasionally occurred (e.g., 

monitoring AND dose adjustment). An additional set of 20 pDDIs was evaluated by one author 

(L.C.) to assess the completeness of these scenarios; no additional management scenarios 

emerged. An iterative refinement process was conducted to reduce subjectivity in the definitions 

of the management categories and their application conditions. The resulting classification 

system was consolidated into the following four categories: 

1) High-priority (Avoid): the pDDI is explicitly described as contraindicated, or 

discontinuation/substitution is the only course of action mentioned or reasonably 

implied (e.g., “Contraindicated”, “Avoid”, “Use alternative”, “Avoid or use 

alternative”). It includes the above identified scenario “a” 

2) Intermediate-priority (Conditional co-administration): co-administration may be 

acceptable only if specific clinical actions are implemented. These may include 

therapeutic monitoring, dose adjustment, or benefit-risk evaluation. Avoidance 
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recommendations are not absolute (e.g., “generally avoid”, “avoid or monitor”). It 

includes the above identified scenarios “b” to “e” 

3) Low-priority (No action required): the pDDI, while possibly acknowledged, does not 

require any specific intervention beyond general clinical awareness. This includes 

pDDIs explicitly stated as not clinically relevant, those listed without any associated 

recommendation, and associations reported as non-interacting. It includes the above 

identified scenarios “f” to “h” 

4) Data unavailable: at least one of the two drugs was not listed in the IC’s database, 

preventing the association from being evaluated.  

This categorization was further tested by an external evaluator, not involved in the scale 

development (J.R.), who reclassified the management recommendations from the same initial 

sample of 70 pDDIs, using the above-reported classification. The inter-rater agreement between 

the external evaluator and the developers of the scale was very high (Cohen’s κ = 0.85), thus 

supporting the clarity and internal coherence of the proposed criteria. Table 1 provides a detailed 

mapping of the management recommendations across the different ICs.  

Identification and Classification of High-Priority and Intermediate-Priority pDDIs in 

Hospital Prescriptions  

This phase of the study was performed using data from the Bordeaux University Hospital data 

warehouse. This institution, which manages approximately 250,000 hospitalized patients and 

100,000 emergency visits annually, implemented a data warehouse in 2017 based on an i2b2 

(Informatics for Integrating Biology and the Bedside) structure (153,154). The data warehouse, 

encompassing all diagnoses, laboratory results, drug prescriptions, and numerous other 

variables, is structured as a relational multi-table database, which allows for more efficient 
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querying compared to traditional compartmentalized systems (155). To perform queries, 

ontology alignment has been performed, and ad hoc natural language processing (NLP) tools 

have been developed, including Romedi (Référentiel Ouvert du Médicament), a French drug 

terminology tool for extracting drug information from text (27,29-31).  

Potential DDIs were extracted from clinical records from hospital discharges or consultations 

in the Cardiothoracic Department between January 2018 and June 2020. The sample included 

1,923 patients aged 65 years or older with at least one drug prescription. Medication lists were 

extracted from these records using NLP techniques, including Named Entity Recognition (159). 

A list of all possible drug-drug pairs was generated from each discharge or consultation 

prescription.  

Detection of pDDIs from the obtained list of drug-drug pairs was performed using an automated 

pharmacoinformatic tool developed by Synapse Medicine, a spin-off from the University 

Hospital of Bordeaux, based on the ANSM Thesaurus. This tool has been previously used to 

identify pDDIs in French healthcare databases (55,160). 
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Table 1 Classification of management categories according to each interaction checker. 

Standardized Categories ANSM Thesaurusa BNFa Drugs.com Epocratesa Lexidruga Medscape 

High-priority 

(Avoid) 
Contraindicated 

Action statements 

prohibiting the co-

administration 

Action statement: 

Contraindicated 

Action statements 

prohibiting the co-

administration 

Risk rating: X - 

Avoid 

Combination 

Action statements: 

“Contraindicated”, 

“Avoid or Use 

Alternate Drug” 

Intermediate-priority 

(Conditional co-administration) 

 

Avoid, unless 

benefits outweigh 

harms; Precaution of 

use; 

Action statements 

discouraging the 

association, 

without 

prohibiting it; 

Action statements 

suggesting a 

therapy 

adjustment 

Action statements: 

Generally Avoid; 

Adjust 

Dose/Adjust 

Dosing Interval; 

Monitor; Monitor 

closely; 

Action statements 

discouraging the 

association, without 

prohibiting it; Action 

statements 

suggesting a therapy 

adjustment; 

Risk rating: D - 

Consider therapy 

modification; C - 

Monitor Therapy; 

Action statements: 

“Modify Therapy 

or Monitor 

Closely”; “Use 

Caution or- 

Monitor”; 

Low-priority 

(No action required) 

 

To be considered; 

No interaction 

Action statements 

that do not define 

any clear clinical 

intervention; No 

action statement; 

No interaction 

No action 

statement; No 

interaction 

Action statements 

that do not define 

any clear clinical 

intervention; No 

action statement; No 

interaction 

Risk rating: B - 

No Action Needed 

Action statement: 

“Minor or 

Significance 

Unknown” 

No action 

statement; No 

interaction 

 

Data unavailable One or both drugs were not listed in the interaction checker’s database, preventing any evaluation of the interaction. 

aA detailed list of the action statements/categories is reported in Supplementary Tables 1-3.
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The study focused only on high- or intermediate-priority pDDIs (specifically, those classified 

as “Contraindicated” and “Avoid, unless benefits outweigh harms” according to the internal 

classification of the ANSM Thesaurus). 

The detected pDDIs were manually screened and compared to the latest version of the ANSM 

Thesaurus, which was published on September 15, 2023.  

Agreement between interaction checkers  

The detected pDDIs were then searched in the five additional ICs and categorized using the 

developed scale. When an IC provided different management recommendations for the same 

pDDI based on distinct clinical subgroups or patient characteristics, the lowest-priority 

scenario (i.e., the one requiring less stringent requirements or less intensive monitoring) was 

consistently retained. For fixed drug combinations (e.g., sulfamethoxazole/trimethoprim), 

the management recommendation for the combination was used as a representative for the 

management of the individual components. Additionally, when multiple administration 

routes were reported, the systemic route was considered. 

Level of evidence assessment 

Among the six ICs included, only Lexidrug and BNF provided a structured grading scale for 

evidence supporting each pDDI. Drugs.com listed supporting references for pDDIs, but did 

not apply an explicit grading system. The remaining three ICs did not provide any 

information on the underlying evidence. 

BNF and Lexidrug, were therefore used to summarize the evidence supporting the identified 

pDDIs. The classification criteria of the two ICs (Supplementary Table 5) show limited 

overlap. For example, BNF’s highest category (Study) includes all pDDIs based on formal 

studies. In contrast, Lexidrug uses four categories, three of which (i.e., Excellent, Good, and 

Fair) can apply to DDIs based on either observational or interventional studies. Due to these 
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significant differences in classification systems, defining equivalence criteria to measure 

agreement between the ICs was not feasible. Consequently, a descriptive analysis was 

conducted to examine potential overlaps in their evidence grading systems. 

Statistical analyses 

Descriptive analyses 

A descriptive analysis was performed on pDDIs identified through the ANSM Thesaurus. 

Drugs were categorized using the Anatomical Therapeutic Chemical (ATC) classification, 

and pDDIs were described according to their potential clinical outcomes (e.g., QT 

prolongation, hyperkalemia). 

Primary analysis  

This analysis assessed agreement among ICs in classifying pDDIs according to the categories 

of the developed scale. The agreement was quantified using Gwet’s AC1 with corresponding 

95% confidence intervals (95% CIs) (161). Gwet’s AC1 is a statistical measure for defining 

inter-rater reliability, applicable in settings with multiple raters and categorical data. It ranges 

from -1 to 1, with interpretative thresholds for point estimates applied as follows: <0.20 

(Poor), 0.21-0.40 (Fair), 0.41-0.60 (Moderate), 0.61-0.80 (Good), and 0.81-1.00 (Very Good) 

(161). Agreement was assessed across all five ICs, as well as across subsets obtained by 

systematically excluding one IC at a time. All analyses were restricted to pDDIs classified as 

non-missing by at least 2 ICs.  

As the BNF does not provide action statements for most pharmacodynamic (PD) pDDIs due 

to editorial policy, such pDDIs were excluded from inter-IC comparisons to prevent 

introducing systematic distortion into the agreement estimates. 

Additionally, since some ICs focus on substances authorized in the UK or the US, to account 

for the potential geographic bias related to drug availability, an evaluation was conducted to 

assess whether restricting the dataset only to molecules authorized in both countries would 
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affect results. Given that the primary analyses already excluded pDDIs absent from any IC 

involved in each comparison, the resulting dataset showed substantial overlap (98.2%) with 

the subset of pDDIs authorized in both the UK and the US. Therefore, no additional 

restriction or stratification was applied. 

Secondary analyses  

These analyses evaluated: a) binary agreement among ICs in classifying pDDIs as requiring 

any clinical intervention (high- and intermediate-priority); b) binary agreement among ICs 

in classifying high-priority pDDIs; c) positive percent agreement (PPA) between ANSM and 

each IC in detecting pDDIs requiring any clinical intervention (high- and intermediate-

priority); d) PPA between ANSM and each IC in detecting high-priority pDDIs.  

Binary agreement and PPA analyses were based on dichotomized versions of the original 

scale (e.g., “high-priority” vs. all others). PPA was defined as the proportion of pDDIs 

classified in the same priority group as the ANSM Thesaurus (used as reference), over the 

number of pDDIs with an available classification in the comparator IC. Analyses excluded 

pDDIs labeled as “Data unavailable”. 

A sensitivity analysis was conducted by restricting the dataset to PD pDDIs, as explicitly 

identified by the BNF, using only the four remaining ICs. 

Assessment of the evidence 

For each IC that provided structured evidence levels (i.e., BNF and Lexidrug), pDDIs were 

stratified according to their respective evidence categories. We then identified the subset of 

pDDIs for which both ICs reported an evidence level and compared their classifications using 

a heatmap, with each cell showing the absolute number and the percentage of pDDIs within 

each evidence-level combination.  

  



49 
 

Results 

Potential DDIs extracted from discharge records 

A total of 218 unique pDDIs were identified, with 40 classified as high-priority 

(“Contraindicated”) and 178 as intermediate-priority (specifically, “Avoid, unless benefits 

outweigh harms”), according to the ANSM Thesaurus. These 218 pDDIs involved 133 

unique substances, as 88 drugs were related to multiple pDDIs. For example, amiodarone 

was involved in 19 pDDIs, apixaban in 16, valsartan in 12, and both irbesartan and 

escitalopram in 11. Most of the substances were cardiovascular drugs (ATC group C - n = 

43; 32.3%), followed by nervous system drugs (ATC group N - n = 24; 18.0%) and anti-

infectives for systemic use (ATC group J - n = 16; 12.0%). Less than one-quarter of pDDIs 

(n = 46; 21.1%) involved cardiovascular drugs only.  

Out of 218 different pDDIs, the most common potential outcomes were cardiac rhythm and 

conduction disorders (n = 50; 22.9%), bradykinin-induced angioedema (n = 49; 22.5%), and 

bleeding (n = 29; 13.3%).  

A complete list of the 218 identified pDDIs is provided in the Supplementary Table 6. 

Further information on the categorization of the identified pDDIs by each additional IC, is 

provided in Figure 2 and in the Supplementary Figure 1. 

Agreement among ICs  

Overall agreement among the five ICs in classifying pDDIs across the defined categories 

was moderate (Gwet’s AC1: 0.44; 95% CI: 0.39-0.50) (Table 2). Agreement improved when 

Medscape was excluded (AC1: 0.58; 95% CI: 0.51-0.65; moderate agreement), while 

removing Lexidrug resulted in the lowest agreement (AC1: 0.38; 95% CI: 0.31-0.44; fair 

agreement). 
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Table 2 Agreement between the comparison ICs in classifying pDDIs.  

  
All the defined 

categories 

High- or 

intermediate-priority 

vs. low-priority 

High-priority 

vs. intermediate- 

or low priority 

Interaction 

checkers 

Compared 

pDDIs (n) 

Gwet’s AC1 (95% 

CI) 

Gwet’s AC1  

(95% CI) 

Gwet’s AC1  

(95% CI) 

All 5 ICs 185 0.44 (0.39, 0.50) 0.72 (0.65, 0.79) 0.62 (0.54, 0.69) 

Excluding BNF 183 0.44 (0.38, 0.51) 0.75 (0.68, 0.83) 0.59 (0.51, 0.67) 

Excluding 

Drugs.com 
185 0.38 (0.32, 0.45) 0.69 (0.60, 0.77) 0.54 (0.45, 0.63) 

Excluding 

Epocrates 
183 0.40 (0.33, 0.46) 0.71 (0.64, 0.79) 0.58 (0.50, 0.67) 

Excluding 

Lexidrug 
180 0.38 (0.31, 0.44) 0.71 (0.64, 0.79) 0.54 (0.45, 0.63) 

Excluding 

Medscape 
184 0.58 (0.51, 0.65) 0.72 (0.64, 0.79) 0.79 (0.73, 0.86) 

Gwet’s AC1 values range from -1 to 1. The agreement levels are categorized as follows: 

<0.20: Poor; 0.21-0.40: Fair; 0.41-0.60: Moderate; 0.61-0.80: Good; 0.81-1.00: Very 

Good. 

In the binary classification distinguishing pDDIs requiring any form of clinical intervention 

(i.e., high- or intermediate-priority) from low-priority ones, the overall agreement was good 

(AC1: 0.72; 95% CI: 0.65-0.79). The highest agreement was observed when BNF was 

excluded (AC1: 0.75; 95% CI: 0.68-0.83), while the lowest was observed after excluding 

Drugs.com (AC1: 0.69; 95% CI: 0.60-0.77). In the binary classification focused on high-

priority pDDIs, the overall agreement was slightly lower, despite remaining good (AC1: 

0.62; 95% CI: 0.54-0.69). The highest estimate was observed when Medscape was excluded 

(AC1: 0.79; 95% CI: 0.73-0.86), whereas the lowest values was observed when Drugs.com 

or Lexidrug were excluded (both AC1: 0.54; 95% CI: 0.45-0.63).A sensitivity analysis was 

performed on PD pDDIs only, as classified by the BNF. Since action statements were 

generally lacking within this IC, this subset was previously excluded from agreement 

calculations. The resulting agreement among the remaining four ICs was moderate (AC1: 

0.54; 95% CI: 0.44-0.63), slightly higher than the agreement observed in the full sample of 
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218 pDDIs when BNF was excluded (AC1: 0.44; 95% CI: 0.38-0.51), although confidence 

intervals overlapped. 

Comparison with the Reference Document  

Out of the 218 pDDIs classified as high/intermediate priority by the ANSM Thesaurus, 48 

(22.0%) were classified as such by all five ICs, while 123 (56.4%) were classified as 

high/intermediate priority by at least four ICs (Fig. 2). Approximately 15% (n = 32) of the 

pDDIs were not considered high-priority or intermediate priority by any IC.  
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Figure 2. The table is divided into three consecutive sections for readability. 

Colors represent management categories: Dark blue = high-priority, Intermediate blue = 

intermediate-priority, Light blue = low-priority, Grey = data unavailable. Rows are ordered 

by decreasing level of agreement across all five ICs (excluding “Data unavailable” 

classifications); in case of identical agreement, ordering follows decreasing management 

priority. The isolated rightmost column refers to the priority levels defined by the IC used for 

extraction (ANSM Thesaurus). For the BNF, 73 PD pDDIs were all classified as “Data 

unavailable” due to the near-systematic absence of associated management 

recommendations for this subset of pDDIs.  

Potential DDI names are provided in Supplementary Table 6. 

. 
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Only 4 of the 40 pDDIs classified as high priority by the ANSM Thesaurus were classified 

as such by all five ICs, while 11 (27.5%) were classified as high-priority by at least four ICs. 

More than a quarter of the pDDIs considered high priority by the ANSM Thesaurus were not 

considered as such by any other IC (11, 27.5%). 

PPA in identifying high- or intermediate-priority pDDIs was highest for Epocrates (82.1%, 

95% CI: 75.5-87.5), closely followed by Drugs.com (82.0%, 95% CI: 75.4-87.4). The lowest 

value was recorded for BNF (53.2%, 95% CI: 43.4-62.7) (Table 3).  

When the analysis was restricted to high-priority pDDIs alone, the PPA was generally lower. 

The highest value was observed for Medscape (79.3%, 95% CI: 60.3-92.0), followed by BNF 

(62.5%, 95% CI: 35.4-84.8), while the lowest was observed for Drugs.com (28.6%, 95% CI: 

13.2-48.7) 

Table 3 Positive percent agreement between each interaction checker and the reference 

document in classifying pDDIs as high- or intermediate-priority, and as high-priority 

alone. 

High- or intermediate-priority 

Interaction checkers 
Positive Percent Agreement  

(95% CI) 

ANSM Thesaurus - BNF 53.2% (43.4 - 62.7) 

ANSM Thesaurus - Drugs.com 82.0% (75.4 - 87.4) 

ANSM Thesaurus - Epocrates 82.1% (75.5 - 87.5) 

ANSM Thesaurus - Lexidrug 80.7% (74.6 - 85.8) 

ANSM Thesaurus - Medscape 76.5% (69.6 - 82.5) 

High-priority  

Interaction checkers 
Positive Percent Agreement  

(95% CI) 

ANSM Thesaurus - BNF 62.5% (35.4 - 84.8) 

ANSM Thesaurus - Drugs.com 28.6% (13.2 - 48.7) 

ANSM Thesaurus - Epocrates 48.4% (30.2 - 66.9) 

ANSM Thesaurus - Lexidrug 51.4% (34.4 - 68.1) 

ANSM Thesaurus - Medscape 79.3% (60.3 - 92.0) 

Positive Percent Agreement was defined as the proportion of pDDIs classified as high- and 

intermediate-priority, or high-priority by the ANSM Thesaurus that were also identically identified 

by the comparison ICs. It is expressed as a percentage with corresponding 95% confidence intervals. 
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Reported level of evidence supporting pDDIs  

The level of evidence was reported for 159 pDDIs by Lexidrug and for 80 pDDIs by BNF 

(72.9% and 36.7% of the 218 analyzed pDDIs, respectively). A total of 78 (35.8%) pDDIs 

had an evidence level reported by both ICs (Fig. 3). The majority of pDDIs reported by BNF 

(n = 53, 66.3%) had the highest level of evidence (“Study”), with the remainder classified as 

“Anecdotal” (12, 15.0%) or “Theoretical” (15, 18.8%). Among the 80 pDDIs for which BNF 

provided a level of evidence, 17 were classified as high-priority (21.3%), 42 as intermediate-

priority (52.5%), and 21 as low-priority (26.2%).  

Among the 159 pDDIs reported by Lexidrug, 23 (14.5%) were classified with an “Excellent” 

level of evidence, 69 (43.4%) as “Good”, and 67 (42.1%) as “Fair”. These included 43 were 

pDDIs as high-priority (27.0%), 114 classified as intermediate-priority (71.7%), and 2 

classified as low-priority (1.3%).  

Only 6 pDDIs were classified with the highest level of evidence by both sources, two of 

which were categorized as high-priority, and three as intermediate-priority by both ICs. The 

most common combination involved pDDIs classified as having a “Good” level of evidence 

by Lexidrug and a “Study” level of evidence by BNF.  
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Figure 3 Comparison of DDI evidence level classifications by BNF and Lexidrug based on 

their respective classification scales. Each cell shows the absolute number of pDDIs, 

followed by the percentage relative to the total number of pDDIs classified simultaneously 

by both ICs (n = 78). No harmonization was applied between the two evidence grading 

systems, which differ substantially in structure and criteria. The heatmap is intended as a 

descriptive visualization of potential common classification patterns.  

 

Discussion 

To the best of our knowledge, this is the first study developing and testing a method for 

classifying, prioritizing, and comparing management recommendations across ICs. The 

application of this method shows, through multiple analyses, that there is moderate and 

variable agreement among ICs concerning the management recommendations of pDDIs. The 

method also identified management categories reflecting distinct and heterogeneous 

definitions across ICs, which can be used to prioritize pDDIs and provide information on IC 

consensus to support risk minimization strategies in real-world clinical practice.  
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The methodological approach of this study led to a restricted number of management 

categories to ensure applicability in real-world settings and to support better alert 

prioritization, helping reduce prescriber fatigue by focusing on pDDIs requiring prompt 

clinical action, especially in frameworks that integrate multiple ICs. (94,162). An iterative 

process led to the definition of four primary management categories: three reflecting distinct 

levels of required clinical intervention, and one additional category for drugs not listed in the 

IC database. To minimize the risk that differences between ICs were due to subjective 

interpretation, the adopted scale relied as much as possible on the presence and conditional 

nature of the recommended clinical actions.  

The use of a reference standard enabled the assessment of the concordance of the ICs with 

the ANSM Thesaurus and a formal evaluation of the agreement among all other ICs.  

The choice of the ANSM Thesaurus was deemed the most appropriate due to the origin of 

the real-world setting data used in this study (67). The focus on pDDIs that must always be 

avoided or that require an intervention was considered highly appropriate because it 

constitutes the priority for improving the quality of prescription and minimizing the risk of 

DDI-related adverse reactions. Additionally, the analysis was limited to pDDIs previously 

considered high- or intermediate priority by at least one official source (the ANSM), thus 

ensuring that the agreement assessment focused on a subset of pDDIs with greater clinical 

relevance.  

Most primary and secondary analyses of this study indicate that the level of agreement 

between ICs in the management of clinically relevant pDDIs is limited and inconsistent, with 

substantial differences observed across sources. This lack of concordance persisted despite 

the use of a reduced set of essential management categories and the application of several 

mitigation strategies, including the exclusion of PD pDDIs from the BNF, and the further 

simplification of the classification into binary categories. 
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Although minor regional variations in DDI management may arise from differences in 

regulatory standards or clinical practice norms, such factors are unlikely to explain major 

discrepancies in management recommendations, which should ideally be based on common 

evidence-based principles (107). Missing data observed in certain ICs largely reflected their 

geographic scope (e.g., BNF for the UK, Drugs.com for the US), as these ICs generally did 

not include substances not marketed in their respective regions. Accordingly, the analyses 

were conducted only on complete datasets (e.g., in the main analysis, substances available in 

all five ICs). 

These conceptual divergences remained even in specific subgroups, such as PD pDDIs. 

Secondary analyses on this subset showed only marginal increases in agreement, suggesting 

that the mechanism of interaction alone is insufficient to explain the observed 

inconsistencies. The differences observed between ICs are rooted in conceptual and 

structural divergences, not merely in differences in classification strictness. This is supported 

by the fact that excluding certain sources improved agreement in some binary classifications 

but reduced it in others (e.g., BNF).  

While a higher agreement was observed when reducing the number of categories (e.g., high- 

or intermediate-priority vs. low-priority), this may result from reduced disagreement 

potential in less granular categorization schemes. It may be argued that, instead, the lower 

agreement observed in the main analysis reflects a misclassification of action statements. 

However, the classification system was independently validated by an external evaluator not 

involved in its development, showing very good agreement with the expert-based 

categorization.  

The limited agreement between ICs in rating pDDI severity or level of evidence has been 

observed in various clinical settings over the past fifteen years (79,80,143,145,163). 

However, expert guidance suggests assessing interactions based on multiple elements, 
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including patient-specific modifying factors, quality of evidence, and management 

recommendations. Severity categories used in most ICs should therefore be used 

complementarily to management recommendations, as they may provide only generic 

guidance for healthcare providers. (107). For example, pDDIs defined as severe by the BNF 

may have several different management recommendations, such as complete avoidance of 

administration (e.g., fenofibrate-pravastatin), avoidance except under specific monitoring 

(e.g., phenobarbital-rivaroxaban), or just a dose adjustment (e.g., fenofibrate-rosuvastatin). 

Few studies have included information on pDDIs management proposed by different ICs 

(69,74,84,164), generally suggesting a lack of consistency. None of these studies has 

attempted to standardize and compare these recommendations using a common scale 

designed to prioritize pDDIs according to their management and their required level of 

clinical intervention. To address these issues, the present work proposed a method for 

prioritizing pDDIs on risk minimization measures with a direct translation into clinical 

practice. 

This study also evaluated the clinical evidence supporting pDDIs. Among the six ICs 

analyzed, only BNF and Lexidrug reported this information, and it was specified by both of 

them in just one-third of analyzed pDDIs. Furthermore, only a very small subset of pDDIs 

reached the highest evidence level in both ICs (6 out of 218 pDDIs). These results align with 

two recent studies that compared Micromedex vs. Lexidrug or BNF (69,145). 

The absence of transparent evidence grading in most ICs, the limited concordance between 

the grading systems used by BNF and Lexidrug, and the low proportion of pDDIs supported 

by high-level evidence all raise concerns about the transparency and reliability of the 

recommendations provided to clinicians. These factors may also partially explain the 

observed lack of agreement in management recommendations across ICs. This supports 

previous recommendations that DDI alerts should include explicit evidence ratings, brief 
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evidence summaries, and direct access to primary references whenever possible, in order to 

allow clinicians to directly assess the strength and clinical relevance of the information 

provided (107).  

This study has some limitations. The random sampling approach used to construct the 

classification system may have resulted in underrepresentation of specific DDI mechanisms 

or clinical outcomes. The sample size of 218 unique pDDIs could be considered limited, but 

to date, this is the most extensive study on pDDI management in real-world settings. 

Nonetheless, a further study using other pDDIs could be useful to confirm these findings. 

The algorithm used to extract medications from clinical records was not formally validated, 

making it plausible that not all existing pDDIs were actually captured. Nevertheless, this 

does not impact the focus of the present work, namely the standardization and comparison 

of management recommendations across ICs. 

The study was restricted to a single clinical field, namely cardiology, but it included all 

medications included in hospital prescription records. The choice of this specific setting was 

made because of the high prevalence of older patients with multiple comorbidities and thus 

highly exposed to pDDIs. Moreover, this study found that more than three-quarters of the 

pDDIs involved at least one non-cardiological drug, making the results at least in part 

generalizable. The descriptive analysis of the present study was limited to every unique 

pDDI, without considering their frequency of occurrence among patients. This limitation 

does not pertain to the methodological design of the present work, which was not designed 

to focus on the epidemiology of pDDIs. Finally, SmPCs were not included among the sources 

used for pDDI identification and agreement assessment, as they often provide broad and non-

specific information on interacting substances, particularly when referring to PD effects (e.g., 

drugs prolonging the QT interval, drugs inducing hypokalemia), or to pharmacokinetic 

properties (e.g., drugs inhibiting CYP3A4 isoenzyme). Although comparing IC content with 
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SmPCs could be a useful approach to better clarify their added value, such an analysis would 

require a dedicated methodological framework and was therefore beyond the scope of this 

study. 

The low level of agreement, coupled with limited evidence information, points to the need 

for standardized principles for developing ICs, grounded in evidence-based practices, to 

improve consistency and reliability.  

Future research may extend the methodological approach developed in this study to other 

prescription datasets, including other high-risk areas, such as neurology, oncology, or 

internal medicine, to better understand pDDI management across different contexts, focusing 

on high- or intermediate-priority ones. It will also be useful to evaluate how feasible this 

approach is for prescribers and clinical pharmacologists/pharmacists working in hospital 

wards, as well as its impact on clinical practice, including whether it can effectively 

contribute to reducing alert fatigue. This approach could also potentially be integrated within 

automated systems that combine multiple ICs to rapidly help clinicians in identifying and 

managing pDDIs to be avoided or requiring a clinical action, thereby supporting real-time 

support for clinical decision-making.  

Conclusions 

This study developed and tested a method for classifying, prioritizing, and standardizing the 

management recommendations for pDDIs, enabling systematic comparison across multiple 

ICs. Its application revealed a low and inconsistent agreement among ICs, indicating the 

importance of comparing multiple ICs for prioritizing the pDDIs that must be avoided or 

specifically addressed in clinical practice.   
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3.3 Lessons learned and methodological considerations  

The results of the first thesis study indicate that a filtering and prioritization strategy based 

solely on management recommendations cannot yet be implemented without caution. The 

initial assumption was methodologically reasonable: defining a limited number of broad and 

clearly delimited categories of pDDIs should reduce ambiguity and facilitate comparability 

across ICs, thereby enabling integration into decision-support systems. 

Under conditions of sufficient agreement across these categories, a restrained clinical 

interface would have been feasible. In a French hospital setting, one could reasonably anchor 

the system to a primary reference such as the ANSM Thesaurus and alert clinicians only in 

cases of rare or atypical discrepancies on the management of pDDIs. This approach would 

have limited over-alerting while preserving transparency in genuinely controversial 

situations. 

However, the results of this study did not support this scenario. Even after standardization, 

discordance between ICs remains substantial and extends beyond minor wording or regional 

differences. In this context, a management-based filter risks generating the opposite of its 

intended effect. When sources provide strongly different operational recommendations for 

clinically relevant pDDIs, presenting excessive discrepancies would not improve prescribing 

quality; conversely, it may increase cognitive load and weaken trust in the tool. 

The results of this study can have several implications. First of all, the systematic mapping 

of discordances provided a structured inventory of instability within ICs. These discordances 

need to be reviewed by clinical pharmacologists, rather than being used simply as an 

automated filter. Frequent or clinically relevant discrepancies can be selected, analyzed in 

depth, and discussed to determine whether they reflect meaningful differences in evidence 

interpretation or limitations of the reference framework. 

When marked divergences or clinically complex situations are identified, targeted 
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educational sessions can be organized for hospital physicians.  

Secondly, this study found areas of persistent non-convergence that could help in defining 

priorities for further investigation and evidence generation. These discrepancies may reflect 

differences in evidentiary standards, editorial policies, and pharmacological generalizations 

at the class level, but they may also reflect genuine limitations in the underlying clinical 

evidence. More broadly, an epistemic objective remains: to orient ICs toward greater 

transparency and, where possible, a more explicit shared reference framework. The 

objectives outlined in the latter points represent valid research trajectories, but they are likely 

to be achieved in the long term, given the uncertainty and the variability of IC decision rules.  

Thirdly, and more operationally, results indicate that the most reasonable immediate step is 

to only use a single reference IC, having in mind a controlled, context-anchored 

implementation strategy, accompanied by ongoing methodological refinement. In a French 

hospital setting, the ANSM Thesaurus represents the most coherent choice. This 

consideration constituted the logical premise of the second study.   
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4 - Development of a real-world derived gold standard for high-

severity drug-drug interactions and its application to the 

validation of an automated detection tool 
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4.1 Context and Objectives 

In hospital practice, particularly at discharge, reliable identification of high-severity pDDIs 

is of utmost importance. Discharge is a transitional phase in which prescription oversight 

becomes less structured, while therapeutic complexity, especially among older, 

polymedicated patients, remains high. In this context, an automated system is meaningful 

only if grounded in an institutional standard consistent with the national regulatory 

framework and formalized in a robust and reproducible way. 

This study arose from the need to transform an institutional source, the ANSM Thesaurus, 

into a structured and evaluable operational reference. In France, the ANSM Thesaurus is the 

official document for pDDI identification, but it does not function as a ready-to-use gold 

standard. Its partially free-text content must be translated into explicit decision rules, 

multilevel situations must be handled systematically, and an expert annotation process must 

be implemented. 

To meet this requirement, a gold standard was constructed from real-world hospital 

prescriptions using double independent review with adjudication of discordant cases. This 

approach allowed definition of an operational reference standard for high-severity pDDI 

identification and quantification of inter-expert agreement. 

Application of this standard to a hospitalized cohort enabled estimation of the prevalence of 

high-severity pDDIs in routine practice and assessment of their association with 

polypharmacy. The same reference standard was then used to evaluate the initial diagnostic 

performance of an NLP-based automated tool (PRoSIT), providing a first empirical 

assessment of the feasibility of a system specifically focused on high-severity pDDIs in a 

French setting. 

The study pursued three main objectives: 
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(i) to define, from real-world hospital prescriptions, an expert-derived gold standard for 

identifying high-severity pDDIs based on the ANSM Thesaurus, and to estimate its 

reliability; 

(ii) to estimate the prevalence of patients exposed to at least one high-severity pDDI and its 

association with polypharmacy; 

(iii) to evaluate the initial diagnostic performance of an automated pDDI identification 

system (PRoSIT) against the expert-derived gold standard. 

 

Note. Tables and figures follow the internal numbering system used within the study and have 

not been renumbered across chapters. Abbreviations are defined at their first occurrence in 

each article, regardless of previous definitions in the thesis. 
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4.2 Article  

 

Development of a Real-World Derived Gold Standard for High-severity 

Drug-Drug Interactions and Its Application to the Validation of an 

Automated Detection Tool 

 

Funding: This study was part of the PRoSIT project, supported by a grant from the French 

Ministry of Health (PREPS, 2019, 19-0170) 

Ethics Approval: Data extraction was approved by the Institutional Review Board of the 

Bordeaux University Hospital (CER-BDX 2024-93). The study was conducted in 

accordance with the ethical standards defined by the 1964 Declaration of Helsinki and later 

amendments or comparable ethical standards.  
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Abstract 

Background 

The identification of potential drug-drug interactions (pDDIs) is a major concern. Manual 

detection of pDDIs is time-consuming and error-prone. Automated tools may provide 

essential support for rapid and accurate detection. A key limitation in the development of 

such tools is the evaluation of their performance compared to well-constructed and expert-

derived gold standards. 

Objectives 

This study aimed to evaluate the reliability of a gold standard for high-severity pDDIs, based 

on the ANSM Thesaurus, to estimate the prevalence of high-severity pDDIs in the hospital-

discharge setting, and to test it for the validation of a NLP-based detection tool.  

Methods 

A gold standard was developed from more than 30,000 unique drug pairs, extracted from a 

real-world cohort of 6,027 patients aged ≥65 years with a discharge prescription containing 

one or more individual drugs. The dataset was independently annotated by two experts, with 

a third resolving discordant cases, following a standardized and transparent decision 

algorithm. The agreement between evaluators was calculated using the Gwet’s AC1 statistic. 

Moreover, the gold standard was used to calculate the prevalence of high-severity pDDIs and 

its related factors, as well as the diagnostic performance of a NLP-based detection tool, 

particularly focused on Sensitivity (Se) and Negative Predictive Value (NPV), thus validating 

a tool based on a rule-out approach. 

Results 

Agreement between evaluators was very good (Gwet’s AC1 = 0.94; 95% CI: 0.94-0.96), even 

when prescriptions with just one drug were excluded (AC1 = 0.93; 95% CI: 0.92-0.94). High-
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severity pDDIs were identified in 9.7% of patients, and their occurrence was significantly 

associated with the number of drugs reported in the discharge prescription. 

An experimental NLP-based pharmacoinformatic tool designed to detect high-severity 

pDDIs showed suboptimal performance (Sensitivity 63.1%; Negative Predictive Value 

96.0%). The performance increased when pDDIs initially related to a discordance among 

experts were excluded (Sensitivity 75.7%; Negative Predictive Value: 98.4%). 

Conclusions 

This study provided a reliable gold standard based on the ANSM Thesaurus for the validation 

of tools targeting high-severity pDDIs in discharge hospital context. Artificial intelligence 

tools could be used in routine practice, but need to be better tailored for complex pDDIs.   
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Introduction 

Drug-Drug interactions (DDIs) refer to situations where the effect of a drug is modified by 

the administration of another substance (53). 

Potential DDIs (pDDIs) occur when two co-administered substances are known to have 

interaction risks, potentially leading to adverse drug reactions (ADRs). DDIs and pDDIs are 

particularly relevant in clinical practice, with reported incidences of up to 17.7% and 64.9% 

among hospitalized patients, respectively, although substantial variability across studies has 

been reported (139). A French study analyzing the incidence of ADR-related hospitalizations 

found that up to 150,000 admissions per year are linked to ADRs, with 30% of these cases 

attributed to DDIs (165). Elderly patients face an increased risk of both DDIs and pDDIs 

(166). One of the main contributing factors is polypharmacy, commonly defined as the use 

of at least five medications (39,167). As the number of prescribed medications grows, the 

potential combinations of drugs increase exponentially, raising the likelihood of 

inadvertently co-administering interacting substances. At the same time, aging leads to a 

gradual decline in liver and kidney function, reducing drug clearance and altering 

distribution, metabolism, and excretion. These changes may increase not only the risk but 

also the severity of DDIs, by raising drug exposure and toxicity (46). It is estimated that 

DDIs account for 2% to 5% of hospital admissions among older patients (168,169). 

To address the clinical need for more effective detection and prevention of pDDIs in elderly 

patients, various interaction checkers (ICs) integrated within clinical decision support 

systems (CDSS) have been developed, assisting clinicians by analyzing clinical data and 

identifying pDDIs (70). However, the effectiveness of these tools is often limited by the 

frequent generation of low-severity alerts, which can overwhelm healthcare providers. This 

“alert fatigue” may result in low-severity warnings being ignored, reducing the effectiveness 

of safety alerts (162,170). As a result, the real potential of ICs within CDSS remains limited, 
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potentially exposing patients to an increased risk of DDIs. In this context, hospital discharge 

represents one of the most critical phases in patient care. While medications prescribed 

during hospitalization are expected to carry a lower risk of pDDIs, since they undergo a dual 

review by both the prescribing physician and the hospital pharmacist, the hospital discharge 

prescription, defined as the list of medications prescribed at discharge or following a 

consultation (whether new or ongoing treatments), does not receive the same level of 

oversight, thereby carrying a higher risk of pDDIs.  

A 2015 survey supervised by the French Health Authority identified two main barriers to the 

broader adoption of “medication reconciliation”: a shortage of human resources and the lack 

of suitable tools and software (171). Moreover, existing CDSS platforms are not designed to 

support discharge processes and may not provide an adequate automated identification of 

pDDIs during this phase of patient care. These limitations emphasize the need for automated 

pharmacoinformatic tools that prioritize high-severity pDDIs to minimize the risk of 

interaction-related ADRs while also mitigating the issue of alert fatigue. 

To address these challenges, well-defined gold standards are essential, as they provide a 

reliable reference for the repeatable evaluation of automated tools (172). In other words, the 

development of pharmacoinformatic solutions for the automated detection of pDDIs requires 

a validated reference against which the information produced by such tools can be compared. 

In France, a reference document for the identification of pDDIs is available: the ANSM 

Thesaurus. This thesaurus, published by the French National Agency for Medicines and 

Health Products Safety (ANSM), lists all pDDIs to be considered in clinical practice and 

represents a widely used and reputable source for pDDI screening in the French healthcare 

system (66,67). Its primary purpose is to facilitate and secure drug prescribing. For a pDDI 

to be included, it must have a clinically significant impact, either by causing or exacerbating 

adverse effects, or by reducing therapeutic efficacy through impaired drug activity. The 
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ANSM Thesaurus further specifies whether the pDDI applies to a specific drug or an entire 

therapeutic class, the mechanism of interaction, and the recommended preventive measures.  

Given its characteristics, the ANSM Thesaurus provides a basis for the development of 

automated tools for pDDI research. It was for example used to identify DDIs leading to 

emergency department visits and hospitalizations in population-based studies (55,160).  

However, no gold standards derived directly from the ANSM Thesaurus are currently 

available to evaluate the performance of such tools in pDDI identification. 

On this basis, the main objective of this study was to evaluate the reliability a real-world 

derived gold standard, primarily intended for the validation of any kind of tool that aims at 

identifying high-severity pDDIs using hospital discharge prescriptions. The gold standard 

was built following a standardized and transparent procedure, based on the information 

provided by the ANSM Thesaurus. 

As secondary objectives, the study aimed to describe the population used for gold standard 

development, quantify the degree of polypharmacy, determine the prevalence of high-

severity pDDIs, and identify the drugs and therapeutic classes most frequently prescribed 

and/or involved in pDDIs. Finally, the gold standard was applied to test the diagnostic 

performance of an experimental tool based on Natural Language Processing (NLP) 

techniques, specifically designed for the identification of high-severity pDDIs. 

Methods 

Source of information for the definition of pDDIs: ANSM Thesaurus 

The ANSM Thesaurus classifies pDDIs into four levels of severity (146), defined according 

to the potential severity of the pDDI and the appropriate response measures: 

• Contraindicated (Contre-indication, CI): the association must always be avoided. 
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• Avoid unless benefits outweigh harms (Association déconseillée, ASDEC): the 

association should be avoided unless the benefit-risk ratio has been thoroughly 

evaluated and the patient is strictly monitored. 

• Needing cautious use (Précaution d’emploi, PE): the two drugs may be co-

administered; however, specific recommendations should be followed to prevent 

adverse reactions (e.g., dosage adaptation, enhanced monitoring). 

• To be taken into account (À prendre en compte, APEC): a risk of adverse reactions 

exists, but the prescriber should assess the appropriateness of the association.  

In some cases, the ANSM Thesaurus provides more than one severity level for the same 

pDDI (hereafter defined as multilevel pDDIs), when a single severity level cannot be 

assigned due to substance-related circumstances (e.g., dose, route of administration) or 

patient-related factors (e.g., age, renal function). 

Within the framework of this project, pDDIs belonging to the first two categories (CI and 

ASDEC) were defined as high-severity pDDIs, as they correspond either to combinations 

that must be strictly avoided or to associations requiring close monitoring, which cannot be 

systematically ensured after hospital discharge. By contrast, pDDIs classified as APEC or PE 

were defined as low-severity. The latest version of the ANSM Thesaurus available at the 

beginning of the gold standard development (January 2025) was used for the purposes of this 

study. 

Source of clinical data 

Clinical records were extracted from the CHU de Bordeaux data warehouse. This institution 

manages approximately 250,000 hospitalized patients and 100,000 emergency admissions 

annually. In 2017, a data warehouse based on the i2b2 structure was implemented (153,155). 

The warehouse contains diagnoses, laboratory results, drug prescriptions, and various other 
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variables, and is organized as a multi-table relational database, allowing more efficient 

queries compared with traditional compartmentalized systems (155). To perform queries, an 

ontological alignment was performed, and NLP tools such as Romedi, a French terminology 

system for extracting drug-related information from text, were developed (157).  

Study population 

Prescriptions were defined as the list of drugs prescribed either at hospital discharge or during 

a consultation, including both new and ongoing treatments, as recorded in the hospital 

information system. 

A prescription was included if all of the following conditions were met: 

• Patient characteristics: age ≥ 65 years 

• Hospitalization or consultation context: departments of cardiology, internal medicine, 

or neurology 

• Period: January 1, 2020 - December 31, 2023 

• Prescription requirements: at least one prescribed drug.  

Since each prescription corresponded to one patient the latter term was preferentially used 

throughout the text. 

Manual data extraction and development of the gold standard 

Patients were randomly selected from the hospital data warehouse across three departments, 

Cardiothoracic, Internal medicine, Neuroscience (Figure 1 for a workflow of the extraction 

process). The random selection was designed to preserve the age and sex distribution of the 

source population.  
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Figure 1. Workflow of the gold standard construction (blue) and of the automated tool which 

was validated against the gold standard (orange). 

 

The following steps were undertaken to prepare the gold standard: 

• Two clinical research assistants retrospectively retrieved and anonymized the 

prescriptions from the discharge records of selected patients. Extracted information 

included the hospital service, unit, and department where the patient was hospitalized 

or consulted, as well as the list of prescribed drugs. 

• After data extraction, two members of the Methodological Support Unit for Clinical 

and Epidemiological Research (USMR) at the University Hospital of Bordeaux 

compiled a list of all unique drug pairs at the International Nonproprietary Name 

level. This list was then further reviewed to eliminate duplicates, yielding a final 

database of 30,960 unique drug pairs. 

Prior to the establishment of the gold standard, a drug pair evaluation module was developed 

by the USMR, then tested and validated by two evaluators. In addition, a supplementary web-

based tool was created to facilitate navigation of the ANSM Thesaurus. 
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For each unique drug pair, several types of information were independently extracted by both 

evaluators and compiled in the corresponding drug pair evaluation module (in detail, 

Supplementary File 1). The gold standard was targeted to the identification of patients with 

≥ 1 high-severity pDDI. A patient was considered to have a high-severity pDDI if at least 

one of their drug pairs was classified as high-severity. In cases where a pDDI could assume 

different severity levels depending on therapy or clinical context, a best-case scenario 

approach was applied. This approach assumed that the physician operated under optimal 

clinical conditions (patient characteristics, dosage, route of administration) (Figure 2). 

 

Figure 2 - Assignment of severity levels according to best-case and worst-case scenarios. 

The worst-case scenario, in which any potential high-severity classification is considered, is 

presented for clarity but was not applied in the analyses. 

 

In parallel, additional information was collected (e.g., classification of low-severity pDDIs), 

although this was not the primary objective. These ancillary data were included to enable 

further comparative and sensitivity analyses in subsequent phases. 

The construction of the gold standard was carried out in parallel by two evaluators, each 

blinded to the other’s decisions. To ensure consistency across evaluators, a predefined 

decisional algorithm was applied. 

Three possible scenarios were defined: 
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• Positive concordance: both evaluators agreed on the severity of the pDDI (i.e., both 

CI or both ASDEC). 

• Negative concordance: both evaluators agreed that the drug pair did not represent a 

pDDI.  

• Discordance: any situation where the evaluators provided different classifications, 

including disagreement on the presence of a pDDI or on its specific severity level.  

In all cases of discordance, irrespective of whether the disagreement involved high-severity 

or low-severity categories, a third evaluator independently reassessed the drug pair, acting as 

a tiebreaker (see Supplementary File 1 for details). Once all disagreements had been 

resolved, the resulting dataset was assumed as the ground truth, and the gold standard was 

considered established.  

REDCap Version 14.7.1 was used for data extraction and manual identification of drugs and 

pDDIs.  

Automated tool for the extraction and identification of pDDIs 

The tested automated tool proceeded to automatically extract drugs using an algorithm based 

on NLP techniques, including Named Entity Recognition (159). Thereafter, for each 

discharge prescription a list of all possible drug-drug pairs was generated. Detection of 

pDDIs from these lists was then carried out using an automated pharmacoinformatic tool, 

based on the ANSM Thesaurus (55,160).  

Statistical analysis  

Description of the population 

The study population was analyzed in its entirety (n = 6027), and stratified according to the 

corresponding hospital department. The distribution of individual prescribed drugs was 
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described both globally and by department, with identification of the most frequently 

prescribed drugs. 

The degree of polypharmacy was assessed by counting the number of distinct drugs per 

patient. Polypharmacy was defined as the use of ≥5 drugs, while hyperpolypharmacy was 

defined as the use of ≥10 drugs (38). The prevalence of both conditions was estimated overall 

and by department, and 95% CI were calculated.  

The number of drugs per patient was summarized as median (IQR), and compared across 

departments using the Kruskal-Wallis test. Pairwise comparisons were performed using 

Dunn’s test with Holm correction for multiple testing. 

The most frequent high-severity pDDIs were identified both globally and stratified by 

hospital department. 

The prevalence of patients presenting with at least one high-severity pDDI was calculated 

for the entire population and stratified by department, and 95% CI were calculated.  

To characterize the drugs most frequently involved, the following were calculated: a) the 

absolute number of high-severity pDDIs per drug; b) the proportion of patients with ≥1 high-

severity pDDI among the total patients exposed to each drug, considering two minimum 

thresholds of 5 and 20 exposed patients. 

Consistency and reliability of the gold standard 

To evaluate the consistency and quality of the gold standard, inter-expert agreement was 

primarily evaluated using Gwet’s AC1 statistic (161). Gwet’s AC1 values range from -1 to 1. 

The agreement levels were categorized as follows: <0.20: Poor; 0.21-0.40: Fair; 0.41-0.60: 

Moderate; 0.61-0.80: Good; 0.81-1.00: Very Good (161).  

In addition, positive and negative specific agreement were reported, as they provide 

complementary information on concordance within the minority (high-severity) and majority 
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(not high-severity) classes, which is especially relevant in imbalanced datasets (173,174). All 

metrics were calculated at patient level. 

A secondary analysis was conducted using the same metrics (Gwet’s AC1, positive and 

negative specific agreement), excluding patients with only one prescribed drug, as their 

inclusion could have artificially inflated the results. 

Application of the gold standard to an NLP-based tool (PRoSIT) 

The performance of the tested tool in identifying pDDIs was assessed against the gold 

standard, using the following parameters: 

• True Positive (TP): number of patients with high-severity pDDI identified both by 

the gold standard and the automated tool. 

• True Negative (TN): number of patients without high-severity pDDI identified both 

by the gold standard and the automated tool. 

• False Positive (FP): number of patients without high-severity pDDI according to the 

gold standard but identified as having pDDIs by the automated tool. 

• False Negative (FN): number of patients with high-severity pDDI according to the 

gold standard but not identified by the automated tool. 

These four parameters formed the contingency table used for performance evaluation. 

The following performance metrics of the tested tool were therefore calculated: 

• Sensitivity (Se): proportion of patients with at least one high-severity pDDI correctly 

identified by the automated tool out of all patients with a high-severity pDDI 

according to the gold standard (175). 

• Negative Predictive Value (NPV): proportion of patients classified without a high-

severity pDDIs by the automated tool that were confirmed as not having a high-

severity pDDIs by the gold standard. 
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• Specificity (Sp): proportion of patients without a high-severity pDDI correctly 

identified by the automated tool out of all patients without a high-severity pDDI 

according to the gold standard. 

• Positive Predictive Value (PPV): proportion of patients classified with a high-severity 

pDDIs by the automated tool that were confirmed as having a high-severity pDDIs 

by the gold standard. 

• Accuracy: overall proportion of patients correctly classified, combining both positive 

and negative cases (176). 

• F1-score: harmonic mean of sensitivity and PPV, used to summarize performance 

when correct detection of positives is of primary interest and the data are unbalanced. 

• Youden’s J index: a summary statistic of diagnostic effectiveness, independent of 

pDDI prevalence, combining sensitivity and specificity into a single measure. 

Among the performance metrics, Se and NPV were considered of primary importance given 

the rule-out objective of the tool, while the other indices were used to provide a 

comprehensive assessment of its overall performance. 

The sample size estimation was based on the precision of the sensitivity (Se) confidence 

interval, calculated using an exact binomial method. Assuming an expected sensitivity of 

98% with the lower bound of the confidence interval above 95%, the study required 173 

patients (95% confidence interval for sensitivity: [0.950; 0.996]). Using literature estimates 

of the frequency of patients with high-severity pDDI at approximately 3% (177), the 

minimum number of patients to include was 5,769, corresponding to 1,923 patients per 

department. To account for variability, a small excess of patients was considered, resulting 

in 6,027 patients finally included.  
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For all metrics, the 95% two-sided confidence interval was calculated. 

As an exploratory post-hoc analysis, the performance metrics of the tool were recalculated 

separately considering only patients for whom the two experts independently reached the 

same conclusion regarding the presence of at least one high-severity pDDI at the patient 

level, without the need for adjudication by the third evaluator. This definition of concordance 

should not be confused with the “positive concordance” described in Section 2.5, which 

referred to drug-pair-level agreement on the classification of pDDIs, across all severity 

categories (i.e., both high- and low-severity pDDIs) 

The evaluation adhered, for the items applicable, to the STARD (Standards for Reporting 

Diagnostic Accuracy Studies) guidelines (178). 

Results 

Description of population 

The overall population included 6,027 patients. The distribution by department showed 2,066 

subjects (34.3%) in the Cardiothoracic, 2,073 (34.4%) in Internal Medicine, and 1,812 

(30.0%) in Neurosciences. A total of 76 patients (1.3%) were not assigned to any department 

and were excluded from all the subsequent stratified analyses.  

Prescription patterns 

A total of 775 unique drugs were identified. The most common drugs were reported in Table 

1. 

  



81 
 

Table 1. List of the 10 most frequent prescribed drugs in the overall population and 

by department. 

Rank 
Overall 

(n: 6,027; %) 

Cardiothoracic 

(n: 2,066; %) 

Internal 

Medicine 

(n: 2,073; %) 

Neurosciences 

(n: 1,812; %) 

1 
Acetylsalicylic acid 

(1470; 24.4%) 

Bisoprolol 

(704; 34.1%) 

Paracetamol 

(652; 31.5%) 

L-dopa - 

benserazide 

(417; 23.0%) 

2 
Paracetamol 

(1383; 22.9%) 

Acetylsalicylic 

acid (665; 32.2%) 

Cholecalciferol 

(584; 28.2%) 

Paracetamol 

(360; 19.9%) 

3 
Bisoprolol 

(1126; 18.7%) 

Furosemide 

(617; 29.9%) 

Acetylsalicylic 

acid (450; 21.7%) 

Acetylsalicylic 

acid (349; 19.3%) 

4 
Lansoprazole 

(1079; 17.9%) 

Lansoprazole 

(511; 24.7%) 

Prednisone 

(422; 20.4%) 

Atorvastatin 

(334; 18.4%) 

5 
Atorvastatin 

(961; 15.9%) 

Apixaban 

(444; 21.5%) 

Lansoprazole 

(383; 18.5%) 

Lansoprazole 

(182; 10.0%) 

6 
Furosemide 

(961; 15.9%) 

Atorvastatin 

(424; 20.5%) 

Valaciclovir 

(352; 17.0%) 

Bisoprolol 

(151; 8.3%) 

7 
Cholecalciferol 

(846; 14.0%) 

Paracetamol 

(368; 17.8%) 

Trimethoprim -

sulfamethoxazole 

(271; 13.1%) 

Apixaban 

(150; 8.3%) 

8 
Apixaban 

(840; 13.9%) 

Spironolactone 

(295; 14.3%) 

Bisoprolol 

(269; 13.0%) 

Macrogol 

(148; 8.2%) 

9 
Levothyroxine 

(593; 9.8%) 

Amiodarone 

(288; 13.9%) 

Folic acid 

(266; 12.8%) 

Levothyroxine 

(125; 6.9%) 

10 
Prednisone 

(555; 9.2%) 

Potassium chloride 

(279; 13.5%) 

Furosemide 

(250; 12.1%) 

Perindopril 

(124; 6.8%) 

Values are reported as absolute numbers with percentages relative to each group. 76 

patients could not be classified into any of the three departments. 

The median number of drugs per patient was 5 (IQR = 2 - 9; range 1-24). Stratified values 

were: 7 (IQR = 4 - 9) in Cardiothoracic, 6 (IQR = 2 - 10) in Internal Medicine, and 3 (IQR = 

2 - 6) in Neurosciences. The distribution of the number of drugs per patient differed 

significantly across departments (Kruskal-Wallis χ² = 346.9; p < 0.0001). Pairwise tests 

showed lower numbers of drugs in the Neurosciences compared to both other departments 

(adj-p < 0.0001). Additional information on the degree of polypharmacy in the population is 



82 
 

reported in Table 2. The distribution of patients by number of drugs received, both in the 

overall population and stratified by department is reported in Figure 3. 

Table 2. Prevalence of polypharmacy and hyperpolypharmacy in the overall 

population and by department 

 
Polypharmacy, ≥5 drugs 

Prevalence % (95% CI) 

Hyperpolypharmacy, ≥10 

drugs 

Prevalence % (95% CI) 

Overall 55.4% (54.2-56.7) 19.6% (18.6-20.6) 

Cardiothoracic  67.8% (65.8-69.8) 22.9% (21.2-24.8) 

Internal Medicine 58.0% (55.8-60.1) 25.0% (23.2-26.9) 

Neurosciences 40.0% (37.7-42.2) 10.2% (8.8-11.6) 



83 
 

 

Figure 3 - Distribution of patients by number of drugs received. 

In detail: panel a) Overall distribution of patients according to the number of drugs per 

patient; panel b) Distribution stratified by department 

 

High-severity pDDIs 

A total of 586 out of 6027 patients presented at least one high-severity pDDI, corresponding 

to a prevalence of 9.7% (95% CI 8.99-10.50). 18.3% of these patients presented more than 
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one high-severity pDDI (n=107). Logistic regression showed an association between the 

number of drugs and the risk of pDDIs: compared to 2-4 drugs, patients with 5-9 drugs had 

OR = 5.18 (95% CI 3.62-7.42; p < 0.0001), while those with ≥10 drugs had OR = 17.58 

(12.3-25.05; p < 0.0001). The proportion of the population exposed to at least one high-

severity pDDI, according to the minimum number of drugs taken, is shown in Figure 4. 

 

 

Figure 4 - Prevalence (with 95% CI) of high-severity pDDIs by cumulative drug 

thresholds. 

 

The prevalence of patients with at least one high-severity pDDI varied across departments: 

230/2,066 (11.1%; 95% CI 9.8-12.6) in Cardiothoracic, 225/2073 (10.9%; 95% CI 9.6-12.3) 
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in Internal Medicine, and 126/1812 (6.9%; 95% CI 5.8-8.2) in Neurosciences. The most 

frequent high-severity pDDIs identified are reported in Table 3. 

 

Table 3. Top five most frequent high-severity pDDIs (overall and stratified by 

department) 

Rank Overall Cardiothoracic 
Internal 

Medicine 
Neurosciences 

1 
Potassium chloride 

+ Ramipril (40) 

Potassium chloride 

+ Valsartan and 

Sacubitril (28) 

Amiodarone + 

Trimethoprim-

sulfamethoxazole 

(15) 

Acetylsalicylic 

acid + 

Acetylsalicylic 

acid - Clopidogrel 

(16) 

2 

Potassium chloride 

+ Valsartan and 

Sacubitril (29) 

Potassium chloride 

+ Ramipril (25) 

Potassium 

chloride + 

Ramipril (13) 

Levodopa- 

benserazide + 

Quetiapine (11) 

3 

Amiodarone + 

Trimethoprim-

sulfamethoxazole 

(19) 

Ciclosporin + 

Ezetimibe (11) 

Repaglinide + 

Trimethoprim-

sulfamethoxazole 

(12) 

Perindopril + 

Macrogol 

combination 

containing 

potassium chloride 

(7) 

4 

Macrogol 

combination 

containing 

potassium chloride 

+ Ramipril (19) 

Ciclosporin + 

Potassium chloride 

(9) 

Acetylsalicylic 

acid + Anagrelide 

(11) 

Duloxetine + 

Tramadol (6) 

5 
Amiodarone + 

Escitalopram (18) 

Amiodarone + 

Escitalopram (9) 

Methotrexate + 

Trimethoprim-

sulfamethoxazole 

(11) 

Irbesartan + 

Macrogol 

combination 

containing 

potassium chloride 

(6) 

 

The drugs most frequently associated with high-severity pDDIs, in terms of absolute number 

of events, were potassium chloride (135 patients with ≥1 high-severity pDDI), trimethoprim-

sulfamethoxazole (81), ramipril (72), macrogol combination containing potassium chloride 

(59), amiodarone (48), valsartan-sacubitril (43). 
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After accounting for exposure prevalence, and restricting the analysis to drugs present in at 

least 5 patients, the highest rates of high-severity pDDIs were observed for nicorandil (9/10 

exposed patients, 90.0%), phenobarbital (5/7, 71.4%), ketoconazole (4/6, 66.7%), anagrelide 

(12/21, 57.1%), cobimetinib (4/7, 57.1%), and lithium (4/7, 57.1%). When further restricting 

to drugs with ≥20 exposed patients, the following emerged: anagrelide (12/21, 57.1%), 

quetiapine (14/27, 51.9%), metformin/sitagliptin (15/30, 50.0%), ciclosporin (28/57, 49.1%), 

racecadotril (18/48, 37.5%), and ketoprofene (9/25, 36.0%). 

Reliability of the gold standard 

The agreement between the two experts, assessed using Gwet’s AC1, was 0.94 (95% CI 0.94-

0.96). Positive specific agreement was 0.67 (95% CI 0.63-0.70), while negative specific 

agreement was 0.97 (95% CI 0.97-0.98), reflecting excellent concordance for non-high-

severity cases and good concordance for the less prevalent high-severity cases.  

When prescriptions with just one drug were excluded, the agreement remained very high 

(AC1 = 0.93; 95% CI: 0.92-0.94). Positive specific agreement was unchanged at 0.67 (95% 

CI, 0.63-0.70), whereas negative specific agreement decreased slightly to 0.96 (95% CI, 

0.96-0.97). 

Diagnostic performance of the tested automated tool (PRoSIT) 

Among the 586 patients who presented at least one high-severity pDDI, the automated tool 

correctly identified 370 (63.1%, TP) and missed 216 (36.9%, FN). Among the 5,441 patients 

without a high-severity pDDI, the tool correctly classified 5,165 (94.9%, TN) and 

misclassified 276 (5.1%, FP). The automated tool thus showed a Se of 63.1% and a NPV 

reached 96.0%. Also, Sp was of 94.9% and PPV was 57.3%. Additional information on the 

tool’s performance is reported in Table 4. 
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Table 4 - Performance of the NLP-based automated tool compared with the gold 

standard.  

Metric Estimate 95% CI  

Sensitivity 63.1% 59.2-66.9 

NPV 96.0% 95.4-96.5 

Specificity 94.9% 94.3-95.5 

PPV 57.3% 53.4-61.0 

Accuracy 91.8% 91.1-92.5 

F1-score 0.60 0.57-0.63 

Youden’s J 0.58 0.54-0.62 

 

The post-hoc analysis showed that among the 370 TP patients, concordance between the two 

experts was 70.8% (262 patients). Conversely, among the 216 FN, concordance was 38.9% 

(84 patients), with a high proportion of discordance (61.1%, 132 patients). Among the 276 

FP, concordance was 92.0% (254 patients), while among the 5,165 TN, concordance reached 

99.4% (5,133 patients). 

Overall, expert discordance was observed in 294 patients (4.9% of the study population). 

After excluding these discordant cases and restricting the analysis to patients for whom both 

evaluators agreed (n=5,733), the automated tool was able to correctly identify 262 (75.7%, 

TP) and missed 84 (24.3%, FN) of the 246 patients with at least one high-severity pDDI; 

Among the 5,387 patients without a high-severity pDDI, the tool correctly classified 5,133 

(95.3%, TN) and misclassified 254 (4.7%%, FP). Sensitivity increased to 75.7% (95% CI 

70.9-80.1), and the negative predictive value (NPV) was 98.4% (95% CI 98.0-98.7). 
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Additional details on the performance of the tool against the gold standard, restricted to 

expert-concordant patients, are provided in Table 5. 

Table 5- Performance of the NLP-based automated tool compared with the gold 

standard restricted to patients for whom both initial evaluators were in agreement.  

Metric Estimate 95% CI  

Sensitivity 75.7% 70.9-80.1 

NPV 98.4% 98.0-98.7 

Specificity 95.3% 94.7-95.8 

PPV 50.8% 46.4-55.2 

Accuracy 94.1% 93.5-94.7 

F1-score 0.61 0.57-0.65 

Youden’s J 0.71 0.66-0.76 

 

Discussion 

This study developed a gold standard based on the ANSM Thesaurus for validating 

automated tools aimed at identifying high-severity pDDIs.  

The gold standard was built following established practices, with standardized guidance, 

double independent blinded annotation, and adjudication by a third evaluator to resolve 

discrepancies. This ensured both transparency and reproducibility of the process. This 

framework is consistent with evaluation standards used in previous studies conducted with 

different reference sources (155,172,179,180).  

The definition of the existence and the severity of pDDIs was based on the ANSM Thesaurus 

(67). Previous reference sets have been constructed using information from this source 
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(67,181). However, to the best of our knowledge, this is the first expert-annotated gold 

standard derived directly and solely from the ANSM Thesaurus for tool validation. The focus 

on high-severity pDDIs reflects recommendations for including pDDIs in CDSS, which 

endorse the development of methods to safely reduce less relevant alerts in order to mitigate 

the risk of alert fatigue for clinicians (107). 

For the evaluation of inter-expert consistency, Gwet’s AC1 coefficient was adopted alongside 

positive and negative specific agreement, as suggested by methodological literature for 

applications with rare positives (182). Gwet’s AC1 was preferred over Cohen’s kappa 

because it is more robust in the context of unbalanced category distributions, as in this 

dataset, where most cases were classified as not high-severity by both experts. Under such 

conditions, the traditional kappa tends to underestimate the true level of agreement, whereas 

Gwet’s AC1 provides a more stable and interpretable estimate, closer to the actual level of 

observed concordance. 

Analyses conducted on the evaluations of the two independent experts demonstrated a very 

high level of reliability, even reducing the dataset to patients with at least two prescribed 

drugs. The population used for the construction of the gold standard was selected due to its 

high risk of presenting pDDIs (65-67), therefore representing a valid population for testing 

automated tools. The high prevalence of polypharmacy, exceeding 55% in the overall cohort 

and peaking in the cardiothoracic department, reflects the clinical complexity and directly 

increases their risk of pDDIs (38,183,185). The distribution of prescribed drugs confirms that 

each department has its own “fingerprint” in terms of prescribing profiles, consistent with 

the types of patients managed, and with the existing evidence (186). 

A key finding was the prevalence of high-severity pDDIs, equal to 9.7%, and higher than the 

prevalence reported in previous studies (3%) using the same primary source (177). This 

discrepancy likely reflects greater fragility of the study population. Unlike prior estimates 
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derived from general practice databases, the current population, although in the same age 

range, included individuals consulted or hospitalized in hospital departments, and therefore 

at higher risk.  

The gold standard was applied to an experimental NLP-based automated tool. This system 

showed suboptimal sensitivity performance, although it achieved good specificity and 

excellent negative predictive value. In other words, the system reliably excluded not high-

severity cases but failed to detect almost one-third of high-severity pDDIs. The high overall 

accuracy therefore primarily reflects high specificity in a context of relatively low 

prevalence, rather than a genuine discriminative ability in clinically relevant cases. 

Operationally, the NLP tool cannot yet be considered a reliable tool for direct clinical use.  

In our view, algorithms targeting only high-severity pDDIs, which represent a minority of 

patients but carry the greatest clinical risk, should primarily function as rule-out (187), high-

sensitivity tools: systems capable of automatically detecting a manageable set of suspected 

cases (i.e., maintaining specificity reasonably high), leaving final clinical assessment  to the 

clinician. Even with an increase in FP, such an approach would allow the clinician to re-

examine only a fraction of the overall population, thus reducing the review workload 

compared to the manual re-evaluation of all patient records by a hospital pharmacist or 

clinical pharmacologist. 

The post-hoc analysis revealed that most FN occurred in patients with pDDIs where the 

severity classification had been discordant between the experts. This feature, which likely 

contributed to the difficulties of the tool in aligning with the gold standard evaluations, 

suggests potential ambiguities of the ANSM Thesaurus in providing easily interpretable 

information. This represents however an area of interest for the development of tools capable 

of transparently and unequivocally managing such ambiguity. 
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From a methodological standpoint, the use of the best-case scenario presents both advantages 

and limitations. On the one hand, it allows restriction of the analysis to a subset of pDDIs 

unambiguously high-severity in all clinical contexts, making their non-identification 

clinically unacceptable. On the other hand, it risks underestimating the real number of 

potentially relevant high-severity pDDIs and inflating the share of FP (i.e., when the NLP 

tool flags pDDIs as high-severity only under specific conditions). A useful strategy could 

consist of maintaining the best-case scenario as the primary validation criterion, but limiting 

ambiguous cases and implementing tools capable of accounting for common clinical 

circumstances (e.g., high-dose vs low-dose ASA). In this sense, a best-case approach would 

be particularly useful when tools are integrated with scenario-aware rules that update severity 

according to dose, route of administration, or organ function, when such data are available 

(188). 

Conversely, the use of the worst-case scenario does not appear a valid alternative. This choice 

would lead to an artificial inflation in the number of pDDIs classified as high-severity, 

including circumstances that in real clinical practice would rarely justify a high-severity alert. 

For example, the ANSM Thesaurus considers the co-prescription of acetylsalicylic acid and 

oral anticoagulants as high-severity only at analgesic doses; such a scenario is less likely to 

occur in hospital discharge prescriptions, especially in the cardiothoracic department, where 

acetylsalicylic acid is likely used mainly as an antiplatelet agent. Including circumstances 

like this within high-severity pDDIs would therefore result in an overload of clinically 

marginal alerts, increasing the risk of alert fatigue without improving actual patient safety, 

undermining one of the key goals of creating automated tools (107). 

The gold standard nevertheless presents some limitations. Its construction was limited to 

severity classes, without including information on reported mechanisms or specific 

management approaches. This choice was dictated, on the one hand, by the inconsistent 
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reporting of such information in the ANSM Thesaurus, and on the other by the risk of expert 

fatigue from overload during gold standard compilation (174). Although Gwet’s AC1 

agreement was very good, a non-negligible proportion of discordance was observed 

regarding the positive specific agreement, with the two evaluators disagreeing in 

approximately one quarter of the cases in which at least one evaluator classified a pDDI as 

high-severity. The presence of a third expert as tie-breaker provided additional support to the 

robustness of the gold standard. Another theoretical limitation is represented by the remote 

possibility that some drug pairs may have been concordantly but incorrectly classified by 

both raters, and therefore not intercepted by the tiebreaker. The high observed agreement 

between evaluators suggests that such an occurrence, although possible, will have a 

negligible impact on the present results. Finally, the inclusion of patients ≥65 years and from 

only three hospital departments, albeit chosen for their risk profile, may limit the 

generalizability of the results to other clinical contexts, such as oncology, which is 

characterized by different prescribing patterns. However, the inclusion of all drugs taken by 

patients and the presence of a high number of unique drugs (764 drugs distributed across 

more than 30,000 evaluated pairs) substantially mitigates this limitation.  

Future analyses should focus on a systematic analysis of FN to identify the main causes of 

algorithmic failure and guide the development of more sensitive detection strategies. The 

clinical acceptability of such improvements should be assessed through their impact on error 

reduction and workflow integration. In parallel, semi-automated extraction of structured 

information from the ANSM Thesaurus could support the creation of a fully annotated, 

surrogate gold standard, extending beyond severity to encompass the full range of ANSM 

Thesaurus data for large-scale validation. 
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Conclusions 

This study developed a gold standard based on the ANSM Thesaurus for the validation of 

automated tools to identify high-severity pDDIs. The defined gold standard may represent a 

valuable resource for testing automated tools in French clinical contexts. Artificial 

intelligence tools based on the ANSM Thesaurus have the potential to be used in routine 

clinical practice, but need to be better tailored for complex pDDIs. 
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4.3 Lessons learned and methodological considerations  

The first consideration concerns the nature of the reference document. The ANSM Thesaurus 

is a regulatory text designed to guide clinical decision-making. It was not created as a 

computable ontology or a rule-based system. Transforming it into a gold standard therefore 

required formalization: narrative statements had to be translated into operational rules, 

ambiguities clarified, contextual conditions specified, and aggregation criteria defined.  

Within this context, adopting a best-case scenario logic was methodologically justified in 

order to reduce the risk of alert fatigue. Restricting the standard to clinically plausible high-

severity configurations avoided inflating alert burden with rare or extreme situations. The 

trade-off is straightforward: one may miss a rare pDDI occurring under worst-case conditions 

or systematically generate implausible severe pDDIs. The former represented the more 

proportionate compromise and was supported by the study findings. Post-hoc analyses (data 

not shown) showed that, among the ten most frequent drug pairs associated with multiple 

severity levels, eight involved high-dose acetylsalicylic acid. In the study population, 

approximately 93% of prescriptions corresponded to the antiplatelet formulation, supporting 

the reliability of the best-case operationalization. 

Moreover, this study highlighted the need to evaluate gold standard reliability. Double 

independent review with adjudication allowed estimation of inter-expert agreement, but it 

does not guarantee ontological validity in pDDIs evaluation. Although a high Gwet’s AC1 

indicates strong internal consistency of the annotations, it does not exclude the possibility of 

shared systematic error. A gold standard can therefore be reproducible while remaining 

imperfect. Although the dual-review consensus process meets accepted methodological 

standards, residual uncertainty persists when interpretation is complex. 

The patient-level definition (≥1 pDDI) also introduces a structural transformation. The unit 

of analysis shifts from drug pair to patient. In this framework, a single pair-level 
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misclassification can reclassify the entire patient. In low-prevalence settings, this effect is 

non-linear and can influence sensitivity and specificity disproportionately. 

As a consequence, the apparent underperformance of the NLP tool (Se at 63%) should be 

considered together with the limitations of the gold standard construction process. When the 

gold standard derives from a complex regulatory text, the distinction between model error 

and formalization error becomes blurred. Therefore, this study produced an operationally 

robust standard while raising a broader methodological question: how can computational 

limitations be separated from epistemic limitations embedded in the gold standard itself? 

This question is addressed in the third study of the thesis. 
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5 - Discordance analysis to refine an imperfect gold standard for 

NLP-based identification of high-severity potential drug-drug 

interactions 
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5.1 Context and objectives  

The study presented in the previous chapter established a structured gold standard and 

quantified tool performance, revealing discrepancies between automated detection and 

expert classification. However, even well-constructed gold standards are rarely completely 

free of error (189). When the gold standard itself is derived from regulatory non-algorithmic 

texts and subject to ambiguity, misclassification within the gold standard may contribute 

substantially to observed performance estimates (190). In contexts where the gold standard 

is not fully independent or inherently error-free, performance metrics may reflect gold 

standard bias rather than intrinsic model performance (190). 

The third study of the thesis aimed to address the following question: to what extent are 

observed FN and FP attributable to algorithmic limitations vs. imperfections in the gold 

standard?  

To investigate this issue, the third study was conducted to implement a structured, causal 

audit of discordances between PRoSIT and the initial gold standard (GS-v1). Through 

iterative refinement (GS-v2, GS-v3, GS-v4), human-related misclassifications were 

corrected, allowing quantification of their impact on performance estimates. 

Therefore, the primary objective of the third study was to estimate the proportion of patient-

level discordances attributable to human-related errors in gold standard construction. The 

secondary objectives were: (i) to characterize recurrent patterns of human and algorithmic 

error; and (ii) to quantify how iterative refinement of the gold standard impacts PRoSIT 

performance.  

 

Note. Tables and figures follow the internal numbering system used within the study and have 

not been renumbered across chapters. Abbreviations are defined at their first occurrence in 

each article, regardless of previous definitions in the thesis.  
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5.2 Article  

 -Discordance Analysis to Refine an Imperfect Gold Standard for NLP-

Based Identification of High-Severity Potential Drug-Drug Interactions 

 

Lelio Crupi 

Abstract 

Introduction 

Automated systems for detecting potential drug-drug interactions (pDDIs) depend on expert-

derived gold standards for validation, but imperfections in these reference standards can 

distort performance estimates. In a recently developed gold standard for high-severity pDDIs 

from the ANSM Thesaurus, we found that part of the underperformance of an AI tool 

(PRoSIT) might stem from imperfections in the human-annotated reference standard. This 

study aimed to quantify how many discrepancies were due to human annotation errors and 

to evaluate how correcting these errors impacts PRoSIT performance. 

Methods 

We conducted a methodological study to refine a double-blind, expert-derived gold standard 

based on the ANSM Thesaurus. PRoSIT performance was initially evaluated in a cohort of 

6,027 French hospitalized patients. All discordances were reviewed to determine whether 

they reflected human-related or algorithmic errors. The gold standard was iteratively refined 

by correcting only human-related errors. The primary outcome was the proportion of human-

related errors among false negatives (i.e., cases where PRoSIT failed to identify an expert-

annotated pDDI), while the secondary outcome was the corresponding proportion among 

false positives (i.e., cases where PRoSIT identified a pDDI not confirmed by experts). 

Sensitivity and negative predictive value (NPV) were recalculated after refinement. 

Results 
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Among 216 false-negative patients, 175 (81.0%) were attributable to human-related errors, 

while among 315 false-positive patients, 17 (5.4%) were human-related. Refinement 

substantially improved performance: sensitivity increased from 63.1% to 89.4%, while NPV 

increased from 96.0% to 99.2%. A small number of errors accounted for the vast majority of 

imperfections, mostly related to interactions resulting in hyperkalemia and bradykinin-

mediated angioedema. 

Conclusion 

A large proportion of PRoSIT underperformance was attributable to imperfections in the gold 

standard. Structured, auditable refinement significantly modified diagnostic performance 

estimates, providing empirical evidence of reference standard bias. Validation of automated 

pDDI detection systems should account for reference standard imperfection and incorporate 

systematic discordance audits. 
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Introduction 

Expert-derived gold standards constitute an essential reference for the evaluation of 

automated tools for potential drug-drug interactions (pDDIs) identification (172). However, 

when the gold standard is not fully valid or not directly verifiable, it effectively functions as 

an imperfect reference standard, with the potential to introduce bias into estimates of 

diagnostic accuracy (190). Under such conditions, performance metrics of the index test may 

be systematically distorted, making it difficult to discriminate algorithmic limitations from 

misclassification within the gold standard itself (189).  

This issue is particularly relevant in contexts characterized by high semantic complexity of 

regulatory sources or by low-prevalence events. In the case of high-severity pDDIs, the 

operational definition of a pDDI directly depends on interpretative choices regarding 

molecular granularity, pharmacological class, clinical context, and applicability conditions. 

In such a setting, discordance between an NLP tool and expert annotation cannot 

automatically be interpreted as algorithmic error; rather, it may reflect intrinsic limitations 

of the initial gold standard. 

From the tool perspective, potential sources of discordance include difficulties in interpreting 

linguistic context, such as negations, hypothetical statements, or temporal conditions, both 

within the regulatory reference document and within the clinical record, as well as limitations 

in mapping between individual molecules and broader pharmacological classes (191,192). 

From the human perspective, discordance may arise from under-specification of decision 

rules, ambiguities within the regulatory source, or inter-expert variability in interpretation. 

Within this framework, systematic analysis of discordances aimed at understanding how and 

why disagreements arise represents a well-established methodological strategy for iterative 

refinement of the gold standard (193). Previous studies have shown that error analyses 
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against a gold standard can help identify not only algorithmic error sources but also errors in 

the human-curated gold standard itself (192).  

An expert-derived gold standard for the identification of high-severity pDDIs, based on the 

ANSM Thesaurus, had previously been developed and used to validate an NLP tool 

(PRoSIT). Its initial application yielded modest performance (194). 

The primary objective of the present study was to determine whether the observed 

discordances were mainly attributable to algorithmic limitations or to imperfections in the 

gold standard. In parallel, the study aimed to characterize error patterns and to quantify the 

impact of gold standard refinement on the performance metrics of the PRoSIT. 

Methods 

Study design and setting 

This retrospective methodological study was based on a structured audit of discordances 

between PRoSIT and an initial expert-derived gold standard (GS-v1) for the identification of 

high-severity pDDIs. Starting from GS-v1, the gold standard was iteratively updated (GS-

v2, GS-v3, GS-v4) by correcting exclusively errors attributed to the human annotation 

process. No modifications were made to the NLP tool throughout the refinement process. 

The study used the same cohort (6,027 hospitalized patients), the same version of the ANSM 

Thesaurus, and the same automated NLP tool used in a previous study (194). Details 

regarding cohort characteristics, inclusion criteria, and the operational definition of high-

severity pDDIs are reported in extenso in that publication (194). 

Briefly, each unique drug pair was evaluated independently and in parallel by two human 

reviewers, each blinded to the other’s assessment. For each unique drug pair, predefined 

information elements were independently extracted by two evaluators and recorded in a 

structured drug-pair evaluation module. In all cases of discordance, a third evaluator 
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independently reassessed the drug pair while blinded to the decisions of the first two 

reviewers and acted as a consensus adjudicator.  

Each patient was considered positive if at least one drug pair was classified as high-severity. 

Identification of discordances and gold standard refinement strategy 

Phase 1: False negatives (GS-v1 -> GS-v2) 

False negatives (FN) were defined as patients classified as positive in GS-v1 and negative in 

PRoSIT. All FN patients were identified. For each FN patient, all drug pairs labelled as high-

severity in GS-v1 were extracted and subjected to structured audit. 

The audit included: 

1. Reassessment of the appropriateness of high-severity classification according to the 

ANSM Thesaurus and the operational rules adopted in the gold standard. 

2. Review of the prior adjudication process and re-examination of the original human 

annotation. 

3. Cross-check of PRoSIT output to determine whether a comparable pair had been 

detected in: i) the same patient, with different severity; ii) or in other patients in the 

dataset, as severe. 

4. Final causal attribution of each discordance (human-related vs algorithm-related). 

If the discordance was attributed to human-related error, the gold standard was corrected. 

Algorithm-related discordances did not lead to modification of the algorithm. Corrections 

generated GS-v2, and performance metrics were recalculated. 

Phase 2: False positives (GS-v2 -> GS-v3) 

False positives (FP) were defined as patients classified as positive in PRoSIT and negative 

in GS-v2. All FP patients were identified. For each FP patient, all pairs flagged by PRoSIT 

as high-severity were reviewed. 

For pairs identified by PRoSIT but absent from the gold standard, the audit included: 
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1. Evaluation of the pDDI according to the ANSM Thesaurus and the framework 

adopted in the gold standard. 

2. Assessment of entity extraction and normalization (entity recognition, 

disambiguation, and substance-to-class mapping). 

3. Determination of whether the pair was present in the gold standard with a 

different severity level or represented a false detection; manual drug extraction 

for gold standard construction was assumed to have negligible error. 

4. Final causal attribution. 

Human-related errors led to correction of the gold standard and generation of GS-v3. 

Algorithm-related discordances did not modify the gold standard. Diagnostic performance 

was recalculated. 

Phase 3: Structural analysis of true positives (GS-v3 -> GS-v4) 

True positives (TP) were defined as patients classified as positive in both PRoSIT and GS-

v3. For TP patients, the set of high-severity pairs identified by PRoSIT was compared with 

the set recorded in GS-v3. Five mutually exclusive agreement categories were defined based 

on pair-level correspondence (detailed in Section 2.3.3). 

All cases without exact correspondence underwent targeted audit of discordant pairs using 

the same causal attribution procedure described above. Human-related corrections generated 

the final version of the gold standard (GS-v4), after which performance metrics were 

recalculated. 

The overall workflow of the study is presented in Figure 1.  
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Figure 1. Study workflow. The refinement process followed a sequential and unidirectional 

logic applied across three iterative cycles. Each cycle included: (i) identification of patient-

level discordances between PRoSIT and the current version of the gold standard; (ii) 

structured pair-level audit with causal attribution; (iii) estimation of the proportion of 

discordances attributable to human-related errors; (iv) correction of the gold standard 

exclusively for human-related errors; and (v) recalculation of diagnostic performance 

against PRoSIT, generating a new version of the gold standard. The NLP tool remained 

unchanged throughout the process. 

All classifications were performed at the patient level (≥1 high-severity pDDI), while causal 

attribution was conducted at the pair level. 

 

Statistical analysis 

Primary analysis: human-related error among FN 

The primary endpoint was the proportion of FN patients, identified with respect to GS-v1, 

whose discordance was attributable to human-related error in the gold standard. 

For this analysis: 

• The numerator was the number of FN patients in whom at least one discordant drug 

pair led to correction of the gold standard due to a human-related cause. 

• The denominator was the total number of FN patients relative to GS-v1. 
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Secondary analysis: human-related error among false positives 

A secondary endpoint was the proportion of FP patients, identified with respect to GS-v2, 

whose discordance was attributable to human-related error. 

For this phase: 

• The numerator was the number of FP patients in whom at least one discordant pair 

led to correction of the gold standard due to a human-related cause. 

• The denominator was the total number of FP patients relative to GS-v2. 

Structural concordance analysis among true positives 

Among patients classified as TP with respect to GS-v3, a structural concordance analysis was 

conducted at the pair level to assess agreement between the set of high-severity drug pairs 

identified by PRoSIT and those recorded in the gold standard. 

Patients were categorized into five mutually exclusive agreement categories (Figure 2): 

 

Figure 2. Definition of the structural agreement categories among TP patients. Blue 

indicates pairs identified by the GS-v3, red indicates pairs identified by PRoSIT, and purple 

indicates overlapping pairs.  
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Patients without complete pair-level agreement (i.e., categories 2-5) underwent targeted audit 

to determine the nature of the discordances and to guide final refinement (GS-v4). Findings 

from this component were interpreted as residual structural disagreement at the pair level 

rather than as patient-level misclassification. 

Descriptive analysis 

A qualitative descriptive analysis was conducted at the pair level across all audit phases to 

characterize dominant patterns of human-related and algorithm-related errors, including 

recurrent substances and systematic rule misinterpretations. 

Impact of refinement on diagnostic performance 

For each version of the gold standard (GS-v1 through GS-v4), the patient-level contingency 

table was reconstructed. 

Sensitivity and negative predictive value (NPV) were defined a priori as primary 

performance metrics, consistent with the intended rule-out application of PRoSIT. 

Specificity, positive predictive value (PPV), accuracy, F1-score, and Youden’s J were 

considered secondary metrics. Absolute changes (Δ) between successive gold standard 

versions were reported. 

All metrics were reported with 95% confidence intervals (95% CI). 

Confidence intervals for binomial proportions (sensitivity, specificity, PPV, NPV, and 

accuracy) were calculated using the Wilson score method. Confidence intervals for F1-score 

and Youden’s J were estimated using non-parametric bootstrap.  

Results 

Patient-level causal audit of discordances 

FN with respect to GS-v1 
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A total of 216 patients were classified as FN with respect to GS-v1. Following structured 

audit, 175/216 (81.0%) were attributed to human-related error, whereas 41/216 (19.0%) were 

attributed to algorithm-related error. 

The transition from GS-v1 to GS-v2 resulted in reclassification of 175 patients initially 

labelled as FN (Table 1). As a consequence of the gold standard update39 patients previously 

classified as TP were reclassified as FP.  

Table 1. Contingency tables comparing PRoSIT classifications with successive versions 

of the gold standard (GS-v1 to GS-v4).  

GS-v1 GS-v2 

 GS+ 

(n=586) 

GS− 

(n=5,441) 
 GS+ 

(n=372) 

GS− 

(n=5,655) 

PRoSIT+ 

(n=646) 

TP 

370 

(63.1%) 

FP 

276 (5.1%) 

PRoSIT+ 

(n=646) 

TP 

331 (88.9%) 

FP 

315 (5.6%) 

PRoSIT− 

(n=5,381) 

FN 

216 

(36.9%) 

TN 

5,165 

(94.9%) 

PRoSIT− 

(n=5381) 

FN 

41 (11.1%) 

TN 

5,340 

(94.4%) 

GS-v3 GS-v4 

 GS+ 

(n=389) 

GS− 

(n=5,638) 
 GS+ 

(n=386) 

GS− 

(n=5,641) 

PRoSIT+ 

(n=646) 

TP 

348 

(89.5%) 

FP 

298 (5.3%) 

PRoSIT+ 

(n=646) 

TP 

345 (89.4%) 

FP 

301 (5.3%) 

PRoSIT− 

(n=5,381) 

FN 

41 (10.5%) 

TN 

5,340 

(94.7%) 

PRoSIT− 

(n=5,381) 

FN 

41 (10.6%) 

TN 

5,340 

(94.7%) 

Percentages are calculated relative to the column denominator (GS+ or GS−). Row totals remain 

constant across versions because the tool was unchanged and modifications were applied exclusively 

to the gold standard. 

False positives with respect to GS-v2 

With respect to GS-v2, 315 patients were classified as FP. After audit, 17/315 (5.4%) were 

attributed to human-related error, whereas 298/315 (94.6%) were attributed to algorithm-

related error. 
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The transition from GS-v2 to GS-v3 resulted in reclassification of 17 FP patients (Table 1). 

The update also modified the underlying pair composition in 12 patients classified as TP, 

without changing their patient-level status. 

Structural concordance analysis among true positives (GS-v3) 

A total of 348 patients were classified as TP in GS-v3. A structural concordance analysis 

comparing the list of drug pairs identified by PRoSIT with those recorded in the gold standard 

was performed. The distribution across the five pre-specified agreement categories is shown 

in Figure 3.  

Figure 3. Distribution of true-positive patients across the five pre-specified structural 

agreement categories. For each patient, concordance was defined based on the relationship 

between the set of high-severity pairs identified by the gold standard and by PRoSIT. Blue 

indicates pairs identified by the GS-v3, red indicates pairs identified by PRoSIT, and purple 

indicates overlapping pairs.  

Patients without complete pair-level agreement (categories 2-5; n = 64) underwent targeted 

audit. 

At the patient level: 



109 
 

• Category 2 (n = 16): five patients had at least one human-related error; remaining 

discrepancies were algorithm-related. 

• Category 3 (n = 38): ten patients had at least one human-related error. 

• Category 4 (n = 1): the case involved both human-related and algorithm-related 

errors. 

• Category 5 (n = 9): in three patients, neither pDDI was confirmed as valid; in the 

remaining cases, the pDDI recorded in the GS-v3 was confirmed, whereas the 

algorithm-detected pDDI was unsupported. 

Final refinement (GS-v3 -> GS-v4) resulted in modification of information in 19 patients 

and final reclassification of three previously TP patients as FP (Table 1).  

Pair-level qualitative audit of discordances 

Qualitative analysis was conducted at the pair level, including all discordant pairs identified 

across audit phases. 

False negatives with respect to GS-v1 

Among the 216 FN patients, 27 (12.5%) had more than one discordant pair (range 2-6), 

corresponding to 248 discordant drug pairs. Of the latter, 202 (81.5%) were attributed to 

human-related error, and 46 (18.5%) to algorithm-related error. 

• Among the 202 human-related pairs, 8 (4.0%) were due to joint misclassification 

by the initial reviewers, whereas 194 (96.0%) emerged during the consensus 

phase. 

• Among the 46 algorithm-related pairs, one pDDI had been identified but 

classified as non-severe. In 15 cases, the same pharmacological combination had 

been correctly identified and classified in other patients within the dataset. The 

remaining pairs were attributable to rule misinterpretation or normalization 

issues. 
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Human-related patterns. The majority of human-related pairs (165/202; 81.7%) were linked 

to ANSM Thesaurus lexical ambiguity in potassium-containing combinations. In these cases, 

ANSM Thesaurus specified a single severity level accompanied by a note excluding 

applicability in the presence of hypokalemia, leading to inconsistent operational 

interpretation. 

Fifteen pairs involved acetylsalicylic acid combined with clopidogrel or diclofenac, with 

discrepancies related to distinctions between validated indications, off-label use, and dose-

dependent conditions. 

Thirteen pairs concerned a broadly defined pharmacological class (“medicinal products 

administered orally”), associated with a general recommendation to reduce absorption and 

separate administration (>2 hours). The remaining nine pairs showed no recurring pattern. 

Algorithm-related patterns. Among the 46 algorithm-related pairs, 14 (30.4%) involved 

substances associated with bradykinin-mediated angioedema risk. Thirteen pairs (28.3%) 

included levodopa. Four pairs (8.7%) involved apixaban combined with non-steroidal anti-

inflammatory drugs or azole antifungals. The remaining pairs were heterogeneous. 

False positives with respect to GS-v2 

Among the 315 FP patients, 17 (5.4%) had more than one discordant pair (range 2-3), 

corresponding to 333 discordant pairs.  

Of these, 17/333 (5.1%) were attributed to human-related error and 316/333 (94.9%) to 

algorithm-related error. 

Human-related patterns. All 17 human-related pairs had undergone consensus review. Ten 

(58.8%) were due to incorrect severity attribution for drugs associated with bradykinin-

mediated angioedema. The remaining pairs did not form a recurring cluster. 

Algorithm-related patterns. Among the 316 algorithm-related pairs: 
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• 197 (62.3%) were attributable to incorrect interpretation of pDDIs between potassium 

and either angiotensin II receptor blockers, ACE-inhibitors, or diuretics, with 

systematic classification as positive irrespective of contextual conditions. 

• 64 (20.3%) resulted from incorrect substances identification in the clinical record, 

including 44 cases where one member of the pair was absent and 20 where both were 

absent. 

• 38 (12.0%) resulted from incorrect interpretation of pDDIs involving drugs 

associated with bradykinin-mediated angioedema, where co-presence of two listed 

substances was treated as an automatic pDDI. 

• 15 (4.7%) were due to incorrect substance-to-category mapping (ex. cholecalciferol) 

within the ANSM Thesaurus. 

Discordant pairs among non-exact match true positives (GS-v3) 

Across the 64 patients in categories 2-5, a total of 80 discordant pairs were analyzed. 

In category 2 (n = 16), 19 pairs were present in the gold standard but not detected by PRoSIT. 

Five were human-related, all established through consensus and related to ambiguities 

involving antihypertensive-potassium combinations. The remaining 14 were algorithm-

related; in four cases, a comparable combination had been identified in other patients. Seven 

of the 14 undetected pairs included levodopa. 

In category 3 (n = 38), 42 pairs were identified by PRoSIT but absent from the gold standard. 

Eleven were human-related (ten from consensus and one from initial joint misclassification). 

The remaining 31 were algorithm-related: 18 due to incorrect severity attribution, nine due 

to identification of non-documented substances, and four due to substance-to-class linkage 

errors within the ANSM Thesaurus. Eplerenone and/or spironolactone were involved in 20 

of these 31 pairs. 
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The single category 4 patient had two discordant pairs, one on each side, involving both 

human-related and algorithm-related components. 

In category 5 (n = 9), nine pairs were present in the gold standard but not detected by PRoSIT, 

and nine were detected by PRoSIT but absent from the gold standard. Among gold standard 

pairs, three were found to be incorrect. 

Impact of gold standard refinement on diagnostic performance 

Performance after FN correction (GS-v2) 

In GS-v2, 372 patients were classified as having at least one high-severity pDDI. Of these, 

331 (88.9%) were correctly identified and 41 (11.1%) were missed. Sensitivity increased to 

88.9% (95% CI: 85.4-91.8), a 25.8% increase compared to GS-v1; NPV reached 99.2% (95% 

CI: 99.0-99.4), a 3.2% increase compared to the previous GS version. Detailed results are 

shown in Table 2. 

Performance after FN and FP correction (GS-v3) 

In GS-v3, 389 patients were classified as positive. PRoSIT correctly identified 348 (89.5%) 

and missed 41 (10.5%). Sensitivity was 89.5% (95% CI: 86.0-92.1), NPV remained 99.2% 

(99.0-99.4), specificity slightly increased to 94.7% (94.1-95.3), and PPV was 53.9% (50.0-

57.7) (Table 2). 

3.3.3 Performance after final refinement (GS-v4) 

Following final refinement, 386 patients were classified as positive. PRoSIT correctly 

identified 345 (89.4%) and missed 41 (10.6%). Sensitivity was 89.4% (95% CI: 85.9-92.1), 

NPV remained unchanged at 99.2% (95% CI: 99.0-99.4).  
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Table 2. Performance of PRoSIT across gold standard versions 

Metric GS-v1 GS-v2 Δ  GS-v3 Δ  GS-v4 Δ  

Sensitivity 

(%) 

63.1 

(59.2-66.9) 

88.9 

(85.4-91.8) 
+25.8 

89.5 

(86.0-92.1) 
+26.4 

89.4 

(85.9-92.1) 
+26.3 

NPV (%) 
96.0 

(95.4-96.5) 

99.2 

(99.0-99.4) 
+3.2 

99.2 

(99.0-99.4) 
+3.2 

99.2 

(99.0-99.4) 
+3.2 

Specificity 

(%) 

94.9 

(94.3-95.5) 

94.4 

(93.8-95.0) 
−0.5 

94.7 

(94.1-95.3) 
−0.2 

94.7 

(94.0-95.2) 
−0.2 

PPV (%) 
57.3 

(53.4-61.0) 

51.2 

(47.4-55.1) 
−6.1 

53.9 

(50.0-57.7) 
−3.4 

53.4 

(49.6-57.2) 
−3.9 

Accuracy (%) 
91.8 

(91.1-92.5) 

94.1 

(93.5-94.7) 
+2.3 

94.4 

(93.8-94.9) 
+2.6 

94.3 

(93.7-94.9) 
+2.5 

F1-score 
0.60 

(0.57-0.63) 

0.65 

(0.61-0.68) 
+0.05 

0.67 

(0.64-0.70) 
+0.07 

0.67 

(0.63-0.70) 
+0.07 

Youden’s J 
0.58 

(0.54-0.62) 

0.83 

(0.80-0.86) 
+0.25 

0.84 

(0.81-0.87) 
+0.26 

0.84 

(0.81-0.87) 
+0.26 

Estimates with 95% CI in parentheses; Δ expressed in percentage points relative to GS-

v1.  

Discussion 

This study applied a structured and iterative refinement process to a previously developed 

gold standard (GS-v1) used to validate the NLP tool PRoSIT for identifying high-severity 

pDDIs. The main finding is that a substantial proportion of errors initially attributed to 

PRoSIT were in fact due to errors within the gold standard itself.  

The most relevant variation across GS versions resulted from the reclassification of 175 

patients from FN to TN in the evaluation of PRoSIT between GS-v1 and GS-v2. As PRoSIT 

itself was not modified, the shift in performance metrics reflects a direct effect of refining 

and correcting the gold standard. During the same transition, 39 patients were also 

reclassified from TP to FP. 
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This latter result is less intuitive when considered only at the patient level. Two elements 

should be considered:  

First, pDDI identification occurs at the drug-pair level, whereas performance metrics were 

calculated at the patient level using a ≥1-event logic. Under this framework, a patient’s 

classification may depend on different combinations of drug pairs. Without a dedicated 

analysis of the underlying pairs, patient-level evaluation alone may therefore represent an 

imprecise or spurious proxy of true algorithmic performance. 

Second, whenever a pair was modified for a FN or FP patient, all other instances of that pair 

were modified, regardless of the patient’s status. 

As a consequence, the final analysis of discordances among TP does not reflect only the last 

adjudication step (GS-v3 → GS-v4) but also cumulative modifications introduced during 

earlier stages of reference standard refinement. For this reason, the proportion of human-

related errors observed among TP was not a directly measured study outcome, as it is partly 

influenced by upstream structural updates of the reference standard. 

A relevant result of the study was that error causes were not symmetrically distributed. Most 

FN were related to human errors, often emerging during the consensus phase, due to lexical 

and conditional ambiguities in the regulatory source. In contrast, the analysis of FP revealed 

a predominantly structural, tool-related error. PRoSIT tended to interpret certain regulatory 

entries as unconditional positives, whereas the ANSM Thesaurus defined them as context-

dependent, for example, combinations allowed under specific monitoring conditions.  

The audit of discordances allowed a distinction between random and structural errors. The 

predominance of human-related errors during the consensus stage, when the two initial 

reviewers disagreed, indicates an intrinsic interpretative difficulty in applying certain ANSM 

Thesaurus entries rather than isolated individual mistakes. 
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In addition, the distribution of discordant pairs followed a clear Pareto-like pattern. A small 

number of drug combinations accounted for most errors. Among FN, more than 80% of 

human-related pairs were concentrated in potassium-containing combinations affected by 

lexical ambiguity in the ANSM Thesaurus. Among FP, over 60% of algorithm-related pairs 

resulted from systematic misinterpretation of potassium-related pDDIs. Other clusters, such 

as bradykinin-mediated angioedema risk, levodopa, and substance identification errors, 

contributed smaller but recurrent proportions. This pattern suggests that both human 

reviewers and the algorithm are sensitive, for different reasons, to lexical ambiguities that 

affect highly prevalent drug pairs or groups of pairs. 

These pair-level findings raise a major concern. If ambiguous entries systematically generate 

errors in frequent co-prescriptions, similar misinterpretations may occur in routine clinical 

practice. At the same time, the fact that it was very rare for both reviewers to commit the 

same mistake supports the overall robustness of the gold standard. 

A secondary but methodologically important finding concerns the impact of gold standard 

refinement on system performance. Following correction of human-related cases, sensitivity 

increased substantially, reaching approximately 89%, with an improvement of more than 25 

percentage points, while the negative predictive value approached 99%. Importantly, this 

improvement was not the result of any modification to the tool but of stabilization of the gold 

standard. The combination of high sensitivity, preserved specificity, and near-perfect NPV 

suggests that, in its final configuration, the system may be compatible with a rule-out logic, 

although external validation in independent settings remains necessary.  

Concerning the secondary metric of performance evaluation, PPV showed a modest decrease 

after FN correction, reflecting the reduction in gold standard-defined prevalence. Conversely, 

the accuracy increase needs to be evaluated with caution, as in low-prevalence settings this 

metric is strongly influenced by the large proportion of TN. The F1-score improved only 
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moderately, as the gain in sensitivity was partially offset by a decrease in PPV. Consistently, 

Youden’s J increased markedly, mainly driven by the substantial gain in sensitivity after gold 

standard refinement. 

Furthermore, a specific clarification on the rationale of the overall framework adopted must 

be made. The diagnostic accuracy literature has long recognized that the so-called “gold 

standard” is often imperfect and that misclassification of the reference can substantially 

distort estimates of index test performance. Reporting frameworks such as STARD and risk-

of-bias tools emphasize the importance of transparently describing how the gold standard is 

constructed and of explicitly acknowledging its potential sources of bias (195,196). When 

the gold standard is not perfectly sensitive and/or specific, conventional contingency tables 

yield naïve estimates that reflect agreement with an imperfect label rather than with the 

underlying clinical truth. Methodological work on imperfect gold standards proposes several 

approaches, including imputation or adjustment for missing verification, algebraic correction 

for misclassification when the operating characteristics of the reference are known, 

construction of composite or panel-based references, and latent class modeling when no 

acceptable gold standard exists (190). Algebraic correction for reference misclassification 

requires known operating characteristics of the reference standard, which cannot be defined 

for a regulatory document translated into operational rules; composite reference standards 

rely on multiple independent sources measuring the same condition, whereas the ANSM 

Thesaurus represents the single French normative source defining high-severity pDDIs; 

latent class modeling would have required strong assumptions of conditional independence 

and multiple statistically independent measurements, conditions not met by the dataset (197). 

A deterministic and fully auditable refinement of the gold standard, using a form based on 

discrepancies, was thus chosen, with an explicit tracking of all modifications (193).  
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Several limitations must be acknowledged. First, the audit of discordances was not fully 

blinded to algorithmic or human classifications, which introduces the possibility of review 

bias. Predefined audit rules and rigorous tracking of all modifications were implemented. 

Reassessment according to the ANSM Thesaurus was initially performed with knowledge 

limited to the binary classification (i.e., positive, or not positive) of the pair according to 

PRoSIT and the gold standard. Entities and pharmacological classes were independently re-

evaluated before considering additional information from the gold standard or PRoSIT. 

Residual bias, however, cannot be excluded. 

An additional assumption concerns the correctness of pharmacological entity extraction by 

human annotators. Identified entities were assumed to be correct, and discrepancies in 

substances were attributed to NLP-related errors, including possible false detections due to 

misinterpretation of negated statements such as drug discontinuation. This assumption was 

not formally verified. However, entity extraction was performed in a structured manner by 

trained personnel, and the task appears inherently more error-prone for an NLP system than 

for adequately trained human reviewers. 

Approaches similar to the one conducted in this study, based on selective re-examination of 

discordant cases have historically been criticized on methodological grounds (198). A clear 

distinction is therefore required. In classical discrepant analysis, the index test or a closely 

related assay is used to redefine disease status in discordant cases, thereby introducing 

incorporation bias and potentially producing systematically inflated estimates of sensitivity 

and specificity (199). The main concern is that the new test contributes, directly or indirectly, 

to the construction of the reference standard, thus violating independence between index and 

reference. 

Although the present study shares a structural element with discrepant approaches, namely 

the identification and targeted audit of discordant cases, the framework differs in key aspects. 
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First, the NLP tool or any related algorithmic output was never used to redefine the presence 

of a high-severity pDDI. All corrections were anchored exclusively to the institutional 

source, the ANSM Thesaurus, and to predefined operational rules. Second, corrections were 

limited to errors clearly attributable to human annotation and were documented through a 

structured proof log to ensure traceability. Third, refinement was not restricted to FN or FP. 

TP cases also underwent structural concordance analysis, which allowed identification of 

residual pair-level discrepancies independent of patient-level agreement. The present 

strategy, therefore, is more accurately described as a discordance-based refinement rather 

than classical discrepant analysis. Similar targeted reviews of discordant cases have been 

reported in other diagnostic AI evaluations, where independent expert re-examination of 

cases initially classified as discordant revealed labeling errors in the reference standard and 

led to post hoc reanalysis of system performance after correction of the reference labels 

(200,201).  

This strategy renders the refinement of the gold standard transparent and rational; however, 

the complete absence of residual errors cannot be excluded. Given the systematic audit of 

FN, FP, and TP cases, potential residual misclassification would most plausibly concern 

concordant TP or TN cases, i.e., instances where both PRoSIT and the gold standard indicate 

absence or presence of high-severity pDDIs. Such errors would require a simultaneous 

failure of both human application of the operational rules and automated detection, which is 

expected to be uncommon. Consistently, during the refinement process, it was rare for both 

reviewers to commit the same error, suggesting that most human misclassifications were not 

systematically shared. Nonetheless, residual errors cannot be fully excluded. Targeted re-

evaluation of a random sample of concordant cases could be performed in future work to 

further assess this possibility. 
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Applying the same iterative framework to tools based on different architectures may 

contribute to a final test/refinement of the gold standard, as comparing models that show 

different structural errors may help to better identify residual human errors. 

Conclusions 

This study confirms that evaluation of AI tools for identifying high-severity pDDIs cannot 

be separated from an explicit analysis of gold standard imperfection and data structure. 

Performance metrics must be interpreted as a joint function of the tested tool, the gold 

standard, and the aggregation logic adopted. A systematic discordance analysis, grounded in 

a uniform causal taxonomy and a clear distinction between patient-level and pair-level 

evaluation, represents an essential methodological instrument to make the gold standard 

more coherent, auditable, and progressively closer to clinical ground truth.  
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5.3 Lessons learned and methodological considerations 

This study showed that accuracy metrics of automated tools cannot be interpreted 

independently from the structure of the gold standard. As the gold standard is often imperfect 

when dealing with free text regulatory or institutional sources, performance estimates reflect 

both tool behavior and gold standard instability. In this study, FN and sensitivity were 

affected by human-related errors in the gold standard, while most FP were linked to structural 

characteristics of the tool, such as the unconditional application of context-dependent rules. 

Performance metrics should therefore be read as the result of an interaction between 

algorithm, reference, and aggregation logic. 

The audit also showed that errors were not randomly distributed. Discordances followed a 

Pareto-like pattern, with a limited number of semantic clusters accounting for the majority 

of discrepancies. Potassium-related pDDIs and bradykinin-mediated angioedema 

represented recurrent instability points. This concentration indicates that imperfections arise 

from specific ambiguity nodes in the translation of regulatory text into operational rules, 

rather than from diffuse annotation noise or reference ambiguity. Both human reviewers and 

the algorithm were sensitive, for different reasons, to these high-prevalence and lexically 

ambiguous pDDI groups. 

The study further clarified the limits of patient-level aggregation. Agreement at the patient 

level may occur even when the identified drug pairs do not overlap. Without systematic pair-

level auditing, performance can appear artificially improved or degraded for structural 

reasons. A robust gold standard therefore requires dual evaluation: patient-level metrics to 

preserve clinical interpretability, and pair-level analysis to maintain structural consistency. 

When aggregation is performed at the patient level, the possibility of spurious agreement 

should be considered. The review of TP requires however particular caution. As corrections 

at the pair level propagate across all occurrences of the same combination, some TP are 
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indirectly modified before any dedicated TP analysis. A final review of TP is therefore time-

consuming and may provide only marginal additional gains in structural coherence. Its 

necessity should be evaluated pragmatically, balancing methodological benefit against 

operational burden.  

As the refinement process modified the underlying gold standard used in the second study, 

the results presented in that study should be interpreted in light of the refined gold standard. 

Updated results derived from the refined gold standard are provided in the Supplementary 

Material. 

In conclusion, the study shows that in complex clinical systems the gold standard may not 

be a fixed truth but a progressively stabilized construct. Iterative discordance analysis 

represents a practical strategy to improve its internal coherence. In this perspective, 

evaluation of NLP systems is not strictly unidirectional. While the tool is assessed against 

the gold standard, the analysis of the gold standard against the tool can also reveal 

weaknesses in the gold standard itself and contribute to its refinement. 
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6 - General discussion, perspectives, and conclusions 
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6.1 General discussion 

This thesis addressed the problem of high-severity pDDIs through a structured progression 

aligned with its primary objectives: to improve comparability of sources and clarify the 

definition of ground truth; to construct and refine a gold standard based on real-world data; 

and to evaluate an automated detection system for the identification of high-severity pDDIs.  

As discussed in previous chapters, when dealing with pDDIs, the epistemic dimension (i.e., 

what we consider valid knowledge) and the operational dimension (i.e., how we address the 

issue based on current knowledge) must realistically advance in parallel. 

The first study therefore focused on management recommendations of pDDIs across different 

sources, after standardization into comparable categories. The underlying premise was that 

the “strength of intervention” associated with recommendations is central for clinical 

prioritization. Risk information becomes clinically relevant only when it is translated into 

action. The study showed that even when pDDIs are recognized across multiple databases, 

the recommended actions may diverge substantially. In a set of pDDIs identified in discharge 

records, overall agreement across five ICs was moderate and varied by source. When 

granularity was deliberately reduced to a binary distinction, any intervention vs. no 

intervention, agreement improved but remained suboptimal, given that simplification 

mechanically reduces opportunities for disagreement. Divergences also persisted when 

restricting the analysis to the most critical pDDIs. 

These discrepancies could already have concrete implications for clinical practice. In French 

hospital settings, several ICs may be routinely consulted, while SmPCs and the ANSM 

Thesaurus should provide a regulatory background. However, in clinical practice, systematic 

consultation of SmPCs or free-text sources such as the ANSM Thesaurus is time-consuming 

and not always feasible. As a result, identical prescriptions may trigger, or fail to trigger, 

interventions in a non-uniform way depending on the source consulted.  
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Beyond these considerations, the observed discrepancies also raise a more fundamental 

methodological question concerning the reliability of the underlying knowledge base. Some 

degree of variability is expected. Public health decisions derive from national regulatory 

frameworks, and different sources target different audiences (e.g., international ICs vs. 

national regulatory references). However, the magnitude of disagreement observed cannot 

reasonably be attributed to contextual factors alone. Most pDDIs depend on fundamental 

PD/PK properties of co-administered substances. Large divergences therefore suggest either 

limited robustness or limited transparency in the underlying evidence base. 

This observation has direct implications for methodological choices in operational research 

on pDDIs. Although the results are informative for prioritization, it would be inappropriate 

to treat cross-database consensus as an immediate proxy for clinical ground truth. Integrating 

information from multiple secondary sources in contexts of high disagreement, without a 

clear hierarchy, risks increasing confusion among prescribers rather than supporting 

decision-making.  

A further difficulty is the extremely limited transparency regarding the supporting evidence. 

Without access to the rationale underlying individual recommendations, it becomes difficult 

to determine why discordances arise; it is not reasonable to expect clinicians to resolve strong 

discrepancies when the sources and justifications required for that judgement are not 

provided. 

From this perspective, basing operational studies on a national reference, despite their limits, 

appears to be the most coherent strategy for implementation within a defined clinical context. 

Systematic integration of divergences across sources remains a promising but complex 

challenge, requiring a careful balance between informational overload, adherence to 

regulatory guidance, and the ethical responsibility to highlight potential omissions or 

ambiguities when discrepancies are substantial.  
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Nonetheless, elements of common convergence, although rare, may represent areas where 

the literature is likely to be consistently in agreement. These areas of convergence could 

allow the creation of short lists of never events that can be further investigated and used as a 

starting point for targeted prevention efforts.  

The second study thus moved to an operational construction for the identification of high-

severity pDDIs based on a single, established source, the ANSM Thesaurus. This was 

achieved through construction of an expert-derived gold standard and its application to a 

real-world hospital cohort. 

A double independent review and adjudication process enabled the creation of a transparent, 

and auditable gold standard, constructed using more than 6,000 hospitalized patients and 

over 30,000 unique pharmacological pairs. Initial results on its reliability showed high inter-

rater agreement between the two experts, indicating that only a small proportion of cases 

required the intervention of the consensus. Secondarily, the findings of the study show the 

added value of analyzing real prescribing patterns. Approximately 6-10% of patients were 

exposed to at least one high-severity pDDI (figures varying based on gold standard version). 

These pDDIs were strongly associated with polypharmacy, and concentrated within a limited 

number of drug classes and recurrent prescribing clusters. This result supports pharmacist-

to-clinician information strategies focused on a restricted core of clinically critical pDDIs. 

Similarly, the heterogeneity observed across different care settings suggests that information 

strategies should be context-specific and aligned with local prescribing patterns. 

The initial evaluation of PRoSIT against the original gold standard showed insufficient 

performance for reliable identification of at-risk patients. The tool missed a clinically 

relevant proportion of cases, rendering direct deployment as a rule-out automated 

interception system unacceptable. At the same time, the distribution of discordances 

suggested that FN and FP could not be interpreted solely as algorithmic limitations. A 
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relevant proportion of FN regarded patients without initial expert agreement, indicating a 

plausible component of error linked to the ANSM Thesaurus and therefore suggesting the 

need to further discriminate between tool error and uncertainty or ambiguity within the 

reference. 

Thus, the third study was designed to systematically investigate the nature and determinants 

of the observed discordances. Results showed that measured performance was a joint 

function of both the tested tool and the gold standard, and that error patterns were 

asymmetrically distributed between FN and FP, reflecting distinct underlying mechanisms. 

Analysis of recurrent clusters suggested intrinsic limitations of the regulatory source, 

particularly ambiguous formulations and conditional notes that proved difficult to 

operationalize consistently by a NLP tool. Regulatory documents are primarily intended for 

communicative purposes within clinical practice; they are not designed as formal 

computational rule sets (e.g., the structure used by guidelines). Their transformation into 

executable decision logic may introduce variability for both clinicians and algorithms. 

A substantial proportion of patients classified as having a high-severity pDDI exclusively by 

the gold standard (i.e., FN) were initially interpreted as algorithmic failures. However, 

structured audit demonstrated that these cases largely reflected inconsistencies in the 

construction of the gold standard itself. Specifically, a small number of complex or 

ambiguous reference document formulations accounted for most of the variability across 

reviewers, thus generating misclassification at the gold standard level. For example, 

potassium-related pDDIs included conditional notes excluding applicability in specific 

conditions, which were interpreted inconsistently during consensus review. Similarly, 

combinations involving acetylsalicylic acid with clopidogrel or diclofenac required 

distinction between validated indications, off-label use, and dose-dependent criteria.  
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In contrast, the audit of FP identified a different mechanism. Here, the gold standard 

classification was mostly confirmed as appropriate, whereas PRoSIT had systematically 

applied pDDI rules without incorporating contextual qualifiers of the regulatory source (i.e., 

applicability restricted to specific patient categories or clinical conditions). These errors were 

structural and implementation-related, arising from rigid execution of formalized rules that 

required a more nuanced contextual interpretation. 

This iterative process conducted in the third study recontextualized validation as a refinement 

process. Discordances were treated as informative signals about the system as a whole, 

including the regulatory source, the gold standard, the algorithm, and the unit of analysis. 

The results illustrate the presence of reference standard bias in pDDI research and show that 

performance metrics are a joint function of tool behavior and source document limits.  

Taken together, the results of these studies indicate that identification of high-severity pDDIs 

must rest on explicit, traceable, and contextually grounded criteria. In hospital settings 

characterized by polypharmacy and clinical complexity, the absence of structured, automated 

tools risks heterogeneous decision-making and inconsistent application of interventions.  

6.2 Perspectives 

This work identified several practical and research perspectives, regarding gold standard 

development, educational intervention, evidence generation and improvement of the 

reference source. 

A first perspective concerns the gold standard as a research infrastructure. The ANSM 

Thesaurus, in its current form, presents structural limitations, including conditional 

formulations and partial overlap between severity and management categories. Nevertheless, 

it remains the only reference explicitly anchored to the French regulatory and clinical 

context. International databases do not systematically include drugs approved exclusively at 
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the national level, nor do they consistently reflect recommendations issued by French 

authorities. For tools intended for use in French hospitals, reliance on this reference 

document is therefore still essential and the developed gold standard represents a means for 

their validation. 

At the same time, the ANSM Thesaurus undergoes gradual revisions, and validation in other 

healthcare systems may require adaptation to different regulatory frameworks. For these 

reasons, the gold standard should not be treated as a fixed entity but as an ongoing research 

infrastructure. 

Within this framework, incremental extension represents a coherent strategy to balance 

external validity with difficulty of manual annotation. The existing version can be used as a 

stable base, while previously evaluated drug pairs are retained as validated. Expert review 

can then focus on newly emerging combinations, for example across different hospital units 

or time periods. This controlled accumulation allows the reference to evolve without re-

opening the entire structure at each iteration. 

Sequential testing of additional tools against the same reference may also further help 

identify residual structural weaknesses that persist over time. 

Although the methodological framework developed is potentially transferable to other 

healthcare systems, several components remain intrinsically dependent on the French clinical 

and regulatory context. The gold standard was derived from the ANSM Thesaurus, a national 

regulatory reference whose classifications and formulations may differ substantially from 

those used in other countries. Similarly, PRoSIT relies on French-language ontology and 

prescription normalization procedures, limiting immediate applicability to other linguistic 

environments without substantial adaptation. In addition, prescribing patterns, drug 

availability, reimbursement policies, and integration of clinical pharmacy services vary 
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across healthcare systems and may modify both the prevalence and operational relevance of 

specific pDDIs.  

A second perspective concerns intervention in patient care. As shown in the empirical 

analyses, high-severity pDDIs were not evenly distributed but concentrated in a limited 

number of recurrent combinations. After gold standard refinement, more than one quarter of 

corrected cases involved only ten pDDIs, several of which shared common PD/PK 

mechanisms. For example, QT prolongation emerged as a recurrent pattern, notably through 

combinations involving amiodarone, escitalopram, hydroxyzine, and trimethoprim-

sulfamethoxazole. Psychotropic-related combinations involving quetiapine, tramadol, 

duloxetine, or paroxetine also represented another important subgroup, more markedly in 

neurosciences settings. 

These clusters offer a practical basis for action. A restricted core of recurrent, high-impact 

pDDIs can support focused alerting strategies, targeted educational initiatives, and structured 

pharmacist-to-clinician feedback in departments characterized by high polypharmacy. 

Prioritizing a limited number of highly prevalent pDDIs is likely to produce greater clinical 

benefit than dispersing attention across a large number of lower frequency, high-severity 

pDDIs. It also reduces the volume of signals presented to prescribers, making decision 

support more manageable and more likely to be used consistently. 

A third perspective concerns evidence generation. For many pDDIs, the link between 

theoretical risk and clinical outcome remains insufficient. Classifications may rely on 

pharmacological plausibility more than on robust outcome data. Concentrating research 

efforts on the identified high-priority high-prevalence core offers a pragmatic pathway. PV 

signal assessment can be conducted using large spontaneous reporting databases (130) and 

signals can then be evaluated through observational studies focusing on clinically relevant 

endpoints in routine care (134).  
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A final perspective concerns the structured comparison of pDDI sources as a tool for 

evidence development. Divergences between national and international ICs should be treated 

as indicators of areas requiring further investigation. When substantial differences in 

management classification are observed, these pDDIs can be prioritized for documentation 

review, targeted research, and expert reassessment. Evidence generated through this process 

can then potentially inform updates of the ANSM Thesaurus and progressively improve its 

quality. Validated discordances may be incorporated into NLP systems through controlled 

integration procedures. In this way, cross-source comparison may become a mechanism for 

identifying research priorities and refining the regulatory reference.  

6.3 Conclusions 

This thesis developed a methodological framework to improve the identification and 

prioritization of pDDIs, from the comparison of existing sources to the construction of an 

operational reference and the evaluation of an automated detection tool. 

The results show that management recommendations for pDDIs may diverge substantially 

across sources with limited reported evidence, limiting the use of cross-source information 

as an immediate prioritization strategy or as a reliable basis for clinical decision-making. 

They also show that reliable identification of high-severity pDDIs requires explicit and 

traceable operational criteria. When evaluating automated tools, performance metrics cannot 

be interpreted independently from the quality and stability of the reference used for 

validation. 

The work presented here thus suggests that system implementation and refinement should 

proceed in parallel with evidence generation. Improving the identification and management 

of high-severity pDDIs requires systems that are not only technically accurate, but also 

transparent, auditable, and continuously revisable. Only through the continuous refinement 
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of both operational criteria and the epistemic foundations on which they rest can pDDI 

management become more coherent, sustainable, and clinically meaningful. 
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7 - SUPPLEMENTS 
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7.1 Supplements Chapter 3 

Chapter 3 - Supplementary Table 1: Classification of pDDIs according to each 

comparison IC. 

 

ANSM Thesaurus.  

This document, published by the Agence Nationale de sécurité des Médicaments et des 

produits de santé (ANSM), is regularly updated to reflect the latest information on drug 

interactions in France. 

The ANSM Thesaurus classifies DDIs into four categories, each associated with different 

management recommendations, defined as follows: 

• Contraindicated: the drug combination must be avoided in all cases. 

• Avoid, unless benefits outweigh harms: the drug combination requires careful 

consideration of the benefit-risk ratio and strict patient monitoring. 

• Needing precaution of use: co-administration is generally allowed but requires specific 

precautions to minimize adverse reactions (e.g., dosage adjustments, enhanced 

monitoring). 

• To be considered: a risk of adverse reactions theoretically exists, and it is up to the 

prescriber to evaluate the appropriateness of the combination. 

It also includes, for a majority of pDDIs, a description of the mechanism or clinical effect of 

the interaction; for some interactions, it also provides a detailed description of the 

recommended management. The categories (associated with management recommendations) 

were used for this study (Table 1) 

 

 

British National Formulary.  

It provides extensive advice on therapeutics and pharmacology and lists numerous DDIs, 

primarily focusing on drugs available under the UK National Health Service (NHS). Most 

pDDIs are listed under specific entries for each substance/class. It provides a grading for 

both the severity of the DDI and the level of evidence. It provides short details regarding the 

mechanism of the DDI and an action statement for its management. Additionally, twenty 

tables are dedicated to listing pharmacodynamic pDDIs. Nonetheless, they rarely provide 

any information on their management (i.e., only interactions reported under Table 9). The 

action statements were used in this study (Table 1 and, in detail, Table S2). 
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Drugs.com  

The DDIs are categorized by a classification that defines their severity (Major, Moderate, 

Minor, Unknown). It also includes an action statement defining the recommended behavior 

(e.g., Contraindicated, Generally Avoid, Monitor Closely, Adjust Dose) and a specific 

discussion on mechanisms, risk factors, and management. The general action statements 

were used for this study 

(Table 1). 

 

 

Epocrates Interaction Check (Epocrates)  

This IC includes only U.S. FDA-approved products and is meant to reflect U.S.-specific 

clinical practices. It allows for searching combinations of drugs, herbs, and supplements, 

listing for each pDDI a short description of the potential adverse effects, the action required 

for clinical management, and the mechanism of the pDDI. It classifies pDDIs though 

general categories, broadly indicating the recommended actions. (i.e., Contraindicated, 

Avoid/Use Alternative, Monitor/Modify treatment, Caution advised, None, Therapeutic 

advantage). It also includes specific action statements, which were used for this study (Table 

1 and, in detail, in Table S3). 

 

UpToDate® Lexidrug™ (Lexidrug)  

It classifies drugs both through a severity scale and by a “Risk Rating,” defining the 

recommended actions. Detailed information regarding the effect, the mechanism, the risk 

factors, and the management of the pDDI are also provided. For this study, the risk rating 

system was adopted (Table 1): 

X - Avoid Combination: The interaction is clinically significant and the risks clearly outweigh 

the benefits. D - Consider Therapy Modification: The interaction is significant. Co-

administration may be justified depending on patient-specific factors, but therapeutic 

modifications (e.g., monitoring, dose changes, alternative drugs) are required to reduce risk. 

C - Monitor Therapy: The interaction exists but the benefits of co-administration usually 

outweigh the risks. Clinical monitoring is recommended; dosage adjustment may be needed 

in some patients. 

B - No Action Needed: An interaction may exist, but there is little to no clinical concern. 

No specific 

management is required. 
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A - No Known Interaction: No pharmacokinetic or pharmacodynamic interaction has been 

identified 

between the agents. 

 

Medscape Drug Interaction Checker (Medscape). It classifies DDIs based on a category 

regarding the recommended action to follow by the clinician (e.g., Contraindicated, Serious- 

Use alternative), together with a more specific action statement and general details on the 

pDDI. The action statements were used for this study (Table 1). 
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Chapter 3 - Supplementary Table 2: Classification of Common action statements from 

the BNF.  

 

High-priority (Always avoid) 

­ Avoid; 

­ Avoid D1/D2 for (n amount of time) before or (n amount of time) after D1/D2; 

­ Avoid D1/D2 for at least (n amount of time) before or (n amount of time) after D1/D2; 

­ Avoid for (n amount of time) after stopping D1/D2; 

­ Avoid for at least (n amount of time) after stopping treatment; 

­ Avoid for at least (n amount of time) before and up to (n amount of time) after stopping 

treatment; 

 

 

Intermediate-priority (Conditional co-administration) 

­ Adjust D1 and D2 dose; 

­ Adjust D1 dose with D2; 

­ Adjust D1/D2 and monitor adverse effects; 

­ Adjust D1/D2 dose and separate administration by (n amount of time); 

­ Adjust D1/D2 dose; 

­ Adjust D1/D2 starting dose and monitor; 

­ Adjust D1/D2 starting dose; 

­ Adjust dose and monitor (physiological/biochemical parameter); 

­ Adjust dose with D1/D2; 

­ Administer D1/D2 with an acidic beverage; 

­ Avoid (specific route of administration); 

­ Avoid another dose of D1/D2 within (n amount of time) of concurrent use; 
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­ Avoid D1/D2 or adjust D1/D2 dose and monitor for (symptoms); 

­ Avoid D1/D2 or adjust D1/D2 dose; 

­ Avoid depending on (physiological/biochemical parameter) - consult product literature; 

­ Avoid depending on other drugs taken - consult product literature; 

­ Avoid except in an emergency situation - consult product literature; 

­ Avoid or adjust D1/D2 dose - consult product literature; 

­ Avoid or adjust D1/D2 dose and monitor (physiological/biochemical parameter); 

­ Avoid or adjust D1/D2 dose and monitor concentration; 

­ Avoid or adjust dose with D1/D2 - consult product literature; 

­ Avoid or monitor (symptoms/biochemical parameter); 

­ Avoid or monitor adverse effects and consider (other drug) as an alternative; 

­ Avoid or monitor adverse effects; 

­ Avoid or monitor D1/D2 concentration and adjust dose accordingly; 

­ Avoid or monitor efficacy; 

­ Avoid or monitor for toxicity; 

­ Avoid or monitor; 

­ Avoid or take D1/D2 first and separate administration by at least (n amount of time); 

­ Avoid unless patient can be monitored for signs of (signs/symptoms); 

­ D1/D2 should be taken (n amount of time) after D1/D2; 

­ D1/D2 should be taken (n amount of time) before D1/D2; 

­ D1/D2 should be taken (n amount of time) before or (n amount of time) after D1/D2; 

­ Manufacturer advises caution or adjust D1/D2 dose with D1/D2; 

­ Manufacturer advises caution or adjust D1/D2 dose; 

­ Manufacturer advises take both drugs at the same time; 

­ Manufacturer advises take D1/D2 (n amount of time) before or (n amount of time) 

after D1/D2; 
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­ Manufacturer advises take D1/D2 with food; 

­ MHRA advises avoid unless (physiological/biochemical parameter) can be monitored 

closely; 

­ Monitor (physiological/biochemical parameter) and adjust dose; 

­ Monitor adverse effects and adjust dose; 

­ Monitor and adjust D1/D2 dose; 

­ Monitor and adjust dose; 

­ Monitor concentration and adjust dose; 

­ Monitor for toxicity and adjust dose; 

­ Separate administration by at least (n amount of time); 

­ UKHSA advises separating administration by (n amount of time); 

­ Use with caution or avoid. 

 

Low-priority (No action required) 

­ Manufacturer advises caution depending on genotype; 

­ Manufacturer advises caution depending on other drugs taken; 

­ No action statements; 

­ No interactions; 

­ Refer to patient information leaflet for missed pill advice 

­ Refer to specialist literature. 

 

This table presents the most common action statements from the BNF and their classification 

according to the scale used in the study. While this list covers all the action statements of the 

pDDIs included in this study, it should not be considered exhaustive. D1/D2 refers to the first 

and/or the second substance in an interacting pair. 
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Chapter 3 - Supplementary Table 3: Classification of Common action statements from 

Epocrates. 

 

High-priority (Always avoid) 

­ avoid combo; 

­ avoid combo during and (n amount of time) after D1/D2; avoid combo, especially 

with (dose of D1/D2); contraindicated; 

­ contraindicated during and (n amount of time) after D1/D2; 

­ contraindicated, hold D1/D2 if urgent use, monitor (physiological/biochemical parameter); 

­ contraindicated w/in (n amount of time) before or (n amount of time) after D1/D2 use; 

­ contraindicated w/in (n amount of time) of D1/D2 use; 

­ contraindicated w/in (n amount of time) of D1/D2 use, hold D1/D2 if urgent 

use, monitor (physiological/biochemical parameter); 

­ hold D1/D2 while on D1/D2; 

­ use alternative (substance/class) 

­ use alternative or hold D1/D2 if urgent use; 

 

 

Intermediate-priority (Conditional co-administration) 

­ avoid combo w/ (specific formulation/dose of D1/D2), otherwise, adjust D1/D2 to (dose); 

­ co-administer simultaneously; 

­ consider alternative or monitor (physiological/biochemical parameter); 

­ consider alternative; 

­ consider decr. D1/D2 dose; 

­ consider decr. dose of one or both drugs; 

­ consider holding D1/D2 during D1/D2 tx, otherwise monitor (physiological/biochemical 

parameter); 

­ contraindicated in (medical condition), otherwise use lowest effective D1/D2 dose and 

monitor for (physiological/biochemical parameter); 

­ decr. D1/D2 dose (specific %) when D1/D2 initiated; 

­ decr. D1/D2 dose by (amount), consider holding D1/D2 while on D1/D2; 

­ decr. D1/D2 dose by (amount), otherwise monitor (physiological/biochemical parameter); 

­ decr. D1/D2 dose by (specific dose) if not tolerated; 

­ doses not estab. for combo of D1/D2 w/ D1/D2; 
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­ give D1/D2 (specific dose) w/ D1/D2 in tx-naive pts; 

­ generally avoid concurrent use, withhold D1/D2 for at least (n amount of time) 

before (therapy modification); 

­ give (specific dose of D1/D2); 

­ if D1/D2 not admin. w/ (other drug), monitor (physiological/biochemical parameter) w/ D1/D2; 

­ increase D1/D2 dose to (amount) during and (n amount of time) after D1/D2; 

­ max D1/D2 dose (max dose); 

­ max D1/D2 dose = (specific dose); 

­ monitor (physiological/biochemical parameter), consider decr. D1/D2 dose, max 

D1/D2 dose = (specific dose); 

­ monitor (physiological/biochemical parameter), consider decr. D1/D2 

dose; monitor (physiological/biochemical parameter), consider decr. 

D1/D2 start dose; 

­ monitor (physiological/biochemical parameter), consider monitoring 

(physiological/biochemical parameter); 

­ monitor (physiological/biochemical parameter), especially during initiation/titration; 

­ monitor (physiological/biochemical parameter), especially if D1/D2 dose > (specific 

dose), consider D1/D2 dose adjustment; 

­ monitor (physiological/biochemical parameter), if also combined with (other drug), 

consider decr. D1/D2 dose; 

­ monitor (physiological/biochemical parameter), if also combined with (other drug), 

decr. D1/D2 dose or avoid combo if already on (D1/D2 dose); 

­ monitor (physiological/biochemical parameter), max D1/D2 dose = (specific dose); 

­ monitor (physiological/biochemical parameter); 

­ monitor (physiological/biochemical parameters), decr. D1/D2 dose (specific %) when D1/D2 

initiated; 

­ monitor (physiological/biochemical parameters), may need to incr. D1/D2 dose; 

­ use alternative or monitor (physiological/biochemical parameter), consider decr. D1/D2 dose; 

­ monitor (physiological/biochemical parameters), use lowest effective D1/D2 dose; 

monitor for (physiological/biochemical parameter); 

­ monitor for (signs/symptoms); use alternative or increase D1/D2 dose to (specific dose); 

­ use alternative or monitor (physiological/biochemical parameter), consider decr. 

D1/D2 dose during and (n amount of time) after D1/D2 tx; 

­ use alternative or monitor (physiological/biochemical parameter), consider lower D1/D2 doses; 
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­ use alternative or monitor (physiological/biochemical parameter), especially if D1/D2 

dose > (specific dose); 

­ use alternative or monitor (physiological/biochemical parameter); 

­ use alternative or monitor (physiological/biochemical parameter, symptoms), 

especially during initiation/titration; 

­ use alternative or monitor (physiological/biochemical parameter, symptoms), use max D1/D2 

dose; 

­ use alternative or monitor (physiological/biochemical parameter, symptoms); 

 

­ use alternative or monitor (physiological/biochemical parameters), consider holding 

D1/D2 during D1/D2 tx; 

­ use alternative or monitor (physiological/biochemical parameters), especially during 

initiation/titration; 

­ use alternative or monitor (physiological/biochemical parameters, including (specific 

parameter)), risk may be lower with (alternative formulation); 

­ use lowest effective D1/D2 dose, monitor (physiological/biochemical parameter). 

 

­  

Low-priority (No action required) 

­ caution advised; 

­ no significant interaction(s) known or found for selected drugs. 

 

 

This table presents the most common action statements from the Epocrates and their 

classification according to the scale used in the study. While this list covers all the action 

statements of the pDDIs 

included in this study, it should not be considered exhaustive. D1/D2 refers to the first 

and/or the second substance in an interacting pair 
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Chapter 3 - Supplementary Table 4 - List of 70 sample pDDIs extracted to construct the scale, with relevant sections regarding 

management. 

pDDI 
ANSM 

Thesaurus 
BNF Lexidrug Drugs.com Epocrates Medscape 

ciclosporin- 

everolimus 

Needing 

precaution of use 

Avoid or adjust 

dose 

D - Consider 

therapy 

modification 

Generally Avoid 
admin. PCP prophylaxis; monitor 

renal fxn; 

Modify 

Therapy/Monitor 

Closely 

rifampicin - 

voxelotor 

Avoid, unless 

benefits outweigh 

harms 

Avoid 

D - Consider 

therapy 

modification 

Generally Avoid 
use alternative or incr. voxelotor 

dose to 2500 mg qd 

No Interactions 

found 

dabigatran- 

tacrolimus 

Avoid, unless 

benefits outweigh 

harms 

Avoid 
No interactions 

found 
Monitor 

consider separating admin. at least 

2h apart: 

Use 

Caution/Monitor 

atovaquone - 

rifabutin 
To be considered Avoid X - Avoid Generally Avoid avoid combo 

Use 

Caution/Monitor 

rifampicin - 

rivaroxaban 

Avoid, unless 

benefits outweigh 

harms 

Avoid unless 

patient can be 

monitored for signs 

of thrombosis 

X - Avoid Generally Avoid avoid combo 
Use 

Caution/Monitor 

codeine - 

paroxetine 

Avoid, unless 

benefits outweigh 

harms 

No action 

statements 
C - Monitor Monitor 

use alternative or monitor resp. 

rate, serotonin syndrome sx, 

especially during 

initiation/titration, withdrawal sx; 

decr. dose of one or both drugs, 

use lowest effective doses and 

shortest duration of conc. tx 

Use 

Caution/Monitor 
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pDDI 
ANSM 

Thesaurus 
BNF Lexidrug Drugs.com Epocrates Medscape 

midazolam - 

diltiazem 

Needing 

precaution of use 

Monitor adverse 

effects and adjust 

dose 

D - Consider 

therapy 

modification 

Monitor 
monitor BP, resp. rate, consider 

decr. midazolam dose 

Use 

Caution/Monitor 

atazanavir - 

efavirenz 

Avoid, unless 

benefits outweigh 

harms 

Refer to specialist 

literature 

D - Consider 

therapy 

modification 

Adjust Dose 

avoid combo in tx-experienced 

pts; give atazanavir 400 mg qd w/ 

ritonavir or cobicistat in tx- naive 

pts 

Avoid or Use 

Alternate Drug 

rifampicin- 

nintedanib 

Needing 

precaution of use 

No interactions 

found 
X - Avoid Generally Avoid 

avoid combo: combo may decr. 

nintedanib levels, efficacy hepatic 

metab. induced; P-gp- mediated 

transport induced 

Avoid or Use 

Alternate Drug 

rifabutin - 

posaconazole 

Avoid, unless 

benefits outweigh 

harms 

Avoid 

D - Consider 

therapy 

modification 

Generally Avoid 

use alternative or monitor 

breakthrough fungal infection, 

CBC, uveitis s/sx 

Avoid or Use 

Alternate Drug 

rifampicin - 

morphine 

Précaution 

d'emploi 

No action 

statements 
C - Monitor Monitor caution advised 

Minor/Significance 

Unknown 

oxcarbazepine- 

topiramate 

Needing 

precaution of use 

No interactions 

found 

No interactions 

found 
Monitor caution advised 

No Interactions 

found 

fluoxetine- 

tamoxifen 

Avoid, unless 

benefits outweigh 

harms 

Avoid 

D - Consider 

therapy 

modification 

Generally Avoid Caution advised 
Use 

Caution/Monitor 

rolapitant - 

tamoxifen 

Avoid, unless 

benefits outweigh 

harms 

One or more 

substances missing 

in the IC 

D - Consider 

therapy 

modification 

Generally Avoid caution advised 
Use 

Caution/Monitor 
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pDDI 
ANSM 

Thesaurus 
BNF Lexidrug Drugs.com Epocrates Medscape 

metoprolol - 

darifenacin 

Needing 

precaution of use 

No interactions 

found 
C - Monitor Monitor caution advised 

Use 

Caution/Monitor 

carbamazepine - 

simvastatin 

Association 

Déconseillée 

Monitor and adjust 

dose 
C - Monitor Generally Avoid consider alternative 

Avoid or Use 

Alternate Drug 

rifampicin - 

simvastatin 

Association 

Déconseillée 

No action 

statements 
C - Monitor Generally Avoid consider alternative 

Avoid or Use 

Alternate Drug 

bleomycin - 

brentuximab 
Contraindicated Avoid X - Avoid Contraindicated contraindicated Contraindicated 

voriconazole - 

rifampicin 
Contraindicated Avoid X - Avoid Contraindicated contraindicated Contraindicated 

voriconazole- 

quinidine 
Contraindicated 

One or more 

substances missing 

in the IC 

X - Avoid Contraindicated contraindicated Contraindicated 

colchicine - 

fluconazole 

Avoid, unless 

benefits outweigh 

harms 

Adjust Colchicine 

dose with moderate 

CYP3A4inhibitors 

D - Consider 

therapy 

modification 

Adjust Dose 
give colchicine 0.3-0.6 mg/day 

divided qd-bid 

Avoid or Use 

Alternate Drug 

amiodarone- 

afatinib 

Needing 

precaution of use 

No action 

statements 

D - Consider 

therapy 

modification 

Adjust Dose 
decr. afatinib dose by 10 mg/day 

if not tolerated 

Avoid or Use 

Alternate Drug 
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pDDI 
ANSM 

Thesaurus 
BNF Lexidrug Drugs.com Epocrates Medscape 

afatinib - verapamil 
Needing 

precaution of use 

No action 

statements 

D - Consider 

therapy 

modification 

Adjust Dose 
decr. afatinib dose by 10 mg/day 

if not tolerated: 

Avoid or Use 

Alternate Drug 

selexipag - 

clopidogrel 

Needing 

precaution of use 

Adjust selexipag 

dose 

D - Consider 

therapy 

modification 

Adjust Dose decr. selexipag dose to once daily 
Use 

Caution/Monitor 

fosamprenavir - 

efavirenz 

Needing 

precaution of use 

Refer to specialist 

literature 

D - Consider 

therapy 

modification 

Adjust Dose 

doses not estab. for combo of 

fosamprenavir w/ efavirenz; if 

using qd fosamprenavir plus 

ritonavir, incr. ritonavir to 300 mg 

qd 

Use 

Caution/Monitor 

verapamil - 

tenofovir 

alafenamide 

Needing 

precaution of use 

No interactions 

found 

No interactions 

found 

No drug-drug 

interactions were 

found between the 

drugs. 

if tenofovir alafenamide not 

admin. w/ cobicistat, monitor 

renal fxn w/ oral verapamil 

No Interactions 

found 

afatinib - 

rifampicin 

Needing 

precaution of use 

No action 

statements 

D - Consider 

therapy 

modification 

Adjust Dose incr. afatinib dose by 10 mg/day 
Avoid or Use 

Alternate Drug 

propranolol - 

ergotamine 

Needing 

precaution of use 

No action 

statements 
C - Monitor Monitor monitor BP 

No Interactions 

found 

rifampicin - 

metoprolol 
To be considered 

No action 

statements 
C - Monitor Monitor monitor BP 

Use 

Caution/Monitor 

nebivolol - 

paroxetine 

 Needing 

precaution of use 

No action 

statements 
C - Monitor Monitor monitor BP, HR 

Avoid or Use 

Alternate Drug 
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pDDI 
ANSM 

Thesaurus 
BNF Lexidrug Drugs.com Epocrates Medscape 

metoprolol - 

bupropion 

Needing 

precaution of use 

No action 

statements 
C - Monitor Adjust Dose 

monitor BP, HR; consider lower 

metoprolol dose 

Use 

Caution/Monitor 

metoprolol - 

duloxetine 

 Needing 

precaution of use 

No action 

statements 
C - Monitor Monitor 

monitor BP, HR; consider lower 

metoprolol dose 

Use 

Caution/Monitor 

fluvoxamine - 

olanzapine 

 Needing 

precaution of use 
Adjust dose C - Monitor Monitor Closely 

monitor BP; consider decr. 

olanzapine dose: 

Avoid or Use 

Alternate Drug 

carbamazepine- 

topiramate 

Needing 

precaution of use 

No action 

statements 
C - Monitor Adjust Dose 

monitor carbamazepine levels, 

especially w/ topiramate 

doses>200 mg/day; consider 

topiramate dose adjustment 

Use 

Caution/Monitor 

itraconazole - 

busulfan 

Avoid, 

unlessbenefits 

outweigh harms 

Monitor and adjust 

dose 
C - Monitor Monitor monitor CBC 

Use 

Caution/Monitor 

acetylsalicylic acid - 

deferasirox 
To be considered 

No action 

statements 

No interactions 

found 
Monitor Closely 

monitor CBC, renal fxn, bleeding 

s/sx, ototoxicity 

Use 

Caution/Monitor 

rolapitant - 

rosuvastatin 

Needing 

precaution of use 

One or more 

substances missing 

in the IC 

C - Monitor Generally Avoid 
monitor CK, myopathy sx; use 

lowest effective rosuvastatin dose 

Use 

Caution/Monitor 

verapamil - digoxin 
Needing 

precaution of use 

Monitor and adjust 

dose 
C - Monitor Adjust Dose monitor digoxin levels, HR  

Avoid or Use 

Alternate Drug 
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pDDI 
ANSM 

Thesaurus 
BNF Lexidrug Drugs.com Epocrates Medscape 

digoxin - 

sulfasalazine 

Needing 

precaution of use 

No action 

statements 
C - Monitor 

Adjust Dosing 

Interval 

monitor digoxin levels, may need 

to incr. digoxin dose 20- 40% 

Use 

Caution/Monitor 

ciprofloxacin- 

clozapine 

 Needing 

precaution of use 

No interactions 

found 

D - Consider 

therapy 

modification 

Monitor Closely 
monitor ECG, BP, HR; decr. 

clozapine to 1/3 usual dose 

Avoid or Use 

Alternate Drug 

propafenone- 

esmolol 

Needing 

precaution of use 

Use with caution or 

avoid 
C - Monitor 

No drug-drug 

interactions were 

found between the 

drugs. 

monitor HR, BP 
No Interactions 

found 

ozanimod - 

clopidogrel 
To be considered 

No action 

statements 
C - Monitor Generally Avoid monitor HR, ECG 

No Interactions 

found 

quinidine- 

cobicistat 
Contraindicated 

One or more 

substances missing 

in the IC 

C - Monitor Monitor Closely monitor quinidine levels, ECG 
Modify 

Therapy/Monitor 

carbamazepine- 

acetazolamide 

 Needing 

precaution of use 

No interactions 

found 

No interactions 

found 
Monitor monitor sodium 

Minor/Significance 

Unknown 

docetaxel - 

apalutamide 

Avoid, unless 

benefits outweigh 

harms 

No action 

statements 
C - Monitor Generally Avoid 

No significant interactions known 

or found for selected drugs 

Avoid or Use 

Alternate Drug 

dextromethorphan- 

cinacalcet 
Contraindicated 

One or more 

substances missing 

in the IC 

C - Monitor Generally Avoid 
No significant interactions known 

or found for selected drugs 

No Interactions 

found 
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pDDI 
ANSM 

Thesaurus 
BNF Lexidrug Drugs.com Epocrates Medscape 

dihydroergotamine- 

triclabendazole 
Contraindicated 

One or more 

substances missing 

in the IC 

No interactions 

found 

No drug-drug 

interactions were 

found between the 

drugs. 

No significant interactions known 

or found for selected drugs 

No Interactions 

found 

bictegravir - st. 

john's wort 
Contraindicated Avoid X - Avoid Generally Avoid 

One or more substances missing 

in the IC 

Avoid or Use 

Alternate Drug 

telithromycin - 

rifampicin 

Avoid, unless 

benefits outweigh 

harms 

One or more 

substances missing 

in the IC 

One or more 

substances 

missing in the IC 

Generally Avoid 
One or more substances missing 

in the IC 

No Interactions 

found 

norfloxacin- 

caffeine 
To be considered 

One or more 

substances missing 

in the IC 

C - Monitor Monitor 
One or more substances missing 

in the IC 

No Interactions 

found 

dalfopristin - 

dihydroergotamine 
Contraindicated 

One or more 

substances missing 

in the IC 

One or more 

substances 

missing in the IC 

Monitor 
One or more substances missing 

in the IC 

No Interactions 

found 

diprophylline- 

probenecid 

Needing 

precaution of use 

One or more 

substances missing 

in the IC 

C - Monitor 

No action 

statements 

provided. 

One or more substances missing 

in the IC 

No Interactions 

found 

ciclosporin - 

lercanidipine 

Needing 

precaution of use 

Use with caution or 

avoid 
X - Avoid 

One of the drugs is 

not available inside 

the U.S.; no data 

available 

One or more substances missing 

in the IC 

No Interactions 

found 

midazolam - 

roxithromycin 
To be considered 

One or more 

substances missing 

in the IC 

C - Monitor 

One or more 

substances missing 

in the IC 

One or more substances missing 

in the IC 

No Interactions 

found 
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pDDI 
ANSM 

Thesaurus 
BNF Lexidrug Drugs.com Epocrates Medscape 

dasabuvir - 

ethinylestradiol 
 Contraindicated 

One or more 

substances missing 

in the IC 

X - Avoid Contraindicated 
One or more substances missing 

in the IC 

One or more 

substances missing 

in the IC 

agomelatine- 

ciprofloxacin 

Avoid, unless 

benefits outweigh 

harms 

No action 

statements 
X - Avoid 

One of the drugs is 

not available inside 

the U.S; no data 

available 

One or more substances missing 

in the IC 

One or more 

substances missing 

in the IC 

mequitazine- 

paroxetine 

Avoid, unless 

benefits outweigh 

harms 

One or more 

substances missing 

in the IC 

X - Avoid 

One or more 

substances missing 

in the IC 

One or more substances missing 

in the IC 

One or more 

substances missing 

in the IC 

josamycin- 

pimozide 
 Contraindicated 

One or more 

substances missing 

in the IC 

One or more 

substances 

missing in the IC 

One or more 

substances missing 

in the IC 

One or more substances missing 

in the IC 

One or more 

substances missing 

in the IC 

roxadustat - 

calcium 

Needing 

precaution of use 

Roxadustat should 

be taken at least 1 

hour after calcium 

D - Consider 

therapy 

modification 

One or more 

substances missing 

in the IC 

One or more substances missing 

in the IC 

One or more 

substances missing 

in the IC 

itraconazole - st. 

john's wort 
 Contraindicated 

No interactions 

found 
C - Monitor Generally Avoid 

One or more substances missing 

in the IC 

Use 

Caution/Monitor 

risperidone - 

carbamazepine 

Needing 

precaution of use 
Adjust dose 

D - Consider 

therapy 

modification 

Adjust Dose 

monitor BP; consider incr. risperidone 

dose up to double; IM 

RISPERIDONE: monitor BP; 

consider incr. dose or additional oral 

risperidone; SC RISPERIDONE: 

monitor BP; consider incr. risperidone 

to next highest dose; consider 

additional oral risperidone if on 

highest SC dose 

Use 

Caution/Monitor 

zidovudine- 

ganciclovir 

 Needing 

precaution of use 

No interactions 

found 
C - Monitor Generally Avoid use alternative or monitor CBC Contraindicated 
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pDDI 
ANSM 

Thesaurus 
BNF Lexidrug Drugs.com Epocrates Medscape 

foscarnet - 

pentamidine 

Needing 

precaution of use 

No action 

statements 

D - Consider 

therapy 

modification 

Monitor Closely 

use alternative or monitor CBC, 

renal fxn, electrolytes incl. 

calcium, ECG; risk may be 

lowerw/ nebulized pentamidine 

Avoid or Use 

Alternate Drug 

atorvastatin - 

erythromycin 

 Needing 

precaution of use 

Monitor and adjust 

dose 
C - Monitor Adjust Dose 

use alternative or monitor ECG, 

CK, myopathy sx 

Avoid or Use 

Alternate Drug 

fluconazole- 

amiodarone 

 Needing 

precaution of use 

No action 

statements 

D - Consider 

therapy 

modification 

Generally Avoid 
use alternative or monitor ECG, 

esp. if fluconazole dose >800 mg 

Avoid or Use 

Alternate Drug 

ondansetron- 

tramadol 
To be considered 

No action 

statements 
C - Monitor Monitor Closely 

use alternative or monitor ECG, 

serotonin syndrome sx, especially 

during initiation/titration 

No Interactions 

found 

lithium - mannitol 
Needing 

precaution of use 

No interactions 

found 

No interactions 

found 

No drug-drug 

interactions were 

found between the 

drugs. 

use alternative or monitor lithium 

levels, renal fxn; consider holding 

lithium during mannitol tx: 

No Interactions 

found 

verapamil - 

quinidine 

Avoid, unless 

benefits outweigh 

harms 

One or more 

substances missing 

in the IC 

C - Monitor Monitor 
use alternative or monitor 

quinidine levels, ECG, BP, HR 

Use 

Caution/Monitor 

tramadol - 

bupropion 

Avoid, unless 

benefits outweigh 

harms 

No action 

statements 
C - Monitor Monitor Closely 

use alternative or monitor resp. 

rate, ECG, withdrawal sx; 

consider lower bupropion doses 

Use 

Caution/Monitor 

methadone- 

voriconazole 

Needing 

precaution of use 
Adjust dose 

D - Consider 

therapy 

modification 

Monitor Closely 

use alternative or monitor resp. 

rate, ECG; consider decr. 

methadone dose 

Modify 

Therapy/Monitor 

Closely 



151 
 

Chapter 3 - Supplementary Table 5 - Classification of levels of evidence according to the 

BNF and Lexidrug. 
 

BNF 

 Study: DDIs based on formal studies (both on the substance or other drugs with the 

same mechanism) are available.  

Anecdotal: DDIs based on one or a few case reports.  

Theoretical: DDIs based on theoretical considerations, which may derive from preclinical 

studies or information on other class members. 

Lexidrug 

Excellent: DDIs based on multiple well-controlled studies (e.g., randomized controlled trials). 

The evidence is coherent and supports the existence of the DDI.  

Good: DDIs based on at least one well- controlled study (e.g., randomized controlled trial) or 

significant supporting evidence from non-RCTs. Strong evidence supports the existence of the 

DDI.  

Fair: DDIs based on one or more of the following: case studies/series, retrospective reviews, pilot 

investigations with low sample sizes, safety monitoring data, drug labeling, etc. This class also 

includes DDIs described only in drug labeling and DDIs based on known PK/PD properties and/or 

preclinical data. Poor: DDIs based on a single case report with an uncertain mechanistic basis. 

This class also includes theoretical DDIs without strong mechanistic or clinical evidence or DDIs 

with highly contradictory evidence supporting their existence. 
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Chapter 3 - Supplementary Table 6 - List of identified pDDIs. This table follows the same order as Fig. 2 in the main document. 

 

n pDDI n pDDI n pDDI 

1 azathioprine - febuxostat 74 dabigatran - rifampicin 147 lisinopril - ramipril 

2 ciclosporin - simvastatin 75 diltiazem - ivabradine 148 ciprofibrate - fenofibrate 

3 ketoconazole - simvastatin 76 erythromycin - ivabradine 149 itraconazole - prednisolone 

4 itraconazole - ticagrelor 77 atorvastatin - gemfibrozil 150 ketoconazole - prednisolone 

5 linezolid - tramadol 78 metoclopramide - ropinirole 151 prednisolone - voriconazole 

6 riociguat - tadalafil 79 alfuzosin - clarithromycin 152 daptomycin - rosuvastatin 

7 lisinopril - sacubitril 80 amitriptyline - linezolid 153 atorvastatin - daptomycin 

8 perindopril - sacubitril 81 clarithromycin - fluticasone 154 daptomycin - pravastatin 

9 ramipril - sacubitril 82 apixaban - rifampicin 155 ciclosporin - repaglinide 

10 linezolid - venlafaxine 83 clarithromycin - tamsulosine 156 sulfamethoxazole - warfarin 

11 crizotinib - domperidone 84 apixaban - carbamazepine 157 posaconazole - prednisolone 

12 amiodarone - domperidone 85 apixaban - phenytoin 158 fluconazole - rivaroxaban 

13 domperidone - sotalol 86 phenytoin - ticagrelor 159 furosemide - lithium 

14 fusidic acid - simvastatin 87 fenofibrate - pravastatin 160 fluconazole - oxycodone 

15 alfuzosin - urapidil 88 ciclosporin - spironolactone 161 everolimus - perindopril 

16 prazosin - urapidil 89 citalopram - escitalopram 162 everolimus - ramipril 
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17 silodosin - urapidil 90 carbamazepine - rivaroxaban 163 everolimus - trandolapril 

18 tamsulosine - urapidil 91 rifampicin - rivaroxaban 164 amiodarone - ibrutinib 

19 raltegravir - rifampicin 92 atorvastatin - fenofibrate 165 apixaban - erythromycin 

20 amiodarone - flecainide 93 phenobarbital - rivaroxaban 166 everolimus - sitagliptin 

21 atorvastatin - darunavir 94 apixaban - itraconazole 167 itraconazole - prednisone 

22 repaglinide - trimethoprim 95 disopyramide - sotalol 168 escitalopram - hydroxyzine 

23 lithium - perindopril 96 methotrexate - trimethoprim 169 ezetimibe - fenofibrate 

24 lithium - ramipril 97 ciclosporin - rosuvastatin 170 rifampicin - sertraline 

25 amiodarone - ciclosporin 98 everolimus - posaconazole 171 flecainide - lidocaine 

26 oxycodone - rifampicin 99 alfuzosin - doxazosin 172 irbesartan - sitagliptin 

27 itraconazole - oxycodone 100 celecoxib - diclofenac 173 losartan - sitagliptin 

28 spironolactone - tacrolimus 101 enalapril - irbesartan 174 sitagliptin - telmisartan 

29 amiloride - valsartan 102 irbesartan - perindopril 175 sitagliptin - valsartan 

30 amiloride - losartan 103 irbesartan - ramipril 176 nalmefene - tramadol 

31 celecoxib - rivaroxaban 104 atorvastatin - rifampicin 177 diclofenac - tinzaparin 

32 dabigatran - ketoprofen 105 carbamazepine - simvastatin 178 ketoprofen - tinzaparin 

33 ibuprofen - rivaroxaban 106 allopurinol - azathioprine 179 escitalopram - sulfamethoxazole 

34 ketoprofen - rivaroxaban 107 amiodarone - sotalol 180 saxagliptin - valsartan 
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35 apixaban - imatinib 108 ciclosporin - colchicine 181 chlorpromazine - sulfamethoxazole 

36 apixaban - ibrutinib 109 colchicine - verapamil 182 chlorpromazine - trimethoprim 

37 prednisone - voriconazole 110 gefitinib - phenytoin 183 haloperidol - trimethoprim 

38 amiloride - irbesartan 111 propranolol - verapamil 184 everolimus - irbesartan 

39 amiloride - telmisartan 112 sotalol - verapamil 185 everolimus - losartan 

40 telmisartan - triamterene 113 fenofibrate - rosuvastatin 186 everolimus - valsartan 

41 amiloride - perindopril 114 nebivolol - verapamil 187 finasteride - rifampicin 

42 enoxaparin - ketoprofen 115 bisoprolol - verapamil 188 acetylsalicylic acid - nicorandil 

43 carteolol - diltiazem 116 atorvastatin - ritonavir 189 irbesartan - vildagliptin 

44 acenocoumarol - capecitabine 117 diltiazem - verapamil 190 mianserin - rifampicin 

45 acenocoumarol - diclofenac 118 chlorpromazine - escitalopram 191 telmisartan - vildagliptin 

46 amitriptyline - rilmenidine 119 apixaban - celecoxib 192 valsartan - vildagliptin 

47 amiodarone - levomepromazine 120 apixaban - diclofenac 193 apixaban - phenobarbital 

48 amiodarone - zuclopenthixol 121 apixaban - flurbiprofen 194 daptomycin - simvastatin 

49 escitalopram - levomepromazine 122 apixaban - ibuprofen 195 apixaban - primidone 

50 amiodarone - tiapride 123 apixaban - ketoprofen 196 acetazolamide - acetylsalicylic acid 

51 perindopril - racecadotril 124 apixaban - indometacin 197 rifampicin - simvastatin 

52 racecadotril - ramipril 125 amiodarone - amisulpride 198 apixaban - idelalisib 
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53 hydroxyzine - sulfamethoxazole 126 amiodarone - escitalopram 199 atenolol - diltiazem 

54 sacubitril - saxagliptin 127 amisulpride - haloperidol 200 bisoprolol - diltiazem 

55 sacubitril - sitagliptin 128 irbesartan - lisinopril 201 posaconazole - tacrolimus 

56 finasteride - phenobarbital 129 lisinopril - valsartan 202 ciclosporin - ezetimibe 

57 escitalopram - trimethoprim 130 perindopril - valsartan 203 imatinib - warfarin 

58 enalapril - perindopril 131 ramipril - valsartan 204 hydroxychloroquine - hydroxyzine 

59 enalapril - ramipril 132 trandolapril - valsartan 205 amiodarone - trimethoprim 

60 perindopril - ramipril 133 amiodarone - citalopram 206 irbesartan - telmisartan 

61 perindopril - trandolapril 134 amiodarone - haloperidol 207 sacubitril - valsartan 

62 sacubitril - vildagliptin 135 escitalopram - sotalol 208 amiodarone - cyamemazine 

63 sitagliptin - vildagliptin 136 amiodarone - hydroxychloroquine 209 amisulpride - pipotiazine 

64 amiodarone - spiramycin 137 amiodarone - hydroxyzine 210 colchicine - pristinamycin 

65 escitalopram - spiramycin 138 hydroxychloroquine - sotalol 211 cyamemazine - escitalopram 

66 everolimus - racecadotril 139 hydroxyzine - sotalol 212 cyamemazine - hydroxychloroquine 

67 hydroxyzine - spiramycin 140 escitalopram - hydroxychloroquine 213 cyamemazine - hydroxyzine 

68 irbesartan - racecadotril 141 amiodarone - pentamidine 214 cyamemazine - sotalol 

69 racecadotril - sirolimus 142 amiodarone - sulfamethoxazole 215 fluindione - flurbiprofen 

70 racecadotril - sitagliptin 143 sotalol - sulfamethoxazole 216 fluindione - imatinib 



156 
 

71 racecadotril - telmisartan 144 sotalol - trimethoprim 217 fluindione - ketoprofen 

72 racecadotril - valsartan 145 irbesartan - valsartan 218 fluindione - sulfamethoxazole 

73 ramipril - zofenopril 146 lisinopril - perindopril 
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Chapter 3 - Supplementary Figure 1 - Distribution of Management Categories Across 

Interaction Checkers 
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7.2 Supplements Chapter 4 

Chapter 4 - Supplementary File 1 - Operational Guidelines for Gold Standard 

Development 

To ensure consistency among evaluators, additional standard procedures were defined during 

a series of expert meetings. 

The decisions made concerned the following aspects: standardization and transparency of 

the process, preservation of the information contained in the ANSM Thesaurus in order to 

facilitate the diagnosis of issues within a validated tool, and the possibility of developing a 

gold standard flexible enough to be applied to tools with variable requirements. 

1. The annotation format is based on a standardized form developed through RedCap 

software, allowing for standardized entries. 

2. The information to be collected mainly concerns severity levels. Additional 

information is gathered only when necessary to disambiguate pDDI with multiple 

severity levels. 

3. Experts constructing the gold standard must classify pDDI across all four severity 

levels (CI, ASDEC, PE, APEC). Although the primary objective remains the 

assessment of high-severity pDDI (CI or ASDEC according to the ANSM 

Thesaurus), the gold standard must nevertheless allow subsequent analyses at 

different levels. 

4. For each unique substance pair, the following information must be collected and 

added to the respective online module (also, Supplementary Figure 1): 

a) Presence/absence of pDDI in the ANSM Thesaurus 

o Procedure: If the pair is reported in the Thesaurus, the evaluator indicates the 

presence of the pDDI in the corresponding form and proceeds with 
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classification. If it is not reported, “No” is selected and the evaluator moves 

on to the next pair. 

o Rationale: This step provides a binary distinction on whether or not the pair 

falls within the scope of the Thesaurus. Only pairs identified as pDDI are 

analyzed in detail. 

b) Single severity level 

o Procedure: If the Thesaurus assigns only one severity level, the evaluator 

selects one of the four severity levels. 

c) Multiple severity levels (multilevel) 

o Procedure: If the pair is associated with more than one level, the evaluator 

checks the Multilevel box, records all severity levels indicated in the 

Thesaurus, and marks the relevant options with justification. 

o Identified causes of multilevel classification: 

1. Renal impairment 

2. Drug dosage 

3. Route of administration 

4. Therapeutic indication 

5. Multiple classifications for molecules within the same 

pharmacological class (see point d) 

6. Other unforeseen conditions (see point e) 

o Rationale: Certain pairs cannot be reduced to a single severity level because 

the presence or absence of the pDDI depends on clinical or contextual 

parameters. At this stage, best- or worst-case scenarios are not selected, in 

order to maintain adaptability for tools with different needs. Moreover, 

identifying the typical causes allows: (a) more accurate diagnosis of the 
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circumstances leading to multilevel classifications and potential tool errors, 

and (b) limitation of free-text fields to exceptional cases only. 

d) Multilevel within a specific molecule 

o Procedure: If multiple levels concern only one molecule within a 

pharmacological class, the evaluator still reports the presence of multilevel 

classification. However, for the specific molecule, only one severity level is 

selected. 

o Rationale: This rule preserves information on the presence of multiple 

severity levels in the molecule’s pharmacological class, while still allowing 

for a unique evaluation where it is genuinely possible. 

e) Other unforeseen circumstances 

o Procedure: If multilevel classification depends on factors not covered by the 

categories above, the evaluator selects “Other” and provides a detailed 

explanation in a free-text field. 

5. The evaluation of pairs by experts proceeds in alphabetical order and follows a 

defined decision tree, shown in the Supplementary Figure 2. 
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Chapter 4 - Supplementary Figure 1 - Annotation workflow for drug pairs and 

adjudication of discordant cases 
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Chapter 4 - Supplementary Figure 2. Decision Flowchart - Gold Standard 
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7.3 Supplements Chapter 5  

The results from the study presented in Chapter IV were recalculated based on the refined 

gold standard and are reported below. 

High-severity pDDIs 

A total of 386 out of 6027 patients presented at least one high-severity pDDI, corresponding 

to a prevalence of 6.40% (95% CI 5.80-7.05). 16.58% of these patients presented more than 

one high-severity pDDI (n=64).. Logistic regression showed an association between the 

number of drugs and the risk of pDDIs: compared to 2-4 drugs, patients with 5-9 drugs had 

OR = 4.36 (95% CI 2.86-6.66; p < 0.0001), while those with ≥10 drugs had OR = 14.60 

(9.65-22.09; p < 0.0001). The proportion of the population exposed to at least one high-

severity pDDI, according to the minimum number of drugs taken, is shown in Supplementary 

Figure 1 

 

Supplementary Figure 1- Prevalence (with 95% CI) of high-severity pDDIs by 

cumulative drug thresholds. 



164 
 

 

The prevalence of patients with at least one high-severity pDDI varied across departments: 

168/2073 (8.1%; 95% CI 7.0-9.4) in Internal Medicine, 147/2,066 (7.1%; 95% CI 6.0-8.3) 

in Cardiothoracic, and 66/1812 (3.7%; 95% CI 2.8-4.6) in Neurosciences. The most frequent 

high-severity pDDIs identified are reported in Supplementary Table 1. 

 

Supplementary Table 1. Top five most frequent high-severity pDDIs (overall and 

stratified by department) 

 

Rank Overall Cardiothoracic 
Internal 

Medicine 
Neurosciences 

1 

Amiodarone + 

Trimethoprim-

sulfamethoxazole 

(19) 

Ciclosporin + 

Ezetimibe (11) 

Amiodarone + 

Trimethoprim-

sulfamethoxazole 

(15) 

Levodopa- 

benserazide + 

Quetiapine (9) 

2 
Amiodarone + 

Escitalopram (18) 

Amiodarone + 

Escitalopram (9) 

Repaglinide + 

Trimethoprim-

sulfamethoxazole 

(12) 

Duloxetine + 

Tramadol (6) 

3 

Levodopa- 

benserazide + 

Quetiapine (12) 

Bisoprolol + 

Rilmenidine  

(5) 

Acetylsalicylic 

acid + 

Anagrelide (11) 

Amiodarone + 

Escitalopram (3) 

4 

Methotrexate + 

Trimethoprim-

sulfamethoxazole 

(12) 

Racecadotril + 

Valsartan/Sacubitril 

(5) 

Methotrexate + 

Trimethoprim-

sulfamethoxazole 

(11) 

Hydroxyzine + 

Escitalopram (3) 

5 

Ciclosporin + 

Ezetimibe 

(12) 

Everolimus + 

Ramipril 

(5) 

Escitalopram + 

Trimethoprim-

sulfamethoxazole 

(11) 

Paroxetine + 

Tramadol 

(3) 

 

Among the 386 patients with a high-severity pDDI, 83 (18.9%) presented one of the five 

most frequent pDDIs, and 121 (31.3%) one of the ten most frequent. 
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The drugs most frequently associated with high-severity pDDIs, in terms of absolute number 

of events, were trimethoprim-sulfamethoxazole (83 patients with ≥1 high-severity pDDI), 

amiodarone (48), escitalopram (38), ciclosporin (24), apixaban (21). 

After accounting for exposure prevalence, and restricting the analysis to drugs present in at 

least 5 patients, the highest rates of high-severity pDDIs were observed for nicorandil (9/10 

exposed patients, 90.0%), everolimus (15/20, 75.0%), phenobarbital (5/7, 71.4%), 

ketoconazole (4/6, 66.7%), anagrelide (12/21, 57.1%), and lithium (4/7, 57.1%). When 

further restricting to drugs with ≥20 exposed patients, the following emerged: everolimus 

(15/20 exposed patients, 75.0%), anagrelide (12/21, 57.1%), quetiapine (14/27, 51.9%), 

metformin/sitagliptin (15/30, 50.0%), ciclosporin (24/57, 42.1%), racecadotril (18/48, 

37.5%). 
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