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Abstract 

Inappropriate prescribing in older adults represents a growing challenge for healthcare 

systems worldwide, given the rising multimorbidity and polypharmacy in aging 

populations. Inappropriate pharmacological regimens not only increase the risk of 

adverse drug reactions and hospitalizations but also contribute to excessive healthcare 

costs and a decline in patient quality of life.  

Given their unique clinical complexity and physiological vulnerability, older adults 

are particularly exposed to the risks associated with inappropriate medication use, 

making them a critical target for preventive strategies aimed at optimizing 

pharmacotherapy and reducing avoidable harm. Among these measures, periodic 

implementation of medication review is recommended. However, healthcare 

professionals- particularly general practitioners -are central to the management of 

chronic therapies, face increasing time constraints often hinder the systematic 

implementation of medication reviews. In this context, there is a pressing need for 

flexible, data-driven tools that can support clinicians in identifying patients most likely 

to benefit from medication review interventions, thereby optimizing the allocation of 

time and resources.  

This thesis presents the development of a prioritization algorithm aimed at prioritizing 

older patients expected to gain the greatest benefit from medication review 

interventions, based on comprehensive real-world data. Conducted over a three-year 

doctoral research project, the work addresses a pressing public health concern- 

polypharmacy and inappropriate drug use among the elderly- and proposes a 

pragmatic, data-driven solution to enhance prescribing safety and optimize clinical 

resources in primary care. 

After in depth literature review, six prescribing inappropriateness indicators (PIIs) 

were identified:  

¶ Potentially inappropriate medications (PIMs); 

¶ Potential drugïdrug interactions (pDDIs); 

¶ Fall-risk-increasing drugs (FRIDs); 

¶ Therapeutic duplications (TDs); 
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¶ High anticholinergic cognitive burden (ACB); 

¶ High sedative load (SL). 

The identification of these indicators was based on established international criteria, 

adapted to the Italian drug market and validated through robust operational definitions. 

The work was conducted using health care administrative databases from four Local 

Health Units in Lombardy (Italy), covering over 640,000 individuals aged 65 years or 

older between 2015 and 2018. Exposure to each PII was determined by operational 

definitions accounting for drug dispensation dates, ATC classification, Defined Daily 

Doses and co-prescribing windows. Individuals with first exposure between January 

2015 and September 2018 were followed for 90 days to evaluate the risk of all-cause 

hospitalization, using a risk-set matching strategy with one control per exposed 

individual, matched on age and sex. Multivariable logistic regression models, adjusted 

for high-dimensional propensity scores, were used to estimate the odds ratios (ORs) of 

all-cause hospitalization associated with each PII. 

All six PIIs were significantly associated with increased hospitalization risk. The 

highest risks were observed for FRIDs (OR 1.62, 95% CI: 1.51ï1.73), PIMs (OR 1.55, 

95% CI: 1.48ï1.62), and TDs (OR 1.52, 95% CI: 1.46ï1.58). SL score (OR 1.43, 95% 

CI: 1.31ï1.56) and ACB score (OR 1.52, 95% CI: 1.43ï1.61)  

Established the baseline OR for each PII, we developed decision tree models for each 

indicator to identify high-risk patient profiles- i.e., combinations of demographic and 

clinical characteristics associated with significantly elevated hospitalization risk 

beyond that conferred by exposure alone. Each scenario was validated using 

conditional logistic regression in comparison with the overall risk of the indicators 

alone. Across multiple bootstrap samples, 59 distinct high-risk scenarios were 

identified: 14 for SL, 14 for TDs, 11 for FRIDs, 10 for pDDIs, 7 for PIMs, and 4 for 

ACB. These scenarios characterize subgroups of patients who should be rapidly 

prioritized for clinical attention, as they are at particularly high risk of hospitalization. 

To estimate the real-world impact of using the algorithm, we applied the scenarios to 

a cohort of 501,785 older adults in the first half of 2018. A total of 55.3% (n=270,487) 

of individuals had at least one PII. Among these, 11.2% matched at least one high-risk 
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scenario, representing 20.2% of those with inappropriate exposure. SL score and PIMs 

exhibited lower prioritization efficiency (4.5% and 3.5% respectively). Conversely, 

pDDIs and TDs flagged over one-third of exposed individuals as high-risk. By 

considering prioritizing all individuals with at least three indicators, as well as those 

with one or two indicators who fell into the highest-risk scenarios, a total of 49ï52 

patients per physician would be selected. 

This work presents a novel and pragmatic framework to support prioritization in 

medication review processes. By leveraging routinely collected administrative data, 

the proposed algorithm enables targeted identification of older adults at heightened 

risk for adverse drug events. The modelôs integration of individual-level risk profiles 

and cumulative burden metrics offers a powerful and scalable tool for supporting 

deprescribing strategies in real-world clinical practice, particularly within constrained 

primary care settings. This work lays the foundation for future prospective validation 

studies and the potential integration of the algorithm into digital clinical decision 

support systems.  
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Riassunto 

La prescrizione inappropriata negli adulti anziani rappresenta una sfida crescente per 

i sistemi sanitari di tutto il mondo, dato l'aumento della multimorbilità e della 

politerapia nella popolazione che invecchia. Regimi farmacologici inappropriati non 

solo aumentano il rischio di reazioni avverse da farmaci e di ospedalizzazioni, ma 

contribuiscono anche a costi sanitari eccessivi e a un declino della qualità della vita 

del paziente.  

Data la loro peculiare complessità clinica e vulnerabilità fisiologica, gli anziani sono 

particolarmente esposti ai rischi associati all'uso inappropriato di farmaci, rendendoli 

un target critico per strategie preventive volte a ottimizzare la farmacoterapia e a 

ridurre i danni evitabili. Tra queste misure, è raccomandata l'implementazione 

periodica della revisione della terapia farmacologica. Tuttavia, i professionisti sanitari- 

in particolare i medici di medicina generale -pur essendo centrali nella gestione delle 

terapie croniche, affrontano crescenti vincoli di tempo che spesso ostacolano 

l'implementazione sistematica di tali revisioni. In questo contesto, vi è un'urgente 

necessità di strumenti flessibili e basati sui dati che possano supportare i clinici 

nell'identificare i pazienti che possono beneficiare maggiormente di interventi di 

revisione della terapia, ottimizzando così l'allocazione di tempo e risorse. 

Questa tesi presenta lo sviluppo di un algoritmo finalizzato a prioritizzare i pazienti 

anziani che dovrebbero ottenere il maggior beneficio da interventi di revisione della 

terapia, basandosi su dati completi del mondo reale. Svolto nell'arco di un progetto di 

ricerca di dottorato triennale, il lavoro affronta un problema urgente di sanità pubblica- 

la politerapia e l'uso inappropriato di farmaci tra gli anziani- e propone una soluzione 

pragmatica e basata sui dati per migliorare la sicurezza prescrittiva e ottimizzare le 

risorse cliniche nell'assistenza primaria. 

A seguito di un'approfondita revisione della letteratura, sono stati identificati sei 

indicatori di inappropriatezza prescrittiva (PII): 

¶ Farmaci potenzialmente inappropriati (PIMs) 

¶ Potenziali interazioni farmaco-farmaco (pDDIs) 

¶ Farmaci che aumentano il rischio di caduta (FRIDs) 
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¶ Duplicazioni terapeutiche (TDs) 

¶ Elevato carico cognitivo anticolinergico (ACB) 

¶ Elevato carico sedativo (SL) 

L'identificazione di questi indicatori si è basata su criteri internazionali consolidati, 

adattati al mercato farmaceutico italiano e validati attraverso robuste definizioni 

operative. 

Il lavoro è stato condotto utilizzando i database amministrativi sanitari di quattro Unità 

Sanitarie Locali in Lombardia (Italia), coprendo oltre 640.000 individui di età pari o 

superiore a 65 anni tra il 2015 e il 2018. L'esposizione a ciascun PII è stata determinata 

tramite definizioni operative che tenevano conto delle date di dispensazione dei 

farmaci, della classificazione ATC, delle Dosi Definite Giornaliere e delle finestre di 

co-prescrizione. Gli individui con una prima esposizione tra gennaio 2015 e settembre 

2018 sono stati seguiti per 90 giorni per valutare il rischio di ospedalizzazione per tutte 

le cause, utilizzando una strategia di appaiamento per set di rischio con un controllo 

per ogni individuo esposto, abbinato per età e sesso. Sono stati usati modelli di 

regressione logistica multivariata, aggiustati per high dimension propenisy score , per 

stimare gli odds ratio (OR) di ospedalizzazione per tutte le cause associati a ciascun 

PII. 

Tutti e sei i PII sono risultati significativamente associati a un aumento del rischio di 

ospedalizzazione. I rischi più elevati sono stati osservati per i FRIDs (OR 1,62; IC 

95%: 1,51ï1,73), i PIMs (OR 1,55; IC 95%: 1,48ï1,62) e le TDs (OR 1,52; IC 95%: 

1,46ï1,58). Anche il punteggio SL (OR 1,43; IC 95%: 1,31ï1,56) e il punteggio ACB 

(OR 1,52; IC 95%: 1,43ï1,61) hanno mostrato un'associazione significativa. 

Una volta stabilito l'OR di base per ciascun PII, abbiamo sviluppato modelli ad albero 

decisionale per ogni indicatore al fine di identificare profili di pazienti ad alto rischio, 

ovvero combinazioni di caratteristiche demografiche e cliniche associate a un rischio 

di ospedalizzazione significativamente più elevato rispetto a quello conferito dalla sola 

esposizione. Ogni scenario è stato validato utilizzando la regressione logistica 

condizionale in confronto al rischio complessivo dei singoli indicatori. Attraverso 

campioni bootstrap multipli, sono stati identificati 59 scenari distinti ad alto rischio: 
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14 per SL, 14 per TDs, 11 per FRIDs, 10 per pDDIs, 7 per PIMs e 4 per ACB. Questi 

scenari caratterizzano sottogruppi di pazienti che dovrebbero essere rapidamente 

prioritizzati per l'attenzione clinica, poiché presentano un rischio di ospedalizzazione 

particolarmente elevato. 

Per stimare l'impatto dell'algoritmo nel mondo reale, abbiamo applicato gli scenari a 

una coorte di 501.785 anziani nel primo semestre del 2018. Il 55,3% (n=270.487) degli 

individui presentava almeno un PII. Tra questi, l'11,2% corrispondeva ad almeno uno 

scenario ad alto rischio, rappresentando il 20,2% di coloro con un'esposizione 

inappropriata. I punteggi SL e i PIMs hanno mostrato una minore efficienza di 

prioritizzazione (rispettivamente 4,5% e 3,5%). Al contrario, le pDDIs e le TDs hanno 

identificato come ad alto rischio oltre un terzo degli individui esposti. Considerando 

di prioritizzare tutti gli individui con almeno tre indicatori, così come quelli con uno o 

due indicatori che rientravano negli scenari a più alto rischio, verrebbero selezionati 

un totale di 48ï50 pazienti per medico. 

Questo lavoro presenta un framework innovativo e pragmatico a supporto della 

prioritizzazione nei processi di revisione della terapia farmacologica. Sfruttando dati 

amministrativi raccolti routinariamente, l'algoritmo proposto consente 

l'identificazione mirata di anziani a maggior rischio di eventi avversi da farmaci. 

L'integrazione nel modello di profili di rischio a livello individuale e di metriche di 

carico cumulativo offre uno strumento potente e scalabile per supportare le strategie 

di deprescrizione nella pratica clinica reale, in particolare in contesti di assistenza 

primaria con risorse limitate. Questo lavoro pone le basi per futuri studi di validazione 

prospettica e per la potenziale integrazione dell'algoritmo nei sistemi digitali di 

supporto decisionale clinico.  
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Aging and medications use  
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1.1 The older population 

The aging of the global population has been a well-known and widely discussed 

phenomenon for several years, although this trend may vary depending on the 

socioeconomic situation of the country in question, as well as fluctuating data sources 

due to sociopolitical changes. It is the result of all those processes encompassing 

healthcare, medicine, economic, and social factors, and it is one of the four global 

demographic "megatrends" alongside population growth, international migration, and 

urbanization. The social and economic changes associated with population aging are 

fundamental to the 17 Sustainable Development Goals (SDGs), reported in Figure 1, 

included in the 2030 Agenda for Sustainable Development. Population aging trends 

are particularly relevant to eradicating poverty (SDG 1), ensuring healthy lives and 

promoting well-being for all and at all ages (SDG 3), achieving gender equality (SDG 

5), promoting full and productive employment and decent work for all (SDG 8), 

reducing inequalities within and among countries (SDG 10), and making cities and 

human settlements inclusive, safe, resilient, and sustainable (SDG 11). Beside 

socioeconomic and sociopolitical factors, also the decline in fertility and the increase 

in longevity have led to a rise in the percentage of elderly individuals within the 

population 1 2.  

 

Figure 1- The 17 world Sustainable Development Goals (SDGs) 

The division into chronological age groups is adopted as a proxy for the economic 

dependency of the elderly population, recognizing the diversity among individuals in 

terms of economic activity and functional capacity, considering the diversity in levels 
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of economic activity during various traditional working phases, tracking changes in 

economic dependency, and relying on the most widely available comprehensive global 

data. The most common measure is the old-age dependency ratio, which equals the 

number of people aged 65 and over divided by the number of people aged between 20 

(or 18) and 64. The division into chronological age groups provides a replicable and 

simple way to measure and track various population indicators, even though there are 

differences considering the entire globe scenarios. Figure 2 illustrates the global 

number of elderly people in 2019, showing that individuals aged 65 and over amounted 

to 703 million, with a prediction of 1.5 billion people aged 65 and over by 2050 but 

their distribution is not and will not be equally distributed worldwide 3. 

 

Figure 2- Global population percentage for age group from 1990 to 2050 

Life expectancy at older ages increased by 7.7 years (12%) from the period 1990ï1995 

to 2015ï2020. In North America and Europe, in 2019, the ratio of elderly individuals 

to those of working age was 30 to 100, and it is projected to reach 49 to 100 by 2050 

2. Italy is experiencing one of the most pronounced aging trends in Europe, largely 

because of the Baby Boom, occurred in Italy between 1963 and 1965 (Figure 3). These 

generations, born during this period of high fertility, are now reaching their early 60-

65s remaining a part of the under-65 age group. This demographic shift implies that, 

over the next decades, these individuals will enter the over 65 age group and older 

individuals will move into the over-80 category (Figure 4). 
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Figure 3- The ten countries or regions (excluding Australia and New Zealand) with the highest 

elderly-to-working-age ratio (65+/20-64) (2019 on the left, 2050 on the right) 4 

In 2019, 2022 and 2023, there were over 14 million people aged 65 and older in Italy, 

representing 24% of the resident population 5 6 7. In addition to this demographic boom, 

it is important to consider all the scientific advancements of the last century up to the 

present day, particularly in the fields of healthcare and pharmacology, as well as the 

approach to treating diseases by eradicating symptoms rather than addressing the root 

cause of the illness itself. This has resulted in many elderly individuals appearing to 

be in good health, despite dealing with multiple overlapping conditions with under 

control symptoms, contributing to an increase in average life expectancy. The result is 

that many older can live relatively healthy lives despite their conditions 8.  

 

Figure 4- Age pyramid as on January 1st in the years 2002, 2022, and 2042 5 

 

1.2 Ageing 

While chronological age is directly measurable, it does not always reflect the 

biological aging process that can be defined as the combination of several factors, such 
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as oxidative stress, telomere shortening, cellular senescence, DNA damage, 

mitochondrial dysfunction, and immunosenescence. These factors are not equally 

pronounced in every individual and lead to varying levels of aging, such as accelerated 

aging when multiple factors are differently present in an individual. The outcomes 

include pulmonary, metabolic, musculoskeletal, neurological, cardiovascular diseases, 

and cancer (Figure 5), which may appear individually or simultaneously in a single 

individual, leading to comorbidity conditions 9.  

 

Figure 5- Age related molecular changes and possible outcomes  

Looking at Figure 6, we can appreciate a clear relationship between chronological 

aging and the progressive increase in the number of comorbidities. This trend reflects 

the natural accumulation of chronic conditions over time, which is a hallmark of aging 

process: as chronological age increases, so does the number of concomitant disorders, 

leading to greater functional decline and dependency. Despite younger adults 

represents a consistent proportion of individuals, in the over 65 population 

multimorbidity becomes the norm rather than the exception. With advancing age, the 

complexity of care increases significantly, and the accumulation of morbidities 

contributes to frailty and vulnerability. 
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Figure 6- Age groups and percentage of patients in relation to the number of comorbidities 9 

The aging process induces profound physiological modifications that alter the body's 

response to medications 10. These changes, which affect both pharmacokinetics (the 

effect of the body on a drug) and pharmacodynamics (the effect of a drug on the body), 

are fundamental to understand the increased vulnerability of older adults to adverse 

drug events. From a pharmacokinetic perspective, all phases of a drug through the 

body are impacted. Although gastrointestinal absorption is the least affected phase, 

changes such as delayed gastric emptying or increased pH can still alter the kinetics of 

certain drugs. More clinically relevant are the alterations in distribution, which are 

driven by shifts in body composition: with age, there is a decrease in lean body mass 

and total body water, and a relative increase in fat mass. Consequently, lipophilic drugs 

(such as diazepam) have a larger volume of distribution and a prolonged half-life, 

leading to an increased risk of accumulation and extended sedation. Conversely, 

hydrophilic drugs (like digoxin) are distributed in a smaller volume, reaching higher 

plasma concentrations for a given dose. Hepatic metabolism undergoes a significant 

decline, primarily due to reductions in liver mass and blood flow. This particularly 

affects drugs with high first-pass metabolism, whose bioavailability can increase 

substantially, and the activity of cytochrome P450 enzymes (especially CYP3A), 

although this reduction is more influenced by factors such as frailty and sarcopenia 

than by chronological age alone. In contrast, Phase II metabolic pathways (such as 

glucuronidation) remain relatively preserved, making drugs that follow this route (e.g., 

lorazepam, oxazepam) a generally safer choice in older adults.  
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Finally, the most clinically significant pharmacokinetic change is the reduction in renal 

elimination. The glomerular filtration rate (GFR) progressively declines with age, by 

approximately 7ï8 mL/min per decade after age 30. This decline, coupled with 

reduced tubular secretion, impairs the clearance of numerous drugs and their active 

metabolites, drastically increasing the risk of toxicity and accumulation. The 

management of renally cleared drugs (such as many antibiotics, DOACs, or digoxin) 

therefore requires careful assessment of renal function and, frequently, dose 

adjustment. 

These pharmacokinetic alterations, combined with an increased sensitivity of drug 

receptors (pharmacodynamics), explain why medication use in older adults demands 

a cautious and personalized clinical approach that extends beyond simple disease-

based guidelines. 

As illustrated in Figure 7, frailty is a multifactorial condition influenced by several 

interrelated domains, including physical health, social context, functional ability, and 

adherence to therapy. 

 

Figure 7- Multidimensional conceptualization of frailty 
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1.2.1 Frailty and social vulnerability  

Frailty is a geriatric syndrome characterized by diminished physiological reserves, 

reduced homeostatic capacity, and heightened vulnerability to external stressors. 

Beyond this, frailty is also profoundly influenced by social determinants. Older adults 

who experience social isolation, low socioeconomic status, or limited access to 

supportive networks often exhibit worse health outcomes and greater clinical 

instability. Studies have shown that socially vulnerable individuals are more likely to 

present with both physical frailty and mental health deterioration, particularly 

depression and anxiety, which further compound their medical risks. A systematic 

review and meta-analysis involving over 40 studies found that socially isolated older 

adults had a 1.5-fold increased risk of becoming frail and were more likely to 

experience functional decline and mortality 11. Data from community-dwelling older 

populations suggest meeting criteria for social frailty 12. These findings reinforce the 

concept that social vulnerability is not merely a contextual background but an active 

determinant of health decline in older age. 

 

1.2.2 Disability, reduced autonomy, and risk of adverse outcomes 

Frailty often leads to progressive functional decline and disability with impairment in 

daily activities. Older adults may struggle with basic activities of daily living, such as 

bathing, dressing, and mobility. This decline is not only a marker of advanced frailty 

but also a predictor of adverse outcomes. studies have demonstrated that frailty 

significantly increases the risk of loss of autonomy and subsequent admission to long-

term care facilities13. In addition, frail older adults face a higher likelihood of 

hospitalization. Their diminished physiological capacity makes them more susceptible 

to acute illnesses, complications from chronic diseases, and slower recovery times. 

Hospital admissions among frail patients are associated with longer stays, increased 

risk of adverse events such as delirium and functional decline, and higher mortality 

rates 14 15.  
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1.2.3 Therapeutic adherence and frailty 

Frailty also affects patientsô ability to manage and adhere to prescribed treatment 

regimens. Factors that contribute to poor adherence in older population included 

polypharmacy, cognitive impairment, depressive symptoms, and absence of caregiver 

support. Polypharmacy, which is common among frail elders due to multiple chronic 

conditions, increases the complexity of medication management and the risk of drug 

interactions and side effects. Cognitive impairments, including mild cognitive decline 

or dementia, further reduce patientsô capacity to follow complex dosing schedules or 

recognize the importance of adherence. Additionally, depressive symptoms often 

present in frail individuals can diminish motivation and energy to maintain consistent 

medication regimens. The absence of reliable caregiver support exacerbates these 

difficulties, leaving many frail older adults without the assistance needed to manage 

their treatments properly. Frail older adults with high medication burden are more 

likely to experience functional decline and emergency admissions compared to their 

robust counterpart 16 17.  

 

1.3 Medications in the older population 

The growing clinical complexity must be considered in the context of population 

aging, which is reshaping healthcare systems and their sustainability: as life 

expectancy increases, chronic diseases accumulate, and the healthcare demand 

generated by older adults becomes more complex and continuous. This shift poses a 

growing burden on primary care, hospital services, long-term care, and pharmaceutical 

management. 

 

1.3.1 Polypharmacotherapy 

The presence of a chronic disease usually implies the use of an on-purpose therapy. 

When more chronic disease occurs, a more therapies are added, and so on, potentially 

leading to an n number of diseases for an n number of pharmacological therapies and 

several treatment regimens: this is known as polypharmacotherapy 18. This term 



10 

combines the definitions of polytherapy (simultaneous use of multiple prescribed 

medications) and polypharmacy (use of multiple medications that are not necessary 

for the therapeutic purpose, including those not formally prescribed) 19.  

Figure 8 illustrates the complexity of managing patients with multimorbidity, where 

multiple coexisting conditions often leading to the use of multiple treatments. Clinical 

decisions are frequently guided by disease-specific guidelines that are typically based 

on evidence excluding patients with multiple chronic conditions. As a result, the 

applicability of such guidelines to real-world multimorbid populations is limited. 

Achieving balance between the need to manage multiple coexisting conditions and the 

imperative to modulate the pharmacological burden, avoid drug interactions, and 

minimize adverse effects, while preserving the patient's quality of life, is critical in 

optimizing care for individuals with complex health needs. 

 

Figure 8- Single condition focused model vs multimorbidity 

Polypharmacy is a complex phenomenon with significant implications in clinical 

practice. Figure 9 illustrates a cognitive cycle that highlights the main factors involved 

in polypharmacy, presented as a focal point around which critical elements such as 

under- and over-prescription, inappropriate medication use, adverse effects (which 

can, in turn, trigger the prescribing cascade), poor adherence to therapy, and increased 

healthcare costs. This cycle is further influenced by external factors like the patient's 
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comorbidity conditions, which often necessitate the use of multiple medications, and 

secondary prevention regimens.  

 

Figure 9- Factors Involved in Polypharmacy 

As the complexity of therapeutic regimens increases with age- often due to 

multimorbidity and polypharmacy- so does the challenge of maintaining the risk 

benefit balance of therapies. This complexity directly impacts medication adherence, 

which refers to the extent to which a patient acts in accordance with the agreed-upon 

recommendations from a healthcare provider. Older adults with lower levels of 

autonomy, particularly in cognitive and functional domains, are less likely to 

effectively manage their medication schedules and follow medical recommendations, 

thereby demonstrating lower rates of adherence.  

 

1.3.2 Adverse drug reactions 

Aging leads to altered homeostasis of the body, which, along with polytherapy, 

increases the number of adverse drug reactions (ADRs).  

In Italy, individuals over 65 account for 25% of all ADRs, and among these, 50% have 

led to hospitalization. Moreover, an evaluation of the severity level showed that 37% 

of suspected ADR reports in patients aged Ó65 years were serious, compared to 30% 

in the general population. Furthermore, 27% of reports recorded for older patients 
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indicated that they required more hospitalization or long-term care, compared to 21% 

for the general population, with a relevant impact on National Health Service costs 

(Figure 10) 20. This phenomenon highlights a significant clinical challenge in the 

management of the older population which vulnerability can be attributed to 

multimorbidity, polypharmacy, and physio-pathological changes. These factors are 

key in altering the pharmacokinetics and pharmacodynamics of drugs, thereby 

increasing the risk of ADRs and impacting the overall risk-benefit balance of 

medication. 

  

Figure 10- Total number of reports, including those from patients >65 years, for suspected adverse 

reactions from 2001 to 2012 20 

 

1.3.3 Appropriateness and inappropriateness 

To ensure an appropriate risk-benefit balance, patients should receive pharmacological 

therapies suited to their clinical needs, in doses that meet their individual requirements, 

for an appropriate duration, and at the lowest cost to themselves and their community 

21. Appropriate prescribing means that therapies must be supported by the best 

available evidence, have a clear purpose, be optimized, and involve the patientôs 

agreement, as well as their commitment, understanding personal needs, values, and 

preferences. An appropriate therapy must be goal-oriented, regularly reviewed, and 
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adjusted when necessary, and should always involve the patientôs informed agreement 

and active participation. In this framework, appropriateness goes beyond simply 

choosing the ñrightò drug- it reflects a dynamic, patient-centred process aimed at 

maximizing therapeutic benefit while minimizing harm. On the other hand, 

inappropriate prescribing refers to any deviation from the ideal of appropriate 

prescribing. It can include prescribing medications that are unnecessary, potentially 

harmful, or no longer supported by current clinical evidence. Inappropriate therapies 

may also involve incorrect dosages, excessive treatment duration, the omission of 

necessary medications- particularly in vulnerable populations such as the older 

population. To guide clinicians, the appropriate prescribing process can be 

conceptualized as a flow which includes identifying the correct indication, selecting 

the most suitable pharmacological option, evaluating risks and benefits, considering 

patient preferences, and periodically reassessing the therapy. Any disruption or failure 

at one or more stages of this process results in inappropriate prescribing. Older adults 

represent a particularly high-risk group for inappropriate prescribing. Factors such as 

multimorbidity, age-related physiological changes, and a reduced ability or 

willingness to adhere to complex regimens complicate therapeutic decisions. 

Polypharmacy can increase the risk of ADRs, drug-drug interactions, poor adherence, 

and increased healthcare costs. Moreover, both overprescribing and underprescribing 

are common, leading to inefficiencies and preventable harm. The outcomes of 

inappropriate prescribing vary depending on the context and severity. In some 

instances, it may not cause any immediate clinical effects, but in more serious cases, 

it can lead to significant consequences, such as the worsening of the patient's condition, 

the need for additional diagnostic tests, increased hospital admissions, and even higher 

mortality rates, particularly among older adults or those with multiple co-existing 

health conditions that may affect their physiological function 22. Beyond these medical 

impacts, inappropriate prescribing can also negatively affect the patient's quality of 

life, causing unnecessary discomfort, and strain the relationship between the clinician 

and the patient. Moreover, the misuse of medications can place a financial burden on 

both the patient and the healthcare system, driving up costs and contributing to the 

wastage of valuable healthcare resources. This, in turn, may limit access to other 

critical treatments or increase overall healthcare costs 23.  
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Inappropriate prescribing reflects a systemic issue that extends beyond individual 

clinical encounters. It may be deep-rooted in fragmented healthcare, lack of 

coordination among healthcare providers, poor or lacking clinical guidelines, or 

limited time for shared decision-making. These challenges are particularly pronounced 

in certain older patients who often require input from multiple specialists and long-

term therapeutic management. Addressing inappropriate prescribing, therefore, 

demands not only improved clinical judgment, but also broader organizational and 

policy-level interventions aimed at optimizing medication use, enhancing 

communication across care settings, and empowering patients in their treatments. 

 

1.3.4 Medication review 

When a therapy is not appropriate- due to lack of efficacy, safety concerns, or evolving 

patient needs- it should be revised through process known as Medication Review (MR): 

a structured and systematic critical assessment of a patientôs medication regimen, 

including prescribed drugs, over-the-counter (OTC) products and complementary 

therapies. The aim is to optimizing therapeutic outcomes, minimizing medication-

related problems and the number of medications, reducing unnecessary healthcare 

costs and wastes 24. MR assesses the appropriateness, effectiveness, safety, and 

adherence of each treatment, and it should be typically carried out in collaboration 

with patient and relevant healthcare professionals, such as general practitioners, 

pharmacists, and specialists. Through MR, clinicians can adjust dosages, discontinue 

unnecessary drugs, and ensure that the medication regimen aligns with current clinical 

guidelines and the patientôs evolving health status, ensuring the risk-benefit balance. 

A key component of this process is deprescribing, defined as the process of withdrawal 

of an inappropriate medication, supervised by a health care professional with the goal 

of managing polypharmacy and improving outcomes 25. Deprescribing is not simply 

about stopping drugs but rather ensuring that every medication prescribed continues 

to meet the patient's current therapeutic needs in light of evolving clinical evidence 

and individual health status. In the Italian healthcare system, the responsibility of 

medication review falls to GPs, given their longitudinal relationship with patients and 

comprehensive knowledge of their medical history. While GPs are central to 
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deprescribing practices within the framework of the Italian National Health System 

(NHS), they face several challenges in translating this responsibility into routine 

clinical action. One of the main barriers reported by Italian GPs is the need to modify 

prescriptions initiated by other clinicians, particularly specialists 26. This reflects a 

broader issue of care fragmentation and limited interdisciplinary communication. 

Indeed, older patients are usually managed by multiple providers across different care 

settings, making it difficult for the GP to confidently adjust or discontinue medications 

without full knowledge of the entire therapeutic rationale. Additional obstacles include 

time constraints, insufficient training in deprescribing methodologies, and the lack of 

formalized, easily applicable guidelines. Many GPs also report difficulty accessing 

complete clinical information, which impairs their ability to assess the full 

appropriateness of a patientôs drug regimen 26. Although pharmacists could provide 

meaningful support in this process, the role of clinical pharmacy in Italy is still 

evolving and varies significantly across regions. Moreover, structured collaboration 

between GPs and pharmacists remains limited in practice even if wanted by GPs 26. 

Despite these challenges, GPs are uniquely positioned to lead medication optimization 

efforts, thanks to their holistic understanding of the patientôs medical history, 

comorbidities, and social context. Strengthening their role in deprescribing will require 

system-level interventions, including standardized tools, targeted training, and 

improved communication pathways between all healthcare professionals involved in 

the prescribing process. 

 

1.4 The Italian Healthcare system 

The Italian NHS, established in 1978, is a publicly funded system rooted in the 

principles of universality, equity, and accessibility. Built upon the Beveridge model, it 

aims to provide comprehensive, free-of-charge healthcare to all citizens, funded 

through national taxation 27,28. The system is organized into three levels: national 

(Central Government), regional (Regional Governments), and local (Local Health 

Units, LHUs) 29. This decentralization allows regions to have significant autonomy in 

organizing and delivering health services, even if they must still adhere to national 

guidelines and guarantee a set of essential health services, known as the Livelli 
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Essenziali di Assistenza (LEA), to all citizens. The central governmentôs role is 

primarily regulatory, setting the essential care levels, while regional governments and 

Local Health Units (LHUs) are responsible for the daily provision of services. This 

decentralized structure grants regions the ability to tailor their health systems to local 

needs. The NHS operates as a network of institutions, including the Ministry of Health, 

regional health agencies, and local health units, along with private providers. These 

institutions are tasked with delivering a full range of services, from primary care to 

specialized treatments. Funding for the NHS is determined yearly by the national 

government, with allocations distributed to the regions based on population needs, 

often using an age-adjusted capitation method. Regions then distribute these fundings 

to their LHUs, which provide or contract services to ensure that health care needs 

include prevention, treatment of chronic diseases, and emergency care. The integration 

of services is intended to ensure continuity of care, particularly for those requiring both 

health and social care support 29. In Italy, prescribing is primarily managed by GPs, 

who act as the main point of contact for patients and control access to specialist care. 

Pharmacists in Italy play a limited role, focusing predominantly on dispensing 

medications and offering general advice to patients, rather than being actively involved 

in clinical decision-making. Collaboration between GPs and other healthcare 

professionals in the prescribing process is generally less structured, and while 

electronic health records (EHRs) are increasingly being adopted, they are not yet fully 

integrated across all levels of care. GPs are self-employed professionals contracted 

with the NHS, acting as the first point of contact for citizens within the healthcare 

system. They are responsible for overall patient care, chronic disease management, 

prevention, and referrals to specialists or hospital services when necessary. The GP is 

crucial for continuity of care, territorial health management, and reducing unnecessary 

hospital visits, especially in the context of an aging population and increasing chronic 

conditions. In contrast to other European systems, the role of GPs in Italy reflects their 

integration into a tax-funded, regionally governed healthcare structure. While many 

European countries rely on GPs as gatekeepers to specialized and hospital care, Italy 

places a strong emphasis on GPs for comprehensive care, including chronic disease 

management resulting in GPs often under pressure due to higher patient loads 

reflecting the challenges of the NHSôs decentralization.
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Aim of the project  
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In Italy, there is currently no officially designated professional responsible for 

systematically conducting medication reviews in older adults. GPs are arguably in the 

best position to carry out this task, given their ongoing relationship with patients and 

access to comprehensive clinical information. However, in practice, GPs often lack 

both the time, and the specific training required to perform thorough medication 

reviews. In Italy, a GP is responsible for approximately 1,500 patients, of whom at 

least 365 (around 24%) are aged 65 or older 30, and it is difficult for a single GP to 

conduct an in-depth review for all older patients under his/her care. This situation 

highlights the need for tools that enable prioritization and selection of higher-risk 

patients, thereby optimizing available clinical resources. Although some real-world 

studies have focused on identifying patients at risk of inappropriate prescribing, there 

is still no practical, operational tool available in the Italian healthcare setting to help 

GPs routinely and effectively determine which older patients would benefit from a 

more detailed therapeutic assessment. What is currently missing is tools that allow GPs 

to focus their limited time and attention on patients at highest risk of inappropriate 

prescribing and related drug-related complications, a tool specifically designed to 

support the assessment of over 65 patients, tailored to the organizational features of 

the NHS, and based on the administrative health data available. These tools often 

struggle to provide meaningful prioritization, especially in real-world settings where 

multiple factors must be weighed.  

In this context, our project introduces a structured, data-driven model to support the 

pharmacological management of older adults in primary care. Central to this approach 

is the development of a prioritization algorithm that leverages real-world data from 

regional healthcare databases to stratify patients based on their risk of inappropriate 

prescribing and drug-related complications. This risk-based stratification enables more 

efficient allocation of clinical resources by directing medication reviews to those most 

likely to benefit. Acknowledging the complexity of managing multimorbidity and 

polypharmacy in aging populations, the model is intended to support- not replace- 

clinical judgment, with healthcare providers and general practitioners remaining at the 

core of the decision-making process. 
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Specifically, this project pursued the following goals: 

¶ Identification of inappropriateness criteria: we identified explicit indicators of 

potentially inappropriate prescribing specifically tailored and applicable to 

Italian healthcare administrative data and with clinical meaning to the 

population aged 65 and older. The aim was to capture at-risk patients beyond 

the standard drug lists. Particular attention was paid to selecting indicators that 

both reflect a meaningful clinical impact in older adults and are reliably 

traceable within Italian administrative datasets. 

¶ Risk assessment associated with each indicator: for each selected indicator of 

inappropriate prescribing, we estimated the all-cause hospitalization risk, to 

quantify the clinical impact of each selected indicator. This analysis enabled 

us to demonstrate and quantify the association between the indicators and the 

risk of all-cause hospitalization. 

¶ Development of a prioritization algorithm: based on the results obtained, we 

quantify we selected scenario at higher risk prioritizing those with the greatest 

potential for harm. We developed an algorithm capable of stratifying older 

patients according to their risk profile, with the goal of facilitating the 

identification of individuals who would benefit most from a targeted 

medication review. For each indicator, we sought to define specific patient-

level conditions or prescribing contexts associated with an even higher risk 

than that conferred by the indicator alone. 

Figure 11 illustrates the core steps of the project, each corresponding to a specific 

objective pursued throughout the study.  

These stages reflect the progression from identifying clinically relevant indicators of 

inappropriateness, to quantifying their associated risks, and finally, to the development 

of a data-driven prioritization algorithm. The figure provides a structured overview of 

the methodological framework used to guide the project and achieve its goals. 

The final algorithm was designed to be simple, interpretable, and compatible with the 

structure of Italian administrative healthcare data. It was conceived as a practical tool 
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to support- rather than replace- clinical judgment, aiming to enable informed and 

sustainable therapeutic decisions in the pharmacological management of older adults. 

 

 

Figure 11- Main steps of the project  

In summary, this project addresses a gap in managing pharmacotherapy for older 

adults by introducing a pragmatic, evidence-based approach to prioritize medication 

reviews. It aims to support healthcare professionals in delivering safer, more effective, 

and patient-centred care in the face of growing multimorbidity and polypharmacy 

challenges inherent in aging populations.
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inappropriate prescribing criteria   
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The process of evaluating the appropriateness of a pharmacological therapy is complex 

and to develop the core of our prioritization algorithm, it was therefore essential to 

first establish a robust framework of explicit criteria, carefully selected from the 

existing literature and adapted to the specific context of the Italian healthcare system. 

The following sections will detail this process, beginning with an overview of the 

methods used to evaluate medication prescriptions. We will then describe the 

systematic selection of the explicit indicators used in this thesis and the final 

development of the operational definitions necessary to apply these criteria to real-

world administrative data. 

 

3.1 Evaluation of medication prescriptions 

Drug prescribing is a pivotal step in the healthcare process and one of the most 

impactful actions in patient care. Given its importance, it is essential that prescribing 

practices can be evaluated; however, the complexity of the process makes it 

challenging to define effective indicators. The pathway from clinical diagnosis to the 

selection of an appropriate pharmacological treatment is multifaceted, involving 

clinical, administrative, and ethical dimensions. Within this intricate context, the 

concept of appropriateness becomes central- not only as a standard of good clinical 

practice but also as a key criterion for assessing the quality and efficiency of healthcare 

delivery. To provide a more comprehensive framework for understanding the 

medication use process, Bell et al. 31 proposed a model encompassing five distinct 

domains: prescribing, transmission, dispensing, administration, and monitoring 

(Figure 12). Each domain includes variables and measurable outcomes, both in terms 

of appropriate use and inappropriate use, especially in the context of polypharmacy or 

high-risk patient populations. 
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Figure 12- The functional model of medication management proposed by Bell and colleagues 

Due to the complexity of the prescribing process, it is not always easy to determine 

whether a prescription is truly appropriate. For this reason, measuring prescribing 

appropriateness becomes essential not only to evaluate individual clinical decisions, 

but also to monitor overall healthcare performance, identify gaps in practice, and guide 

improvement efforts. To achieve this, it is necessary to develop and adopt clear, 

measurable indicators that can objectively assess whether a prescription aligns with 

best practices and therapeutic goals. Without such indicators, the concept of 

appropriateness risks remaining too abstract, limiting its utility in quality assurance, 

benchmarking, and health policy planning.  

 

3.2 Indicators of appropriate prescribing 

According to the Organisation for Economic Co-operation and Development (OECD), 

a quality indicator in prescribing is defined as: "A systematically developed statement 

that helps assess the degree to which medical treatment is appropriate, effective, and 

efficient". These indicators serve both as guides for the clinician and as tools for health 

systems to promote rational, safe, and cost-effective drug use. They also help in 

identifying areas of underuse, overuse, or misuse of pharmacological treatments. 

These indicators are fundamental tools for evaluating prescriptive behaviour, for 

identifying potentially inappropriate prescriptions (PIMs), and for implementing 

improvement actions. would have the following key characteristic 32:  

¶ valid, and reliable; 
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¶ highly or optimally specific and sensitive; 

¶ based on agreed definitions; 

¶ described exhaustively and exclusively; 

¶ able to discriminates well; 

¶ be related to clearly identifiable events for the user; 

¶ suitable for comparisons; and (vii) evidence-based. 

The need to measure appropriateness is increasingly evident in public health and is 

supported by a growing number of indicators developed internationally. These are used 

not only in clinical evaluation at the individual level but also in system-wide 

assessments, research studies, and policymaking. Appropriateness indicators are 

usually grouped into three main categories:  

¶ structural: relate to the healthcare setting and organizational capacity; 

¶ process: evaluate whether the actions performed are consistent with evidence-

based recommendations; 

¶ outcome: focus on the consequences of care in terms of patient health (death, 

disease, discomfort, disability, dissatisfaction). 

Indicators can also be classified along another axis: 

¶ drug-oriented indicators, which evaluate use based on the molecule or class of 

drugs 33; 

¶ disease-oriented indicators, which evaluate pharmacological appropriateness 

for specific clinical conditions; 

¶ patient-oriented indicators, which consider patient characteristics and 

personalized needs 34 35. 

While the first two types are easier to apply- especially in administrative datasets- the 

patient-oriented indicators, though more difficult to assess, provide a higher level of 

clinical relevance and better support the principles of personalized medicine. These 

require access to clinical records, lab data, and context-specific information (such as 

functional status or frailty indexes), and are often more labor-intensive but more 

accurate in predicting inappropriate prescribing risks. The development of 

standardized, valid, and reproducible indicators for identifying PIMs is therefore 
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essential for improving therapeutic appropriateness and patient safety especially in 

older adults. 

Finally, based on the topic evaluated, the main types of appropriateness indicators 

include: 

¶ Prescribing indicators, which describe variability in cliniciansô prescribing 

patterns under different clinical or pathological conditions, often expressed as 

the prevalence of affected patients; 

¶ Consumption indicators, which assess variability in medication use by volume 

(e.g., Defined Daily Dose per 1,000 inhabitants/day) or cost (e.g., per capita 

pharmaceutical spending). These indicators are used to evaluate deviations 

from average values at different administrative levels (national, regional, 

local); 

¶ Adherence indicators, which evaluate how well prescribing practices align 

with predefined therapeutic standards. These include adherence to ongoing 

drug use (e.g., chronic therapy continuation) and adherence to appropriate 

indications (e.g., drugs prescribed only when evidence-based indications are 

met). 

The selection of indicators to assess prescribing appropriateness should be guided by 

several key criteria. First, indicators must be evidence-based, reflecting current clinical 

guidelines and best practices supported by robust scientific data. They should also be 

clinically relevant, meaning they capture aspects of prescribing that have a real impact 

on patient outcomes. In addition, indicators need to be measurable and reproducible, 

relying on data that are readily available and consistently recorded in clinical practice, 

such as electronic health records or prescription databases. Feasibility is another 

essential consideration: indicators should not impose excessive burden on healthcare 

providers or systems. Lastly, good indicators must be sensitive to change, allowing 

them to detect improvements (or deterioration) over time and in response to targeted 

interventions. The selection of indicators should also be grounded both on clinical and 

economic considerations. Clinically, indicators are functional to the improvement of 

health outcomes by guiding prescribing practices in line with therapeutic 

recommendations. Economically, they help reduce the overall costs associated with 
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patient care, beyond the price of the medication itself. Indeed, appropriate prescribing 

reduces the likelihood of requiring additional healthcare services- such as diagnostic 

procedures, treatment of adverse drug reactions, or hospitalizations- and increases the 

chances of achieving the therapeutic purpose. 

Indicators play a central role in programs designed to improve healthcare performance 

and can be seen as essential tools in balancing pharmaceutical expenditure and clinical 

results. Several tools have been developed to assess prescription quality, broadly 

categorized as implicit tools (based on expert judgment and clinical context), explicit 

tools (based on predefined drug- or disease-specific criteria), or hybrid approaches 

combining both methods. Implicit indicators rely on the evaluation of prescribing 

appropriateness by a trained reviewer using clinical judgment in the context of the 

patient's full medical profile. This approach can be guided by structured tools, such as 

the MAI (Medication Appropriateness Index) and the PAI (Prescribing 

Appropriateness Index). MAI 36 37 evaluates ten criteria: indication, efficacy, dosage, 

correct directions, practical indications, drug-drug interactions, drug-disease 

interactions, duplication, duration, and cost (Figure 13). 

A weighted score is generated, which serves as a measure of prescribing 

appropriateness. Moreover, questions 1, 2, and 8 (indication, efficacy, and duplication) 

can be used to identify unnecessary polypharmacy and high rates of inappropriateness. 

It is not possible to evaluate misuse or underutilization of prescribed therapy. 

Additionally, it should be noted that application requires ten minutes per medication. 

Another example of implicit criteria is the AOU (Assessment of Underutilization of 

Medication, AOU), a structured tool used to evaluate whether patients are missing 

clinically indicated medications. It is commonly applied in the context of older adults 

or patients with multiple chronic conditions, where appropriate pharmacological 

therapy is crucial. The AOU involves a case-by-case review by a trained clinician who 

assesses whether any evidence-based treatments are lacking based on the patientôs 

diagnoses, clinical status, and guidelines. Unlike tools that identify inappropriate 

prescriptions, the AOU focuses specifically on potential omissions, aiming to improve 

the completeness and quality of pharmacotherapy. Implicit tools are more flexible and 

patient-centered, allowing for a nuanced understanding of prescribing decisions. Their 
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main limitation, however, is that they are time-consuming, resource-intensive, and less 

reproducible, as they depend on the evaluatorôs expertise and interpretation. 

 

Figure 13- Medication Appropriateness Index, questions 

On the other hand, explicit criteria are measures based on predefined standards, 

generally drug- or disease-oriented, not patient-oriented. These can be applied even in 

the absence of clinical judgment and/or knowledge of the patientôs clinical 

characteristics and do not take into account the factors that define the quality of 

healthcare 38. As a result, they are more easily standardized, straightforward to apply, 

and reproducible when used by different evaluators. Explicit criteria are presented as 

tables and lists, usually divided into categories such as medications to avoid in elderly 

patients, drug combinations that may cause drug-drug interactions, medications 

contraindicated in the presence of certain diseases, and possibly dosage 

recommendations, therapeutic alternatives, and also a weighted quality score of the 

recommendation based on the robustness of the source and evidence can be provided. 

However, these criteria do not consider comorbidities, previous ineffective therapeutic 

approaches, or the patient themselves (autonomy, willing, etc.). They also need to be 

regularly updated and adapted for each country. Each country has different healthcare 
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guidelines, even among European Union member states. Consider, for example, the 

differences in drugs available between European Union and United States; this makes 

international comparisons of prescription patterns extremely challenging.  

Conceptually, explicit criteria are based on the Delphi method developed by the Rand 

Corporation 39. This is a predictive method based on the comparison of expert opinions 

(rational and not aiming for consensus) on a new topic or one without an easily 

predictable solution. It was developed during the Cold War by Rand Corporation 

experts to assess the level of consensus among participants when confronted with 

uncertain issues. During the 1960s and 1970s, the Delphi Method was shown to offer 

significant advantages over traditional group discussions (such as conferences, 

brainstorming, and other interactive group processes) in situations where it was 

essential to compare the opinions of all involved experts. The Delphi Method is a 

decision-making process divided into an exploratory phase, an analytical phase, and a 

decision-making phase, which combines common knowledge to better address or 

resolve situations of uncertainty (Figure 14). The name "Delphi" humorously refers 

to the Oracle of Delphi, consulted for insights about the future, highlighting the 

importance of the question posed and the interpretation of the response. In numerous 

medical issues, there is often a need to solve problems characterized by uncertainty, 

whether related to the nature of the problem itself or to the interventions to be adopted 

40.  

The use of explicit indicators has grown steadily over recent decades, in response to 

the growing complexity of pharmacotherapy and the need to ensure high-quality, safe, 

and cost-effective prescribing practices 41. Among the most widely adopted are the 

Beers Criteria 42, first developed in the United States and now regularly updated by the 

American Geriatrics Society. These criteria offer a comprehensive list of drugs that 

should generally be avoided in older adults due to an unfavourable risk-benefit profile, 

with recommendations based on specific comorbidities, drug-disease interactions, and 

dosage thresholds. Another valuable tool is the STOPP/START criteria 43, which go 

beyond the identification of inappropriate medications by also including potentially 

beneficial therapies that are commonly under-prescribed. This dual approach 

addresses both overuse and underuse of pharmacotherapy, helping to better align 
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prescribing with the principles of comprehensive, patient-centred care. The criteria are 

especially suitable for use in geriatric settings and have been integrated into several 

European research and clinical initiatives. Similarly, the EU(7)-PIM list 44 was 

developed to offer a harmonized European perspective on PIMs, taking into account 

regional prescribing habits and available formulations. 

 

Figure 14- Flows of Delphi methods 

Other examples of explicit indicators include disease-specific lists, such as those 

focusing on cardiovascular disease, diabetes, or mental health conditions, as well as 

polypharmacy thresholds (e.g., use of more than five or ten drugs concurrently) used 

to flag patients at higher risk of drug-related problems. These indicators are especially 

helpful in large-scale health service monitoring, research databases, and prescription 

audits, allowing for the identification of patterns and potential areas of intervention. 

The key strength of explicit indicators lies in their reproducibility and scalability. 

Because they are based on predefined rules, they can be easily automated and applied 

in various settings, including retrospective analyses of electronic health records, 

claims databases, and administrative registries. This makes them extremely useful in 

epidemiological surveillance, health policy evaluation, and quality improvement 
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initiatives. Their objectivity also supports benchmarking and comparison across 

different regions, institutions, or time periods. However, explicit indicators also have 

limitations. Their rigidity can lead to oversimplification, as they often fail to account 

for the clinical complexity and individual needs of patients. For instance, a medication 

deemed inappropriate by explicit criteria may still be the best choice in a specific 

clinical scenario when weighed against alternatives. In addition, these indicators may 

become outdated if not regularly revised to reflect emerging evidence, new drugs on 

the market, or evolving clinical guidelines. 

Despite their differences, explicit and implicit indicators are not mutually exclusive. 

Explicit tools can serve as an initial screening method to flag potential problems in 

large datasets, which can then be further assessed using implicit criteria in clinical 

settings. The choice between these methods should be guided by the specific objectives 

of the evaluation- whether for research, policy, education, or direct patient care- and 

by the availability of resources and clinical data. Table 1 illustrates the key differences 

between explicit and implicit indicators across several important aspects. 

Table 1- Comparison Between Explicit and Implicit Prescribing Indicators 

Aspect Explicit Indicators  Implicit Indicators  

Definition  
Predefined criteria based on 

guidelines or consensus 

Case-by-case evaluation based 

on clinical judgment 

Examples 
Beers Criteria, STOPP/START, 

EU(7)-PIM 

MAI (Medication 

Appropriateness Index), AOU 

(Assessment of 

Underutilization) 

Application  
Automated or semi-automated; 

suitable for large datasets 

Manual; requires trained 

reviewer 

Context sensitivity Low- applies broadly 
High- considers patient-specific 

factors 

Reproducibility  High Variable; depends on reviewer 

Time and 

resources required 
Low to moderate High 

Strengths 
Objective, standardized, 

scalable 
Nuanced, individualized 

Limitations  
May overlook context or 

exceptions 
Less consistent, time-consuming 

Best used for 
Population-level monitoring, 

audits, quality metrics 

In-depth clinical review, 

individualized care planning 
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3.3 Selection of explicit indicators 

The first step in developing a prioritization algorithm involved a thorough and 

systematic literature search aimed at identifying existing explicit indicators of 

prescribing appropriateness. The focus was placed on tools and criteria developed for 

older adults and chronic patients, particularly those validated in international studies 

or used in large-scale healthcare monitoring systems. Sources included peer-reviewed 

publications, clinical guidelines, consensus statements, and pharmacological tools 

such as the Beers Criteria, STOPP/START, EU(7)-PIM list, and other disease-specific 

or drug-specific frameworks. 

Once a comprehensive list of indicators was compiled, a critical selection process was 

undertaken to assess their applicability within the context of Italian administrative 

healthcare databases. This involved evaluating each indicator for feasibility of 

measurement based on the types of information typically available in these data 

sources, such as prescription records, diagnostic codes, and demographic data. 

Indicators that required clinical parameters not routinely captured in administrative 

datasets (e.g., laboratory values, blood pressure readings, or clinical notes) were 

excluded or flagged as not directly implementable. 

Another essential phase consisted in the adaptation of selected indicators to reflect the 

pharmaceutical landscape and regulatory conditions in Italy. Many international 

criteria include drugs that are either unavailable, rarely prescribed, or not reimbursed 

within the Italian NHS. Therefore, a detailed review of the Italian formulary was 

conducted to ensure that all indicators referenced medications currently marketed and 

accessible in Italy. Where necessary, equivalent drugs available on the Italian market 

were substituted, and drug names were standardized according to the national 

classification system (Anatomical Therapeutic Chemical codes, ATC codes). 

This iterative process resulted in a curated and context-specific set of explicit 

indicators that are both evidence-based and pragmatically suited for use in Italian 

administrative data. These indicators served as the foundation for the algorithmôs 

logic, enabling the identification and prioritization of potentially inappropriate 

prescribing patterns across different levels of risk and clinical relevance.  
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3.3.1 Definition of a comprehensive list of Potentially Inappropriate Medications  

The definition of PIMs encompasses drugs which should not be prescribed for the 

older population because the risk of adverse events outweighs the clinical benefit 45,46. 

The development of an explicit indicator of PIMs in the older population started from 

published lists.  

Beers Criteria (United States) 

The criteria are named after Mark Howard Beers (April 28, 1954 ï February 28, 2009), 

an American geriatrician who, in 1988, discovered that the concomitant use of 

antidepressants, antipsychotics, and sedatives was associated with symptoms of 

confusion and tremors in 850 nursing home residents in the Boston area 47. In 1991, 

he compiled a list of medications (the Beers Criteria) that may be harmful to older 

adults, which has been updated in 1997, 2003, 2012, 2015, 2019, and 2023 48. The 

Beers Criteria are based on the Delphi method and are presented as six tables: 

¶ Table 1: Designations of quality of evidence and strength of recommendations; 

¶ Table 2: 2023 American Geriatrics Society Beers Criteria® for potentially 

inappropriate medication use in older adults; 

¶ Table 3: 2023 American Geriatrics Society Beers Criteria® for potentially 

inappropriate medication use in older adults due to drugïdisease or drugï

syndrome interactions that may exacerbate the disease or syndrome; 

¶ Table 4: 2023 American Geriatrics Society Beers Criteria® for potentially 

inappropriate medications: drugs to be used with caution in older adults; 

¶ Table 5: 2023 American Geriatrics Society Beers Criteria® for potentially 

clinically important drugïdrug interactions that should be avoided in older 

adults; 

¶ Table 6: 2023 American Geriatrics Society Beers Criteria® for medications 

that should be avoided or have their dosage reduced with varying levels of 

kidney function in older adults. 

The Beers Criteria were created and are updated based on the medications available in 

the United States; therefore, they may not be fully applicable in other countries where 
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medications not available in the U.S. are marketed, and vice versa. For this reason, 

many Countries developed their own criteria, but they are all based on Beers criteria. 

PRISCUS list (Germany) 

Published in 2010, the PRISCUS list is a German list of potentially inappropriate 

medications that older adults should avoid or that require particular attention (Holt et 

al., 2010). The approach for creating the PRISCUS list initially involved a qualitative 

analysis of PIM lists for older adults from other countries such as the USA, Canada, 

and France, with an evaluation of the applicability of those lists to the German 

pharmaceutical market in terms of drug availability and prescription frequency. After 

this first phase, literature evidence was sought on recommended medications and 

common problems in older adults with evidence of Adverse Drug Events (ADEs), and 

ADRs. This led to a third phase where 131 drugs from 24 pharmacological classes 

were selected. The modified Delphi method was used in the fourth and final phase: 

experts in geriatrics, clinical pharmacology, general medicine, internal medicine, pain 

therapy, neurology, psychiatry, and pharmacy assigned scores to each drug and 

proposed clinical monitoring parameters, dosage adjustments, alternatives, and 

comorbidities that might influence the risk of ADEs. Statistically, medications were 

selected for a second step, evaluated using the same procedure as the first step but with 

separate dosage and indication categories according to expert recommendations. The 

PRISCUS criteria were updated in 2023 (PRISCUS 2.0), which not only evaluated 

medications marketed in Germany but also in Austria (Austria PIM list). The update 

used a three-round Delphi method, where 25 experts participated in the first round, 52 

in the second, and 8 in the third, for a total of 59 people who participated in at least 

one round, representing a wide range of medical specialties, including general 

medicine, geriatrics, clinical pharmacology, psychiatry, internal medicine, palliative 

care, hospital pharmacy, and cardiology. A total of 187 substances were evaluated as 

PIMs, and 36 were identified as non-PIMs, with 49 substances classified as 

"ambiguous" that could potentially be PIMs. Additionally, PRISCUS 2.0 includes 

possible pharmacological alternatives, monitoring information, comorbidities, and 

concomitant therapies to avoid, as well as the reasons and classifications for each type 

of PIM, along with a list of medications no longer marketed in Germany 49.  



34 

McLeod criteria (Canada) 

These criteria place greater emphasis on drug-drug and drug-disease interactions for 

prescribing inappropriateness in older adults. They were developed in 1997 based on 

the Beers Criteria model, excluding drugs not available on the Canadian market and 

those lacking sufficient evidence to justify their associated risks 50. Preliminary lists of 

drug-drug and drug-disease interactions were created and then reviewed by experts, 

incorporating additional interactions found in the literature. Under the guidance of a 

geriatrician, inappropriate practices and further drug-disease interactions were also 

included. Ultimately, all medications included were reviewed using a modified Delphi 

method, leading to the creation of lists that gather inappropriate prescribing practices 

for the treatment of cardiovascular diseases in the elderly (according to 32 national 

experts), inappropriate prescribing practices of psychotropic drugs in the elderly, 

inappropriate prescribing practices of NSAIDs and other analgesics in the elderly, and 

inappropriate prescribing practices of various medications in the elderly. The McLeod 

criteria are based on the Beers criteria and literature, and in 2004, they were used 

alongside recent Beers criteria to develop the Rancourt criteria 51.  

Laroche list (France) 

Initially, in 1997, a list (PIM list) was derived from the Beers Criteria in France and 

elaborated in 2001 by nine French experts (five geriatricians, four pharmacologists). 

The list excluded drugs not available in France, drugs that require dosing information, 

and drugs that should not be prescribed to older adults except for specific indications. 

It included the concomitant use of two or more non-steroidal anti-inflammatory drugs 

(NSAIDs), the concomitant use of two or more psychotropic drugs from the same 

pharmacological class, and the use of any drug with anticholinergic properties, in 

addition to those already included in the Beers lists. There was no formal consensus 

method, and some criteria were excluded. Additionally, the consequences of marketing 

(e.g., withdrawal of drugs from the market) since 2001 were not considered. The 

French criteria, developed in 2007, not only used a two-round Delphi method but also 

introduced pharmacological alternatives. The initial phase involved a review of the 

Beers lists from 1991, 1997, and 2003, Canadian criteria, the 2001 French list, and 

other French guidelines. This led to the creation of a preliminary questionnaire (first 
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round) submitted to 15 experts, including five pharmacologists, one 

pharmacoepidemiologist, five geriatricians, two pharmacists, and two general 

practitioners with geriatrics qualifications. After analyzing the responses, a second 

questionnaire was submitted to the experts (second round), based on a synthesis of the 

first round. The process concluded with a final analysis and the publication of the lists. 

The questionnaires, based on a scoring system, not only covered medications or 

pharmacological classes generally to be avoided in older adults but also those to avoid 

in specific medical conditions. Experts were invited to suggest therapeutic alternatives 

and to add other criteria. Based on all these responses, a second questionnaire was 

generated, which also proposed pharmacological alternatives for certain criteria, 

indicated the reasons for inappropriateness, and resulted in the final list where experts 

also indicated the age at which the list could be applied 52 25. 

Maio criteria (Italy) 

The Maio Criteria were developed in 2007 through a collaboration between the 

Azienda Unità Sanitaria Locale (AUSL) of Parma and Thomas Jefferson University 

(Philadelphia). Nine experts (Group for the Appropriateness of Prescribing, GAP) 

participated, including three general practitioners (specialized in respiratory medicine, 

clinical cardiology, and geriatric care), a geriatrician, a hospital pharmacist, two 

psychiatrists, a cardiologist, and a director of long-term care facilities. The Delphi 

method was applied with three interactive cycles. Based on the 2002 Beers Criteria, a 

literature review, and alignment with the Italian pharmaceutical market, 23 

inappropriate medications were identified in three categories: 

¶ 17 medications always to avoid in older adults; 

¶ 3 rarely appropriate medications; 

¶ 3 medications to use only for specific indications. 

Starting in 2011, the Maio Criteria were updated every three years. The 2020 revision 

introduced a fourth category: medications not covered by the National Health System 

to avoid 53 54.  
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Austrian criteria 

The list published in 2012 was based on a two-round modified Delphi method. Before 

the Delphi method's first application, 14 Austrian experts active in hospital sectors or 

geriatric consulting were recruited, including a general practitioner, a neurology 

specialist, three internal medicine specialists, a psychiatrist, and two hospital 

pharmacists. Each criterion was scored, evaluated, and assessed for the 

implementation of the second round of the Delphi method, followed by a final analysis 

and evaluation of the results. To establish these criteria, a qualitative analysis of 

international lists from the United States, Canada, France, and Germany was 

conducted, along with a literature review tailored to age and adverse drug events. 

Adaptations to the Austrian pharmaceutical market resulted in a reduction from 131 

drugs to 102, divided into 19 groups (according to local and national prescribing 

criteria). These criteria assess inappropriateness in older adults, suggest alternative 

medications, provide guidance on monitoring and dose adjustments, and consider 

drug-drug and drug-disease interactions, supplemented with comments based on 

individual observations 55.  

EU(7)-PIM list 

These criteria were developed to create a European list of potentially inappropriate 

medications (PIMs) for older adults, aiming to facilitate comparative analyses of 

prescribing patterns across Europe in clinical practice. The preliminary list was based 

on German, American, Canadian, and French criteria, with input from 30 geriatric 

experts from Estonia, Finland, France, the Netherlands, Spain, and Sweden. The roles 

were divided as follows: 

¶ 8 experts expanded the list by suggesting additional medications; 

¶ two-round Delphi method: 27 experts evaluated the appropriateness, 

suggesting dose adjustments and therapeutic alternatives; 

¶ 12 experts completed a final survey to address issues requiring further 

consensus. 

A total of 282 drug classes across 34 therapeutic groups were identified as potentially 

inappropriate for older adults or restricted to specific doses or durations of use. The 



37 

PIM list also includes recommendations for dosage adjustments and therapeutic 

alternatives 44.  

ERD-list  

The ERD-list (EDU.RE.DRUG list) is an explicit tool developed within the framework 

of the EDU.RE.DRUG study, a pragmatic, multicenter, controlled trial conducted in 

Italy 30 56. The list was created through the adaptation and integration of three 

internationally recognized criteria for identifying potentially inappropriate 

medications (PIMs): the Beers Criteria (USA), the STOPP&START criteria (Ireland), 

and the EU(7)-PIM list (Europe). Unlike the original criteria, however, the ERD-list 

was specifically limited to drugs available and reimbursable under the Italian National 

Health Service (SSN), to ensure applicability within the context of national healthcare 

administrative databases. The list focuses solely on medications to always avoid in 

older adults, excluding those to be avoided only under specific clinical conditions (e.g., 

drug-disease interactions or drugs to be used with caution), as such information is 

typically not retrievable from administrative Italian data. As such, the ERD-list 

constitutes a standardized, reproducible tool that is easily applicable at the national 

level for monitoring inappropriate prescribing in the older population. 

All these lists and other described in the systematic review of Motter et al. 48 were 

reviewed, and explicit criteria were selected from Beers criteria 42, French Criteria 52, 

NORGEP (Norway) 57, Austrian Criteria (Austria) 55, Castillo-Paramo (Spain) 58, 

Clyne (Irland) 24, Czech National Criteria (Czech Republic) 59, FORTA (Germany, 

Austria e Switzerland) 60, Galan-Retamal (Spagna) 61, GheOP3S (EU) 62 at the last 

version available, and the ERD-list (EDU.RE.DRUG list; 63) developed based on the 

2015 updated Beers 64, the STOPP&START criteria 65 and the EU-(7)-PIM list 44. The 

criteria were systematically integrated to create a comprehensive set of potentially 

inappropriate medications. Moreover, only medications classified as reimbursable 

under class A (outpatient) by the Italian Medicines Agency (Agenzia, Italiana del 

Farmaco, AIFA) were included. This restriction allowed us to focus on drugs that are 

traceable within the NHS and relevant to real-world prescribing practices in Italy. The 

final list of potentially inappropriate medications adopted in this study (Appendix 1) 

included 189 drugs and 19 drug classes.   
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3.3.2 Potential Drug-Drug Interactions (pDDIs) 

In the context of pharmacological management, DDIs represent an independent and 

substantial source of risk. DDIs occur when one drug's effect is altered by another drug 

66. The concurrent use of two or more medications can lead to altered pharmacokinetics 

or pharmacodynamics, potentially resulting in ADEs, therapeutic failure, or increased 

toxicity. Previous studies have estimated that DDIs account for 10.3% of (ADEs) in 

the U.S. general population (2000ï2002) 67 and 4.8% of hospital admissions among 

older adults worldwide (1990ï2006) 68. The number of potential DDIs and associated 

ADEs is expected to increase as more patients with multimorbidity require 

polypharmacy 69. Older adults are particularly vulnerable to DDIs due to 

polypharmacy, which is often an outcome of managing multiple chronic conditions 

and thus therapies. Physiological changes associated with aging- including decreased 

renal and hepatic function, altered drug absorption, and changes in body composition- 

can further modulate the severity and clinical impact of these interactions. 

Additionally, age-related impairments in homeostatic mechanisms make older patients 

less able to compensate for pharmacological imbalances. Also, morbidity and 

multimorbidity can enhance the outcomes of DDIs. 

DDIs may be classified into two major categories: pharmacokinetic interactions, 

which involve changes in the absorption, distribution, metabolism, or excretion 

(ADME) of a drug, and pharmacodynamic interactions, where the effect of one drug 

is modified by another at its site of action or through synergistic or antagonistic 

mechanisms. The severity and clinical relevance of a DDI can vary based on patient-

specific factors such as comorbidities, frailty status, and concomitant therapies, on the 

other hand, not all clinically significant DDIs cause harm or require therapy 

modification particularly when the interacting effects may offset each other 70.  

Potential pDDI were evaluated based on pDDI list elaborated by the MediRisk 

software, developed by Medilogy group, based on INXBASE by Medbase, a Finnish 

company formed by experts in pharmacotherapy, which produces medical decision 

support databases to safeguard effective and safe use of drugs. INXBASE is a drugï

drug interaction database containing short and concise evidence-based information 

concerning consequences of and recommendations for more than 20,000 drug 
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interactions (Inxbase; https://www.medbase.fi/en/professionals/inxbase/). Interactions 

were classified by clinical significance (ranging from minor óAô to contraindicated 

óDô) and by the level of documentation (from 0 = in vitro evidence to 4= evidence from 

randomized clinical trials, systematic reviews, or meta-analyses). Only interactions 

with major clinical significance level (C), excluding those with the lowest 

documentation level (0), and contraindicated (D) were considered 71. The pDDI list is 

detailed in Appendix 2. 

 

3.3.3 Fall Risk-Increasing Drugs (FRIDs) 

Falls are among the leading causes of morbidity, hospitalization, and reduced 

functional independence in older adults, with a significant impact on both individual 

health outcomes and healthcare systems. Falls are often multifactorial, involving 

physiological changes related to aging, comorbidities, and environmental factors. 

However, medication use plays a significant and modifiable role. Fall risk-increasing 

drugs (FRIDs) are a category of medications that have been associated with a higher 

risk of falls, particularly in older adults. They are not inherently inappropriate but 

require careful consideration in patients at increased risk of falling, especially when 

prescribed in combination or at higher doses. 

The mechanisms by which FRIDs increase fall risk can be broadly divided into two 

main categories: central nervous system (CNS) effects and cardiovascular effects, 

particularly orthostatic hypotension (Table 2) 72. CNS-active drugs include classes 

such as benzodiazepines, antipsychotics, antidepressants (especially tricyclics and 

Selective Serotonin Reuptake Inhibitors, SSRIs), opioids, and certain antiepileptics. 

These medications can cause sedation, dizziness, confusion, impaired motor 

coordination, and delayed reaction times. All of these effects compromise balance and 

awareness, increasing the likelihood of falls. For example, benzodiazepines can lead 

to excessive drowsiness and impaired cognition, particularly in frail elderly patients, 

making them particularly hazardous when fall risk is already elevated. In older adults, 

even low doses of these drugs can result in sedation, delayed reaction times, and 

confusion- all of which significantly increase fall risk. Importantly, these effects may 

https://www.medbase.fi/en/professionals/inxbase/
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persist longer than expected due to altered drug metabolism and increased sensitivity 

to CNS-active compounds. On the other hand, drugs that affect cardiovascular 

regulation can increase fall risk through mechanisms related to hypotension or 

bradycardia. These include antihypertensives (such as alpha-blockers and centrally 

acting agents), diuretics, nitrates, and other vasodilators. Orthostatic hypotension- a 

sudden drop in blood pressure upon standing- is a key factor leading to syncope or 

dizziness, which in turn can cause falls. This condition is characterized by a significant 

drop in blood pressure upon standing, leading to dizziness, unsteadiness, or even 

transient loss of consciousness. Older patients, especially those with impaired 

autonomic function or pre-existing frailty, may be unable to compensate for these 

hemodynamic shifts, making them especially susceptible. Diuretics, particularly loop 

and thiazide diuretics, are also implicated due to their potential to cause dehydration, 

electrolyte disturbances, and volume depletion, all of which can lead to muscle 

weakness, cramps, and hypotension. 

Table 2- Fall risk-increasing drugs (FRIDs) and drugs that may cause or worsen orthostatism (ODs) 

according to the list from the Swedish National Board of Health and Welfare (NBHW) 
72

 

Drugs that may increase the risk of falls 

Opioids 

Antipsychotics 

Anxiolytics 

Hypnotics and sedatives 

Antidepressants 

Drugs that may cause orthostatic hypotension 

Vasodilators used in cardiac diseases (nitrates) 

Antihypertensives 

Diuretics 

Beta-blockers 

Calcium channel blockers 

Agents acting on the renin-angiotensin system 

Alpha-adrenoreceptor antagonists (used in BPH) 

Dopaminergic agents (anti-Parkinson drugs) 
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It is also important to recognize that the cumulative burden of multiple FRIDs can have 

a synergistic effect on fall risk. The presence of three or more FRIDs has been shown 

in several studies to markedly increase the likelihood of falling, especially when 

combined with existing balance or mobility problems. 

The selection of drugs to be included in our project for assessing fracture risk was 

strongly influenced by the limitations in evaluating the appropriateness of 

antihypertensive medications. These drugs are known to be associated with an 

increased risk of fractures when administered at doses higher than those required for 

adequate blood pressure control; however, such dosing appropriateness cannot be 

reliably assessed using administrative data. For this reason, the final list was restricted 

to psychotropic medications, associated with fracture risk primarily through CNS 

mechanisms (Appendix 3). 

 

3.3.4 Therapeutic duplicates (TDs) 

Therapeutic duplication refers to the concurrent use of two or more medications from 

the same pharmacological class or with overlapping therapeutic effects, without a clear 

clinical rationale. One recommendation included in some explicit criteria is to avoid 

any duplicate drug class prescription and optimize monotherapy within a single drug 

class before considering a new agent. Duplicate drug class prescription TDsputs the 

patient at increased risk of adverse drug reactions with no additional therapeutic 

benefits, and the risk of receiving duplicate therapy increases as patients receive more 

drugs from multiple healthcare institutions 73. Therefore, the older subjects are at 

increased risk of TDs due to altered pharmacokinetics and pharmacodynamics 

associated with aging, which heighten the risks associated with unnecessary drug 

exposure. Moreover, hospitalization and drugs prescribed by internists and 

geriatricians are both factors associated with a small but definite increase in overall 

therapeutic duplicates in elderly patients admitted to internal medicine and geriatric 

wards, indeed almost 90% of patients discharged with at least one therapeutic still 

remain with duplicate within 3-month follow-up 74. In many cases, duplications result 

from poor communication between multiple specialists, prescribers and GPs, lack of 
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shared medical records, or the continuation of outdated prescriptions during care 

transitions. 

Unlike other indicators that rely on predefined lists of inappropriate medications or 

combinations, TD is often identified in the literature through ATC classification-based 

approaches. Specifically, studies detect duplication when two or more active 

substances belonging to the same ATC third or fourth level are prescribed 

concurrently, without a documented clinical justification 74 75.  

 

3.3.5 Anticholinergic Burden score (ACB score) 

Acetylcholine (ACh) is a key neurochemical involved in a wide variety of brain 

functions and other organs, such as the transmission of nerve impulses both in the CNS 

and in the peripheral nervous system, particularly at the neuromuscular junction and 

within the parasympathetic branch of the autonomic nervous system (Figure 15).  

 

Figure 15- Somatic and autonomic nervous system 

Its primary functions include the modulation of memory and learning (especially in 

the hippocampus and cortex), the regulation of muscle tone (at the neuromuscular 

endplate), the control of visceral activity (such as salivation, gastrointestinal motility, 

and heart rate), and the maintenance of attention and wakefulness (involving the 
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prefrontal cortex and the reticular activating system). At the receptor level, ACh exerts 

its effects through two main receptor families: muscarinic receptors (M1ïM5), 

primarily responsible for post-ganglionic parasympathetic activity, and nicotinic 

receptors (Nm and Nn), which are involved in neuromuscular transmission and 

ganglionic synapses 76. 

Aging is associated with a progressive decline in the efficiency of the cholinergic 

system. This deterioration is attributed to reduced activity of choline acetyl transferase 

(the enzyme responsible for ACh synthesis), decreased sensitivity and density of 

central muscarinic receptors, and structural degeneration in cholinergic cortical 

regions. These neurochemical and anatomical changes have significant functional 

consequences: impaired cholinergic neurotransmission in brain areas critical for 

cognition contributes to executive dysfunction, increases the risk of mild cognitive 

impairment (MCI), and facilitates progression to neurodegenerative diseases such as 

Alzheimerôs disease. Furthermore, the declining integrity of the cholinergic system 

increases susceptibility to acute cognitive disturbances, such as delirium, particularly 

in the presence of common triggers like infections, dehydration, or pharmacological 

agents 77,78.  

Many drugs used in clinical practice exert anticholinergic effects, either intentionally 

(as part of their mechanism of action) or as an unintended side effect. Notable 

examples include first-generation antihistamines (e.g., diphenhydramine), tricyclic 

antidepressants (e.g., amitriptyline), antipsychotics (e.g., chlorpromazine), 

antimuscarinics for urinary incontinence (e.g., oxybutynin), antiparkinsonian agents 

(e.g., benztropine), and muscle relaxants such as baclofen. 

In older adults, these drugs are frequently prescribed for a range of conditions, 

including urinary incontinence, insomnia and agitation, chronic pain or depression, 

Parkinsonism or tremor, and gastrointestinal disorders. However, the use of 

anticholinergic medications in the older population is particularly problematic due to 

the brainôs increased vulnerability to cholinergic inhibition in later life. Several 

physiological factors underline this sensitivity. First, the age-related decline in 

cholinergic tone means that even minor pharmacological antagonism can result in 

disproportionately severe effects. Second, pharmacokinetic changes associated with 
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aging- particularly reduced hepatic and renal clearance- prolong drug half-life and 

systemic exposure. Third, increased permeability of the bloodïbrain barrier facilitates 

drug entry into the CNS. Finally, diminished cognitive reserve limits the brainôs ability 

to compensate for neurochemical insults, making older adults more prone to confusion, 

sedation, delirium, and cognitive decline. 

Collectively, these changes contribute to an increased anticholinergic burden, a 

clinically relevant concept in geriatric medicine that reflects cumulative exposure to 

anticholinergic agents. Elevated anticholinergic burden has been consistently 

associated with adverse outcomes in older adults, including accelerated cognitive 

deterioration, increased risk of dementia, higher incidence of delirium, and reduced 

overall quality of life (Figure 16). 

 

Figure 16- Overview of adverse anticholinergic effects. 

ACB refers to the cumulative effect of anticholinergic activity caused by various 

medications taken either simultaneously or overtime. While each medication 

individually may have a relatively modest anticholinergic effect, the combined effect 

of multiple anticholinergic drugs can be extremely harmful, especially in elderly 

patients. This phenomenon is known as the cumulative effect of ACB.  
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Clinical studies and epidemiological research have shown that the accumulation of 

anticholinergic drugs in the bodies of older adults is strongly associated with an 

increased risk of dementia and other cognitive impairments. Even a moderate dose of 

anticholinergic medications, when taken regularly or in combination with other similar 

agents, can seriously impair brain function. Furthermore, the risk of adverse effects 

becomes proportional to the intensity and duration of exposure to anticholinergic 

drugs, emphasizing the importance of careful and ongoing evaluation of their use in 

elderly patients 79,80. 

The cumulative effect is not limited to the CNS but can also manifest physical 

symptoms such as urinary retention, constipation, and dry mouth. The inadequacy of 

anticholinergic treatment can thus significantly impair the patient's quality of life, 

increasing dependence on other forms of assistance and contributing to the 

deterioration of their autonomy. 

The ACB concept has been explored through various scales, with 11 distinct ACB 

scales identified in the literature, including the ACB scale 81, modified ACB (mACB) 

81, ADS 82, ARS 83, Anticholinergic Loading Scale (ALS/ACL) 84, Anticholinergic 

Burden Classification (ABC) 85, AAS 86, KABS 87, German ACB 88, Brazilian AAS 89, 

and Anticholinergic Effect on Cognition (AEC) 90. They all aim to measure the 

cumulative impact of anticholinergic drugs in older adults, their structure, 

methodology, and coverage vary substantially and together include over 800 unique 

drugs. These scales differ in the number of medications they consider, the sources of 

their potency ratings (ranging from expert consensus to receptor-binding assays), and 

whether or not they account for dosage and pharmacokinetics.  

A pragmatic approach may involve cross-referencing multiple scales, particularly 

when evaluating polypharmacy in frail older adults. Al Rihani et al. developed a 

comprehensive ACB table through a structured review of the literature combined with 

expert consensus 91. Initially, researchers conducted a systematic search of published 

pharmacologic data to identify drugs with known or suspected anticholinergic activity. 

These drugs were then categorized according to the strength of evidence supporting 

their anticholinergic effects and their clinical impact on cognitive function. A panel of 

clinical pharmacologists and geriatricians reviewed and assigned a score from 0 (no 
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known anticholinergic activity) to 3 (definite anticholinergic effects with clinical 

evidence of cognitive impairment). The process prioritized reproducibility and 

relevance to older populations, using data from in vitro receptor-binding studies, 

clinical pharmacology reports, and observational studies linking drug exposure to 

adverse cognitive outcomes. As a result, this ACB scale reflects both 

pharmacodynamic properties and real-world clinical risks. 

For our project, we started from this list, consisting of names of single active 

substances, each associated with comprehensive score, as described above. From this, 

we identified all corresponding ATC codes, including those referring to combination 

drugs. If an ATC code represented a combination product, and at least one of its 

components had a score, the ATC code was included. All included ATC codes, 

including combination products identified through this method, and their scores are 

listed in Appendix 4. 

 

3.3.6 Sedative Load (SL score) 

Sedative medications are widely used across among older adults for managing 

conditions such as anxiety, insomnia, agitation, and chronic pain. However, in aging 

individuals, the pharmacodynamic and pharmacokinetic changes associated with 

senescence- such as increased CNS sensitivity, slower hepatic metabolism, and altered 

blood-brain barrier permeability- make them particularly vulnerable to the adverse 

effects of sedative agents. These effects include impaired attention, daytime 

somnolence, increased risk of falls, delirium, and cognitive decline 92,93.  

Unlike drug classes defined by a shared mechanism of action or a specific receptor 

target, sedative medications do not necessarily act through a defined pharmacological 

pathway. Instead, what groups them together under the concept of Sedative Load is 

their common clinical effect that can arise from various mechanisms such as 

benzodiazepines enhance GABAergic transmission, tricyclic antidepressants block 

histaminergic and muscarinic receptors, opioids bind to mu-opioid receptors, and 

muscle relaxants often act through poorly defined central pathways. Despite these 

diverse mechanisms, the functional endpoint- a reduction in CNS arousal- is what 
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contributes cumulatively to a patientôs overall sedative burden. This is particularly 

relevant in older adults, whose diminished physiological reserve makes them more 

vulnerable to the additive effects of different sedatives, regardless of how each drug 

works at the molecular level. Although sedation is a clinically relevant concern in older 

adults, the number of validated tools available to quantify sedative burden remains 

limited.  

To date, only two sedative burden scales have been widely referenced in the literature: 

the Sedative Load Model (SLM) 94 and the Sloane model 95. The most used, SLM, 

classifies drugs based on expert consensus into four levels of sedative potency: none, 

low, moderate, or high. A key strength of this model lies in its broad coverage- 

encompassing over 900 medications- and its integration with ATC classification 

codes, facilitating ease of use in both pharmacological research and routine clinical 

care. In this model, each drugôs potency score is summed to calculate a patientôs total 

Sedative Load. This quantitative approach enables a practical method to assess 

cumulative exposure, particularly useful in older adults who are more susceptible to 

adverse outcomes from combined sedative effects. The modified version of the SLM, 

proposed by Sloane et al. in 2008, was developed to suit specific medications used in 

their clinical trials. However, this adaptation included a narrower range of drugs and 

introduced only minor variations in how certain agents were categorized compared to 

the original SLM. As such, while it offers simplicity, its limited scope may reduce its 

applicability in broader clinical practice. 

The SLM remains the most validated and pragmatic option available for assessing 

sedative exposure and for evaluating the cumulative risk associated with sedative 

medication use- particularly in geriatric populations prone to polypharmacy and 

functional decline. This limits its adaptability to the evolving pharmaceutical 

landscape and highlights the need for continued refinement and validation of sedative 

burden instruments. 

As for ACB scale, Al Rihani et al. developed a comprehensive SL table was 

constructed through a structured review of the literature combined with expert 

consensus 91. Initially, researchers conducted a systematic search of published 

pharmacologic data to identify drugs with known or suspected anticholinergic activity. 
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These drugs were then categorized according to the strength of evidence supporting 

their sedative effects. A panel of clinical pharmacologists and geriatricians reviewed 

and assigned a score from 0 (no known sedative activity) to 3 (definite sedative effects 

with clinical evidence of impairment). The process prioritized reproducibility and 

relevance to older populations, using data from in vitro receptor-binding studies, 

clinical pharmacology reports, and observational studies linking drug exposure to 

adverse cognitive outcomes. As a result, the SL scale reflects both pharmacodynamic 

properties and real-world clinical risks. 

From this list of individual active ingredients, each linked to a specific score, as 

previously outlined, we systematically identified all relevant ATC codes, extending 

the selection to include combination therapies. An ATC code was retained if it 

corresponded to a product in which at least one component appeared in the original 

list and carried an associated score. The final compilation of ATC codes- 

encompassing both single agents and combination products identified through this 

approach- and their respective scores is provided in Appendix 5. 

 

3.4 Operational definitions of selected indicators 

Six different PIIs were defined to capture the main dimensions of pharmacological 

inappropriateness among older adults. Each indicator corresponds to a specific pattern 

of medication use that has been associated in literature with increased risk of adverse 

outcomes. Once the indicator lists were defined, it was necessary to develop 

operational definitions capable of identifying whether a subject was classified as 

exposed or non-exposed to each of them.  

 

3.4.1 PIMs 

In most cases, a single redeemed prescription (dispensation) of the drugs listed in 

Appendix 1 during the study period is sufficient to define a PIM event. However, as 

illustrated in Figure 17, in certain instances the redemption of a drug is required but 

not alone sufficient to classify an event as a PIM. Drugs used for treatment of gastro-
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oesophageal reflux disease (GORD/GERD), specifically proton pump inhibitors 

(PPIs), were considered PIMs if the patient redeemed prescriptions which duration was 

more than 8 weeks without the co-exposure to other medications such as ATC code 

M01A (NSAIDs) but also with ATC codes B01AC56, B01AC06, N02BA, and H02, 

considering the first day out of the 8 weeks as the index date. Moreover, combinations 

used for the eradication of Helicobacter pylori (ATC code A02BD) were considered 

PIMs if used for more than 14 days, considering as index day the 15th day of exposure. 

The M01A drug class includes anti-inflammatory and antirheumatic products that are 

non-steroidal, which were considered PIMs if used continuously for more than 3 

months. For this evaluation, the index date was defined as the first day immediately 

following the 3-month period of continuous use.  

 

Figure 17- Example of co-exposure assessment PPIs/NSAIDs.  

To complete the 14 days, you need 2 boxes for an amount of 20 days of coverage. This 

does not mean that patients are necessary inappropriate with 2 prescribed boxes, 

because we cannot assume the complete intake of the pills, but the redemption of a 

higher number of pills (coverage higher than 20 days) is a marker of potential 

inappropriateness which means an intake of pills higher than the 2 dispensed boxes 

that a patient can get due to prescriptions according to the defined treatment. For 

example, in Figure 18, the treatment of Helicobacter Pylori requires 14 days of 

medication, but a single box of the available drugs covers only 10 days of treatment.  
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Figure 18- Graphical example the relationship between single box coverage and treatment 

requirements. 

Drugs with ATC code A10AB, specifically referring to fast-acting insulins and 

analogues for injection, were considered PIMs if patients were exposed only to short- 

or rapid-acting insulin without co-exposure to long-acting insulin, considering as index 

date the first day of redemption of fast acting insulin. For these specific cases, we 

defined the duration of each medication event using the defined daily dose (DDD) 96, 

with the assumption that 1 DDD was 1 day of treatment and based on the 

pharmacological and epidemiological considerations provided by Pazzagli et al.97. The 

assessment of co-exposure to multiple drug classes- particularly for determining time-

based appropriateness criteria- was conducted following the methodological approach 

as described by Barbieri et al. 98. This method involves constructing individual 

treatment episodes based on dispensation data and evaluating overlapping periods of 

drug use. In our study, we applied a similar logic to assess co-exposure to specific drug 

combinations. 

 

3.4.2 pDDI 

A pDDI was identified when two medications, listed among those specified in 

Appendix 2, had overlapping coverage periods based on the dispensation date and the 

number of DDDs supplied (Figure 19). To ensure clinical relevance, the overlap 

between the two drugs had to persist for a minimum of 3 consecutive days. 



51 

 

Figure 19- Operational definition of a potential drug-drug interaction (pDDI). The index date is set 

on the fourth consecutive day of therapeutic overlap, which meets the minimum 3-day requirement. 

Although there is no established gold standard for defining the exposure time window, 

the chosen timeframe of 3 days was selected primarily to align with the relatively short 

follow-up period of only 3 months, making longer co-exposure windows less 

convenient for our analysis. This approach allowed us to capture acute, subacute and 

chronic cumulative effects, reflecting patterns more likely to translate into clinically 

observable harm. In this case, the fourth day of concurrent coverage was designated as 

the index date, marking the beginning of the potentially inappropriate pharmacological 

condition.  

 

3.4.3 FRIDs 

Exposure to FRIDs was defined as the prescription of at least one medication from the 

predefined list in Appendix 3 during the observation period, using the earliest date of 

drug redemption as first day of potential inappropriate condition.  

 

3.4.4 TDs 

When at least two drugs of the same therapeutic class are simultaneously present and 

overlap for more than 3 days (as previously explained). To identify duplicates, we 

considered the fourth level of the ATC code 99 selecting as first day of potential 
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inappropriate condition the earliest fourth day of co-exposure of the same therapeutic 

class (Figure 20).  

 

Figure 20- Example of a therapeutic duplication (TD). The index date is defined as the fourth day of 

overlap between two drugs of the same therapeutic class (4th level ATC). 

The minimum 4 overlapping days of two medications sharing the same 4th level ATC 

code (C07AB, selective beta blocking agents), but with different 5th level ATC code 

(C07AB03 and C07AB07, atenolol and bisprolol respectively) were considered 

indicative as therapeutic duplicates. 

 

3.4.5 ACB score and SL score 

The lists of drugs and their assigned scores used to calculate ACB and SL are provided 

in Appendix 4 and Appendix 5, respectively. To assess the cumulative exposure to 

medications with anticholinergic or sedative properties, we applied the two validated 

scoring calculating, for each patient, the daily cumulative score from all concurrently 

prescribed medications during the observational window. Specifically, we identified 

patients who reached a cumulative ACB or SL score respectively Ó3 for at least 3 

consecutive days (Figure 21). When this threshold was met, the indicator was 

considered present, and the fourth day ï making the first day beyond the sustained 

exposure- was considered as index date. 
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Figure 21- Operational definition of a high cumulative burden score (ACB or SL). An event is flagged 

when the daily cumulative score from concurrent medications among A, B and C is Ó3 for at least 

three consecutive days. The fourth day meeting this condition is designated as the index date. 

 

3.4.6 Potential Inappropriateness Indicators (PIIs)  

Table 3 summarize the number of drug and drug classes and general conditions 

included in each indicator. Each indicator is based on a specific operational definition 

aimed at maximizing both clinical relevance and feasibility within administrative data. 

The presence of any single fulfilled condition is sufficient to classify a patient as 

exposed to the corresponding PII. 

Table 3- Number of drugs, drug classes and conditions summarized for each indicator 

  Drugs Drug classes Rationale 

PIMs 180 19 
Reedemtpion and/or coexposure and/or 

period of exposure 

pDDI 474 0 
Minimum 4 overlapping days of the 

2.653 possibile combination 

FRIDs 0 5 
Reedemption of at least one of the 5 

drug classes 

TDs - - 

Minimum 4 overlapping days of  two 

equal 4th level ATC code but different 

5th level ATC code 

ACB score 202 0 Minimum 4 days with score Ó 3 

SL score 476 0 Minimum 4 days with score Ó 3 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

CHAPTER 4 

All -cause hospitalization risk estimation 
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Understanding the association between drug exposure and adverse outcomes in real-

world settings requires robust study designs capable of capturing temporal 

relationships, accounting for confounders, and reflecting clinical complexity. Cohort 

studies, particularly when based on large healthcare administrative databases, provide 

a powerful tool for estimating risk in observational contexts. This chapter presents the 

core methodological framework of the research, including the construction of the study 

population, the design of the retrospective matched cohort study, and the approach to 

risk assessment. It builds on the previous chapter by operationalizing the predefined 

criteria and indicators into a structured, real-world analytic setting.  

 

4.1 Methods 

4.1.1 Data source and study population 

The study population refers to the group of individuals selected for analysis based on 

predefined eligibility criteria. Carefully defining the study population is essential to 

ensure that the study results are valid, representative, and generalizable to the wider 

target population. The selection process sets the foundation for all subsequent 

analyses, providing the context in which exposures, outcomes, and potential 

confounders are measured and interpreted. A well-defined study population minimizes 

selection bias, which occurs when individuals included in the study are not 

representative of the target population, and enhances internal validity by including 

individuals who are relevant to the research question and have sufficient data available 

for accurate measurement of key variables. Additionally, clarity in population 

definition facilitates comparison across studies and improves the applicability of 

findings in clinical or public health settings. In cohort studies, particularly in 

pharmacoepidemiology, the study population often consists of individuals meeting 

specific clinical or demographic criteria, such as age groups, disease status, or 

medication use patterns.  

Defining these criteria with precision allows to focus on populations at risk, understand 

heterogeneity in treatment effects, and identify subgroups with differing risk profiles. 

Furthermore, an adequately characterized study population supports the use of 
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statistical methods to adjust for confounding factors and enhances the interpretation of 

causal relationships between exposures and outcomes. 

The analysis conducted in this study rely on administrative healthcare databases from 

the Italian NHS. Since 1997, NHS has managed healthcare delivery through a system 

based on electronically linkable databases containing information on NHS-

reimbursable health services. 

The databases include: 

¶ Demographic databases: this is an inhabitant registry where the GP chosen by 

each subject is recorded. It stores information on residents who receive NHS 

assistance, including birth date, sex, district of residence, and (GP) code and 

information on GPs, such as birth date, sex, and number of patients; 

¶ Pharmacy databases: information based on dispensing records of prescribed 

drugs reimbursable by the NHS, including prescription date, dispensing date, 

the name of each drug dispensed, WHO Anatomical Therapeutic Classification 

(ATC) code, marketing authorization code (AIC), dose(s), number of boxes, 

and cost for NHS; 

¶ Hospital databases: information on all hospitalizations at public or private 

hospitals of the LHUs, including admission date, primary and secondary 

diagnoses, that are expressed ICD-9 or ICD-10 codes, and date of discharge. 

Although primarily designed for administrative and reimbursement purposes, these 

databases are routinely updated, legally validated, and known for their high accuracy, 

especially in domains such as drug dispensations and hospitalizations. Despite their 

lack of clinical granularity (e.g., laboratory values or outpatient diagnoses not linked 

to reimbursed services), previous studies have demonstrated their utility in assessing 

medication exposure, adherence, and healthcare utilization patterns 100.  

In Italy, administrative healthcare data are managed at the local level by individual 

LHUs, which are responsible for collecting and updating information capturing 

healthcare-related events for nearly the entire resident population who access services 

through the SSN. However, data collection processes follow standardized national 

guidelines, ensuring consistency across LHUs. This standardization enables the 
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integration and evaluation of data at the regional level, supporting large-scale analyses 

and healthcare planning. 

These databases offer several strengths: they ensure near-complete population 

coverage, and large-scale, longitudinal analyses on heterogeneous and unselected 

populations. Moreover, given their standardised structure across regions, claims data 

from multiple LHUs can be pooled with relative ease. One limitation in data 

management is the lack of information on specific classes of medications. For 

example, administrative databases do not capture OTC drugs- medications purchased 

without a prescription- or medications that are not reimbursed by the NHS and 

therefore not tracked in claims data. 

Data used in this thesis were obtained from the EDU.RE.DRUG (Effectiveness of 

informative and/or educational interventions aimed at improving the appropriate use 

of drugs designed for general practitioners and their patients) study, which have been 

described in detail elsewhere 56. Briefly, this prospective, multicentre, open-label, 

parallel-arm, controlled, pragmatic trial has been designed to deeply investigate the 

practice of prescribing among general practitioners in two Italian regions, to highlight 

the most frequent events of inappropriateness, and to plan tailored intervention for GPs 

and patients focused on this critical issue. The primary objective was to assess the 

effectiveness of informative and/or educational interventions addressed to general 

practitioners and their patients, aimed at improving the prescribing quality and 

promoting proper medication use. Eight LHUs were enrolled: four in the Campania 

region, in the southern part of Italy, and four in the Lombardy region, in the north of 

Italy. The clinical setting of the study was the general practice. The study population 

was composed of all GPs and all their adult patients aged Ó40 years from the eight 

LHUs involved, and data were retrieved from health-related administrative databases.  

For this thesis, data from the northern LHUs (Bergamo, Lecco, Mantova, and Monza 

Brianza) in the Lombardy region were used (Figure 22). Among the population aged 

65 years and older in each LHU, between 76% and 95% of over 65 citizens received 

at least one reimbursed drug dispensation, depending on the LHU and year (Table 4).  
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Figure 22 -. Geographical location of the four Local Health Units in the Lombardy region (Italy) 

from which the study population was drawn. 

This prescription coverage underscores the completeness of the data and enhances 

confidence in the representativeness of the older population. This ensures near-

complete representativeness and minimizes selection bias.  

Table 4- Proportion of citizens captured within the prescription database. ñCitizensò refers to the total 

resident population aged Ó65 years 101 while ñPatientsò refers to the subset of citizens with at least one 

reimbursed drug prescription during the year.  

LOMBARDY  2014 2015 2016 2017 2018 

LHU Over65 Citizens, N 

BG 

 210,102 213,831 213,996 218,049 218,761 

LC 

 75,475 77,052 78,498 82,341 83,006 

MB 

 186,162 189,702 189,806 199,357 202,680 

MN 

 95,193 95,901 96,865 102,007 102,661 
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LHU Over65 Patients, N 

BG 

 193,487 196,811 196,633 206,940 207,604 

LC 

 57,774 61,809 68,076 72,318 73,033 

MB 

 142,480 151,820 164,192 177,931 182,597 

MN 

 85,852 86,525 85,217 89,467 89,759 

Patient/Citizens, % 

BG 92.1% 92.0% 91.9% 94.9% 94.9% 

LC 76.5% 80.2% 86.7% 87.8% 88.0% 

MB 76.5% 80.0% 86.5% 89.3% 90.1% 

MN 90.2% 90.2% 88.0% 87.7% 87.4% 
*Bergamo (BG), Lecco (LC), Monza Brianza (MB), Mantova (MN) 

 

4.1.2 Study design 

A retrospective matched cohort study was conducted using healthcare administrative 

databases. Retrospective cohort studies utilizing administrative healthcare databases 

have become increasingly valuable for pharmacoepidemiological research, enabling 

large-scale analysis of medication use, health outcomes, and risk factors in real-world 

populations. In a retrospective matched cohort study, individuals are grouped based on 

exposure status and followed over time using historical data. Matching is applied to 

ensure comparability between exposed and unexposed groups with respect to key 

confounding variables, thereby improving internal validity and reducing bias in effect 

estimation-  systematic errors that cause the estimated effect of an exposure on an 

outcome to be either overestimated or underestimated. 

The exposed cohort included individuals who, during the study period (2015-2018), 

redeemed at least one medication meeting the predefined indicators. The index date 

was defined as the first day the individual fulfilled any of the specified conditions, 

such as the date of medication redemption or a date determined by a required 

observation period. The year 2014, although available in the dataset, was not included 

in the main analysis as it was used as a washout period- that is, a timeframe preceding 
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cohort entry used to verify the absence of prior inappropriate prescriptions, and for the 

accurate assessment of covariates and comorbidities prior to the index date. This 

approach aimed to improve the accuracy of identifying first occurrences of 

inappropriate medication use. 

To reduce confounding, a risk-set matching approach was used for the selection of the 

control group 102. For each exposed individual, one unexposed control was selected 

from the pool of eligible patients who: 

¶ had no evidence of predefined criteria to the same index date 

¶ had the same biological sex and age 

¶ remained at risk of being exposed at that time point 

This matching method is dynamic, meaning that a person who serves as a control at 

one point in time can later become part of the exposed group if they meet the criteria.  

This approach helps reduce biases- like healthy user bias and selection bias- by 

ensuring that the groups being compared are similar not only in age and sex but also 

in when they were exposed. 

Both exposed and unexposed individuals were followed for 3 months after the index 

date. In addition, a 12-month baseline period prior to the index date was adopted to 

assess patient characteristics, comorbidities, and healthcare utilization. The 365-day 

lookback period is widely recognized as sufficient to capture chronic conditions and 

risk factors reliably in real-world settings 103. 

The 3-month follow-up window was chosen to evaluate short-term outcomes - 

specifically, the risk of hospitalization - following exposure. Since aging is associated 

with increasing frailty and comorbidity burden, longer follow-up periods could 

introduce bias due to evolving health status. A shorter window therefore provides a 

clearer temporal link between exposure and outcome. 

As an additional methodological clarification to what has been described above, 

individuals were included if their index date occurred between January 1, 2015, and 

September 30, 2018. Although data were available through December 2018, setting 
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the latest permissible index date at the end of September ensured a complete 3-month 

follow-up period for all participants. 

Finally, to avoid immortal time bias - a type of bias that occurs when individuals must 

survive long enough to be classified into the exposure group, potentially leading to 

misleading risk estimates - we required that deceased patients had sufficient 

medication coverage, based on the date and duration of their last recorded 

dispensation, to fully cover the three-month period preceding death. Patients who died 

but whose therapeutic coverage did not extend through the entire three-month period 

preceding death were excluded from the analysis. This step ensures that all included 

patients had a standardized exposure window of at least three months, mitigating any 

bias related to an undefined or truncated observation time. 

Figure 23 provides a summary of the study design, including the definition of the two 

cohorts of exposed and not exposed individuals and the definition of follow-up. 

 

Figure 23- Graphical representation of the study design and matching strategy 

The study protocol of this study was drafted according to the HARPER guidelines 69 

and registered in the European catalogue of real-world studies (EUPAS1000000472, 

https://catalogues.ema.europa.eu/). 

https://catalogues.ema.europa.eu/
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4.1.3 Outcome definition: all-cause hospitalizations 

The outcome defines the event or condition the research aims to investigate in relation 

to exposures. Outcomes should be clearly defined, measurable, and clinically relevant 

to ensure meaningful interpretation and applicability of the study findings.  

All -cause hospitalization identified through hospital discharge records using ICD-9 

codes was selected as the primary outcome (within 90 days from the index date) due 

to its clinical relevance, reliability of measurement, and suitability for use in 

administrative healthcare databases. All-cause hospitalizations capture the full 

spectrum of potential adverse of drug exposure events, both direct and indirect effects, 

that may be related- either directly or indirectly- to medication use in older adults, 

including those not easily attributed to a single condition or diagnosis 104 105 106.  

 

4.1.4 Analytical strategy and model development  

Risk assessment refers to the process of estimating the likelihood of an outcome 

occurring as a result of a specific exposure. This includes calculating measures such 

as risk differences, risk ratios, or hazard ratios depending on the study design and type 

of data available. In the context of cohort studies, risk assessment commonly aims to 

quantify the association between exposure and subsequent outcomes while accounting 

for potential confounding variables. 

The primary objective was to estimate the risk of all-cause hospitalization associated 

with exposure to PIMs, pDDIs, FRIDs, TDs, ACB score, and SL score in individuals 

aged 65 years and older, assessed as defined in paragraph 3.4.  

To address potential confounding and to refine risk estimates, a rigorous statistical 

approach was employed. A conditional logistic regression model was used to estimate 

the association between exposure and the risk of hospitalization. This method, suitable 

for matched data, is mathematically equivalent to a Cox proportional hazards model 

stratified by matched pairs. Conditional logistic regression allows for the analysis of 

binary outcomes within matched sets, ensuring that comparisons are made between 

individuals with similar baseline characteristics and thus helping reduce confounding. 
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Adjustment was performed for a predefined set of covariates that could influence the 

risk of hospitalization. This included age, sex, drugs dispensed and hospitalization 

diagnosis in the prior 12 months. This information was used as a proxy to estimate 

individualsô overall health status, allowing for comparisons across groups in terms of 

chronic disease burden. All covariates were identified using data from the 12-month 

baseline period through hospital discharge records and drug dispensations. Detailed 

information on the type of adjustment is provided in the following paragraph. 

The model applied in this thesis estimates the probability of hospitalization associated 

with exposure to inappropriate prescriptions compared to individuals not exposed to 

such inappropriate prescribing. 

In observational studies, treatment or exposure allocation is not random, as in a trial, 

and may be influenced by patientsô characteristics. This creates potential confounding, 

where differences in baseline factors can bias the estimated association between 

exposure and outcome.  

To address this issue the high-dimensional propensity score  (HDPS) methodology 

was employed to control for confounding when utilizing large healthcare databases. 

Traditional propensity score methods rely on manually selected confounders and are 

often insufficient to control for the vast number of potential confounders such as in 

healthcare databases. In contrast, HDPS semi-automates the identification and 

prioritization of hundreds or thousands of potential confounding variables, such as 

diagnoses, procedures, and medications. This capability is particularly crucial given 

the complexity and volume of the administrative claims data employed in this study. 

This data-driven approach helps to minimize residual confounding by systematically 

adjusting for a vast array of covariates, including proxies for unmeasured confounders. 

By reducing the impact of these biases, HDPS enhances the validity and reliability of 

estimated treatment effects, making it an invaluable tool for drawing more accurate 

causal inferences from complex real-world data 108.  

By integrating these diverse data points - demographics, chronic medication use, and 

hospital diagnoses - the HDPS model aimed to create a robust adjustment for 
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confounding, mimicking randomization and allowing for more accurate estimations of 

treatment effects.  

HDPS was derived using logistic regression. The predictors incorporated into this 

model were: 

¶ Sex and age: demographic characteristics were included to account for their 

influence on both medication prescription patterns and patient health 

outcomes; 

¶ ATC codes: these codes classify medications based on their therapeutic action 

and chemical characteristics. Including them allowed us to capture information 

about patients' long-term medication profiles, which serve as a "proxy" for their 

underlying chronic health conditions and comorbidities. For example, a patient 

consistently taking anti-diabetic medication is likely to have diabetes. This 

provides a comprehensive, data-driven overview of a patient's health status; 

¶ Hospital discharge diagnoses: these codes represent the diagnoses recorded at 

the time of hospital discharge. They offer additional detailed insights into acute 

and chronic health issues a patient has experienced, further enriching our 

understanding of their clinical complexity. 

Before proceeding with the calculation of the HDPS for each subject in our sample, an 

additional data processing step was necessary. 

In high-dimensional observational studies using administrative healthcare data, it is 

common to work with a large number of candidate covariates. While this rich set of 

variables offers a more granular description of patient characteristics, it can also 

introduce redundancy and noise into the modelling process. The method used for 

dimensionality reduction was the removal of near-zero variance (NZV) variables. 

NZV predictors are those that exhibit little to no variation across the study population 

- such as binary indicators where almost all individuals fall into the same category 

These variables typically: 

¶ Provide limited or no discriminative power; 

¶ Increase model complexity unnecessarily; 

¶ May introduce numerical instability or multicollinearity; 



65 

¶ Can contribute to overfitting, particularly in penalized or regularized models. 

By filtering out NZV variables before estimating the HDPS, we reduce the risk of 

model distortion and enhance computational efficiency. This step is especially relevant 

when the covariate space includes thousands of binary indicators derived from drug 

dispensations or diagnostic codes, as is common in real-world datasets. 

Thus, the final set of covariates for HDPS estimation includes only those with 

sufficient variability to meaningfully differentiate between exposed and unexposed 

individuals. This approach aligns with best practices in high-dimensional data analysis 

and contributes to the transparency and replicability of the model-building processs 

107.  

 

4.1.5 Statistical analysis 

Age was categorized in groups (65ï74 years, 75ï84 years, and 85 years or older). 

Statistically significant differences were assessed for age, age groups, and biological 

sex of individuals who fulfilled the conditions to be classified as exposed to a PII and 

those who had not redeemed at the index date. Categorical variables were compared 

using the chi-square test or Fisher's exact test, as appropriate. Variables with a normal 

distribution were presented as mean ± standard deviation (SD) and compared using the 

t-test. 

As reported previously, logistic regression analysis was performed to estimate the OR 

and the corresponding 95% confidence interval (95% CI) for the risk of all-cause 

hospitalization during the follow-up period, comparing individuals who met PIIs 

conditions to those who did not. Individuals were censored at death, the end of data 

availability, or the occurrence of the study outcome. 

Moreover, stratified analyses by sex and age were conducted to explore potential effect 

modification, as these factors are known to influence both prescribing patterns and 

hospitalization risk. 
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Both the primary analysis models and the stratified analysis models were implemented 

separately for each LHU to account potential variability across different health areas. 

Subsequently, the overall LHU-specific OR estimation was pooled to derive a single, 

robust risk estimate for each PII (these pooled ORs were then used as described in 

section 5.2.4). 

To obtain a pooled estimate, a meta-analysis was conducted. The log-transformed OR 

and its standard error (SE) for each LHU were combined using the DerSimonianïLaird 

method. Effect measures were expressed as ORs with their corresponding 95%CI. For 

data visualization, a forest plot was generated. To assess the impact of heterogeneity 

on the meta-analysis results, the I-squared (I²) statistic was calculated. I² values were 

interpreted as follows: 0% indicated no heterogeneity, 25% low heterogeneity, 50% 

moderate heterogeneity, and 75% high heterogeneity 109. When heterogeneity 

exceeded 50%, random estimates from the model were considered to account for 

variability between LHUs. 

Data analysis was performed using R software version R version 4.4.1, and two-tailed 

p < 0.05 was considered for statistical significance in all analyses. 

Appendix 6 provides a comprehensive overview of all R packages used in the analysis, 

along with a detailed description of the information required by each function and the 

specific scripts developed for the study. This documentation aims to ensure full 

transparency and reproducibility of the analytical procedures. 

 

4.2 Results 

This section presents the main findings regarding the risk of hospitalization associated 

with exposure to each PII. 

 

4.2.1 The study population 

The final study cohort comprised 664,893 individuals aged 65 years or older, with at 

least one drug prescription between January 1, 2014, and December 31, 2018. 
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Descriptive analysis of the study population is reported in Table 5. The largest 

population of individuals aged 65 years and older was observed in the LHU of 

Bergamo, followed by Monza Brianza, Lecco, and Mantova. In all four LHUs, the 

distribution by sex was relatively balanced, with a slight predominance of females. 

Regarding age groups, the intermediate category (65ï74 years) was the most 

represented across the LHUs. 

Considering the requirement for a one-year covariate assessment period prior to the 

index date and a minimum of three months of follow-up, the population eligible for 

our analysis includes individuals with at least one prescription between January 1, 

2015, and September 1, 2018 (Table 6). This cohort is balanced in terms of age and 

sex, and reflects the broader population observed from 2014 to 2018. The mean age 

across LHUs ranges from 73.8 to 74.5 years. The 65ï74 age group represents the 

largest proportion, ranging from 53.9% in Mantova to 57.7% in Bergamo. The 75ï84 

group accounts for 31.4% in Bergamo up to 33.0% in Monza Brianza, while 

individuals aged 85 and older comprise between 10.9% in Bergamo and 13.4% in 

Mantova.   
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Table 5- Characteristics of the population (from 2014 to 2018) of Bergamo (BG), Lecco (LC), Monza 

Brianza (MB) and Mantova (MN) LHUs. 

  2014 2015 2016 2017 2018 

BG 

N 193.487 196.811 196.633 206,940 207.604 

Female sex, N (%) 
109,989 

(56.8%) 

111,325 

(56.6%) 

110,960 

(56.4%) 

115,826 

(56%) 

115,821 

(55.8%) 

Age, mean (SD) 75.2 (7.3) 75.2 (7.3) 75.3 (7.3) 75.7 (7.5) 75.8 (7.6) 

Age group, N (%) 

65-74 yy 
98,766 

(51.0%) 

99,331 

(50.5%) 

98,452 

(50.1%) 

100,904 

(48.8%) 

101,122 

(48.7%) 

75-84 yy 
70,442 

(36.4%) 

72,208 

(36.7%) 

72,459 

(36.8%) 

76,058 

(36.8%) 

75,963 

(36.6%) 

Ó85 yy 
24,279 

(12.5%) 

25,272 

(12.8%) 

25,722 

(13.1%) 

29,978 

(14.5%) 

30,519 

(14.7%) 

LC 

N 57.774 61.809 68.076 72.318 73.033 

Female sex, N (%) 
33,109  

(57.3%) 

35,129  

(56.8%) 

38,414  

(56.4%) 

40,564  

(56.1%) 

40,792  

(55.9%) 

Age, mean (SD) 74.7 (7) 75.1 (7.2) 75.6 (7.4) 76 (7.6) 76.1 (7.6) 

Age group, N (%) 

65-74 yy 
30,842 

(53.4%) 

31,588 

(51.1%) 

33,077 

(48.6%) 

34,147 

(47.2%) 

34,490 

(47.2%) 

75-84 yy 
21,028  

(36.4%) 

22,952  

(37.1%) 

25,561  

(37.5%) 

26,966  

(37.3%) 

27,031 

(37%) 

Ó85 yy 
5,904 

(10.2%) 

7,269 

(11.8%) 

9,438 

(13.9%) 

11,205 

(15.5%) 

11,512 

(15.8%) 

MB 

N 142,480 151,820 164.192 177.931 182.597 

Female sex, N (%) 
81,549 

(57.2%) 

86,471 

(57%) 

92,824 

(56.5%) 

100,177 

(56.3%) 

102,496 

(56.1%) 

Age, mean (SD) 74.6 (6.8) 75 (7) 75.5 (7.3) 75.9 (7.5) 76 (7.5) 

Age group, N (%) 

65-74 yy 
76,071 

(53.4%) 

77,455 

(51.0%) 

79,174 

(48.2%) 

83,318 

(46.8%) 

85,381 

(46.8%) 

75-84 yy 
53,311 

(37.4%) 

58,009 

(38.2%) 

63,572 

(38.7%) 

68,635 

(38.6%) 

69,652 

(38.1%) 

Ó85 yy 
13,098 

(9.2%) 

16,356 

(10.8%) 

21,446 

(13.1%) 

25,978 

(14.6%) 

27,564 

(15.1%) 

MN 

N 85.852 86.525 85.217 89.467 89.759 

Female sex, N (%) 
49,703 

(57.9%) 

49,850 

(57.6%) 

48,861 

(57.3%) 

51,113 

(57.1%) 

50,992 

(56.8%) 

Age, mean (SD) 75.9 (7.6) 76(7.6) 76 (7.6) 76.4 (7.8) 76.4 (7.8) 

Age group, N (%) 

65-74 yy 
40,543 

(47.2%) 

40,456 

(46.8%) 

39,788 

(46.7%) 

40,762 

(45.6%) 

41,246 

(46.0%) 

75-84 yy 
32,203 

(37.5%) 

32,650  

(37.7%) 

32,148 

(37.7%) 

33,320 

(37.2%) 

33,119 

(36.9%) 

Ó85 yy 
13,106 

(15.3%) 

13,419  

(15.5%) 

13,281 

(15.6%) 

15,385 

(17.2%) 

15,394 

(17.2%) 

*  SD=Standard Deviation, yy=years. 



69 

Table 6- Characteristics of the eligible population (from 2015 to 2018) of Bergamo (BG), Lecco (LC), 

Monza Brianza (MB) and Mantova (MN) LHUs.  

 BG LC MB MN p-value 

Over65 population 

with at least one 

prescription, N 

246,267 83,764 205,792 105,407  

Female sex, N (%) 
136,783  

(55.5) 
46,667 (55.7) 89,229 (57.4) 59,833 (56.8) <0.0001 

Age, mean (SD) 73.8 (7.6) 74.2 (7.8) 74 (7.6) 74.5 (8) <0.0001 

Age group, N (%)      

65-74 yy 
142,017 

(57.7) 

47,025 

(56.1) 

115,324  

(56.0) 

56,860  

(53.9) 

<0.0001 75-84 yy 
77,306  

(31.4) 

26,713  

(31.9) 

67,862  

(33.0) 

34,407 

 (32.6) 

Ó85 yy 
26,944  

(10.9) 

10,026 

 (12.0) 

22,606  

(11.0) 

14,140  

(13.4) 

*SD=Standard Deviation, yy=years. 

 

4.2.2 PIMs 

The annual prevalence of PIMs is reported in Table 7. Overall, 39.7% of patients have 

redeemed a first PIM between 2025 and 2018. The annual prevalence of patients with 

at least one PIM ranged from 39.5% to 40.0%. 

Table 7 ï Annual prevalence of PIMs.  

 2015 2016 2017 2018 p-value 

Over65 population with at least 

one prescription, N 
496,965 513,917 546,656 552,993  

Individuals with at least one PIM, 

N (%) 

196,468 

(34.1%) 

203,289 

(39.6%) 

218,549 

(40.0%) 

220,402 

(39.9%) 
0.03 

Individuals with one PIM, 

N (%) 

126,515 

(64.4%) 

131,799 

(64.8%) 

138,794 

(63.5%) 

139,397 

(63.2%) 
<0.0001 

Individuals with two PIMs, 

N (%) 

49,261 

(25.1%) 

50,542 

(24.9%) 

55,346 

(25.3%) 

56,556 

(25.7%) 
<0.0001 

Individuals with three PIMs, 

N (%) 

15,233 

(7.8%) 

15,318 

(7.5%) 

17,678 

(8.1%) 

17,947 

(8.1%) 
<0.0001 

Individuals with four or more 

PIMs, N (%) 

5,459 

(2.8%) 

5,630 

(2.8%) 

6,731 

(3.1%) 

6,502 

(3.0%) 
<0.0001 
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Table 8 summarizes the five most frequent PIMs.  Although the relative ranking of 

the top four potentially inappropriate medications remained stable throughout the 

observed years, their overall prevalence showed a gradual increase. Specifically, 

N06AB (SSRIs) increased from 15.1% in 2015 to 15.9% in 2016 and 2018; G04CA02 

(tamsulosin) rose from 13.2% in 2015 to 14.6% in 2018; N06AX (other antidepressant) 

grew from 10.5% in 2015 to 13.5% in 2018; and A02BC (PPI) increased from 7.3% 

in 2016 to 9.3% in 2018. The fifth most frequent PIM varied across the years. 

Specifically, it alternated among B01AC05 (ticlopidine, 7.2% in 2015), G04CA04 

(tamsulosin, 7.2% in 2016 and 8.1% in 2018), and B03AA07 (ferrous sulphate, 8.1% 

in 2017).  

Table 8 ï Five most frequent PIMs by patients 

 2015 2016 2017 2018 

1. 
N06AB 

(15.1%) 

N06AB 

(15.9%) 

N06AB 

(15.8%) 

N06AB 

(15.9%) 

2. 
G04CA02 

(13.2%) 

G04CA02 

(13.9%) 

G04CA02 

(14.1%) 

G04CA02 

(14.6%) 

3. 
N06AX 

(10.5%) 

N06AX 

(11.4%) 

N06AX 

(12.5%) 

N06AX 

(13.2%) 

4. 
A02BC 

(8.1%) 

A02BC 

(7.3%) 

A02BC 

(8.8%) 

A02BC 

(9.3%) 

5. 
B01AC05 

(7.2%) 

G04CA04 

(7.2%) 

B03AA07 

(7.7%) 

G04CA04 

(8.1%) 

*N06AB Selective serotonin reuptake inhibitors, G04CA02 Tamsulosin, N06AX Other Antidepressant, A02BC Proton pump 

inhibitors, B01AC05 Ticlopidine, G04CA04 Silodosin, B03AA07 Ferrous sulphate. 

Baseline characteristics of this cohort are presented in Table 9. As expected, following 

the matching approach, the two groups were perfectly balanced in terms of sex, age, 

and age group distribution within each LHU. Females consistently represented a slight 

majority of the population, ranging from 54.0% to 55.5%, while the average age 

ranged from 76.5 to 77.3 years across LHUs. In all LHUs, the most represented age 

group was 65ï74 years, followed by 75ï84 and Ó85 years. A marked difference in 

hospitalization rates was observed between the matched groups. Individuals exposed 

to at least one potentially inappropriate prescription consistently showed a higher 

incidence of all-cause hospitalization across LHUs. For example, hospitalization 

occurred in 10.2% of PIM users vs. 6.0% of controls in Bergamo, and in 8.6% vs. 5.1% 

in Mantova, respectively. These differences were statistically significant in all LHUs 
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(p<0.0001), suggesting a consistent association between PIM exposure and increased 

hospitalization risk, even after matching.  

Table 9 ï Characteristics of the PIMs matched cohorts at the enrolment. LHUs of Bergamo (BG), Lecco 

(LC), Monza Brianza (MB) and Mantova (MN) LHUs.  

 Presence of at least one PIM 

Covariates No Yes 
p-value 

BG N= 94,110 

N [matched] 47,055 47,055  

Female sex, N (%) 25,754 (50.0) 25,754 (50.0) - 

Age, mean (SD) 76.5 (7.8) 76.5 (7.8) - 

Age class, N (%)    

65-74 yy 21,382 (45.4) 21,382 (45.4) 

- 75-84 yy 17,378 (36.9) 17,378 (36.9) 

Ó85 yy 8,295 (17.6) 8,295 (17.6) 

Hospitalization, N (%) 2,800 (36.8) 4,804 (63.2) <0.0001 

LC N= 36,518  

N [matched] 18,259 18,259  

Female sex, N (%) 9,853 (50.0) 9,853 (50.0) - 

Age, mean (SD) 77.2 (8.3) 77.2 (8.3) - 

Age class, N (%)    

65-74 yy 7,800 (42.7) 7,800 (42.7) 

- 75-84 yy 6,550 (35,6) 6,550 (35,6) 

Ó85 yy 3,909 (21.4) 3,909 (21.4) 

Hospitalization, N (%) 1,099 (37.9) 1,797 (62.1) <0.0001 

MB N= 85,630  

N [matched] 42,815 42,815  

Female sex, N (%) 23,442 (50.0) 23,442 (50.0) - 

Age, mean (SD) 77.3 (8.0) 77.3 (8.0) - 

Age class, N (%)    

65-74 yy 17,809 (41.6) 17,809 (41.6)  

- 

 

75-84 yy 16,272 (38.0) 16,272 (38.0) 

Ó85 yy 8,734 (20.4) 8,734 (20.4) 

Hospitalization, N (%) 2,299 (39.1) 3,581 (60.9) <0.0001 

MN N=39,868  

N [matched] 19,934 19,934  

Female sex, N (%) 11,065 (50.0) 11,065 (50.0) - 

Age, mean (SD) 76.7 (8.2) 76.7 (8.2) - 

Age class, N (%)    

65-74 yy 9,088 (45.6) 9,088 (45.6) 

- 75-84 yy 6,969 (35.0) 6,969 (35.0) 

Ó85 yy 3,877 (19.4) 3,877 (19.4) 

Hospitalization, N (%) 1,023 (37.5) 1,705 (62.5) <0.0001 

*  SD=Standard Deviation, yy=years. 
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The estimated association (OR and 95% CI) between exposure and all-cause 

hospitalization is summarized in Figure 24. Across all LHUs, exposure to at least one 

PIM was consistently associated with a significantly increased risk of hospitalization. 

Specifically, the risk increased by 49% in Monza Brianza, 51% in Mantova, 58% in 

Lecco, and 62% in Bergamo. The pooled estimate showed a 55% overall increase in 

the odds of hospitalization for patients receiving PIMs compared to matched controls 

not exposed to such medications (OR 1.55, 95% CI: 1.48ï1.62). The Qb test for 

heterogeneity across LHUs indicated no significant variability (p = 0.13), supporting 

the consistency of the association across the four LHUs.To explore potential effect 

modification, stratified analyses were conducted by sex and age group. 

 

Figure 24 ï Pooled results of association between PIMs and hospitalization across the LHUs. 

As shown in Figure 25, both male and female individuals exposed to PIMs had a 

significantly higher risk of hospitalization. The pooled OR was 1.50 (95% CI: 1.39ï

1.62) for males and 1.62 (95% CI: 1.55ï1.70) for females. Significant heterogeneity 

(p=0.02) across LHUs was observed for females, but not for males (p=0.65). 
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Figure 25 ï Pooled results of association between PIM and hospitalization across the LHUs ï 

stratification by sex (PANEL A: Male; PANEL B: Female). 

No statistically significant heterogeneity was found between sexes (p=0.09), 

suggesting a broadly similar effect across genders, despite the point estimate was 

slightly higher in females (Figure 26). 

 

Figure 26 ï Heterogeneity test between PIMs and hospitalization by sex 

Age-stratified analysis (Figure 27) revealed substantial differences in the strength of 

association between PIM exposure and hospitalization risk across LHUs. The pooled 

OR was 1.67 (95% CI: 1.59ï1.76) for individuals aged 65ï74 years, 1.57 (95% CI: 

1.49ï1.65) for those aged 75ï84 years, and 1.36 (95% CI: 1.22ï1.52) for individuals 

aged 85 years or older. No Significant heterogeneity across LHUs was observed for 

individuals aged 65-74 and 75-84-year-old (p=0.32 and p=0.54 respectively), but 

significant heterogeneity across LHUs was found in individuals aged 85 years or older 

(p=0.03).  
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Figure 27- Pooled results of association between PII and hospitalization across the LHUs ï 

stratification by age groups (PANEL A: 65-74 years old; PANEL B: 75-84 years old; PANEL C: Ó85 

years old) 

Figure 28 shows the pooled odds ratios across the four LHUs by age group, along with 

the test for heterogeneity, which assesses whether the risk differs significantly between 

age groups. The forest plot in Figure 28 clearly highlights a difference in the risk of 

hospitalization associated with PIMs across age groups (p=0.004). Overall, the 

findings suggest that the risk of hospitalization related to PIMs is more pronounced in 

the younger-old population and tends to decrease in the oldest age group. 
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Figure 28 ï Heterogeneity test between PIMs and hospitalization by age groups 

 

4.2.3 pDDIs 

The annual prevalence of pDDIs is reported in Table 10. Overall, 24.1% patients from 

2015 to 2018 had a first potentially drug drug interaction. The annual prevalence of 

patients with at least one occurrence of pDDIs ranged from 23.7% to 24.6% over the 

study period. 

Table 10 ï Annual prevalence of pDDIs 

 2015 2016 2017 2018 p-value 

Over65 population with at least 

 one prescription, N 
496,965 513,917 546,656 552,993  

Individuals with at least one pDDI, 

N (%) 

117,936 

(24.6%) 

122,155 

(23.7%) 

133,060 

(24.3%) 

131,376 

(23.8%) 
<0.0001 

Individuals with one pDDI, 

N (%) 

67,464 

(57.2%) 

70,179 

(57.5%) 

75,921 

(57.1%) 

75,654 

(57.6%) 
0.03 

Individuals with two pDDIs, 

N (%) 

25,695 

(21.8%) 

26,444 

(21.6%) 

29,141 

(21.9%) 

28,999 

(22.1%) 
0.06 

Individuals with three pDDIs, 

N (%) 

11,831 

(10%) 

12,193 

(10%) 

13,180 

(9.9%) 

13,012 

(9.9%) 
0.66 

Individuals with four or more pDDIs, 

N (%) 

12,946 

(11%) 

13,339 

(10.9%) 

14,818 

(11.1%) 

13,711 

(10.4%) 
<0.0001 

 

Table 11 summarizes the five most frequent pDDIs among individuals with at least 

one PII exposure in the year. The combination A02BC02-H03AA01 (pantoprazole- 

levothyroxine sodium) consistently ranked first throughout the study period, with an 

increased trend from 1.1% in 2015 to 1.5% in 2018. The second and third most 

frequent combinations varied across the years, alternating between B01AC06-
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M01AE01 (acetylsalicylic acid-ibuprofen) and H02AB07-J01MA12 (prednisone- 

levofloxacin). Similarly, the fourth and fifth positions showed some fluctuation, 

involving combinations such as B01AA03-C01BD01 (warfarin-amiodarone), 

C01BD01-C10AA05 (amiodarone-digoxin), and B01AA03-B01AC06 (warfarin- 

acetylsalicylic acid). Despite these variations, all the most frequent pDDIs remained 

stable in terms of annual prevalence, with values ranging from 0.7% to 1.5% over the 

four-year period. 

Table 11 ï Five most frequent pDDIs by patients 

 2015 2016 2017 2018 

1. 
A02BC02-

H03AA01 (1.1%) 

A02BC02-

H03AA01 (1.3%) 

A02BC02-

H03AA01 (1.4%) 

A02BC02-

H03AA01 (1.5%) 

2. 
B01AC06-

M01AE01 (1.0%) 

B01AC06-

M01AE01 (0.9%) 

H02AB07-

J01MA12 (1.0%) 

H02AB07-

J01MA12 (0.9%) 

3. 
H02AB07-

J01MA12 (0.9%) 

H02AB07-

J01MA12 (0.9%) 

B01AC06-

M01AE01 (0.9%) 

B01AC06-

M01AE01 (0.8%) 

4. 
B01AA03-

C01BD01 (0.9%) 

B01AA03-

C01BD01 (0.8%) 

B01AA03-

C01BD01 (0.8%) 

C01BD01-

C10AA05 (0.7%) 

5. 
B01AA03-

B01AC06 (0.9%) 

B01AA03-

B01AC06 (0.8%) 

C01BD01-

C10AA05 (0.7%) 

B01AA03-

C01BD01 (0.7%) 

*A02BC02 Pantoprazole, H03AA01 Levothyroxine sodium, B01AC06 Acetylsalicylic acid, M01AE01 Ibuprofen, H02AB07 

Prednisone, J01MA12 Levofloxacin, B01AA03 Warfarin, C01BD01 Amiodarone, C01AA05 Digoxin. 

The final matched cohort, comprising 99,594 pairs of individuals who met the pDDIs 

criteria and subjects which did not, and it forms the basis for the risk analysis. Baseline 

characteristics of this cohort are presented in Table 12. Females consistently 

represented a slight majority of the population, ranging from 59.7% to 50.5%, while 

the average age ranged from 77.6 to 78.4 years across LHUs. In all settings, the most 

represented age group was 75ï84 years, followed by 65ï74 and Ó85 years. 

A marked difference in hospitalization rates was observed between the matched 

groups. Individuals exposed to at least one pDDIs condition consistently showed a 

higher incidence of all-cause hospitalization across LHUs. For example, 

hospitalization occurred in 11.6% of PIM users vs. 5.9% of controls in Bergamo, and 

in 9.8% vs. 5.0% in Mantova. These differences were statistically significant in all 

LHUs (p<0.0001), suggesting a consistent association between pDDIs exposure and 

increased hospitalization risk, even after matching. 
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Table 12 ï Characteristics of the pDDIs matched cohorts at the enrolment. LHUs of Bergamo (BG), 

Lecco (LC), Monza Brianza (MB) and Mantova (MN) LHUs.  

 
Presence of at least one pDDI 

Covariates No Yes P-value 

 BG N= 77,398 

N [matched] 38,699 38,699  

Female sex, N (%) 23,413 (60.5) 23,413 (60.5) - 

Age, mean (SD) 77.6 (7.7) 77.6 (7.7) - 

Age class, N (%)    

65-74 yy 14,902 (38.5) 14,902 (38.5)  

- 

 
75-84 yy 15,700 (40.6) 15,700 (40.6) 

Ó85 yy  8,097 (20.9)  8,097 (20.9) 

Hospitalization, N (%)  2,295 (5.9)  4,488 (11.6) <0.0001 

LC N= 26,216  

N [matched] 13,108 13,108  

Female sex, N (%) 7,822 (59.7) 7,822 (59.7) - 

Age, mean (SD) 78.1 (7.9) 78.1 (7.9) - 

Age class, N (%)    

65-74 yy 4,780 (36.5) 4,780 (36.5)  

- 75-84 yy 5,343 (40.8) 5,343 (40.8) 

Ó85 yy 2,985 (22.8) 2,985 (22.8) 

Hospitalization, N (%)    685 (5.2)  1,422 (10.8) <0.0001 

MB N= 63,516  

N [matched] 31,758 31,758  

Female sex, N (%) 19,208 (60.5) 19,208 (60.5) - 

Age, mean (SD) 77.8 (7.7) 77.8 (7.7) - 

Age class, N (%)    

65-74 yy 11,851 (37.3) 11,851 (37.3)  

- 

 
75-84 yy 13,145 (41.4) 13,145 (41.4) 

Ó85 yy  6,762 (21.3)  6,762 (21.3) 

Hospitalization, N (%)  1,590 (5.0)  3,265 (10.3) <0.0001 

MN N=32,058  

N [matched] 16,029 16,029  

Female sex, N (%) 9,844 (61.4) 9,844 (61.4) - 

Age, mean (SD) 78.4 (8) 78.4 (8) - 

Age class, N (%)    

65-74 yy 5,705 (35.6) 5,705 (35.6)  

- 

 
75-84 yy 6,459 (40.3) 6,459 (40.3) 

Ó85 yy 3,865 (24.1) 3,865 (24.1) 

Hospitalization, N (%)    794 (5.0)  1,575 (9.8) <0.0001 

*  SD=Standard Deviation, yy=years. 

  



78 

The estimate association between exposure and all-cause hospitalization is 

summarized in Figure 29. Across all LHUs, exposure to at least one pDDIs was 

consistently associated with a significantly increased risk of hospitalization. 

Specifically, the risk increased by 43% in Bergamo, 47% in Mantova, 54% in Monza 

Brianza, and 59% in Lecco. The pooled estimate showed a 50% overall increase in the 

odds of hospitalization for patients receiving PIMs compared to matched controls not 

exposed to such medications (OR 1.50, 95% CI: 1.43ï157). The Qb test for 

heterogeneity across LHUs indicated no significant variability (p=0.29), supporting 

the consistency of the association across the four LHU. 

 

Figure 29 ï Pooled results of association between pDDIs and hospitalization across the LHUs. 

As shown in Figure 30, both male and female individuals exposed to pDDIs had a 

significantly higher risk of hospitalization. The pooled OR was 1.61 (95% CI: 1.52ï

1.70) in males and 1.40 (95% CI: 1.31ï149) in females. No significant heterogeneity 

across LHUs was observed for both males and females (p=0.72 and p=0.29 

respectively). 

PANEL A
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PANEL B

 

Figure 30 ï Pooled results of association between pDDIs and hospitalization across the LHUs ï 

stratification by sex (PANEL A: Male; PANEL B: Female). 

Statistically significant heterogeneity was found between sexes (p = 0.0016), 

suggesting different effect across genders (Figure 31), with a higher risk in males. 

 

Figure 31 ï Heterogeneity test between pDDIs and hospitalization by sex 

Age-stratified analysis (Figure 32) revealed substantial differences in the strength of 

association between pDDIs exposure and hospitalization risk across LHUs. The pooled 

OR was 1.65 (95% CI: 1.53ï1.77) for individuals aged 65ï74 years, 1.51 (95% CI: 

1.38ï1.67) for those aged 75ï84 years, and 1.33 (95% CI: 1.23ï1.43) for individuals 

aged 85 years or older. No Significant heterogeneity across LHUs was observed for 

individuals aged 65-74, 75-84-year-old, and 85 years or older (p=0.6326, p=0.09 and 

p=0.96 respectively). 
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PANEL A

 

PANEL B

 

PANEL C

 

Figure 32- Pooled results of association between pDDIs and hospitalization across the LHUs ï 

stratification by age groups (PANEL A: 65-74 years old; PANEL B: 75-84 years old; PANEL C: Ó85 

years old) 

Figure 33 shows the pooled odds ratios across the four LHUs by age group. The forest 

plot in clearly highlights a difference in the risk of hospitalization associated with 

pDDIs across age groups (p=0.0003). Overall, the findings suggest that the risk of 

hospitalization related to pDDIs is more pronounced in the younger-old population 

and tends to decrease in the oldest age group. 
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Figure 33 ï Heterogeneity test between pDDIs and hospitalization by age groups 

 

4.2.4 FRIDs 

The annual prevalence of FRIDs is reported in Table 13. Overall, 23.3% patients from 

2015 to 2018 have redeemed FRIDs. The annual prevalence of patients with at least 

one FRID ranged from 22.2% to 24.2% over the study period. 

Table 13 ï Annual prevalence of FRIDs 

 2015 2016 2017 2018 p-value 

Over65 population with at least 

one prescription, N 
496,965 513,917 546,656 552,993  

Individuals with at least one 

FRIDs, 

N (%) 

110,396 

(22.2%) 

117,629 

(22.9%) 

131,173 

(24,0%) 

133,749 

(24.2%) <0.0001 

Individuals with one FRIDs, 

N (%) 

89,809 

(81.4%) 

95,146 

(80.9%) 

104,613 

(79.8%) 

106,377 

(79.5%) 
<0.0001 

Individuals with two FRIDs, 

N (%) 

18,387 

(16.7%) 

19,974 

(17%) 

23,263 

(17.7%) 

24,107 

(18.0%) 
<0.0001 

Individuals with three FRIDs, 

N (%) 

2,089 

(1.9%) 

2,385 

(2.0%) 

3,125 

(2.4%) 

3,089 

(2.3%) 
<0.0001 

Individuals with four FRIDs, 

N (%) 

111 (0.1%) 124 

(0.1%) 

172 

(0.1%) 

176 

(0.1%) 
0.04 

 

Table 14 summarizes the five most frequent FRIDs among individuals with at least 

one PII exposure in the year. The ranking remained stable throughout the study period, 

with N06A (antideprassant) consistently in first position and increasing in prevalence 

from 13.0% in 2015 to 14.0% in 2018. This was followed by N02A (opioids, from 

9.3% to 10.1%), N05A (antipsychotics, from 2.7% to 3.7%), and N04B (dopaminergic 
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agents, from 1.8% to 2.1%). Overall, the prevalence the FRID categories showed a 

modest upward trend. 

Table 14 ïFRIDs frequency by patients 

 2015 2016 2017 2018 

1. 
N06A  

(13.0%) 

N06A  

(13.4%) 

N06A  

(13.7%) 

N06A  

(14.0%) 

2. 
N02A  

(9.3%) 

N02A  

(9.5%) 

N02A  

(10.1%) 

N02A  

(10.0%) 

3. 
N05A 

(2.7%) 

N05A 

(3.0%) 

N05A 

(3.6%) 

N05A 

(3.7%) 

4. 
N04B 

(1.8%) 

N04B 

(2.0%) 

N04B 

(2.1%) 

N04B 

(2.1%) 

*N06A Antidepressant, N02A Opioids, N05A Antipsychotics, N04B Dopaminergic agents. 

The final matched cohort, comprising 119,743 pairs of individuals who met the FRIDs 

criteria and subjects which did not and it forms the basis for the risk analysis. Baseline 

characteristics of this cohort are presented in Table 15. Females consistently 

represented a slight majority of the population, ranging from 60.1% to 62.5%, while 

the average age ranged from 77.3 to 78.1 years across LHUs. In all settings, the most 

represented age groups were 65ï74 and 75ï84 years, followed by and Ó85 years. 

A marked difference in hospitalization rates was observed between the matched 

groups. Individuals exposed to at least one potentially inappropriate prescription 

consistently showed a higher incidence of all-cause hospitalization across LHUs. For 

example, hospitalization occurred in 10.7% of PIM users vs. 6.2% of controls in 

Bergamo, and in 9.8% vs. 5.3% in Mantova. These differences were statistically 

significant in all LHUs (p<0.0001), suggesting a consistent association between FRIDs 

exposure and increased hospitalization risk, even after matching. 
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Table 15 ï Characteristics of the FRIDs matched cohorts at the enrolment. LHUs of Bergamo (BG), 

Lecco (LC), Monza Brianza (MB) and Mantova (MN) LHUs.  

  Presence of at least one FRID 

Covariates No Yes 
p-value 

BG N= 95,780 

N [matched] 47,890 47,890  

Female sex, N (%) 28,769 (60.1) 28,769 (60.1) - 

Age, mean (SD) 77.3 (7.9) 77.3 (7.9) - 

Age class, N (%)    

65-74 yy 19,429 (40.6) 19,429 (40.6) 

- 75-84 yy 18,777 (39.2) 18,777 (39.2) 

Ó85 yy 9,684 (20.2)  9,684 (20.2) 

Hospitalization, N (%) 2,956 (6.2)  5,103 (10.7) <0.0001 

LC N= 30,870  

N [matched] 15,435 15,435  

Female sex, N (%) 9,553 (61.9) 9,553 (61.9) - 

Age, mean (SD) 78.1 (8.1) 78.1 (8.1) - 

Age class, N (%)    

65-74 yy 5,688 (36.9) 5,688 (36.9) 

- 75-84 yy 6,051 (39.2) 6,051 (39.2) 

Ó85 yy 3,696 (23.9) 3,696 (23.9) 

Hospitalization, N (%) 872 (5.6)  1,626 (10.5) <0.0001 

MB N= 75,274  

N [matched] 37,637 37,637  

Female sex, N (%) 23,505 (62.5) 23,505 (62.5) - 

Age, mean (SD) 78.1 (8) 78.1 (8) - 

Age class, N (%)    

65-74 yy 13,544 (36.0) 13,544 (36.0)  

- 

 

75-84 yy 15,308 (40.7) 15,308 (40.7) 

Ó85 yy 8,785 (23.3)  8,785 (23.3) 

Hospitalization, N (%) 2,028 (5.4)  3,278 (8.7) <0.0001 

MN N=37,562  

N [matched] 18,781 18,781  

Female sex, N (%) 11,718 (62.4) 11,718 (62.4) - 

Age, mean (SD) 78.0 (8.2) 78.0 (8.2) - 

Age class, N (%)    

65-74 yy 7,197 (38.3) 7,197 (38.3) 

- 75-84 yy 7,110 (37.9) 7,110 (37.9) 

Ó85 yy 4,474 (23.8) 4,474 (23.8) 

Hospitalization, N (%) 989 (5.3)  1,832 (9.8) <0.0001 

*  SD=Standard Deviation, yy=years. 
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The estimate association between exposure and all-cause hospitalization is 

summarized in Figure 34. Across all LHUs, exposure to at least one FRIDs was 

consistently associated with a significantly increased risk of hospitalization. 

Specifically, the risk increased by 49% in Monza Brianza, 59% in Bergamo, 69% in 

Mantova, and 75% in Lecco. The pooled estimate showed a 62% overall increase in 

the odds of hospitalization for patients receiving FRIDs compared to matched controls 

not exposed to such medications (OR 1.62, 95% CI: 1.51ï1.73). The Qb test for 

heterogeneity across LHUs indicated significant variability (p=0.01), indicating that 

the strength of the association between FRIDs exposure and all-cause hospitalization 

varied across the four regions, rather than being consistent. 

 

Figure 34 ï Pooled results of association between FRIDs and hospitalization across the LHUs. 

As shown in Figure 35, both male and female individuals exposed to FRIDs had a 

significantly higher risk of hospitalization. The pooled OR was 1.80 (95% CI: 1.62ï

2.01) for males and 1.48 (95% CI: 1.37ï1.59) for females. Significant heterogeneity 

(p=0.0048) across LHUs was observed for males, but not for females (p=0.06).  

PANEL A
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PANEL B

 

Figure 35 ï Pooled results of association between FRIDs and hospitalization across the LHUs ï 

stratification by sex (PANEL A: Male; PANEL B: Female). 

Statistically significant heterogeneity was found between sexes (p=0.0046), 

suggesting different effect across genders (Figure 36), with a higher risk in males. 

Figure 36 ï Heterogeneity test between FRIDs and hospitalization by sex 

Age-stratified analysis (Figure 37) revealed substantial differences in the strength of 

association between FRIDs exposure and hospitalization risk across LHUs. The pooled 

OR was 1.94 (95% CI: 1.74ï2.14) for individuals aged 65ï74 years, 1.57 (95% CI: 

1.49ï1.65) for those aged 75ï84 years, and 1.39 (95% CI: 1.19ï1.54) for individuals 

aged 85 years or older. No Significant heterogeneity across LHUs was observed for 

individuals aged 65-74 and 75-84-year-old (p=0.07 and p=0.51 respectively), but 

significant heterogeneity across LHUs was found in individuals aged 85 years or older 

(p=0.01).  
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PANEL A  

 

PANEL B 

 

PANEL C 

 

Figure 37- Pooled results of association between FRIDs and hospitalization across the LHUs ï 

stratification by age groups (PANEL A: 65-74 years old; PANEL B: 75-84 years old; PANEL C: Ó85 

years old) 

Figure 38 shows the pooled odds ratios across the four LHUs by age group. The forest 

plot in Figure 38 clearly highlights a difference in the risk of hospitalization associated 

with FRIDs across age groups (p=<0.0001). Overall, the findings suggest that the risk 
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of hospitalization related to FRIDs is more pronounced in the younger-old population 

and tends to decrease in the oldest age group. 

 

Figure 38 ï Heterogeneity test between FRIDs and hospitalization by age groups 

 

4.2.5 TDs 

The annual prevalence of TDs is reported in Table 16. Overall, 9.0% patients from 

2015 to 2018 have redeemed a potential TD.  The annual prevalence of patients with 

at least one TD ranged from 8.8% to 9.1% over the study period.  

Table 16 ï Annual prevalence of TDs 

 2015 2016 2017 2018 p-value 

Over65 population with at least 

one prescription, N 
496,965 513,917 546,656 552,993  

Individuals with at least one TD, 

N (%) 

44,605 

(9.0%) 

45,158 

(8,8%) 

49,017 

(9.0%) 

50,472 

(9,1%) 
<0.001 

Individuals with one TD, 

N (%) 

37,980 

(85.1%) 

38,681 

(85.7%) 

41,851 

(85.4%) 

43,376 

(85.9%) 
0.03 

Individuals with two TDs, 

N (%) 

4,909 

(11.0%) 

4,844 

(10.7%) 

5,295 

(10.8%) 

5,243 

(10.4%) 
0.02 

Individuals with three TDs, 

N (%) 

1,287 

(2.9%) 

1,196 

(2.6%) 

1,371 

(2.8%) 

1,372 

(2.7%) 
0.15 

Individuals with four or more TDs, 

N (%) 

429 

(1.0%) 

437 

(1.0%) 

500 

(1.0%) 

 481 

(1.0%) 
0.71 

 

Table 17 summarizes the five most frequent TDs among individuals with at least one 

PII exposure in the year. The combination B01AC04-B01AC06 (clopidogrel- 

acetylsalicylic acid) was the most frequent TD across all years, with a stable 
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prevalence of 1.3% from 2015 to 2017 and a slight decrease to 1.2% in 2018. The 

remaining combinations showed lower and relatively stable frequencies. A02BC02-

A02BC05 (pantoprazole-esomeprazole) ranked second from 2015 to 2018, increasing 

slightly from 0.3% to 0.4%. A11CC04-A11CC05 (calcitriol-colecalciferol) and 

A02BC02-A02BC03 (pantoprazole-lansoprazole) alternated among the third, fourth, 

and fifth positions, all maintaining prevalence between 0.2% and 0.3%. Overall, the 

observed TDs remained consistent over time and occurred with relatively low 

frequency, ranging from 0.2% to 1.3%. 

Table 17 ï Five most frequent TDs by patients 

 2015 2016 2017 2018 

1. 
B01AC04-

B01AC06 (1.3%) 

B01AC04-

B01AC06 (1.3%) 

B01AC04-

B01AC06 (1.3%) 

B01AC04-

B01AC06 (1.2%) 

2. 
A02BC02-

A02BC05 (0.3%) 

A02BC02-

A02BC05 (0.3%) 

A02BC02-

A02BC05 (0.4%) 

A02BC02-

A02BC05 (0.4%) 

3. 
A02BC02-

A02BC03 (0.2%) 

A11CC04-

A11CC05 (0.3%) 

A11CC04-

A11CC05 (0.3%) 

A11CC04-

A11CC05 (0.3%) 

4. 
A11CC04-

A11CC05 (0.2%) 

B01AC06-

B01AC24 (0.2%) 

B01AC06-

B01AC24 (0.2%) 

B01AC06-

B01AC24 (0.3%) 

5. 
B01AC06-

B01AC24 (0.2%) 

A02BC02-

A02BC03 (0.2%) 

A02BC02-

A02BC03 (0.2%) 

A02BC02-

A02BC03 (0.2%) 

*B01AC04 Clopidogrel,  B01AC06 Acetylsalicylic acid, A02BC02 Pantoprazole, A02BC05 Esomeprazole, A02BC03 

Lansoprazole, A11CC04 Calcitriol, A11CC05 Colecalciferol, B01AC24 Ticagrelor. 

The final matched cohort, comprising 94,984 pairs, forms the basis for the risk 

analysis. Baseline characteristics of this cohort are presented in Table 18. Females 

consistently represented a slight majority of the population, ranging from 51.9% to 

53.9%, while the average age ranged from 77.3 to 78.3 years across LHUs. In all 

settings, the most represented age group were 65ï74 and 75ï84 years, followed by 

Ó85 years. 

A marked difference in hospitalization rates was observed between the matched 

groups. Individuals exposed to at least one potentially inappropriate prescription 

consistently showed a higher incidence of all-cause hospitalization across LHUs. For 

example, hospitalization occurred in 12.4% of TDs users vs. 5.8% of controls in 

Bergamo, and in 10.2% vs. 5.2% in Monza Brianza. These differences were 

statistically significant in all LHUs (p<0.0001), suggesting a consistent association 

between TDs exposure and increased hospitalization risk, even after matching. 
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Table 18 ï Characteristics of the TDs matched cohorts at the enrolment. LHUs of Bergamo (BG), Lecco 

(LC), Monza Brianza (MB) and Mantova (MN) LHUs.   

  Presence of at least one TD 

Covariates No Yes 
p-value 

BG N=73,096 

N [matched] 36,548 36,548  

Female sex, N (%) 19,092 (52.2) 19,092 (52.2) - 

Age, mean (SD) 77.3 (7.5) 77.3 (7.5) - 

Age class, N (%)    

65-74 yy 14,541 (39.8) 14,541 (39.8) 

- 75-84 yy 15,141 (41.4) 15,141 (41.4) 

Ó85 yy 6,866 (18.8) 6,866 (18.8) 

Hospitalization, N (%) 2,118 (5.8) 4,514 (12.4) <0.0001 

LC N= 23,850  

N [matched] 11,925 11,925  

Female sex, N (%) 6,192 (51.9) 6,192 (51.9) - 

Age, mean (SD) 77.3 (7.4) 77.3 (7.4) - 

Age class, N (%)    

65-74 yy 4,746 (39.8) 4,746 (39.8) 

- 75-84 yy 4,993 (41.9) 4,993 (41.9) 

Ó85 yy 2,186 (18.3) 2,186 (18.3) 

Hospitalization, N (%) 632 (5.3) 1,297 (10.9) <0.0001 

MB N= 62,164  

N [matched] 14,865 14,865  

Female sex, N (%) 16,217 (52.2) 16,217 (52.2) - 

Age, mean (SD) 77.3 (7.3) 77.3 (7.3) - 

Age class, N (%)    

65-74 yy 12,181 (39.2) 12,181 (39.2)  

- 

 

75-84 yy 13,161 (42.3) 13,161 (42.3) 

Ó85 yy 5,740 (18.5) 5,740 (18.5) 

Hospitalization, N (%) 1,609 (5.2) 3,184 (10.2) <0.0001 

MN N=30,858  

N [matched] 15,429 15,429  

Female sex, N (%) 8,309 (53.9) 8,309 (53.9) - 

Age, mean (SD) 78.3 (7.7) 78.3 (7.7) - 

Age class, N (%)    

65-74 yy 5,517 (35.8) 5,517 (35.8) 

- 75-84 yy 6,422 (41.6) 6,422 (41.6) 

Ó85 yy 3,490 (22.6) 3,490 (22.6) 

Hospitalization, N (%) 844 (5.5) 1,671 (10.8) <0.0001 

*  SD=Standard Deviation, yy=years. 
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The estimate association between exposure and all-cause hospitalization is 

summarized in Figure 39. Across all LHUs, exposure to at least one TDs was 

consistently associated with a significantly increased risk of hospitalization. 

Specifically, the risk increased by 44% in Mantova, 50% in Monza Brianza, 52% in 

Lecco, and 56% in Bergamo. The pooled estimate showed a 52% overall increase in 

the odds of hospitalization for patients receiving TDs compared to matched controls 

not exposed to such medications (OR 1.52, 95% CI: 1.46ï1.58). The Qb test for 

heterogeneity across LHUs indicated no significant variability (p= 0.56), supporting 

the consistency of the association across the four regions. 

 

Figure 39 ï Pooled results of association between TDs and hospitalization across the LHUs. 

As shown in Figure 40, both male and female individuals exposed to TDs had a 

significantly higher risk of hospitalization. The pooled odds ratio was 1.60 (95% CI: 

1.52ï1.68) in males and 1.41 (95% CI: 1.30ï1.52) in females. No significant 

heterogeneity across LHUs was observed for both females (p=0.22) and males 

(p=0.68).  

PANEL A
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PANEL B

 

Figure 40 ï Pooled results of association between TDs and hospitalization across the LHUs ï 

stratification by sex (PANEL A: Male; PANEL B: Female). 

Statistically significant heterogeneity was found between sexes (p=0.01), suggesting a 

different effect between sexes (Figure 41), with a higher risk in males. 

Figure 41 ï Heterogeneity test between TDs and hospitalization by sex 

Age-stratified analysis (Figure 42) revealed substantial differences in the strength of 

association between TDs exposure and hospitalization risk. The pooled OR was 1.71 

(95% CI: 1.60ï1.84) for individuals aged 65ï74 years, 1.42 (95% CI: 1.29ï1.56) for 

those aged 75ï84 years, and 1.43 (95% CI: 1.29ï1.59) for individuals aged 85 years 

or older. No Significant heterogeneity across LHUs was observed for individuals aged 

65-74, 75-84-year-old and 85 years or older (p=0.61, p=0.06 and p=0.29 respectively). 

Figure 43 shows the pooled odds ratios across the four LHUs by age group. The forest 

plot in Figure 43 clearly highlights a difference in the risk of hospitalization associated 

with FRIDs across age groups (p=0.002). Overall, the findings suggest that the risk of 

hospitalization related to FRIDs is more pronounced in the younger-old population 

followed by the 75ï84 and Ó85 age groups. 
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PANEL A

 

PANEL B 

 

PANEL C 

 

Figure 42- Pooled results of association between TDs and hospitalization across the LHUs ï 

stratification by age groups (PANEL A: 65-74 years old; PANEL B: 75-84 years old; PANEL C: Ó85 

years old) 
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Figure 43 ï Heterogeneity test between TDs and hospitalization by age groups 

 

4.2.6 ACB score 

The annual prevalence of ACB score Ó 3 is reported in Table 19. Overall, 7.5% 

patients from 2015 to 2018 had an occurrence of ACB score Ó 3. The annual 

prevalence of patients with at least one PIM ranged from 7.0% to 7.9% over the study 

period. 

Table 19 ï Annual prevalence of ACB score Ó 3.   

 2015 2016 2017 2018 p-value 

Over65 population with at least 

one prescription, N 
496,965 513,917 546,656 552,993   

Individuals with at least one ACB 

score Ó 3, N (%) 

39,174 

(7.9%) 

38,296 

(7.5%) 

40,202 

(7.4%) 

38,711 

(7,0%) 
<0.0001 

Individuals with one ACB score Ó 

3, N (%) 

25,222 

(64.4%) 

24,640 

(64.3%) 

25,740 

(64.0%) 

24,953 

(64.5%) 
0.60 

Individuals with two ACB score Ó 

3, N (%) 

6,226 

(15.9%) 

5,962 

(15.6%) 

6,480 

(16.1%) 

6,272 

(16.2%) 
0.07 

Individuals with three ACB score Ó 

3, N (%) 

3,340 

(8.5%) 

3,337 

(8.7%) 

3,473 

(8.6%) 

3,293 

(8.5%) 
0.71 

Individuals with four or more ACB 

score Ó 3, N (%) 

4,386 

(11.2%) 

4,357 

(11.4%) 

4,509 

(11.2%) 

4,193 

(10.8%) 
0.10 

 

Table 20. summarizes the five most frequent ACB score Ó 3 conditions among 

individuals with at least one PII exposure in the year. The ATC code N06AA09 

(amitriptyline) appeared consistently in the first position across all years, with a stable 

prevalence of 0.5%. Other combinations showed lower and relatively stable 
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frequencies. C03CA01-N03AX16 (furosemide-pregabalin) and C03CA01-N05AH04 

(furosemide-quetiapine) alternated between the second and third ranks, both reaching 

up to 0.3% in the later years. The triple combination B01AA03-C01AA05-C03CA01 

(warfarin-digoxin-furosemide) appeared in 2015 and 2016, while A02BC03-

N06AB05 (lansoprazole-paroxetine) and C03CA01-N06AB05 (forsemide-

paroxetine) were reported from 2015 onward. Overall, the most common prescribing 

combinations showed limited variation over time and occurred with low prevalence, 

ranging between 0.2% and 0.5%. 

Table 20 ï Five most frequent ACB score Ó 3 by patients 

 2015 2016 2017 2018 

1. 
N06AA09 

(0.5%) 

N06AA09 

(0.5%) 

N06AA09 

(0.5%) 

N06AA09 

(0.5%) 

2. 
C03CA01-N03AX16  

(0.2%) 

C03CA01-N03AX16 

(0.3%) 

C03CA01-N05AH04 

(0.3%) 

C03CA01-N05AH04 

(0.3%) 

3. 

B01AA03-C01AA05-

C03CA01 

(0.2%) 

C03CA01-N05AH04 

(0.2%) 

C03CA01-N03AX16  

(0.3%) 

C03CA01-N03AX16  

(0.3%) 

4. 

A02BC03-N06AB05  

(0.2%) 

B01AA03-C01AA05-

C03CA01  

(0.2%) 

C03CA01-N06AB05 

(0.2%) 

C03CA01-N06AB05  

(0.2%) 

5. 
C03CA01-N05AH04  

(0.2%) 

A02BC03-N06AB05  

(0.2%) 

A02BC03-N06AB05  

(0.2%) 

A02BC03-N06AB05  

(0.2%) 

*N06AA09 amitriptyline, C03CA01 Furosemide, N03AX16 Pregabalin, B01AA03 Warfarin, C01AA05 Digoxin, A02BC03 

Lansoprazole, N06AB05 Paroxetine, N05AH04 Quetiapine. 

The final matched cohort, comprising 60,699 pairs, forms the basis for the risk 

analysis. Baseline characteristics of this cohort are presented in Table 21. Females 

consistently represented a slight majority, ranging from 61.2% to 62.6%, while the 

average age ranged from 78.6 to 79.6 years across LHUs. In all settings, the most 

represented age group was 75ï84 years, followed by 65ï74 and Ó85 years. 

A marked difference in hospitalization rates was observed between the matched 

groups. Individuals exposed to at least one occurrence of ACB score Ó3 consistently 

showed a higher incidence of all-cause hospitalization across LHUs. For example, 

hospitalization occurred in 12.5% of ACB drugs users vs. 5.6% of controls in 

Bergamo, and in 10.3% vs. 4.6% in Monza Brianza. These differences were 

statistically significant in all LHUs (p<0.0001). 
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Table 21ï Characteristics of the ACB score Ó 3 matched cohorts at the enrolment. LHUs of Bergamo 

(BG), Lecco (LC), Monza Brianza (MB) and Mantova (MN) LHUs.  

  Presence of at least one occurrence of ACB score Ó 3 

Covariates No Yes 
p-value 

BG N= 50,170 

N [matched] 25,085 25,085  

Female sex, N (%) 15,345 (61.2) 15,345 (61.2) - 

Age, mean (SD) 78.6 (8) 78.6 (8) - 

Age class, N (%)    

65-74 yy 8,479 (33.8) 8,479 (33.8) 

- 75-84 yy 10,217 (40.7) 10,217 (40.7) 

Ó85 yy 6,389 (25.5) 6,389 (25.5) 

Hospitalization, N (%) 1,416 (5.6) 3,126 (12.5) <0.0001 

LC N= 15,552  

N [matched] 7,776 7,776  

Female sex, N (%) 4,820 (62.0) 4,820 (62.0) - 

Age, mean (SD) 79.3 (8.1) 79.3 (8.1) - 

Age class, N (%)    

65-74 yy 2,431 (31.3) 2,431 (31.3) 

- 75-84 yy 3,167 (40.7) 3,167 (40.7) 

Ó85 yy 2,178 (28.0) 2,178 (28.0) 

Hospitalization, N (%) 431 (5.5) 905 (11.6) <0.0001 

MB N= 35,814  

N [matched] 17,907 17,907  

Female sex, N (%) 11,182 (62.4) 11,182 (62.4) - 

Age, mean (SD) 79.1 (7.9) 79.1 (7.9) - 

Age class, N (%)    

65-74 yy 5,610 (31.3) 5,610 (31.3)  

- 

 

75-84 yy 7,479 (41.8) 7,479 (41.8) 

Ó85 yy 4,818 (26.9) 4,818 (26.9) 

Hospitalization, N (%) 818 (4.6) 1,850 (10.3) <0.0001 

MN N=19,862  

N [matched] 9,931 9,931  

Female sex, N (%) 6,216 (62.6) 6,216 (62.6) - 

Age, mean (SD) 79.6 (8) 79.6 (8) - 

Age class, N (%)    

65-74 yy 2,957 (29.8) 2,957 (29.8) 

- 75-84 yy 4,046 (40.7) 4,046 (40.7) 

Ó85 yy 2,928 (29.5) 2,928 (29.5) 

Hospitalization, N (%) 568 (5.7) 1,166 (11.7) <0.0001 

*  SD=Standard Deviation, yy=years. 
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The estimate association between exposure and all-cause hospitalization is 

summarized in Figure 44. Across all LHUs, exposure to ACB score Ó3 was 

consistently associated with a significantly increased risk of hospitalization. 

Specifically, the risk increased by 44% in Mantova, 48% in Bergamo, 52% in Lecco, 

and 64% in Monza Brianza. The pooled estimate showed a 52% overall increase in the 

odds of hospitalization for patients with at least 4 days with ACB score Ó3 compared 

to matched controls not exposed to such condition (OR 1.52, 95% CI: 1.43ï1.61). The 

Qb test for heterogeneity across LHUs indicated no significant variability (p=0.43), 

supporting the consistency of the association across the four LHUs. 

 

Figure 44 ï Pooled results of association between ACB score Ó 3 for more than 3 days and 

hospitalization across the LHUs. 

As shown in Figure 45, both male and female individuals exposed to ACB score 

condition of selection had a significantly higher risk of hospitalization. The pooled 

odds ratio was 1.62 (95% CI: 1.46ï1.80) in males and 1.45 (95% CI: 1.34ï1.56) in 

females. Significant heterogeneity (p=0.75) across LHUs was observed for females, 

but not for males (p=0.03). 

PANEL A

 


