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Abstract

Precision medicine is an approach to maximise the effectiveness of disease treatment and
prevention and minimise harm from medications by considering relevant demographic, clinical,
genomic and environmental factors inmaking treatment decisions. Precisionmedicine is complex,
even for decisions about single drugs for single diseases, as it requires expert consideration of
multiple measurable factors that affect pharmacokinetics and pharmacodynamics, and many
patient-specific variables. Given the increasing number of patients with multiple conditions and
medications, there is a need to apply lessons learned fromprecisionmedicine inmonotherapy and
single diseasemanagement to optimise polypharmacy. However, precisionmedicine for optimisa-
tion of polypharmacy is particularly challenging because of the vast number of interacting factors
that influence druguse and response. In this narrative review,we aim toprovide andapply the latest
research findings to achieve precision medicine in the context of polypharmacy. Specifically, this
reviewaims to (1) summarise challenges in achieving precisionmedicine specific to polypharmacy;
(2) synthesise the current approaches to precision medicine in polypharmacy; (3) provide a
summary of the literature in the field of prediction of unknown drug–drug interactions (DDI)
and (4) propose a novel approach to provide precision medicine for patients with polypharmacy.
For our proposed model to be implemented in routine clinical practice, a comprehensive inter-
vention bundle needs to be integrated into the electronic medical record using bioinformatic
approaches on a wide range of data to predict the effects of polypharmacy regimens on an
individual. In addition, clinicians need to be trained to interpret the results of data from sources
including pharmacogenomic testing, DDI prediction and physiological-pharmacokinetic-
pharmacodynamic modelling to inform their medication reviews. Future studies are needed to
evaluate the efficacy of thismodel and to test generalisability so that it can be implemented at scale,
aiming to improve outcomes in people with polypharmacy.

Impact statement

Achieving precision medicine in polypharmacy presents complex challenges due to the vast
number of factors that influence drug use and response. Electronic Clinical Decision Support
Systems have been developed to optimise polypharmacy and reducemedication-related harm in
older adults. However, there is limited ability of these systems to account for complex,
multidimensional interactions in a patient and to incorporate patient-specific goals of care.
To address this, a novel approach to integrating precision medicine into medication reviews for
patients with polypharmacy has been proposed. This approach applies bioinformatic techniques
to a wide range of the patient’s clinical, biological and drug data, to predict the effects of
polypharmacy regimens on an individual. Implementing this model in routine clinical practice
will require the integration of comprehensive intervention bundles into the electronic medical
record, and training of healthcare professionals to interpret the results of data from sources, that
include pharmacogenomic testing, drug–drug interaction prediction and physiological-
pharmacokinetic-pharmacodynamic modelling, to inform their medication reviews. This pro-
posed model could maximise the effectiveness of disease treatment and prevention while
minimising harm from medications by systematically considering relevant demographic, clin-
ical, genomic and environmental factors in making treatment decisions. Future research should
aim to tailor these tools to specific patient populations, demonstrating long-term clinical
outcomes relevant to patients’ goals of care through informed shared decision-making

Introduction

Precisionmedicine aims tomaximise benefit andminimise harm frommedicines, by considering
relevant demographic, clinical, genomic and environmental factors in treatment decisions.While
individualisation of treatment is a longstanding principle of good prescribing, precisionmedicine
provides a framework to do so systematically (Peck, 2018; Rongen et al., 2021). Precision
medicine is complex, even for decisions about single drugs for single diseases. It requires expert
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consideration of multiple measurable factors that affect pharma-
cokinetics (PK) and pharmacodynamics (PD), and many patient-
specific variables. Advances in therapeutic drug monitoring,
pharmacogenomics, bioinformatics and physiological-
pharmacokinetic-pharmacodynamic modelling have facilitated
implementation of precision medicine over the past decade.

There are great opportunities to apply the lessons learned from
precisionmedicine in single drug/diseasemanagement to optimisa-
tion of polypharmacy (most commonly defined as the use of five or
more medicines) (Masnoon et al., 2017). Precision medicine for
optimisation of polypharmacy is particularly challenging because
of the need to consider an enormous number and complexity of
interacting factors that influence drug use and response (Rongen
et al., 2021). Polypharmacy usually occurs in older people with
multimorbidity and a lifetime of accumulated environmental fac-
tors that influence response to medicines. These factors must be
considered when prescribing, along with drug interactions,
pharmacogenomics and the patient’s therapeutic goals, which often
extend beyond single disease prevention or management.

There is scope to bring together the technological framework of
precision medicine as it has been applied to single drug/disease
management, with emerging data on polypharmacy from bench,
patient and population studies, and from development and use of
clinical decision support systems for review of polypharmacy, to
guide optimisation of polypharmacy in older people.

Given the complexity of the precision medicine process in
polypharmacy, this narrative review aims to provide the latest
research findings to achieve precision medicine in the context of
polypharmacy. Specifically, this review aims to (1) summarise chal-
lenges in achieving precision medicine specific to polypharmacy;
(2) synthesise the current approaches to precision medicine in
polypharmacy; (3) provide a summary of the literature in the field
of prediction of unknowndrug–drug interaction (DDI) and (4) pro-
pose a novel approach to provide precision medicine for patients
with polypharmacy.

What makes precision medicine in polypharmacy
challenging?

Ageing

Older adults are at a high risk of suboptimal medication use, which
includes overuse, underuse andmisuse of medications, and this can
lead to adverse drug events (ADE) and adverse health outcomes.
The factors that lead to suboptimal medication use by older adults
can be attributed to ageing-related factors, such as multimorbidity,
frailty and changes in PK and PD. Prescribing medications must be
a precise balance between minimising the number of medications
and using all medications that will be beneficial at the optimal dose
for the patient, whilst accounting for age-related factors (Steinman
et al., 2006).

Multimorbidity, defined as the presence of multiple concurrent
medical conditions, is more common with age and is associated
with high mortality, reduced functional status and increased hos-
pitalisation. In a cross-sectional study conducted in Scotland, 42.2%
of all patients had one or more morbidities and 23.2% were multi-
morbid (Barnett et al., 2012). By 2035, approximately 17% of the
UK population is projected to have four ormore chronic conditions
(Pearson-Stuttard et al., 2019). The challenge with multimorbidity
and medication management comes with the application of clinical
guidelines; most clinical guidelines are built on evidence-based
medicine and are designed for the treatment of single diseases,

and often overlook medication management in multimorbid older
adults. Application of single-disease clinical guidelines in multi-
morbid older adults can lead to overtreatment. A Norwegian quali-
tative study with general practitioners (GPs) that explored
experiences with and reflections upon the consequences of applying
multiple clinical guidelines in older multimorbid adults, found that
when GPs focus on person-centred care and refrain from comply-
ing with clinical guidelines the risks associated with polypharmacy
and overtreatment can be reduced (Austad et al., 2016).

Like multimorbidity, frailty adds more complexity to precisely
balancing medication management for older adults. Frailty is a
complex geriatric syndrome and a state of vulnerability, which
can result in decreased physiological reserve (Clegg et al., 2013).
Frailty is common in later life, with prevalence between 10 and 14%
for community-dwelling older adults, and up to 50% for older
people living in residential aged care facilities (Collard et al.,
2012; Kojima, 2015). A systematic review that analysed the evi-
dence and interplay between polypharmacy and frailty in older
adults, identified that the association between frailty and polyphar-
macy may be complex and bidirectional, but polypharmacy is
recognised as a major contributor to the development of frailty
(Gutierrez-Valencia et al., 2018). Many tools have been developed
to help clinicians identify inappropriately prescribed medications
in older people with polypharmacy (e.g., STOPPFrail) (Thompson
et al., 2019). However, limited clinical studies demonstrate
improvements in frailty when deprescribing medications
(Ibrahim et al., 2021). A study conducted in aged mice with chronic
polypharmacy found that deprescribing high-risk medications
attenuated frailty, identifying that there is potential to reduce the
effects of frailty by appropriately and precisely managing polyphar-
macy (more details provided in section ‘Limitations of evidence
from human studies and role of preclinical models’) (Mach et al.,
2021a).

The physiological changes that occur in ageing can affect PK and
PD, which in turn can impose considerable variability in medica-
tion management for older adults with polypharmacy. Age-related
changes in PK/PD include changes in drug absorption from the
gastrointestinal tract, plasma protein binding, drug distribution,
reduced hepatic metabolism and clearance, altered renal function,
changes to receptors and voltage-gated channels, and changes to
the autonomic nervous system (Hilmer et al., 2007b). These
changes may be exaggerated in frail older people, although the data
is very limited (Hilmer and Kirkpatrick, 2021). Changes in PK/PD
also may make older adults with polypharmacy more vulnerable to
ADEs. Given the wide variability in response to medicines by older
adults, with the added complexity of under-representation of older
adults in PK and PD studies and limited clinical trial data, there has
been recent debate about the role of PK and PD studies for frail
older adults to inform medication management (McLachlan et al.,
2009; Mangoni et al., 2013; Liau et al., 2021). There is also scope for
PK/PD monitoring, including therapeutic drug monitoring, in
clinical practice to improve precision medicine in highly variable
older people with polypharmacy.

Interactions

Precision medicine in polypharmacy needs to consider the
increased complexity of drug interactions when multiple drugs
are used concurrently, particularly in people with multimorbidity.
These include PK and PD DDIs, drug–gene interactions, drug–
disease interactions, drug–food interactions, drug–lifestyle inter-
actions and drug–microbiome interactions (Johnell and Kiarin,
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2007; Guthrie et al., 2015). The challenges of each of these factors as
they relate to polypharmacy are described below. Furthermore,
these interactions influence each other, whichwill require advanced
bioinformatics to fully understand and predict the overall effect on
an individual patient. This concept is illustrated in the case
described in Box 1.

Polypharmacy is the greatest risk factor for DDIs, which may be
PK, PD or both. DDIs can occur between prescribed drugs, over the

counter drugs, complementary and alternative medicines; and
affect drugs used acutely, chronically and intermittently. Any
change in drug or dose (including prescribing or deprescribing)
can impact existing DDIs. As described in section ‘Use of machine
learning for predicting polypharmacy interactions and effects’,
drug interactions are generally only assessed for drug pairs, and
the effects of interactions beyond drug pairs remain poorly under-
stood. Recent attempts have beenmade to understand the impact of
PD DDIs involving multiple drugs in the setting of polypharmacy,
for example through tools to measure anticholinergic burden
(Salahudeen et al., 2015).

Drug–gene interactions are common and there is increasing
understanding of the role of pharmacogenomics in determining
PK and PD variability. While this is only one of many factors that
influence variability in drug response in older adults with poly-
pharmacy, it remains important (Dücker and Brockmöller,
2019). For example, drug clearance through a particular pathway
may be affected by a genetic polymorphism, as well as by other
drugs that inhibit or induce the pathway. This is a complex two-
way relationship, whereby both factors may work in the same or
in opposite directions. Furthermore, in a patient with polyphar-
macy, there may be multiple polymorphisms affecting multiple
pathways, and multiple drugs each using these pathways for
clearance. A recent review of the impact of pharmacogenomic
testing for PK factors in patients with polypharmacy identified six
studies of variable quality, and five reported improved clinical
outcomes or reduced drug/health utilisation outcomes
(Meaddough et al., 2021).

Drug–disease interactions are extremely common in people
with polypharmacy, since it often goes hand in hand with multi-
morbidity. The concept of ‘therapeutic competition’ addresses the
clinical challenge of selecting which condition to treat, when treat-
ment of one of a patient’s conditions worsens another of their
conditions. It is estimated that one in five older Americans receive
medications that may adversely affect co-existing conditions
(Lorgunpai et al., 2014).

Drug–food interactions include a wide range of PK and PD
interactions between specific drugs and foods, the effects of overall
nutritional state on drug PK and PD, and the effects of drugs on
nutrition (Schmidt and Dalhoff, 2002). Medications can either
stimulate appetite, resulting in obesity, or more commonly in
people with polypharmacy, can cause nausea and reduce appetite
resulting in malnutrition (Fávaro-Moreira et al., 2016). Recent
studies have used data mining to predict and evaluate food–drug
interactions (Rahman et al., 2022). This method is highly applicable
to people with polypharmacy.

Drug–lifestyle interactions cover interactions with diverse fac-
tors such as alcohol, smoking and exercise. There are well-
characterised PK and PD drug interactions with alcohol and smok-
ing, including the impact of therapeutic drugs on the clearance of
alcohol and nicotine, and impact of alcohol and nicotine on drug
clearance. Therapeutic drugs can increase or decrease exercise

Box 1. Case study of patient with polypharmacy demonstrating complexity
of multiple types of drug interactions.

Mrs. C.P. is an 88-year-old woman living independently at home. She is
malnourished and has had recurrent falls. Diagnoses include osteoarthritis,
osteoporosis, gastro-oesophageal reflux disease, hypertension, ischaemic
heart disease and depression. Her medications are paracetamol 1 g tds,
alendronate 70 mg weekly, cholecalciferol 1,000 units daily, omeprazole
40 mg daily, lisinopril 10 mg daily, metoprolol 25 mg bd, aspirin 100 mg
daily and citalopram 20 mg daily. She has no known drug allergies.
Interactions include:

– Drug–drug interactions
○ Pharmacokinetic: citalopram increases concentration of metoprolol by

inhibiting CYP2D6; omeprazole increases concentration of citalopram
by inhibiting CYP2C19.

○ Pharmacodynamic: citalopram and aspirin have additive effects
reducing haemostasis; alendronate and aspirin have additive effects
damaging gastrointestinal mucosa; aspirin may reduce the effects of
lisinopril in a dose-dependent manner (usually at aspirin dose >100 mg
daily).

– Drug–gene interactions
○ CYP2D6 polymorphisms affect the clearance of metoprolol, with

implications for the effect size of the interaction between metoprolol
and citalopram. Similarly, CYP2C19 polymorphisms affect the clearance
of citalopram, with implications for the impact of the interaction
between citalopram and omeprazole.

– Drug–disease interactions
○ Alendronate oesophageal toxicity more severe with gastro-

oesophageal reflux disease.
○ Citalopram more likely to cause long QT syndrome with background of

cardiac disease.
– Drug–food interactions
○ Malnutrition is a risk factor for paracetamol hepatotoxicity.
○ Inadequate calcium in diet for alendronate to be efficacious.

– Drug–lifestyle interactions
○ Minimal sunlight exposure due to fear of falling, resulting in low vitamin

D at current dose of cholecalciferol, and consequently poor calcium
absorption, reducing efficacy of alendronate.

– Drug–microbiome interactions
○ Drugs, diagnoses, diet, age and lifestyle factors all associated with

changes in microbiome, which can alter pharmacokinetics and
pharmacodynamics of other drugs.

– Drug–geriatric syndrome interactions
○ Lisinopril, metoprolol and citalopram may all increase risk of falls; at

increased risk of fall-related injury with underlying osteoporosis.

Clinical Recommendations:

– Cease alendronate due to gastro-oesophageal reflux and malnutrition. As
ongoing high risk of fracture, change to zoledronic acid or denosumab.
Approximately 4 weeks after cease alendronate, trial deprescribing
omeprazole.

– Check heart rate, blood pressure and postural blood pressure. If
bradycardia and/or hypotension/postural hypotension, then reduce
dose metoprolol, noting that clearance may be reduced by interaction
with citalopram, especially if CYP2D6 poor metaboliser. If patient does not
have bradycardia but does have hypotension/postural hypotension, then
reduce dose of lisinopril.

– Review indication for citalopram and check for toxicity (ECG for QT
interval, postural hypotension and serum sodium). If citalopram is
currently indicated, then reduce dose if evidence of toxicity; if no longer
required then deprescribe.

– Educate patient on spending time in sun with skin exposed to increase
vitamin D and increase dose of cholecalciferol.

– Refer to dietician to address malnutrition and calcium intake.
– Refer to physiotherapist for exercise program to reduce risk of falls.
– Screen for/manage other falls risk factors (e.g., vision, footwear,
environment) and refer for further assessment and management as
required.
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capacity through cardiorespiratory effects or neuromuscular
effects. Anabolic exercise can be used to counter sarcopaenia
induced by drugs such as prednisone, or strength and balance
training can be used to reduce susceptibility to falls risk-increasing
drugs (The Agency for Clinical Innovation, 2021).

The bidirectional interactions between a wide range of drugs
and microbiome have recently been characterised and provide
some explanation for previously unexplained inter-individual vari-
ability in drug response (Weersma et al., 2020). A wide range of
therapeutic drugs affects the microbiome in different ways, as do
age, sex, disease, frailty, dementia and polypharmacy. Recently the
microbiome signature of polypharmacy was characterised in obser-
vational studies in older people (Nagata et al., 2022). Interventional
studies in mice found changes in microbiome with the single
polypharmacy regimen tested, which was partially reversed after
deprescribing (withdrawal) in old age (Gemikonakli et al., 2022).
More research is needed to understand the additive or synergistic
effects of the multiple medications in polypharmacy, along with
effects of multimorbidity and other variables on the microbiome.

The interactions between drugs and geriatric syndromes, such as
falls, frailty and confusion, are well-recognised in geriatric medi-
cine. Drugs are considered the most reversible causes of these
presentations (Avorn and Shrank, 2008). Polypharmacy itself is
one of the strongest risk factors, with different drug classes more
strongly associated with specific geriatric outcomes, often with
evidence of a dose response and/or cumulative effects (Hilmer
and Gnjidic, 2009).

Limitations of evidence from human studies and role of
preclinical models

Precision medicine requires consideration of a multitude of factors
to tailor medication to an individual. The added complexity of
considering the enormous number of combinations of drugs in
different polypharmacy regimens, along with different combin-
ations of factors within the individual can be overwhelming in
terms of interventional clinical trial design. Application of bioinfor-
matics to this challenge is an emerging strategy, described in
section ‘Use of machine learning for predicting polypharmacy
interactions and effects’.

Randomised trials have investigated the effects of polypharmacy
for single diseases. For example, the use of multiple drugs is
endorsed in guidelines for conditions such as tuberculosis, HIV,
heart failure, ischaemic heart disease and diabetes. Many of the
large randomised controlled studies that inform these guidelines
include subgroup analyses by age, sex, comorbidities and more
recently by frailty (Dewan et al., 2020; Nguyen et al., 2021). Another
source of evidence has been subgroup analyses of clinical trials
investigating treatment of a single disease according to baseline
polypharmacy in the participants (Jaspers Focks et al., 2016). This
gives information on the effects of polypharmacy on the efficacy
and safety of monotherapy for a single disease, but such analyses
have not extended to consider the impact of other factors that
inform personalised medicine.

Factors that influence the effects of polypharmacy can be evalu-
ated indirectly through observational studies in populations of
older adults. The ability of this data to inform precision medicine
is currently very limited, with a recent review highlighting the lack
of data even on the effects of sex and gender on polypharmacy
outcomes, let alone the myriad of other individual factors (Rochon
et al., 2021).

Interventional trials of polypharmacy that consider different
baseline characteristics in subgroups would give data comparable
to the data that informs precision medicine for monotherapies. It is
not ethical or feasible to conduct interventional randomised con-
trolled trials to evaluate the effects of polypharmacy used for multi-
morbidity in older adults. Recently, a polypharmacy mouse model
was developed, to understand the effects of polypharmacy on key
outcomes in old age, and to investigate the effects of common
factors that might influence these effects, such as the composition
of the polypharmacy regimen, age and sex. An assay to measure
pharmacokinetic variability as a factor in personalised medicine
was also developed (Mach et al., 2021b). Application of this model
by our laboratory and international collaborators, has shown that
polypharmacy causes frailty and functional impairment, with
greater effects seen with drug regimens with higher anticholinergic
and sedative load (measured using Drug Burden Index, DBI),
greater impairment in old age, and different patterns of physical
and cognitive impairments between males and females. These
findings are shown in Table 1. There are now opportunities to
analyse proteomics, transcriptomics, metabolomics and micro-
biome data from these well-characterised phenotypes, using sys-
tems biology, to identify biomarkers that predict PK and PD
responses to polypharmacy and deprescribing. These could be used
to inform precision medicine for people with polypharmacy, for
example, by integration into physiological-based PK-PD model-
ling.

Current approach to precision medicine in polypharmacy

Use of decision support tools

Criteria included in existing decision support tools and limitations
Several decision support tools and guidelines have been developed
to optimise polypharmacy and reduce medication-related harm in
older adults. Some tools simply provide a list of potentially inappro-
priate medications (PIM) in the older population such as the
PRISCUS list (Latin for ‘old and vulnerable’) (Holt et al., 2010).
In contrast, other tools have additional criteria for identifying
PIMs, such as interaction between drugs and diseases for example
the Beers criteria (Fick et al., 2019) and Screening Tool of Older
Persons’ Prescriptions (STOPP) and Screening Tool to Alert to
Right Treatment (START) (O’Mahony et al., 2015). It is important
to consider patient-specific factors such as dose appropriateness for
the particular patient. However, a systematic review of different
polypharmacy tools (Masnoon et al., 2018) found that whilst 64.3%
of tools mention dosing, only 2.4% consider specific doses being
used, such as the DBI (Hilmer et al., 2007a). Development of
electronic Clinical Decision Support Systems (CDSS) has been
identified as a key facilitator in uptake of these tools in busy clinical
practice and a step towards precision medicine in polypharmacy.

Table 2 summarises different electronic CDSS published in the
last 10 years, based on existing polypharmacy tools. Studies were
identified (Mouazer et al., 2022) and data were extracted (Masnoon
et al., 2018) using the search strategy utilised in previous literature,
with the date range set to the last 10 years (January 2012 to October
2022).

In terms of criteria considered by different electronic CDSSs to
guide polypharmacy review, all tools require a patient’s medication
list (Holt et al., 2010). Some tools apply other additional criteria to
tailor the output to the specific patient, such as health conditions or
disorders, laboratory test results and pharmacogenomic data
(Mouazer et al., 2022). For example, the Software ENgine for the
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Assessment and optimisation of drug and non-drug Therapy in
Older peRsons (SENATOR) uses STOPP START (O’Mahony et al.,
2015), the MedSafer system uses Beers criteria (Fick et al., 2015),
STOPP(O’Mahony et al., 2015) and evidence-based recommenda-
tions from Choosing Wisely Canada (McDonald et al., 2019; Bay-
sari et al., 2021), and the Goal-directed Medication review
Electronic Decision Support System (G-MEDSS) uses The DBI
Calculator (Kouladjian et al., 2016; Kouladjian O’Donnell et al.,
2022).

There are limitations in terms of criteria considered by existing
tools. Firstly, real-world patients are complex, with multiple con-
ditions and medications. Current tools however lack intelligent
algorithms to account for multiple complex interactions in a
patient, for example, different drug–food and drug–gene inter-
actions (Finkelstein et al., 2016; Mehta et al., 2021; Westerbeek
et al., 2021; Damoiseaux-Volman et al., 2022; Mouazer et al., 2022).
Additionally, an important consideration in precision medicine is
distinguishing between theoretical and clinically relevant drug
interactions for a particular patient, which is another limitation.
Caring for real-world patients often requires managing conflicting
recommendations from different guidelines in the same patient but
existing tools lack algorithms to provide tailored decision support
in these scenarios. Whilst there is data suggesting that machine
learning, which refers to the use of algorithms and statistical models
to analyse and interpret medical data in order to generate predic-
tions or insights that can inform clinical decision-making, may be a
promising approach to developing polypharmacy CDSS (Corny
et al., 2020), previous research has stated that most current

electronic CDSS have not used machine learning algorithms to
target output signals (Mouazer et al., 2022). Lastly, an important
aspect of precision medicine is making therapeutic decisions whilst
considering the patient’s specific goals of care. However, goals of
care are not routinely considered by different polypharmacy CDSS
(Finkelstein et al., 2016; Mehta et al., 2021; Mouazer et al., 2022).
Recently, some CDSS have integrated goals of care assessment with
other tools to address polypharmacy (Mangin et al., 2021; Koulad-
jian O’Donnell et al., 2022).

Outcome evaluation of existing decision support tools and
limitations
Previous research has identified three key outcome measures when
evaluating polypharmacy optimisationCDSS: (1) impact on clinical
outcomes and impact on clinical practice, (2) efficiency in terms of
time spent and (3) user satisfaction (Mouazer et al., 2022). There is
significant heterogeneity in the study design, methods and outcome
measures for studies evaluating different polypharmacy CDSS
(Mouazer et al., 2022). Few studies have used randomised con-
trolled trials.Most studies have found effectiveness based on impact
on clinical practice, namely changes in prescribing. For example,
using the MedSafer system during acute hospitalisation was found
to increase deprescribing at discharge but no significant impact was
found on adverse drugs events within 30 days of discharge
(McDonald et al., 2019, 2022). It is important to demonstrate
impact on long-term clinical outcomes, which are relevant to
patients as per their goals of care, with specific focus on shared
decision making.

Table 1. The effects of polypharmacy on global health outcomes in a mouse model: impact of drug regimen, age and sex

Study population and intervention Outcomes
Application to precision
medicine References

Young and old male mice, 4–6 weeks of
polypharmacy* versus control

Change in physical function tests Age effects Huizer-Pajkos et al., 2016

Middle-aged male mice, 12 months of one of three
polypharmacy regimens (five drugs) with different
Drug Burden Index (DBI)**, monotherapies or
control

Change in physical function tests and
frailty: functional impairment/frailty
related to DBI, not simply
polypharmacy
Effects reversible with deprescribing

Drug regimen effects Mach et al., 2021a

Young adult male mice, 8 weeks polypharmacy^ or
control

Change in exploration and spatial
working memory

Sex effects on cognition Eroli et al., 2020

Young adult female mice, 8 weeks polypharmacy^ or
control

Change in object recognition and fear-
associated contextual memory
No effects on exploration and spatial
working memory

Sex effects on cognition Francesca et al., 2021

Young and old male and female mice, 6 weeks high
DBI polypharmacy** or control

Changes in physical function tests
Serum drug/metabolite
concentrations

Age and sex effects on physical
function
Consideration of
pharmacokinetic factors

Wu et al., 2021

Young and old male and female mice, 6 weeks high
DBI polypharmacy** or control

Changes in behaviour over 23 hours Age and sex effects on diurnal
patterns in behaviour

Tran et al., 2022

Male mice aged 24 months, 3 polypharmacy
regimens** or control

No effects of polypharmacy regimens
on serum inflammatory markers in
mice

Inflammatory biomarkers not
independently affected by
polypharmacy

Wu et al., 2022

Male mice aged 12–24 months, high DBI
polypharmacy**, high DBI polypharmacy
deprescribed or control

Polypharmacy alters gut microbiome
differently to age effects. Partially
reversible with deprescribing

Age, polypharmacy and
deprescribing effects on
microbiome may affect
pharmaco-microbiomics

Gemikonakli et al., 2022

Note: Drugs administered in polypharmacy regimens were *simvastatin, metoprolol, omeprazole, paracetamol, citalopram; **zero DBI polypharmacy: simvastatin, metoprolol, omeprazole,
paracetamol, irbesartan; low DBI polypharmacy: simvastatin, metoprolol, omeprazole, paracetamol, citalopram; high DBI polypharmacy: simvastatin, metoprolol, oxybutynin, oxycodone,
citalopram; each drug from high DBI regimen also administered as monotherapy; ^ simvastatin, metoprolol, aspirin, paracetamol, citalopram.
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Precision medicine relies on making therapeutic decisions
tailored to the specific patient. However, more research is needed
to determine how different polypharmacy CDSS can be tailored to
specific populations including different types of medicines, chronic
conditions, age groups, ethnic backgrounds, prognosis, laboratory
results and pharmacogenomics.

Use of machine learning for predicting polypharmacy
interactions and effects

Understanding polypharmacy effects is an essential step to optimise
medication regimens. However, most of the known polypharmacy
effects are highly variable and non-specific and usually not detect-
able in clinical trials (Bansal et al., 2014). Given the vast number of
drug combinations, neither experiments nor clinical trials can
investigate the effects of DDIs for all possible combinations due
to time and cost. Therefore, computational methods have been
developed for predicting unknown DDIs that cause effects that
cannot be attributed to single drugs alone (Han et al., 2021).

Generally, themethods for predicting DDIs are divided into two
categories: (1) prediction of DDIs, and (2) prediction of specific
types of DDIs (Han et al., 2021). The first category predicts whether
a pair of drugs will cause DDI. This category can be further
classified into similarity-based and classification-based methods.
The idea behind the similarity-based method is that if drug A and
drug B cause a DDI, drug C similar to drug A should also interact
with drug B. Different types of Drug–drug similarities are used
based on molecular structures, side effects, pharmacology and
biological elements (e.g., carriers, transporters, enzymes and tar-
gets) (Gottlieb et al., 2012; Vilar et al., 2012; Ferdousi et al., 2017). In
contrast, classification-based methods treat the prediction of DDI
between paired drugs as a binary classification task. Known drug
pairs with DDI and drug pairs with non-DDI are used as positive
and negative cases, respectively, to build classification models such
as logistic regression, naïve Bayes, k-Nearest neighbours, and sup-
port vector machine (Cheng and Zhao, 2014; Huang et al., 2014; Li
et al., 2015; Kastrin et al., 2018). The second category predicts
whether specific DDI will be caused by a pair of drugs. Zitnik
et al. (2018) proposed a graph convolutional neural network for
multi-relational link prediction called Decagon, which is one of the
most well-established models. This multimodal graph includes
645 drugs and 19,085 proteins as nodes, and 4,651,131 DDIs,
715,612 protein–protein interactions, and 18,596 drug–protein
interactions as edges. The model predicts associations between
pairs of drugs and the specific side effects in the pair as a link
prediction task. Since the Decagon model was proposed, other
models have been developed for specific DDIs prediction
(Nováček and Mohamed, 2020; Bang et al., 2021; Masumshah
et al., 2021).

To achieve better prediction accuracy of the models, various
information needs to be extracted from multiple sources. Previous
studies have reported that information on the presence and severity
of DDIs often vary among databases, which affect the result of
model performance (Abarca et al., 2004; Wang et al., 2010; Saverno
et al., 2011). For example, the total number of reported DDIs for
12 commonly prescribed drugs was 1,226 in Kyoto Encyclopedia of
Genes and Genomes and 1,533 in DrugBank (Ferdousi et al., 2017).
Considering that the number of reported DDIs in these databases
increases with each update even between previously existing drug
pairs, it is not possible to tell whether drug pairs not reported as
having DDIs are true negatives or not-yet-known positives
(i.e., false negatives). Therefore, special attention needs to be paid

to which data sources were used to build and compare prediction
models.

There are a few limitations in the current DDI prediction
models. First, the current DDI prediction models only consider
effects for two drugs. There is little knowledge of interaction effects
unique to three or more drugs that do not occur with two or fewer
drugs. Given that most patients with multimorbidity are prescribed
more than two drugs, DDI prediction for more than two drugs is
important. Secondly, the current DDI prediction models do not
consider individual-level predictors (e.g., demographic, clinical and
genetic information), as well as detailed drug regimens (e.g., admin-
istration route and dosage). Considering that the management of
complex drug interactions (e.g., DDIs, drug–gene interactions) as
combined parameters affecting drug response is a complex task
particularly in older patients with polypharmacy, a comprehensive
medication review process will be necessary using a multifaceted
intervention bundle with accompanying stewardship program.

Future direction

In recent years, advances in technology and data analysis for
detailed clinical, biological andmolecular phenotyping have helped
build the evidence for the efficacy of pharmacogenomics to guide
prescribing for therapies such as anticoagulants (Roberts et al.,
2012; Pirmohamed et al., 2013), antidepressants (Greden et al.,
2019; Ruaño et al., 2020), antipsychotics (Herbild et al., 2013)
and statins (Peyser et al., 2018). Based on such evidence, the Clinical
Pharmacogenetics Implementation Consortium (CPIC) has pub-
lished guidelines on how to adjust drugs based on genetic test
results (Relling and Klein, 2011). However, these guidelines have
been predominantly guided by studies that focused on single drug–
gene or disease–gene pairs (O’Shea et al., 2022). Given the com-
plexity of pharmacogenomic interactions amongst multiple drugs
and proteins, the effectiveness of pharmacogenetic interventions in
adults with polypharmacy needs to be established.

Tomaximise the potential of pharmacogenomics in routine care
of adults with polypharmacy, several elements that have been
reported as key facilitators could be applied, including (1) a proper
infrastructure to integrate pharmacogenomics into the workflow of
physicians and pharmacists (van der Wouden et al., 2017; Slob
et al., 2018), (2) improvement in physicians’, pharmacists’ and
patients’ awareness and education about pharmacogenomics
(Jansen et al., 2017; Tonk et al., 2017) and (3) clear clinical pathways
and allocation of responsibilities between healthcare providers
about who should interpret pharmacogenomics results and com-
munication with patients (Finkelstein et al., 2016; Lanting et al.,
2020).

In addition, as previously discussed, polypharmacy is highly
prevalent in older adults who are likely to experience adverse events
due to factors other than genetic polymorphisms, including multi-
morbidity, frailty and lifestyle (McLachlan et al., 2009). The effects
of these factors can be considered through analysis of a wide range
of big data, ranging from the clinical, functional and socio-
demographic data captured in health records, to the variability of
the microbiome. Therefore, multiple factors need to be evaluated to
optimise polypharmacy drug regimens. While existing CDSS for
polypharmacy consider some drug or patient factors, as outlined in
Table 2, there is potential to integrate these with factors identified
frompre-clinical studies, pharmacogenomics, drug interaction data
and clinical data including therapeutic drug monitoring, to guide
precision medicine for patients with polypharmacy.
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Table 2. Electronic clinical decision support systems to optimise polypharmacy

System, References Country and year User Knowledge base Input data DDIs DDSIs DGIs Dosing

Impact of renal
function on drug

clearance

CheckUP, Linkens et al., 2022 Netherlands 2022 Physicians
Pharmacists

STOPP START (O’Mahony et al., 2015) – Drugs
– Age
– Gender
– Laboratory test results

Y Y N Ya Y

Frutos et al., 2022 Argentina 2022 General
practitioners

– Beers (Fick et al., 2019) – Drugs
– Age
– Gender

Y Y N Ya Y

MediQuit, Junius-Walker et
al., 2021

Germany 2022 Physicians – Systematic review on deprescribing guides
in primary care

– Drugs
– Medical conditions
– Frailty

NS NS NS NS NS

Persell et al., 2022 USA 2022 Physicians – Beers (Fick et al., 2015)
– STOPP (O’Mahony et al., 2015)
– National Action Plan for Adverse Drug
Event Detection (U.S. Department of
Health and Human Services, 2014)

– Drugs
– Medical conditions

Y Y N Ya Y

Singhal et al., 2022 USA 2022 Clinicians – Beers (Fick et al., 2015) – Drugs N N N N N

Bittmann et al., 2021 Germany 2021 Prescribers – AiDKlinik (Dosing GmbH, 2022) – Drugs Y N N N N

DBI Hospital Intervention
Bundle, Baysari et al., 2021;
Masnoon et al., 2022

Australia
2021

Healthcare
professionals

– DBI (Hilmer et al., 2007a)
– Clinician deprescribing guides (NSW
Therapeutic Advisory Group, 2021)

– Consumer information leaflets (NSW
Therapeutic Advisory Group, 2021)

– Education module on deprescribing
(Health Education and Training, 2018)

– Drugs N N N Yb N

OPERAM, Blum et al., 2021 Europe 2020 Physicians
Pharmacists

– STOPP START (Gallagher et al., 2011) – Drugs
– Medical conditions
– Laboratory test results

Y Y N Ya Y

Rogero-Blanco et al., 2020 Spain 2020 Physicians – Beers (Fick et al., 2015)
– STOPP START (Delgado Silveira et al.,
2015)

– Drugs
– Medical conditions

Y Y N Ya Y

G-MEDSS, G-MEDSS, 2019;
Kouladjian O’Donnell et al.,
2022

Australia 2019 Healthcare
professionals

– DBI (Hilmer et al., 2007a)
– Goals of care
– rPATD (Reeve et al., 2016)

– Drugs N N N Yb N

Zwietering et al., 2019 Netherlands 2019 Clinicians – STOPP START (O’Mahony et al., 2015) – Drugs
– Laboratory test results

Y Y N Ya Y

García-Caballero et al., 2018 Spain 2018 Physicians – STOPP (O’Mahony et al., 2015) – Drugs Y Y N Ya Y

Kim et al., 2018 USA 2018 Pharmacists – Not specified – Drugs
– Pharmaco-genetic test
results

Y Y Y Ya N

Liu et al., 2018 USA 2018 NS – UpToDate (Wolters Kluwer, 2022)
– Indiana University portal (Flockhart, 2021)

– Drugs
– Genetic data

Y N Y N N

(Continued)
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Table 2. (Continued)

System, References Country and year User Knowledge base Input data DDIs DDSIs DGIs Dosing

Impact of renal
function on drug

clearance

– SuperCyp (Preissner et al., 2010)
– PharmGKB (Whirl-Carrillo et al., 2012)
– SNPedia (Cariaso and Lennon, 2012)

Johansson-Pajala et al., 2018 Sweden 2017 Physicians
Registered
nurses

– Beers (Fick et al., 2015)
– STOPP START (O’Mahony et al., 2015)

– Drugs
– Medical conditions

Y N N Ya Y

MedSafer, McDonald et al.,
2019

Canada 2017 Clinicians – Beers (Fick et al., 2015)
– STOPP (O’Mahony et al., 2015)
– Choosing Wisely Canada (The American
Board of Internal Medicine Foundation,
2022)

– Literature review on deprescribing

– Drugs
– Medical conditions
– Frailty

Y Y N Ya Y

PIM-Check, Blanc et al., 2018 Switzerland 2017 Junior hospital
physicians and
pharmacists

– Internal PIMs list – Drugs
– Medical conditions

Y Y N Ya Y

Verdoorn et al., 2018 Netherlands 2017 Pharmacists – Beers (Fick et al., 2015)
– STOPP START (O’Mahony et al., 2015)

– Drugs Y Y N Ya Y

PRIMA-eDS, Sönnichsen et al.,
2016

Finland 2016 Physicians – EU(7) PIM list (Renom-Guiteras et al., 2015)
– SFINX (Böttiger et al., 2009)
– RISKBASE (Medbase, 2015b)
– RENBASE (Medbase, 2015a)

– Drugs
– Medical conditions
– Symptoms
– Biometric measurements
(such as body mass index
and blood pressure)

– Laboratory test results

Y N N Ya Y

SENATOR, Dalton et al., 2020 Europe 2016 Clinicians – STOPP START (O’Mahony et al., 2015)
– British National Formulary
– SafeScript
– CIRS-G (Miller et al., 1992)
– ONTOP (Abraha et al., 2015)

– Drugs
– Medical conditions

Y Y N Ya Y

SMART, Alagiakrishnan et al.,
2016

Canada 2016 Physicians
Geriatricians

– Beers (Fick et al., 2015) – Drugs Y Y N Ya Y

TRIM, Fried et al., 2017 USA 2016 Pharmacists – Beers (Fick et al., 2015)
– STOPP (O’Mahony et al., 2015)
– Medication Regimen Feasibility (Morisky et
al., 2008)

– Renal dosing guidelines

– Age
– Drugs
– Medical conditions

Y Y N Ya Y

O’Sullivan et al., 2016 Ireland 2015 Pharmacists – Beers (Fick et al., 2015)
– STOPP START (O’Mahony et al., 2015)
– PRISCUS list (Holt et al., 2010)
– Product information

– Drugs
– Medical conditions

Y N N Ya Y

GraphSAW, Holt et al., 2010 Germany 2015 Health
professionals
Researchers

– DrugBank (Knox et al., 2010)
– ABDA (Avoxa, 2009)
– KEGG (Kanehisa et al., 2012)
– SIDER (Kuhn et al., 2010)

– Drugs
– Medical conditions

Y Y N N N

(Continued)
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Table 2. (Continued)

System, References Country and year User Knowledge base Input data DDIs DDSIs DGIs Dosing

Impact of renal
function on drug

clearance

STRIP Assistant, Meulendijk et
al., 2015

Switzerland and
Netherlands 2015

Physicians
Pharmacists

– STOPP START (Meulendijk et al., 2015)
– Drug interaction guidelines

– Drugs
– Medical conditions
– Laboratory test results

Y Y N Ya Y

INTERcheck, Ghibelli et al.,
2013

Italy 2013 Clinicians – Beers (American Geriatrics Society 2012
Beers Criteria Update Expert Panel, 2012)

– ACB scale (Boustani et al., 2008)
– Drug–interaction database

– Drugs Y Y N Ya Y

Grando et al., 2012 USA 2012 Not specified – MRCI (George et al., 2004)
– Clinical guidelines for different diseases
management

– Drugs
– Medical conditions

Y N N Ya Y

Note: Studies were identified using the search strategy outlined byMouazer et al. (2022), with the date rangewas set to the last 10 years (2012 to October 2022). Data items included in the table were guided byMasnoon et al. (2018) andMouazer et al. (2022).
Y, Yes (characteristic considered by the CDSS); N, No (characteristic not considered by the CDSS), Ya, mentions dosing only; Yb, based predominantly on actual doses being used.
Abbreviation: ACB Scale, Anticholinergic Cognitive Burden Scale; DBI; Drug Burden Index; DDI; Drug–drug interaction; DDSI, Drug–disease interaction; DGI, Drug–gene interaction; MRCI, Medication Regimen Complexity Index; NS, not specified (unclear if
characteristic considered by the CDSS); OPERAM, Optimising Therapy to Prevent Avoidable Hospital Admissions in Multimorbid Older Adults; PIM, Potentially Inappropriate Medication; PRISCUS, Latin for ‘old and vulnerable’; rPATD, Revised Patients’
Attitudes Towards Deprescribing; START, Screening Tool to Alert to Right Treatment; STOPP, Screening Tool of Older Persons’ Prescriptions.
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Taking these into account, we outline a proposed approach to
provide precision medicine as part of medication review for
patients with polypharmacy (Figure 1). This model involves the
following steps: (1) identify older adults with polypharmacy at high
risk of adverse outcomes using screening tools based on a range of
clinical and drug use variables; (2) collect comprehensive patient
information from sources such as pharmacogenomics testing and
DDI prediction, and transfer results to the eMR, allowing for
computational analysis to predict outcomes; (3) trained physicians,
pharmacists or pharmacologists implement a medication review
for the patients informed by the results of pharmacogenomic testing,
DDIs prediction, physiological-pharmacokinetic-pharmacodynamic
modelling and routinely used care assessment data stored in the eMR
(e.g., patient’s medical conditions, hepatic/renal function, frailty,
medications, any drug allergies or intolerances, results of any thera-
peutic drug monitoring). The review provides recommendations to
optimise drug regimens (i.e., dose change, cease, start new therapies);
(4) considering the recommendations, evidence-based guidelines
and other complex clinical biopsychosocial factors not captured in
the eMR, the patient’s treating physician optimises drug regimens
through a person-centred shared-decisionmaking process. To facili-
tate deprescribing of inappropriate polypharmacy for older people,
the use of comprehensive intervention bundles, such as training
modules for healthcare providers, patient education leaflets and
individualised goal attainment outcomes, may be effective
(McDonald et al., 2022) and (5) implementation of medication
review is evaluated using structural, process and outcome quality
indicators to provide population-level surveillance with audit and
feedback.

The novelty of this model lies in the implementation of medi-
cation review by a multidisciplinary team, based on the integrated
results from a range of sources and their pharmacological expertise.
Even if DDI prediction models demonstrate good predictive per-
formance, the rationale behind their decisions is difficult to inter-
pret, and expert interpretation is needed (Topol, 2019). The same
applies to pharmacogenomic, therapeutic drug monitoring or
pharmacological modelling data. Integrating data from these dif-
ferent sources including DDIs and pharmacogenomic factors
requires complex clinical interpretation. In addition, recommenda-
tions made by CDSS regarding medication changes that are not
clinically relevant undermine the trustworthiness of the recom-
mendations and discourage clinicians utilising systems (Dalton
et al., 2020). Therefore, it is particularly important that trained
health care providers evaluate the validity of the predicted results.
Furthermore, to facilitate this proposed model, it is important that
clinicians understand the patient’s goals of care, and how they can
contribute to achieving patients’ preferred goals through shared-
decision making and goal-directed medication reviews. These indi-
vidualised approaches using the proposed comprehensive inter-
vention bundle provide a promising strategy to achieve precision
medicine in polypharmacy by bringing together bioinformatics and
clinical judgement to select the medications, doses and formula-
tions most likely to help people with polypharmacy achieve their
therapeutic goals. The use of quality indicators will enable health-
care providers to promote further quality improvement activities
(Fujita et al., 2018).

Figure 1. Novel approach to involve precision medicine for patients with polypharmacy. DDI, drug–drug interaction; eMR, electronic medical record.
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Conclusion

Precision medicine is an approach to maximise the effectiveness of
disease treatment and prevention and minimise harm from medi-
cations by taking into account relevant demographic, clinical,
genomic and environmental factors in making treatment decisions.
In people with polypharmacy, the complexity of these factors
influencing response to medicines as well as limited direct evidence
from human studies make achieving precision medicine challen-
ging. To address this, we proposed a novel approach to involve
precision medicine as part of medication review for patients with
polypharmacy. For thismodel to be implemented in routine clinical
practice, the integration of the comprehensive intervention bundles
into the eMR is necessary, using bioinformatic approaches on a
wide range of data to predict the effects of polypharmacy regimens
on an individual. In addition, there is a need to train clinicians to
interpret the results of the data from sources that include
pharmacogenomic testing, DDI prediction and physiological-
pharmacokinetic-pharmacodynamic modelling to inform their
medication reviews. Future studies are needed to evaluate the
efficacy of the model and to test generalisability so that it can be
implemented at scale, improving outcomes from polypharmacy.

Open peer review. To view the open peer review materials for this article,
please visit http://doi.org/10.1017/pcm.2023.10.

Data availability statement. All datasets used for the analysis are publicly
available at the corresponding references.

Author contributions. K.F. and S.N.H. developed the main conceptual ideas
for the paper with critical input from N.M., L.K.O. and J.M. All authors
contributed to the draft and provided critical revisions. All authors read and
approved the final manuscript.

Financial support. This research received no specific grant from any funding
agency, commercial or not-for-profit sectors. K.F. is supported byNHMRCAPP
117 4447. L.K.O. is supported by the Rothwell Fellowship in Geriatric Pharma-
cotherapy and Penney Ageing Research Unit. N.M. is supported by the Rothwell
Fellowship in Geriatric Pharmacotherapy and NHMRC APP 117 4447. J.M. is
supported by the Penney Ageing Research Unit.

Competing interest. S.N.H. developed and continues to lead an active
research program on the Drug Burden Index. The Goal-directed Medication
review Electronic Decision Support System (G-MEDSS), which includes a Drug
Burden Index calculator, was developed by L.K.O. under the supervision of
S.N.H., and is under consideration for commercialisation. The other authors
declare none.

References

Abarca J, Malone DC, Armstrong EP, Grizzle AJ, Hansten PD, Van Bergen
RC and Lipton RB (2004) Concordance of severity ratings provided in four
drug interaction compendia. Journal of the American Pharmaceutical Asso-
ciation 44, 136–141.

Abraha I, Trotta F, Rimland JM, Cruz-Jentoft A, Lozano-Montoya I, Soiza
RL, Pierini V, Dessì Fulgheri P, Lattanzio F and O’mahony D (2015)
Efficacy of non-pharmacological interventions to prevent and treat delirium
in older patients: A systematic overview. The SENATOR Project ONTOP
Series. PloS One 10, e0123090.

Alagiakrishnan K, Wilson P, Sadowski CA, Rolfson D, Ballermann M,
Ausford A, Vermeer K, Mohindra K, Romney J and Hayward RS (2016)
Physicians’ use of computerized clinical decision supports to improve medi-
cation management in the elderly – The seniors medication alert and review
technology intervention. Clinical Interventions in Aging 11, 73.

American Geriatrics Society 2012 Beers Criteria Update Expert Panel (2012)
American Geriatrics Society updated beers criteria for potentially

inappropriate medication use in older adults. Journal of the American Geri-
atrics Society 60, 616–631.

Austad B, Hetlevik I, Mjolstad BP and Helvik AS (2016) Applying clinical
guidelines in general practice: A qualitative study of potential complications.
BMC Family Practice 17, 92.

Avorn J and Shrank WH (2008) Adverse drug reactions in elderly people: A
substantial cause of preventable illness. BMJ (Online) 336, 956.

Avoxa (2009) ABDATA: Pharma-Daten-Service. Available at https://abdata.de/
(accessed 30 October 2022).

Bang S,Ho Jhee J and Shin H (2021) Polypharmacy side effect prediction with
enhanced interpretability based on graph feature attention network. Bio-
informatics 37, 2955–2962.

Bansal M, Yang J, Karan C, Menden MP, Costello JC, Tang H, Xiao G, Li Y,
Allen J,ZhongR,ChenB,KimM,WangT,Heiser LM,Realubit R,Mattioli
M, Alvarez MJ, Shen Y, Gallahan D, Singer D, Saez-Rodriguez J, Xie Y,
StolovitzkyG andCalifanoA (2014) A community computational challenge
to predict the activity of pairs of compounds. Nature Biotechnology 32,
1213–1222.

Barnett K, Mercer SW, Norbury M, Watt G, Wyke S and Guthrie B (2012)
Epidemiology of multimorbidity and implications for health care, research,
and medical education: A cross-sectional study. Lancet 380, 37–43.

Baysari MT, Duong MH, Hooper P, Stockey-Bridge M, Awad S, Zheng WY
and Hilmer SN (2021) Supporting deprescribing in hospitalised patients:
Formative usability testing of a computerised decision support tool. BMC
Medical Informatics and Decision Making 21, 116.

Bittmann JA, Rein EK,Metzner M,Haefeli WE and Seidling HM (2021) The
acceptance of interruptive medication alerts in an electronic decision support
system differs between different alert types. Methods of Information in
Medicine 60, 180–184.

Blanc AL, Guignard B, Desnoyer A, Grosgurin O, Marti C, Samer C and
Bonnabry P (2018) Prevention of potentially inappropriate medication in
internal medicine patients: A prospective study using the electronic applica-
tion PIM‐check. Journal of Clinical Pharmacy and Therapeutics 43, 860–866.

Blum MR, Sallevelt BTGM, Spinewine A, O’mahony D, Moutzouri E, Feller
M, Baumgartner C, Roumet M, Jungo KT, Schwab N, Bretagne L, Beglin-
ger S, Aubert CE,Wilting I, Thevelin S,Murphy K,Huibers CJA,Drenth-
Van Maanen AC, Boland B, Crowley E, Eichenberger A, Meulendijk M,
Jennings E,Adam L, Roos MJ,Gleeson L, Shen Z,Marien S,Meinders A-J,
Baretella O, Netzer S,DeMontmollin M, Fournier A,Mouzon A,O’mah-
ony C, Aujesky D, Mavridis D, Byrne S, Jansen PF, Schwenkglenks M,
Spruit M, Dalleur O, Knol W, Trelle S and Rodondi N (2021) Optimizing
therapy to prevent avoidable hospital admissions inmultimorbid older adults
(OPERAM): Cluster randomised controlled trial. BMJ 374, n1585.

Böttiger Y, Laine K, Andersson ML, Korhonen T, Molin B, Ovesjö M-L,
Tirkkonen T, Rane A, Gustafsson LL and Eiermann B (2009) SFINX—A
drug–drug interaction database designed for clinical decision support sys-
tems. European Journal of Clinical Pharmacology 65, 627–633.

Boustani M, Campbell N,Munger S,Maidment I and Fox C (2008) Impact of
anticholinergics on the aging brain: A review and practical application. Aging
Health 4, 311–320.

Cariaso M and Lennon G (2012) SNPedia: A wiki supporting personal genome
annotation, interpretation and analysis. Nucleic Acids Research 40,
D1308–D1312.

Cheng F and Zhao Z (2014) Machine learning-based prediction of drug–drug
interactions by integrating drug phenotypic, therapeutic, chemical, and
genomic properties. Journal of the AmericanMedical Informatics Association:
JAMIA 21, e278–e286.

Clegg A, Young J, Iliffe S, Rikkert MO and Rockwood K (2013) Frailty in
elderly people. Lancet 381, 752–762.

Collard RM, Boter H, Schoevers RA and Oude Voshaar RC (2012) Prevalence
of frailty in community-dwelling older persons: A systematic review. Journal
of the American Geriatrics Society 60, 1487–1492.

Corny J, Rajkumar A,Martin O, Dode X, Lajonchère JP, Billuart O, Bézie Y
and Buronfosse A (2020) A machine learning-based clinical decision sup-
port system to identify prescriptions with a high risk of medication error.
Journal of the American Medical Informatics Association 27, 1688–1694.

Dalton K, Curtin D, O’Mahony D and Byrne S (2020) Computer-generated
STOPP/START recommendations for hospitalised older adults: Evaluation

Cambridge Prisms: Precision Medicine 11

https://doi.org/10.1017/pcm.2023.10 Published online by Cambridge University Press

http://doi.org/10.1017/pcm.2023.10
https://abdata.de/
https://doi.org/10.1017/pcm.2023.10


of the relationship between clinical relevance and rate of implementation in
the SENATOR trial. Age and Ageing 49, 615–621.

Damoiseaux-Volman BA, Medlock S, Van Der Meulen DM, De Boer J,
Romijn JA, Van Der Velde N and Abu-Hanna A (2022) Clinical validation
of clinical decision support systems for medication review: A scoping review.
British Journal of Clinical Pharmacology 88, 2035–2051.

Delgado Silveira E, Montero Errasquín B, Muñoz García M, Vélez-Díaz-
Pallarés M, LozanoMontoya I, Sánchez-Castellano C and Cruz-Jentoft AJ
(2015) Improving drug prescribing in the elderly: A new edition of STOPP/
START criteria. Revista Española de Geriatría y Gerontología 50, 89–96.

Dewan P, JacksonA, Jhund PS, Shen L, Ferreira JP,PetrieMC,AbrahamWT,
Desai AS, Dickstein K, Køber L, Packer M, Rouleau JL, Solomon SD,
Swedberg K, Zile MR and Mcmurray JJV (2020) The prevalence and
importance of frailty in heart failure with reduced ejection fraction – An
analysis of PARADIGM‐HF and ATMOSPHERE. European Journal of Heart
Failure 22, 2123–2133.

Dosing Gmbh (2022) AIDKlinik. Available at https://www.dosing-gmbh.de/
produktloesungen/aidklinik-2/ (accessed 31 October 2022).

Dücker CM and Brockmöller J (2019) Genomic variation and pharmacokin-
etics in old age: A quantitative review of age‐ vs. genotype‐related differences.
Clinical Pharmacology and Therapeutics 105, 625–640.

Eroli F, Johnell K, Latorre Leal M, Adamo C, Hilmer S, Wastesson JW,
Cedazo-Minguez A and Maioli S (2020) Chronic polypharmacy impairs
explorative behavior and reduces synaptic functions in young adult mice.
Aging (Albany, NY) 12, 10147–10161.

Fávaro-Moreira NC,Krausch-Hofmann S,Matthys C,Vereecken C,Vanhau-
waert E, Declercq A, Bekkering GE and Duyck J (2016) Risk factors for
malnutrition in older adults: A systematic review of the literature based on
longitudinal data. Advances in Nutrition (Bethesda, MD) 7, 507–522.

Ferdousi R, Safdari R and Omidi Y (2017) Computational prediction of drug–
drug interactions based on drugs functional similarities. Journal of Biomed-
ical Informatics 70, 54–64.

Fick DM, Semla TP, Beizer J, Brandt N, Dombrowski R, Dubeau CE, Eisen-
berg W, Epplin JJ, Flanagan N, Giovannetti E, Hanlon J, Hollmann P,
Laird R, Linnebur S, Sandhu S and SteinmanM (2015) American Geriatrics
Society 2015 updated beers criteria for potentially inappropriate medication
use in older adults. Journal of the American Geriatrics Society (JAGS) 63,
2227–2246.

FickDM, Semla TP, SteinmanM,Beizer J,BrandtN,Dombrowski R,Dubeau
CE, Pezzullo L, Epplin JJ, Flanagan N,Morden E, Hanlon J, Hollmann P,
Laird R, Linnebur S and Sandhu S (2019) American Geriatrics Society 2019
updated AGS beers criteria® for potentially inappropriate medication use in
older adults. Journal of the American Geriatrics Society (JAGS) 67, 674–694.

Finkelstein J, Friedman C,Hripcsak G and Cabrera M (2016) Potential utility
of precisionmedicine for older adults with polypharmacy: A case series study.
Pharmacogenomics and Personalized Medicine 9, 31–45.

Flockhart D (2021) Drug Interactions: Cytochrome P450 Drug Interaction
Table. Available at https://drug-interactions.medicine.iu.edu/MainTable.
aspx (accessed 31 October 2022).

Francesca E,Kristina J,María L-L, SarahH, JonasW,Cedazo-Minguez A and
Silvia M (2021) Long-term exposure to polypharmacy impairs cognitive
functions in young adult female mice. Aging (Albany, NY) 13, 14729–14744.

Fried TR, Niehoff KM, Street RL, Charpentier PA, Rajeevan N, Miller PL,
Goldstein MK,O’leary JR and Fenton BT (2017) Effect of the tool to reduce
inappropriate medications on medication communication and deprescrib-
ing. Journal of the American Geriatrics Society 65, 2265–2271.

Frutos E, Kakazu M, Tajerian M, Gaiera A, Rubin L, Otero C and Luna D
(2022) Clinical decision support system for PIM in elderly patients: Imple-
mentation and initial evaluation in ambulatory care. Studies in Health
Technology and Informatics 294, 475–479.

Fujita K,Moles RJ andChenTF (2018) Quality indicators for responsible use of
medicines: A systematic review. BMJ Open 8, e020437.

Gallagher PF, O’connor MN and O’mahony D (2011) Prevention of poten-
tially inappropriate prescribing for elderly patients: A randomized controlled
trial using STOPP/START criteria. Clinical Pharmacology and Therapeutics
89, 845–854.

García-Caballero TM, Lojo J, Menéndez C, Fernández-Álvarez R, Mateos R
and Garcia-Caballero A (2018) Polimedication: Applicability of a computer

tool to reduce polypharmacy in nursing homes. International Psychogeriat-
rics 30, 1001–1008.

Gemikonakli G,Mach J, Zhang F, Bullock M, Tran T, El-Omar E and Hilmer
SN (2022) Polypharmacy with high Drug Burden Index (DBI) alters the gut
microbiome overriding aging effects and is reversible with deprescribing. The
Journals of Gerontology. Series A, Biological Sciences andMedical Sciences 78,
213–222.

George J, Phun Y-T, Bailey MJ,Kong DC and Stewart K (2004) Development
and validation of the medication regimen complexity index. Annals of
Pharmacotherapy 38, 1369–1376.

Ghibelli S, Marengoni A, Djade CD, Nobili A, Tettamanti M, Franchi C,
Caccia S, Giovarruscio F, Remuzzi A and Pasina L (2013) Prevention of
inappropriate prescribing in hospitalized older patients using a computerized
prescription support system (INTERcheck®). Drugs & Aging 30, 821–828.

G-Medss (2019) Goal-DirectedMedication Review Electronic Decision Support
System. Available at https://gmedss.com/landing (accessed 26October 2022).

Gottlieb A, Stein GY, Oron Y, Ruppin E and Sharan R (2012) INDI: A
computational framework for inferring drug interactions and their associated
recommendations. Molecular Systems Biology 8, 592.

Grando A, Farrish S, Boyd C and Boxwala A (2012) Ontological approach for
safe and effective polypharmacy prescription. AMIA Annual Symposium
Proceedings 2012, 291–300.

Greden JF, Parikh SV, Rothschild AJ, Thase ME, Dunlop BW, Debattista C,
Conway CR, Forester BP,Mondimore FM, Shelton RC,Macaluso M, Li J,
Brown K,Gilbert A, Burns L, Jablonski MR and Dechairo B (2019) Impact
of pharmacogenomics on clinical outcomes in major depressive disorder in
the GUIDED trial: A large, patient- and rater-blinded, randomized, con-
trolled study. Journal of Psychiatric Research 111, 59–67.

Guthrie B,Makubate B,Hernandez-Santiago V andDreischulte T (2015) The
rising tide of polypharmacy and drug–drug interactions: Population database
analysis 1995–2010. BMC Medicine 13, 74.

Gutierrez-Valencia M, Izquierdo M, Cesari M, Casas-Herrero A, Inzitari M
and Martinez-Velilla N (2018) The relationship between frailty and poly-
pharmacy in older people: A systematic review. British Journal of Clinical
Pharmacology 84, 1432–1444.

Han K,Cao P,Wang Y,Xie F,Ma J, YuM,Wang J,Xu Y, Zhang Y andWan J
(2021) A review of approaches for predicting drug–drug interactions based
on machine learning. Frontiers in Pharmacology 12, 814858.

Health Education and Training (2018) Polypharmacy in older inpatients.
Available at https://www.heti.nsw.gov.au/education-and-training/courses-
and-programs/polypharmacy-in-older-inpatients- (accessed 26 October
2022).

Herbild L,Andersen SE,Werge T,Rasmussen HB and Jürgens G (2013) Does
pharmacogenetic testing for CYP450 2D6 and 2C19 among patients with
diagnoses within the schizophrenic spectrum reduce treatment costs?Basic&
Clinical Pharmacology & Toxicology 113, 266–272.

Hilmer SN and Gnjidic D (2009) The effects of polypharmacy in older adults.
Clinical Pharmacology and Therapeutics 85, 86–88.

Hilmer SN and Kirkpatrick CMJ (2021) New horizons in the impact of frailty
on pharmacokinetics: Latest developments. Age and Ageing 50, 1054–1063.

Hilmer SN,MagerDE, Simonsick EM,CaoY, Ling SM,WindhamBG,Harris
TB,Hanlon JT,Rubin SM, Shorr RI,BauerDC andAbernethy DR (2007a)
A drug burden index to define the functional burden of medications in older
people. JAMA Internal Medicine 167, 781–787.

Hilmer SN,Mclachlan AJ and Le Couteur DG (2007b) Clinical pharmacology
in the geriatric patient. Fundamental & Clinical Pharmacology 21, 217–230.

Holt S, Schmiedl S and Thürmann PA (2010) Potentially inappropriate
medications in the elderly. Dtsch Arztebl International 107, 543–551.

Huang H, Zhang P, Qu XA, Sanseau P and Yang L (2014) Systematic
prediction of drug combinations based on clinical side-effects. Scientific
Reports 4, 7160.

Huizer-Pajkos A, Kane AE, Howlett SE, Mach J, Mitchell SJ, De Cabo R, Le
CouteurDGandHilmer SN (2016)Adverse geriatric outcomes secondary to
polypharmacy in a mouse model: The influence of aging. The Journals of
Gerontology. Series A, Biological Sciences and Medical Sciences 71, 571–577.

Ibrahim K, Cox NJ, Stevenson JM, Lim S, Fraser SDS and Roberts HC (2021)
A systematic review of the evidence for deprescribing interventions among
older people living with frailty. BMC Geriatrics 21, 258.

12 Kenji Fujita et al.

https://doi.org/10.1017/pcm.2023.10 Published online by Cambridge University Press

https://www.dosing-gmbh.de/produktloesungen/aidklinik-2/
https://www.dosing-gmbh.de/produktloesungen/aidklinik-2/
https://drug-interactions.medicine.iu.edu/MainTable.aspx
https://drug-interactions.medicine.iu.edu/MainTable.aspx
https://gmedss.com/landing
https://www.heti.nsw.gov.au/education-and-training/courses-and-programs/polypharmacy-in-older-inpatients-
https://www.heti.nsw.gov.au/education-and-training/courses-and-programs/polypharmacy-in-older-inpatients-
https://doi.org/10.1017/pcm.2023.10


JansenME, Rigter T, RodenburgW, Fleur TMC,Houwink EJF,WedaM and
Cornel MC (2017) Review of the reported measures of clinical validity and
clinical utility as arguments for the implementation of pharmacogenetic
testing: A case study of statin-induced muscle toxicity. Frontiers in Pharma-
cology 8, 555.

Jaspers Focks J, Brouwer MA, Wojdyla DM, Thomas L, Lopes RD, Washam
JB, Lanas F, Xavier D, Husted S, Wallentin L, Alexander JH, Granger CB
and Verheugt FWA (2016) Polypharmacy and effects of apixaban versus
warfarin in patients with atrial fibrillation: Post hoc analysis of the ARIS-
TOTLE trial. BMJ (Online) 353, i2868.

Johansson-Pajala R-M, Martin L and Blomgren KJ (2018) Registered nurses’
use of computerised decision support in medication reviews: Implications in
Swedish nursing homes. International Journal of Health Care Quality Assur-
ance 31, 531–544.

Johnell K and Kiarin I (2007) The relationship between number of drugs and
potential drug–drug interactions in the elderly: A study of over 600 000
elderly patients from the Swedish prescribed drug register. Drug Safety 30,
911–918.

Junius-Walker U, Viniol A, Michiels-Corsten M, Gerlach N, Donner-
Banzhoff N and Schleef T (2021) MediQuit, an electronic deprescribing
tool for patients on polypharmacy: Results of a feasibility study in German
general practice. Drugs & Aging 38, 725–733.

Kanehisa M, Goto S, Sato Y, Furumichi M and Tanabe M (2012) KEGG for
integration and interpretation of large-scale molecular data sets. Nucleic
Acids Research 40, D109–D114.

Kastrin A, Ferk P and Leskošek B (2018) Predicting potential drug–drug
interactions on topological and semantic similarity features using statistical
learning. PLoS One 13, e0196865.

KimK,Magness JW,Nelson R,BaronV and Brixner DI (2018) Clinical utility
of pharmacogenetic testing and a clinical decision support tool to enhance the
identification of drug therapy problems through medication therapy man-
agement in polypharmacy patients. Journal of Managed Care & Specialty
Pharmacy 24, 1250–1259.

Knox C, Law V, Jewison T, Liu P, Ly S, Frolkis A, Pon A, Banco K,Mak C and
Neveu V (2010) DrugBank 3.0: A comprehensive resource for ‘omics’
research on drugs. Nucleic Acids Research 39, D1035–D1041.

Kojima G (2015) Prevalence of frailty in nursing homes: A systematic review
and meta-analysis. Journal of the AmericanMedical Directors Association 16,
940–945.

Kouladjian L, Gnjidic D, Chen TF and Hilmer SN (2016) Development,
validation and evaluation of an electronic pharmacological tool: The drug
burden index calculator. Research in Social and Administrative Pharmacy 12,
865–875.

Kouladjian O’donnell L, Reeve E and Hilmer SN (2022) Development, valid-
ation and evaluation of the goal-directed medication review electronic deci-
sion support system (G-MEDSS). Research in Social & Administrative
Pharmacy 18, 3174–3183.

Kuhn M, Campillos M, Letunic I, Jensen LJ and Bork P (2010) A side effect
resource to capture phenotypic effects of drugs.Molecular Systems Biology 6,
343.

Lanting P, Drenth E, Boven L, Van Hoek A, Hijlkema A, Poot E, Van Der
Vries G, Schoevers R, Horwitz E, Gans R, Kosterink J, Plantinga M, Van
Langen I, Ranchor A, Wijmenga C, Franke L, Wilffert B and Sijmons R
(2020) Practical barriers and facilitators experienced by patients, pharmacists
and physicians to the implementation of pharmacogenomic screening in
Dutch outpatient hospital care-an explorative pilot study. Journal of Person-
alized Medicine 10, 1–13.

Li P,Huang C, Fu Y,Wang J,Wu Z, Ru J, Zheng C,Guo Z, Chen X, ZhouW,
Zhang W, Li Y, Chen J, Lu A and Wang Y (2015) Large-scale exploration
and analysis of drug combinations. Bioinformatics 31, 2007–2016.

Liau SJ, Lalic S, Sluggett JK, Cesari M, Onder G, Vetrano DL, Morin L,
Hartikainen S,Hamina A, Johnell K, Tan ECK,Visvanathan R, Bell JS and
Optimizing Geriatric Pharmacotherapy through Pharmacoepidemiology
Network (2021) Medication management in frail older people: Consensus
principles for clinical practice, Research, and Education. Journal of the
American Medical Directors Association 22, 43–49.

Linkens A, Milosevic V, Van Nie N, Zwietering A, De Leeuw PW, Van Den
Akker M, Schols J, Evers S, Gonzalvo C M,Winkens B, Van De Loo BPA,

DeWolf L, Peeters L,DeReeM, Spaetgens B,Hurkens K andVanDer Kuy
HM (2022) Control in the hospital by extensive clinical rules for unplanned
hospitalizations in older patients (CHECkUP); study design of a multicentre
randomized study. BMC Geriatrics 22, 36.

Liu J, Friedman C and Finkelstein J (2018) Pharmacogenomic approaches for
automated medication risk assessment in people with polypharmacy. AMIA
Summits on Translational Science Proceedings 2017, 142–151.

Lorgunpai SJ, Grammas M, Lee DSH, Mcavay G, Charpentier P and Tinetti
ME (2014) Potential therapeutic competition in community-living older
adults in the U.S.: Use of medications that may adversely affect a coexisting
condition. PLoS One 9, e89447.

Mach J, Gemikonakli G, Logan C, Vander Wyk B, Allore H, Ekambareshwar
S, Kane AE, Howlett SE, De Cabo R, Le Couteur DG and Hilmer SN
(2021a) Chronic polypharmacy with increasing drug burden index exacer-
bates frailty and impairs physical function, with effects attenuated by depre-
scribing, in aged mice. The Journals of Gerontology. Series A, Biological
Sciences and Medical Sciences 76, 1010–1018.

Mach J,WangX andHilmer SN (2021b) Quantification of serum levels inmice
of seven drugs (and six metabolites) commonly taken by older people with
polypharmacy. Fundamental & Clinical Pharmacology 35, 410–422.

Mangin D, Lamarche L, Agarwal G, Banh HL, Dore Brown N, Cassels A,
Colwill K, Dolovich L, Farrell B, Garrison S, Gillett J, Griffith LE, Hol-
brookA, Jurcic-Vrataric J,Mccormack J,O’reilly D,Raina P,Richardson J,
Risdon C, Savelli M, Sherifali D, Siu H, Tarride J-É, Trimble J, Ali A,
FreemanK, Langevin J,Parascandalo J,Templeton JA,Dragos S,Borhan S
and Thabane L (2021) Team approach to polypharmacy evaluation and
reduction: Study protocol for a randomized controlled trial. Trials 22, 746.

MangoniAA, Jansen PA and Jackson SH (2013)Under-representation of older
adults in pharmacokinetic and pharmacodynamic studies: A solvable prob-
lem? Expert Review of Clinical Pharmacology 6, 35–39.

Masnoon N, Lo S and Hilmer S (2022) A stewardship program to facilitate
anticholinergic and sedative medication deprescribing using the drug burden
index in electronic medical records. British Journal of Clinical Pharmacology
89, 687–698.

Masnoon N, Shakib S, Kalisch-Ellett L and Caughey GE (2017) What is
polypharmacy? A systematic review of definitions. BMC Geriatrics 17, 230.

Masnoon N, Shakib S, Kalisch-Ellett L and Caughey GE (2018) Tools for
assessment of the appropriateness of prescribing and association with
patient-related outcomes: A systematic review. Drugs & Aging 35, 43–60.

Masumshah R, Aghdam R and Eslahchi C (2021) A neural network-based
method for polypharmacy side effects prediction. BMCBioinformatics 22, 385.

McDonald EG, Wu PE, Rashidi B, Forster AJ, Huang A, Pilote L, Papillon-
Ferland L, Bonnici A, Tamblyn R,Whitty R, Porter S, Battu K, Downar J
and Lee TC (2019) The MedSafer study: A controlled trial of an electronic
decision support tool for deprescribing in acute care. Journal of the American
Geriatrics Society 67, 1843–1850.

McDonald EG,Wu PE, Rashidi B,WilsonMG, Bortolussi-Courval É,Atique
A, Battu K, Bonnici A, Elsayed S,Wilson AG, Papillon-Ferland L, Pilote L,
Porter S,Murphy J,Ross SB, Shiu J,TamblynR,Whitty R,Xu J, FabreauG,
Haddad T, Palepu A, Khan N, Mcalister FA, Downar J, Huang AR,
Macmillan TE, Cavalcanti RB and Lee TC (2022) The MedSafer study—
Electronic decision support for deprescribing in hospitalized older adults: A
cluster randomized clinical trial. JAMA Internal Medicine 182, 265–273.

McLachlan AJ, Hilmer SN and Le Couteur DG (2009) Variability in response
to medicines in older people: Phenotypic and genotypic factors. Clinical
Pharmacology and Therapeutics 85, 431–433.

Meaddough EL, Sarasua SM, Fasolino TK and Farrell CL (2021) The impact of
pharmacogenetic testing in patients exposed to polypharmacy: A scoping
review. The Pharmacogenomics Journal 21, 409–422.

Medbase (2015a) RENBASE - Drug Dosing in Renal Failure. Available at https://
www.medbase.fi/en/professionals/renbase (accessed 26 October 2022).

Medbase (2015b) RISKBASE - Analysis of Adverse Drug Reactions. Available at
https://www.medbase.fi/en/professionals/riskbase/(accessed 26 October
2022).

Mehta RS, Kochar BD, Kennelty K, Ernst ME and Chan AT (2021) Emerging
approaches to polypharmacy among older adults. Nature Aging 1, 347–356.

Meulendijk MC, Spruit MR, Drenth-Van Maanen A, Numans ME, Brink-
kemper S, Jansen PA and Knol W (2015) Computerized decision support

Cambridge Prisms: Precision Medicine 13

https://doi.org/10.1017/pcm.2023.10 Published online by Cambridge University Press

https://www.medbase.fi/en/professionals/renbase
https://www.medbase.fi/en/professionals/renbase
https://www.medbase.fi/en/professionals/riskbase/
https://doi.org/10.1017/pcm.2023.10


improves medication review effectiveness: An experiment evaluating the
STRIP assistant’s usability. Drugs & Aging 32, 495–503.

MillerMD, Paradis CF,Houck PR,Mazumdar S, Stack JA,Rifai AH,Mulsant
B and Reynolds CF (1992) Rating chronic medical illness burden in ger-
opsychiatric practice and research: Application of the cumulative illness
rating scale. Psychiatry Research 41, 237–248.

Morisky DE,AngA,Krousel-WoodM andWardHJ (2008) Predictive validity
of a medication adherence measure in an outpatient setting. The Journal of
Clinical Hypertension 10, 348–354.

Mouazer A, Tsopra R, Sedki K, Letord C and Lamy J-B (2022) Decision-
support systems formanaging polypharmacy in the elderly: A scoping review.
Journal of Biomedical Informatics 130, 104074.

Nagata N, Nishijima S, Miyoshi-Akiyama T, Kojima Y, Kimura M, Aoki R,
Ohsugi M, Ueki K, Miki K, Iwata E, Hayakawa K, Ohmagari N, Oka S,
MizokamiM, Itoi T,KawaiT,UemuraN andHattoriM (2022) Population-
level metagenomics uncovers distinct effects of multiple medications on the
human gut microbiome. Gastroenterology 163, 1038–1052.

Nguyen TN, Harris K, Woodward M, Chalmers J, Cooper M, Hamet P,
Harrap S, Heller S, Macmahon S, Mancia G, Marre M, Poulter N, Rogers
A,Williams B, Zoungas S, Chow CK and Lindley RI (2021) The impact of
frailty on the effectiveness and safety of intensive glucose control and blood
pressure–lowering therapy for people with type 2 diabetes: Results from the
ADVANCE trial. Diabetes Care 44, 1622–1629.

Nováček V and Mohamed SK (2020) Predicting polypharmacy side-effects
using knowledge graph Embeddings. AMIA Summits on Translational Sci-
ence Proceedings 2020, 449–458.

NSW Therapeutic Advisory Group (2021) Deprescribing Tools. Available at
https://www.nswtag.org.au/deprescribing-tools/ (accessed 26 October 2022).

O’shea J, Ledwidge M, Gallagher J, Keenan C and Ryan C (2022) Pharmaco-
genetic interventions to improve outcomes in patients with multimorbidity
or prescribed polypharmacy: A systematic review. The Pharmacogenomics
Journal 22, 89–99.

O’Sullivan D, O’Mahony D, O’Connor MN, Gallagher P, Gallagher J, Culli-
nan S, O’Sullivan R, Eustace J and Byrne S (2016) Prevention of adverse
drug reactions in hospitalised older patients using a software-supported
structured pharmacist intervention: A cluster randomised controlled trial.
Drugs & Aging 33, 63–73.

O’MahonyD,O’Sullivan D,Byrne S,O’ConnorMN,Ryan C andGallagher P
(2015) STOPP/START criteria for potentially inappropriate prescribing in
older people: Version 2. Age and Ageing 44, 213–218.

Pearson-Stuttard J, Ezzati M and Gregg EW (2019) Multimorbidity - A
defining challenge for health systems. The Lancet Public Health 4, e599–e600.

Peck RW (2018) Precision medicine is not just genomics: The right dose for
every patient. Annual Review of Pharmacology and Toxicology 58, 105–122.

Persell SD, Brown T,Doctor JN, Fox CR,Goldstein NJ,Handler SM,Hanlon
JT, Lee JY, Linder JA, Meeker D, Rowe TA, Sullivan MD and Friedberg
MW (2022) Development of high-risk geriatric polypharmacy electronic
clinical quality measures and a pilot test of EHR nudges based on these
measures. Journal of General Internal Medicine 37, 2777–2785.

Peyser B, Perry EP, Singh K, Gill RD, Mehan MR, Haga SB, Musty MD,
Milazzo NA, Savard D, Li Y-J, Trujilio G and Voora D (2018) Effects of
delivering SLCO1B1 Pharmacogenetic information in randomized trial and
observational settings. Circulation. Genomic and Precision Medicine 11,
e002228.

Pirmohamed M, Burnside G, Eriksson N, Jorgensen AL, Toh CH, Nicholson
T, Kesteven P, Christersson C, Wahlström B, Stafberg C, Zhang JE,
Leathart JB, Kohnke H,Maitland-Van Der Zee AH,Williamson PR,Daly
AK, Avery P, Kamali F and Wadelius M (2013) A randomized trial of
genotype-guided dosing of warfarin. The New England Journal of Medicine
369, 2294–2303.

Preissner S,Kroll K,DunkelM, Senger C,Goldsobel G,KuzmanD,Guenther
S, Winnenburg R, Schroeder M and Preissner R (2010) SuperCYP: A
comprehensive database on cytochrome P450 enzymes including a tool for
analysis of CYP-drug interactions. Nucleic Acids Research 38, D237–D243.

RahmanMM,Vadrev SM,Magana-Mora A, Levman J and SoufanO (2022) A
novel graphmining approach to predict and evaluate food–drug interactions.
Scientific Reports 12, 1061.

Reeve E, Low LF, Shakib S and Hilmer SN (2016) Development and validation
of the revised patients’ attitudes towards deprescribing (rPATD) question-
naire: Versions for older adults and caregivers. Drugs & Aging 33, 913–928.

Relling MV and Klein TE (2011) CPIC: Clinical pharmacogenetics implemen-
tation consortium of the pharmacogenomics research network. Clinical
Pharmacology and Therapeutics 89, 464–467.

Renom-Guiteras A,Meyer G and Thürmann PA (2015) The EU (7)-PIM list:
A list of potentially inappropriate medications for older people consented by
experts from seven European countries. European Journal of Clinical
Pharmacology 71, 861–875.

Roberts JDMD,Wells GP, Le MayMRP, Labinaz MP,Glover CMD, Froeschl
MMD,Dick AMD,Marquis J-FP,O’brien EP,Goncalves SMD,Druce IM,
Stewart AP, Gollob MHMD and So DYFD (2012) Point-of-care genetic
testing for personalisation of antiplatelet treatment (RAPID GENE): A
prospective, randomised, proof-of-concept trial. The Lancet (British Edition)
379, 1705–1711.

Rochon PA, Petrovic M, Cherubini A,Onder G,O’Mahony D, Sternberg SA,
Stall NM and Gurwitz JH (2021) Polypharmacy, inappropriate prescribing,
and deprescribing in older people: Through a sex and gender lens.The Lancet.
Healthy Longevity 2, e290–e300.

Rogero-Blanco E, Lopez-Rodriguez JA, Sanz-Cuesta T, Aza-Pascual-Salcedo
M, Bujalance-Zafra MJ and Cura-Gonzalez I (2020) Use of an electronic
clinical decision support system in primary care to assess inappropriate
polypharmacy in Young seniors with multimorbidity: Observational,
descriptive, cross-sectional study. JMIR Medical Informatics 8, e14130.

Rongen GPJM, Marquet P and Gerven JMV (2021) The scientific basis of
rational prescribing. A guide to precision clinical pharmacology based on the
WHO6-stepmethod. European Journal of Clinical Pharmacology 77, 677–683.

RuañoG,Robinson S,HolfordT,MehendruR,Baker S,Tortora J andGoethe
JW (2020) Results of the CYP-GUIDES randomized controlled trial: Total
cohort and primary endpoints. Contemporary Clinical Trials 89, 105910.

Salahudeen MS, Duffull SB and Nishtala PS (2015) Anticholinergic burden
quantified by anticholinergic risk scales and adverse outcomes in older
people: A systematic review. BMC Geriatrics 15, 31.

Saverno KR, Hines LE, Warholak TL, Grizzle AJ, Babits L, Clark C, Taylor
AM and Malone DC (2011) Ability of pharmacy clinical decision-support
software to alert users about clinically important drug–drug interactions.
Journal of the American Medical Informatics Association : JAMIA 18, 32–37.

Schmidt LE and Dalhoff K (2002) Food–drug interactions. Drugs 62,
1481–1502.

Singhal S, Krishnamurthy A, Wang B, Weng Y, Sharp C, Shah N, Ahuja N,
Hosamani P, Periyakoil VS and Hom J (2022) Effect of electronic clinical
decision support on inappropriate prescriptions in older adults. Journal of the
American Geriatrics Society 70, 905–908.

Slob EMA,Vijverberg SJH, PijnenburgMW,KoppelmanGH andDer Zee A-
HM-V (2018) What do we need to transfer pharmacogenetics findings into
the clinic? Pharmacogenomics 19, 589–592.

Sönnichsen A, Trampisch US, Rieckert A, Piccoliori G, Vögele A, FlammM,
Johansson T, Esmail A, Reeves D and Löffler C (2016) Polypharmacy in
chronic diseases–reduction of inappropriate medication and adverse drug
events in older populations by electronic decision support (PRIMA-eDS):
Study protocol for a randomized controlled trial. Trials 17, 1–9.

SteinmanMA, Landefeld CS,Rosenthal GE, Berthenthal D, Sen S and Kaboli
PJ (2006) Polypharmacy and prescribing quality in older people. Journal of
the American Geriatrics Society 54, 1516–1523.

The Agency for Clinical Innovation (2021) Medication Review for People
Living with Frailty. Available at https://aci.health.nsw.gov.au/networks/
frailty-taskforce/resources/medication-review (accessed 26 October 2022).

The American Board of Internal Medicine Foundation (2022) Choosing
Wisely. Available at https://www.choosingwisely.org/getting-started/lists/
(accessed 26 October 2022).

ThompsonW, Lundby C, Graabaek T, Nielsen DS, Ryg J, Sondergaard J and
Pottegard A (2019) Tools for deprescribing in frail older persons and those
with limited life expectancy: A systematic review. Journal of the American
Geriatrics Society 67, 172–180.

Tonk ECM, Gurwitz D, Maitland-Van Der Zee AH and Janssens ACJW
(2017) Assessment of pharmacogenetic tests: Presenting measures of clinical

14 Kenji Fujita et al.

https://doi.org/10.1017/pcm.2023.10 Published online by Cambridge University Press

https://www.nswtag.org.au/deprescribing-tools/
https://aci.health.nsw.gov.au/networks/frailty-taskforce/resources/medication-review
https://aci.health.nsw.gov.au/networks/frailty-taskforce/resources/medication-review
https://www.choosingwisely.org/getting-started/lists/
https://doi.org/10.1017/pcm.2023.10


validity and potential population impact in association studies. The Pharma-
cogenomics Journal 17, 386–392.

Topol EJ (2019) High-performance medicine: The convergence of human and
artificial intelligence. Nature Medicine 25, 44–56.

Tran T, Mach J, Gemikonakli G, Wu H, Allore H, Howlett SE, Little CB and
Hilmer SN (2022)Diurnal effects of polypharmacywith high drug burden index
on physical activities over 23 h differ with age and sex. Scientific Reports 12, 2168.

U.S. Department of Health and Human Services (2014) National Action Plan
for Adverse Drug Event Prevention. Washington, DC: U.S. Department of
Health and Human Services.

VanDerWouden CH, Cambon-Thomsen A, Cecchin E, Cheung KC,Dávila-
Fajardo CL, Deneer VH, Dolžan V, Ingelman-Sundberg M, Jönsson S,
Karlsson MO, Kriek M, Mitropoulou C, Patrinos GP, Pirmohamed M,
Samwald M, Schaeffeler E, Schwab M, Steinberger D, Stingl J, Sunder-
Plassmann G, Toffoli G, Turner RM, Van Rhenen MH, Swen JJ and
Guchelaar HJ (2017) Implementing pharmacogenomics in Europe: Design
and implementation strategy of the ubiquitous pharmacogenomics consor-
tium. Clinical Pharmacology and Therapeutics 101, 341–358.

Verdoorn S, Kwint H-F, Hoogland P, Gussekloo J and Bouvy ML (2018)
Drug‐related problems identified during medication review before and after
the introduction of a clinical decision support system. Journal of Clinical
Pharmacy and Therapeutics 43, 224–231.

Vilar S, Harpaz R, Uriarte E, Santana L, Rabadan R and Friedman C (2012)
Drug–drug interaction through molecular structure similarity analysis. Jour-
nal of the American Medical Informatics Association: JAMIA 19, 1066–1074.

Wang LM,WongM, Lightwood JM and Cheng CM (2010) Black box warning
contraindicated comedications: Concordance among three major drug inter-
action screening programs. The Annals of Pharmacotherapy 44, 28–34.

Weersma RK, Zhernakova A and Fu J (2020) Interaction between drugs and
the gut microbiome. Gut 69, 1510–1519.

Westerbeek L, Ploegmakers KJ, De Bruijn G-J, Linn AJ, Van Weert JCM,
Daams JG, Van Der Velde N, VanWeert HC,Abu-Hanna A and Medlock
S (2021) Barriers and facilitators influencing medication-related CDSS
acceptance according to clinicians: A systematic review. International Journal
of Medical Informatics 152, 104506.

Whirl-Carrillo M, Mcdonagh EM, Hebert JM, Gong L, Sangkuhl K, Thorn
CF, Altman RB and Klein TE (2012) Pharmacogenomics knowledge for
personalizedmedicine.Clinical Pharmacology and Therapeutics 92, 414–417.

Wolters Kluwer (2022) UpToDate. Available at https://www.uptodate.com/
contents/search (accessed 26 October 2022).

WuH,Mach J, Gemikonakli G, Tran T, Allore H, Gnjidic D,Howlett SE,De
Cabo R, Le Couteur DG and Hilmer SN (2021) Polypharmacy results in
functional impairment in mice: Novel insights into age and sex interactions.
The Journals of Gerontology. Series A, Biological Sciences andMedical Sciences
76, 1748–1756.

WuH,Mach J,Gnjidic D,Naganathan V, Blyth FM,Waite LM,Handelsman
DJ, Le Couteur DG and Hilmer SN (2022) Comparing effects of polyphar-
macy on inflammatory profiles in older adults and mice: Implications for
translational ageing research. The Journals of Gerontology. Series A, Biological
Sciences and Medical Sciences 77, 1295–1303.

Zitnik M, Agrawal M and Leskovec J (2018) Modeling polypharmacy
side effects with graph convolutional networks. Bioinformatics 34,
i457–i466.

Zwietering NA, Westra D, Winkens B, Cremers H, Van Der Kuy PHM and
Hurkens KP (2019) Medication in older patients reviewed multiple ways
(MORE) study. International Journal of Clinical Pharmacy 41, 1262–1271.

Cambridge Prisms: Precision Medicine 15

https://doi.org/10.1017/pcm.2023.10 Published online by Cambridge University Press

https://www.uptodate.com/contents/search
https://www.uptodate.com/contents/search
https://doi.org/10.1017/pcm.2023.10

	Polypharmacy and precision medicine
	Impact statement
	Introduction
	What makes precision medicine in polypharmacy challenging?
	Ageing
	Interactions
	Limitations of evidence from human studies and role of preclinical models

	Current approach to precision medicine in polypharmacy
	Use of decision support tools
	Criteria included in existing decision support tools and limitations
	Outcome evaluation of existing decision support tools and limitations

	Use of machine learning for predicting polypharmacy interactions and effects

	Future direction
	Conclusion
	Open peer review
	Data availability statement
	Author contributions
	Financial support
	Competing interest
	References


