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Abstract 

Background An increasing number of people are using multiple medications each day, named polypharmacy. This 
is driven by an ageing population, increasing multimorbidity, and single disease-focussed guidelines. Medications 
carry obvious benefits, yet polypharmacy is also linked to adverse consequences including adverse drug events, drug-
drug and drug-disease interactions, poor patient experience and wasted resources. Problematic polypharmacy is ‘the 
prescribing of multiple medicines inappropriately, or where the intended benefits are not realised’. Identifying people 
with problematic polypharmacy is complex, as multiple medicines can be suitable for people with several chronic 
conditions requiring more treatment. Hence, polypharmacy is often potentially problematic, rather than always inap-
propriate, dependent on clinical context and individual benefit vs risk. There is a need to improve how we identify 
and evaluate these patients by extending beyond simple counts of medicines to include individual factors and long-
term conditions.

Aim To produce a Polypharmacy Assessment Score to identify a population with unusual levels of prescribing who 
may be at risk of potentially problematic polypharmacy.

Methods Analyses will be performed in three parts:

1. A prediction model will be constructed using observed medications count as the dependent variable, with age, 
gender and long-term conditions as independent variables. A ‘Polypharmacy Assessment Score’ will then be con-
structed through calculating the differences between the observed and expected count of prescribed medications, 
thereby highlighting people that have unexpected levels of prescribing.

Parts 2 and 3 will examine different aspects of validity of the Polypharmacy Assessment Score:

2. To assess ‘construct validity’, cross-sectional analyses will evaluate high-risk prescribing within populations defined 
by a range of Polypharmacy Assessment Scores, using both explicit (STOPP/START criteria) and implicit (Medication 
Appropriateness Index) measures of inappropriate prescribing.

3. To assess ‘predictive validity’, a retrospective cohort study will explore differences in clinical outcomes (adverse drug 
reactions, unplanned hospitalisation and all-cause mortality) between differing scores.

Discussion Developing a cross-cutting measure of polypharmacy may allow healthcare professionals to prioritise 
and risk stratify patients with polypharmacy using unusual levels of prescribing. This would be an improvement 
from current approaches of either using simple cutoffs or narrow prescribing criteria.

Keywords Prediction modelling, Risk calculator, Polypharmacy, Multimorbidity, Overtreatment, Inappropriate 
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Introduction
Polypharmacy is broadly defined as the use of multiple 
medicines [1, 2]. Over a third of people over 65 are taking 
more than five regular medicines, with almost a quarter 
taking eight or more [3]. This has an ever escalating prev-
alence, driven by an ageing population, multimorbidity 
(multiple long-term conditions) and clinical guidance 
focussed on individual diseases [2, 4]. Medications carry 
clear benefits, yet polypharmacy is linked to adverse con-
sequences including poor patient experience, unplanned 
hospitalisation and death [1, 3]. Adverse reactions and 
medication errors are directly linked to the number of 
medicines prescribed, increasing health service utilisa-
tion, reducing adherence and decreasing quality of life 
[5–7]. In England, it is estimated that 10% of medica-
tions are inappropriate and potentially harmful, costing 
the NHS up to £1 billion in medications wastage alone 
[8]. Problematic polypharmacy has been defined as ‘the 
prescribing of multiple medications inappropriately, or 
where the intended benefit of the medication is not real-
ised’ [1].

Better methods to identify and evaluate patients with 
problematic polypharmacy are crucial [1]. There is no 
consensus on a definition for polypharmacy, with sig-
nificant variations in approaches to targeting problem-
atic polypharmacy [8, 9]. The World Health Organization 
defines polypharmacy as four or more medicines, and 
academic studies most commonly use five or more, with 
the NHS national polypharmacy indicators starting at 
eight or more [8, 10, 11]. However, these simple counts 
or thresholds ignore individual patient factors and clini-
cal appropriateness [1, 12, 13]. This makes it difficult 
to define and measure outcomes, with interventions 
being unable to effectively target the optimal population 
[1, 13]. Other targeted approaches frequently adopt drug-
specific, explicit prescribing criteria such as STOPP/
START or the Beers List [13–15]. However, these meth-
ods focus on individual examples of high-risk prescribing 
within a limited number of conditions, rather than polyp-
harmacy as a whole [1, 12]. There have also been numer-
ous attempts to develop prognostic models for adverse 
drug reactions, yet to date these have demonstrated inad-
equacies in performance and clinical application, particu-
larly during external validation [16, 17].

Evidence suggests that a comprehensive risk stratifica-
tion approach is needed to identify and target patients 
with problematic polypharmacy whilst taking into 
account individual patient factors [1, 8, 18]. Hence, we 
propose a novel approach. First, using a regression model, 
we plan to predict the ‘expected’ count of prescribed 
medications for each patient, given individual patient 
characteristics and clinical diagnoses. Then by calculat-
ing the discrepancies between the observed and expected 

count of medications, we can highlight people with unu-
sual levels of prescribing in the context of their clinical 
and demographic status. This may help prioritise people 
who are more at risk of problematic polypharmacy. For 
example, someone on 20 medicines but expected to be 
taking 5, based on their age and multimorbidity, is likely 
to require more attention. This protocol describes our 
approach to the development and validation of a Polyp-
harmacy Assessment Score.

Aims and objectives
Aim
To produce a Polypharmacy Assessment Score to identify 
a population with unusual levels of prescribing who may 
be at risk of potentially problematic polypharmacy.

Objectives

1. Develop a Polypharmacy Assessment Score that 
accounts for individual patient factors and clinical 
diagnoses to identify a population with unusual levels 
of prescribing.

2. Assess the ‘construct validity’ of the score, by esti-
mating the association the Polypharmacy Assessment 
Score with high-risk prescribing.

3. Estimate ‘predictive validity’ of the score, by estimat-
ing the risk of adverse outcomes (including adverse 
drug reactions, hospitalisation and death) within 
stratified populations of the Polypharmacy Assess-
ment Score.

Methods
This protocol is guided by the Transparent Reporting of 
a multivariable prediction model for Individual Progno-
sis Or Diagnosis (TRIPOD) [19]. However, although our 
model uses prediction statistics, there are subtle differ-
ences compared with the construction of a traditional 
prediction model. In particular, as defining whether 
polypharmacy is actually problematic requires implicit 
clinical judgement, the principal output of the Polyphar-
macy Assessment Score is to provide a risk stratification 
approach to identifying unusual levels of prescribing, 
akin to funnel plot approaches used for audit (Fig.  1) 
[20]. This approach allows visualisation of the disper-
sion of outcomes, allowing prioritisation of a group of 
patients with unexpected levels of prescribing, defined at 
an acceptable threshold for representativeness and util-
ity. Therefore, clinical representation and appropriate-
ness need to be carefully considered and balanced with 
predictive performance. For example, deprivation will 
be excluded, as a person who is more deprived should 
receive the same medical care as a person who is less 
deprived if they have the same clinical characteristics. 
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Also, the dependent variable of our model is observed 
medication count, rather than a clinical outcome for 
prognostic prediction.

Data source
The Clinical Practice Research Datalink (CPRD) is a 
large longitudinal database of general practice electronic 
healthcare records of over 60 million UK patients. CPRD 
Aurum data is obtained from the most widely used clini-
cal information system in UK primary care (EMIS®) [21]. 
It includes detailed coded patient-level data on demo-
graphics, clinical events, diagnoses and medicines pre-
scribed. The data is nationally representative in terms of 
age, gender and ethnicity, collated from over 1700 pri-
mary care practices in England [21, 22].

For additional analyses in objectives 2 and 3, addi-
tional patient-level linkages will be requested to English 
national administrative data on dates and diagnoses for 
hospital admissions (Hospital Episode Statistics, HES), 
Office for National Statistics (ONS) mortality records, 
and small area measures of socioeconomic deprivation 
(Index of Multiple Deprivation, IMD) based on patient 
residential postcodes.

Participants
Study participants will be aged 40 years or over. Regular 
medication exposure will be defined by > 90-day pre-
scription length within 180  days and  with at least  one 
issue within the last 3  months prior to index date. 
Participants must have at least 1  year of continuous 
practice registration before study entry, thus ensuring 

reliable measures of medication use and baseline covar-
iates. Participants will only be included if records are 
defined as acceptable for research purposes by CPRD 
and eligible for HES, ONS and IMD linkages.

The study period will be between 1st Jan 2000 and 31st 
Jan 2020. Random index dates for each patient will be 
utilised to avoid time-sensitive (e.g. seasonal) variations 
in prescribing, with a sensitivity analysis performed on 
fixed calendar time index dates and performing landmark 
analysis to compare results. Study exit will be defined as 
ended on the earliest of the following: the patient’s death, 
the date the patient transferred out of their practice, the 
last date of data collection from the patient’s practice, or 
the end of the study period.

Outcome
For objective 1 (prediction model), the primary outcome 
is the observed count of regular long-term medications. 
Using this, we can calculate the difference between the 
observed and predicted count of prescribed medications 
for individual patients. This difference will represent the 
Polypharmacy Assessment Score, with a large positive dif-
ference (in other words, observed greater than predicted) 
representing a greater level of potential over-prescribing 
and a large negative difference representing a greater 
level of potential under-prescribing (Fig. 1).

For objective 2 (construct validity), the primary out-
come is high-risk prescribing (using both explicit and 
implicit criteria).

Fig. 1 Illustration of the Polypharmacy Assessment Score: a model will determine the predicted count of medications for individual patients 
given their age, gender and long-term conditions. By then calculating the discrepancy between the observed and predicted number of prescribed 
medications, the Polypharmacy Assessment Score illustrated by the funnel plot will thus identify those who receive unexpectedly high levels 
of medicines relative to their multimorbidity
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For objective 3 (predictive validity), the primary out-
come is adverse drug reactions, with secondary outcomes 
being unplanned hospitalisation and all-cause mortality.

Predictors
Our main predictors include age, gender and long-term 
conditions. We will include a list of 37 long-term con-
ditions used in CPRD from previous studies and will 
be guided from by recommendations from the interna-
tional consensus on definition and measurement multi-
morbidity [4, 23, 24]. This is due to initial considerations 
for optimising simplicity, clinical representativeness 
(e.g. predictors such as deprivation will be intentionally 
excluded, as explained above) and clinical utility (e.g. 
other common predictors such as height and weight are 
likely to have inaccuracies and significant levels of miss-
ing data). However, we will explore whether other clini-
cal factors (e.g. smoking, blood pressure) may improve 
model performance.

Sample size
The approximate sample size is 8.7 million patients, based 
on the number of adults aged 40 years and over that are 
eligible for linkage and limited by random index dates 
[1]. Our analyses are exploratory, but following current 
literature and estimations using a global shrinking factor 
of 0.9, for a hypothetical model with up to 80 predictors, 
a standard deviation of 2.5 and an adjusted R-squared of 
0.7 based on a previous model on multimorbidity [25]; 
an approximate minimum sample of 577 participants 
(7.21 events per predictor) is required to precisely esti-
mate calibration and discrimination measures for a con-
tinuous outcome [26]. A more conservative estimation, 
using a lower R-square of 0.5, would require a minimum 
of 1005 participants (12.6 events per predictor). As such, 
our large, estimated sample size of 1.5 M participants is 
sufficient and importantly allows a wide range of different 
prescribing and patient characteristics to be represented.

Missing data
We will only include patients with complete data on 
age and gender; this is expected to exclude a negligible 
number of patients. The absence of a clinical diagno-
sis code will be taken as the absence of that condition, 
and so we will not have missing data on conditions. In 
UK primary care practice, virtually, all prescriptions are 
issued electronically; missing prescriptions will therefore 
be assumed to mean no drug has been issued. Partially 
incomplete prescription data will be handled similar to 
previous studies by using a stepwise algorithm to impute 
any missing quantity, dose and duration taking into 

account previous prescriptions, concurrent prescriptions 
and other patient and practice prescriptions [27, 28].

For objectives 2 and 3, ethnicity and IMD are 
expected to have small proportions of missing data and 
will be addressed by creating a missing category. Bio-
logical measurements (such as height, weight and blood 
pressure), smoking status and alcohol use are expected 
to have missing data. The above variables and other 
patterns of missing data will be examined, and, depend-
ing on the proportion of missing data and established 
assumptions, missing data will be addressed using a 
combination of multiple imputation techniques (e.g. 
predictive mean matching (PMM) for our numeric data 
and polytomous regression imputation for unordered 
categorical data), creating a missing category or listwise 
exclusion for variables containing a small proportion of 
missing data.

Statistical analysis methods
Analyses will be performed using R software (version 
4.3.2) in three parts:

• Objective 1 (prediction model): A prediction model 
will be constructed using observed medications 
count as the dependent variable, with age, gender 
and long-term conditions as independent vari-
ables. A Polypharmacy Assessment Score will then 
be constructed through calculating the differences 
between the observed and predicted count of pre-
scribed medications, thereby highlighting people 
that have unexpected levels of prescribing. We will 
perform further exploratory analyses to optimise 
utility of the score, including presenting the score 
primarily as a continuous scale (e.g. using absolute 
vs relative differences in observed and predicted 
medication count) or using an additional cat-
egorical output (e.g. drawing thresholds for high, 
medium and low scores), and this will be further 
determined based on an analysis on distribution of 
scores within the population and input from a mul-
tidisciplinary panel of experts.

• Objective 2 (construct validity): Cross-sectional 
analyses will estimate the prevalence of high-risk 
prescribing within populations (using both explicit 
and implicit criteria) with a range of different Poly-
pharmacy Assessment Scores (e.g. higher, medium 
and normal scores).

• Objective 3 (predictive validity): A retrospective 
cohort study will explore differences in clinical out-
comes (adverse drug reactions, unplanned hospi-
talisation and all-cause mortality) between differing 
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scores of the Polypharmacy Assessment Score, again 
compared to standard cutoffs of medication count.

Handling of predictor variables
The model will adjust for key predictors including age 
(continuous variable), gender (binary variable) and mul-
tiple long-term conditions (each condition as a binary 
variable). The model will first derive a ‘weight’ for each 
specific long-term condition. As a higher number of 
medications will be expected for certain clusters of long-
term conditions (e.g. diabetes, cardiovascular disease and 
mental health condition), we will then explore whether 
accounting for prespecified clusters of conditions may 
improve the model [29, 30]. This will incorporate a range 
of interaction terms (likely negative, as similar conditions 
will result in fewer medicines compared to discordant 
conditions) that need to be included in the model, based 
on known overlaps in medications for related conditions 
and a forward selection algorithm to search for further 
important two-way interactions [31].

Type of model
We will use a multivariable Poisson regression model. 
However, generalised linear frameworks (e.g. quasi-Pois-
son models), negative binomial regression models and 
zero-inflated regression models will also be tested for 
best fit, if there is evidence of overdispersion [32].

Predictor selection before modelling
As described above, age, gender and multiple long-term 
conditions have been selected considering clinical rep-
resentativeness and utility. However, we will explore 
whether other clinical factors (e.g. smoking, blood pres-
sure, kidney function) may improve model performance.

Predictor selection during modelling
Selection of terms in the optimal model will be deter-
mined using the least absolute shrinkage and selection 
operator (LASSO) [33]. To handle specified interactions, 
we will utilise hierarchical group-lasso regularisation 
[34].

Model performance
Performance of the model will be assessed using mean 
squared error (applied to log counts). Calibration will be 
assessed using calibration plots and estimation of cali-
bration intercept and slopes along with calibration in the 
large (CITL) [35]. Discrimination will be reported using 
area under the receiver operating characteristics curves 
(AUROC) reflecting performance at different thresholds, 
but is not our primary concern as specified above.

Internal and external validation
Objective 1 (prediction model): We will utilise ‘inter-
nal–external cross validation’ as the most appropriate 
technique given our large sample size and clustered 
dataset at practice level [36, 37]. This is a recognised 
method using data from all but one practice to estimate 
the prediction model and then uses the one remain-
ing practice to evaluate the performance of the model. 
This process is systematically repeated by rotating 
the omitted practice to produce multiple estimates of 
model performance. Unlike standard internal valida-
tion methods (e.g. cross-validation and bootstrapping) 
which compares model reproducibility between indi-
viduals from the same population, ‘internal–external 
cross validation’ focusses on comparing reproducibil-
ity between clusters (in this case — practices) [36, 37]. 
Model performance estimates will be combined using 
random-effect meta-analysis [38]. This will evaluate the 
accuracy of practice-specific performance estimates 
and also quantify the heterogeneity in model perfor-
mance across different practices. If the model performs 
adequately, further external validation may be subse-
quently performed on external databases, to demon-
strate transportability of the Polypharmacy Assessment 
Score [38]. Local calibration of the models will still be 
expected for increased applicability to local contexts 
during future implementation.

Additional analyses for validation
Two further analyses will explore construct and predic-
tive validity of the score:

Objective 2 (construct validity): Cross-sectional analy-
ses will first use logistic regression to examine prevalence 
of high-risk prescribing (composite outcome of drug-
drug and drug-disease interactions), using either STOPP/
START criteria (the NICE recommended screening tool) 
for adults ≥ 65 years or the related PROMPT criteria for 
adults < 65  years, as proxy measures [39, 40]. These cri-
teria will be initially  analysed as the binary presence of 
each individual explicit potentially high-risk prescribing 
criteria. The same random index dates will be utilised 
as above, and each participant will be followed up for 
12 months from index date to estimate prevalence. This 
will compare the positive predictive value of populations 
with different levels of Polypharmacy Assessment Score 
(e.g. higher, medium and normal scores) to standard cut-
offs (defined as simple counts of 5, 10 and 15 or more 
regular medications). A higher positive predictive value 
detected from patients with higher scores of the Polyp-
harmacy Assessment Score would suggest that it is a bet-
ter measure of high-risk prescribing than normal scores 
and simple counts.
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In addition, a separate cross-sectional analysis will 
compare a random sample of 30 patients with high and 
low Polypharmacy Assessment Scores to 30 patients with 
normal scores (absolute and relative differences evalu-
ated separately) evaluating elements of inappropriate 
prescribing using the Medication Appropriateness Index, 
ratified by two independent assessors [41]. This will ena-
ble a further comparison of the sensitivity and specificity 
of Polypharmacy Assessment Scores in identifying high-
risk prescribing.

Objective 3 (predictive validity): Several clinical out-
comes (primarily adverse drug reactions, but also 
unplanned hospitalisation, and all-cause mortality) will 
be assessed in a retrospective cohort study using the 
above random index dates, with sensitivity analyses on 
further fixed dates to explore seasonal variations), to 
examine whether the Polypharmacy Assessment Score 
predicts relevant outcomes. Exposure will be defined 
through different levels of Polypharmacy Assessment 
Scores (e.g. higher vs normal scores). Predictive valid-
ity for each outcome will be compared by repeating the 
cohort study using standard cutoffs (5, 10 or 15 more reg-
ular medications) as exposure. Clinical outcomes will be 
measured at 1- and 5-year follow-up and include adverse 
drug reactions, unplanned hospitalisation and all-cause 
mortality using Cox regression. Higher Polypharmacy 
Assessment Scores are anticipated to exhibit acceptable 
predictive accuracy for clinical outcomes, and better pre-
dictive accuracy for adverse drug reactions compared 
to normal scores and to lower counts of standard cut-
offs (e.g. patients on five or more medications). This 
would serve as further evidence of validity in relation to 
outcomes.

Discussion
Compared to current methods, our approach may allow 
the prioritisation of patients with problematic polyp-
harmacy in a more individualised and holistic manner. 
Our approach is intentionally pragmatic in adjusting for 
age, gender and multiple long-term conditions, in order 
to maximise explainability and implementability, and 
is designed as a generic measure across medications 
and conditions for broad applicability. We have further 
planned qualitative and implementation research with 
clinical professionals to iteratively explore clinical utility 
and further develop validity [42].

There are several limitations to consider. Given the 
complexities of prescribing decisions, the Polyphar-
macy Assessment Score  will not perfectly identify every 
individual patient with high-risk prescribing or replace 
clinical judgement. Some of these complexities will not 
be captured in routine data, such as the doctor-patient 
relationship, changing guidelines and differing opinions 

from specialists [43]. Although primary care electronic 
prescription data is reliable, we may miss out exclu-
sively secondary care prescriptions and over-the-counter 
medications. Whilst not our primary focus, there is also 
some potential to highlight patients with underprescrib-
ing. Appropriateness is not explicitly measured by our 
score and inherently requires a consultation and shared 
decision between clinicians and patients [1, 8]. Hence, 
the score only highlights ‘potentially’ problematic poly-
pharmacy. Therefore, the added value of this  score is to 
prioritise a group of patients with unexpected levels of 
prescribing given their individual characteristics and 
multimorbidity, who we hypothesise to be at higher risk 
of problematic polypharmacy.
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