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Abstract 

Background: The proportion of days covered (PDC) is used to estimate medication adherence by looking at the 
proportion of days in which a person has access to the medication, over a given period of interest. This study aimed to 
adapt the PDC algorithm to allow for plausible assumptions about prescription refill behaviour when applied to data 
from online pharmacy suppliers.

Methods: Three PDC algorithms, the conventional approach (PDC1) and two alternative approaches (PDC2 and 
PDC3), were used to estimate adherence in a real‑world dataset from an online pharmacy. Each algorithm has differ‑
ent denominators and increasing levels of complexity. PDC1, the conventional approach, is the total number of days 
between first dispensation and a defined end date. PDC2 counts the days until the end of supply date. PDC3 removes 
from the denominator specifically defined large gaps between refills, which could indicate legitimate reasons for 
treatment discontinuation. The distribution of the three PDCs across four different follow‑up lengths was compared.

Results: The dataset included people taking ACE inhibitors (n = 65,905), statins (n = 100,362), and/or thyroid hor‑
mones (n = 30,637). The proportion of people taking ACE inhibitors with PDC ≥ 0.8 was 50–74% for PDC1, 81–91% for 
PDC2, and 86–100% for PDC3 with values depending on drug and length of follow‑up. Similar ranges were identified 
in people taking statins and thyroid hormones.

Conclusion: These algorithms enable researchers and healthcare providers to assess pharmacy services and indi‑
vidual levels of adherence in real‑world databases, particularly in settings where people may switch between different 
suppliers of medicines, meaning an individual supplier’s data may show temporary but legitimate gaps in access to 
medication. Accurately identifying problems with adherence provides the foundation for opportunities to improve 
experience, adherence and outcomes and to reduce medicines wastage. Research with people taking medications 
and prescribers is required to validate the algorithms’ assumptions.
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Background
The World Health Organization (WHO) has defined 
adherence as “the extent to which a person’s behaviour—
taking medication, following a diet, and/or executing 
lifestyle changes—corresponds with agreed recommen-
dations from a health care provider” [1]. Poor adherence 
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to treatment can adversely affect people’s health out-
comes, present a significant barrier to optimal care and 
can increase healthcare costs [2, 3]. Previous research 
suggests that annual waste from unused medications is 
approximately £300 million per year in England [4], and 
that improving adherence can help reduce this cost [5]. 
To tackle the enduring problem of nonadherence to med-
ication, it is important to measure and understand medi-
cation adherence accurately.

Over the last decade, there have been improvements in 
the way that adherence is conceptualised and defined. For 
example, adherence is now understood as involving sev-
eral distinct, quantifiable behaviours: initiation is when 
the person takes the first dose of prescribed medication 
(this may be the same or different to the prescription 
date); implementation is the degree to which the person’s 
intake of medication corresponds to the prescription, 
from initiation until the last dose taken; discontinuation 
is the term given to the time at which the person has 
taken their last dose and no further doses are taken and 
persistence is the duration of time between the first and 
last dose taken (from implementation to discontinuation) 
[6]. This relatively new taxonomy of adherence (the ABC 
taxonomy) can help researchers and healthcare profes-
sionals to better understand, interpret and support med-
icine-related behaviour. It also provides a rationale for 
refining measures of adherence, for example by specify-
ing which type of adherence behaviour (e.g. implementa-
tion or persistence) is being measured.

Assessing people’s adherence to medication in real-
world settings can identify areas of unmet need and 
potential opportunities to intervene to improve adher-
ence. Adherence assessment and interventions have 
been well-studied in the areas of traditional primary care 
and community pharmacy [7, 8], but less so in emerg-
ing areas where people seek healthcare and medication, 
such as online pharmacy providers. The global mar-
ket for online pharmacies is estimated to increase from 
around $42.3 billion in 2018 to $107.5 billion by 2025 [9]. 
Therefore, analysis of electronic pharmacy record data is 
a promising option for applying proxy adherence meas-
ures and for tracking people’s medication use over time 
[10]. However, to use these data, we need to review and 
potentially adapt the measures used to assess adherence 
in more traditional, controlled settings, and to accom-
modate justifiable variations in the conceptualisation of 
adherence [6].

Despite a substantial number of potential methods for 
measuring medication adherence, including self-report, 
electronic monitoring, and algorithms for pharmacy 
database analysis, there is no gold standard method [11, 
12]. Two methods for estimating adherence from phar-
macy databases are commonly used [13–15]. These are 

the medication possession ratio (MPR) and the propor-
tion of days covered (PDC). While neither measure can 
confirm that the prescribed medication was ingested 
or taken as prescribed, both can provide insight into 
whether the medication was available for the person to 
take.

The PDC metric has been advocated by the Pharmacy 
Quality Alliance (PQA) as the preferred quality indica-
tor for estimating adherence to therapies for chronic dis-
eases [16, 17]. The PDC looks at the proportion of days in 
which the person has access to the medication, over the 
POI and is generally calculated as: (sum of days covered 
in the POI) ÷ (number of days in the POI) × 100 [15]. 
Typically, the threshold for adequate adherence has been 
placed at 80% for most medications, and 90% for antiret-
rovirals [1, 18].

There are some problems with the PDC. For example, 
on the surface, PDC may appear to be a simple calcula-
tion. However, the numerator and/or the denominator 
may incorporate a range of variable definitions depend-
ing on the healthcare system’s procedures and payor data 
requirements. There are important differences between 
data from the comprehensive electronic systems used 
in mature e-health markets like Sweden and Denmark, 
which contain both prescription and dispensing infor-
mation, and the complex realities of everyday healthcare 
in systems such as the United Kingdom (UK)’s National 
Health Service (NHS) [19]. The NHS is a relatively late 
adopter of electronic prescription services, and the use 
of any prescription service depends on provider access, 
patient choice and drug classification [19], resulting 
in more fragmented data. Over time, people may obtain 
their prescriptions from different prescribers and redeem 
their prescriptions from different pharmacies within dif-
ferent networks that do not share records. The introduc-
tion of online pharmacies has increased people’s choice 
of medication suppliers and provides more opportunities 
for people to obtain their medicines from more than one 
supplier. There is a gap in the literature on how to apply 
PDC algorithms in a way that is appropriate for quality 
assessment in these types of real-world settings.

While many authors have identified potential problems 
with the PDC [11, 15], few have proposed and tested 
methods for overcoming them [20]. One potential limita-
tion in the summary measurement provided by the PDC 
is that it fails to account for different explanations for 
substantial gaps in treatment [20]. For example, accord-
ing to the PDC, a substantial gap between two refills is 
always assumed to be the result of sub-optimal imple-
mentation (a treatment holiday), yet there are alternative, 
feasible explanations, such as a break in prescribing of the 
medication, or the person could be receiving treatment 
from another pharmacy. While it is not always possible 
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to determine the reason for a break (and from a patient 
care perspective, breaks should always trigger an attempt 
to connect with the patient), methods for accounting for 
various scenarios are needed.

García-Sempere et  al. have explored this problem, 
using prescribing and dispensing data on osteoporosis 
treatment that was captured within one large medical 
system in Spain [20] where data from prescription and 
purchasing in pharmacies could be linked. However, in 
many circumstances, linked prescribing and dispensing 
data are not available. The need remains for a model that 
has been tested in more than one therapy area, relies on 
dispensing data only and can account for people who fill 
their prescriptions (or not) across different organisations.

The aim of this study was to improve the measure-
ment of adherence according to the PDC by introduc-
ing and evaluating two novel approaches to defining the 
denominator for the calculation of the PDC, under varied 
assumptions, when data are available from just one phar-
macy provider. The proposed algorithms are presented 
and explained using hypothetical examples, followed by 
application and evaluation in real-world data examples.

Methods
Institutional review board (IRB) approval was not 
required for this study because it involved secondary use 
of unidentifiable information from a commercial pro-
vider. Data have been stored electronically and can be 
requested under a confidentiality agreement.

Principles of PDC calculation
PDC is calculated within a defined POI. This period 
can start relative to patient events (e.g. treatment initia-
tion) or calendar dates (e.g. January 1st 2020) and usu-
ally ends after a pre-defined length of time (e.g. 1 year). 
The numerator in all fractions is necessarily the number 
of days covered by the pharmacy-supplied medication 
in the POI. This is calculated by summing the total daily 
doses dispensed during the POI, where the daily dose is 
the number of medication units dispensed divided by the 
number of units to be taken per day.

Denominator
The denominator is the number of days a medication is 
needed during a POI. Since the pharmacy dispensing the 
medication cannot know for sure on how many days the 
medication is ‘needed’ from the data that are available 
from their system, certain assumptions must be made 
to calculate the denominator. For each individual, the 

denominator depends on one or more of the following 
three variables:

Variable 1:  date on which the individual began receiv-
ing medication from this provider within 
the POI.

Variable 2:   date on which the individual stopped 
receiving medication from the pharmacy 
within the POI. This could be due to, e.g. 
discontinuation of the medication by their 
prescriber or by the individual themselves 
permanently switching services to a com-
peting pharmacy, relocation out of ser-
vice area, death, and many other reasons. 
These are assumptions that there is a genu-
ine reason for stopping that is not due to 
nonadherence.

Variable 3:  the magnitude of any temporary breaks 
in use of this pharmacy by the individual 
within the POI. Possible explanations 
for these breaks fall into one of three 
categories:

a. There is a medically prescribed temporary interrup-
tion of treatment.

b. Medicines are temporarily dispensed by another 
pharmacy.

c. People are not implementing their treatment regime 
as prescribed (as defined by ABC Taxonomy [6]).

The first two explanations assume genuine reasons 
for stopping that do not indicate nonadherence.

When using a single supplier’s dataset to study a POI, 
it is possible to discern the dates when each person first 
received a medicine (variable 1 above) and when they 
stopped altogether (variable 2 above). However, it is 
not possible, in general, to know the reasons why each 
person stopped ordering from this pharmacy. While 
the pharmacy can detect temporary breaks in people’s 
orders (variable 3), it is not usually possible to distin-
guish whether these breaks are due to a prescribed 
treatment interruption (variable 3, explanation a), to 
the use of another pharmacy (variable 3, explanation 
b) or to nonadherence (variable 3, explanation c). This 
implies that the PDC calculated with only pharmacy 
dispensing data may not reflect accurate measures of 
people’s true adherence. However, it may be possible to 
estimate different versions of the PDC by making differ-
ent assumptions about variables 2 and 3 above. If cor-
rectly interpreted, these different versions of the PDC 
may provide additional information about medication 
adherence, as well as an indication of the provider’s 
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efficiency in supplying medicines, and each version may 
be best suited to different circumstances.

PDC1
The usual PDC denominator, which for the purposes 
of this paper we are calling ‘PDC1’, is the number of 
days between an individual’s first supply date within the 
POI and the last day of the POI. This method assumes 
that individuals are (1) alive and (2) in need of medica-
tion from the first supply date to the end of the POI. It 
assumes the prescription does not change and no other 
events happen that legitimately exempt people from 
medication need during the POI. If a person stops refill-
ing their prescription during the POI (variable 2 above), 
then PDC1 simply ignores that fact.

PDC1 assumes that long breaks between refills or fail-
ing to refill prescriptions at this provider indicates people 
have sub-optimal treatment implementation (variable 3, 
explanation c). It does not allow for the possibility that 
there is a medically prescribed temporary interruption of 
treatment (variable 3, explanation a) or for the possibil-
ity that medicines are temporarily dispensed by another 
pharmacy (variable 3, explanation b).

Proposal for two extensions to PDC
PDC2 and PDC3 are variations of PDC1, which modify 
the assumptions when there is insufficient informa-
tion about the status of people when they are not being 
observed.

PDC2
The first proposed adaptation of the traditional PDC 
algorithm, PDC2, changes the denominator by making 
different assumptions about individuals’ circumstances. 
PDC2’s denominator is the number of days between the 
date each individual obtained their first supply and the 
date when the last supply obtained runs out within the 
POI. In contrast to PDC1, PDC2 does not assume indi-
viduals are still alive and in need of treatment beyond 
the period covered by their last refill at this provider. 
Note that, for individuals who continue their medication 
until the end of the POI, the PDC2 denominator equals 
the PDC1 denominator. For individuals who discontinue 
their medication, the PDC2 denominator is smaller than 
the PDC1 denominator, thus producing a larger PDC.

PDC2 assumes that long breaks between refills at this 
pharmacy indicate people have sub-optimal implementa-
tion (variable 3, explanation c).

PDC3
Our second proposed adaptation of PDC, PDC3, 
extends PDC2 by discounting large gaps between refills. 
The denominator is the number of days between each 

individual’s first supply date and the date the last supply 
would run out within the POI, minus the total number of 
days contained in ‘large’ gaps between refills.

PDC3 assumes that large gaps between refills at a phar-
macy indicate either that individuals are having a medi-
cally justified treatment break (variable 3, explanation a) 
or that they are seeking treatment from other providers 
and are implementing their treatment as prescribed (var-
iable 3, explanation b).

The difference between PDC3 and the other two PDCs 
is the assumption that large gaps between refills from a 
provider do not necessarily indicate nonadherence. In 
contrast, all three methods, PDC1, PDC2 and PDC3, 
assume that short gaps between refills do indicate sub-
optimal implementation of prescribed treatment, and not 
that supply is sought elsewhere.

The definition of large gaps
It is proposed that within variable 3 above, ‘large’ should 
be defined to indicate an individual is temporarily dis-
continuing refills from the provider and is not merely late 
to refill. The definition of a large gap may need to vary 
according to context, for example the specific drug’s 
pharmacodynamic and pharmacokinetic profiles and the 
nature of the disease. As a general example, a gap could 
be defined as large if the number of ‘uncovered days’ 
between two orders exceeds the number of ‘covered days’ 
in the next order.

For example, if the next order is for 28 days’ supply, a 
large gap would be 28 days or more and the multiplying 
factor for the gap should be 1. For medications that are 
not critical for the patient, longer gaps might be allowed 
before assuming that the patient is obtaining their medi-
cines elsewhere—for example, a factor of 1.5 times the 
number of days covered by the next prescription. How-
ever, if, for example, patients have a life-threatening dis-
ease and could die after 3 weeks without the drug, a gap 
of more than 2 weeks is unlikely to be due to nonadher-
ence, therefore the multiplying factor for the gap should 
be smaller (for example a factor of 0.5).

Note that if there are no ‘large’ gaps between refills, 
PDC3 is equivalent to PDC2, which is in turn equiva-
lent to PDC1 if individuals do not discontinue their 
medication.

Figure 1 is a schematic of the three PDC measures and 
the relevant research questions and assumptions that are 
made when using them.

Illustration of the three PDC methods
Figure  2 highlights differences between the three meth-
ods, using an artificial example of two individuals with 
different patterns of online maintenance prescrip-
tion usage between January 1st and April 30th of a 
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certain year. PDCs are compared in two POIs: the whole 
4-month period and a 60-day sub-period. To compare 
the PDCs in the 60-day sub-period, the POI is redefined 
to end at the earliest of 60 days after first supply date or 
April 30th. An illustration of what happens with PDC3 

when the legitimate gap multiplier takes different values 
is also presented.

The scenario is illustrated for Patient 1. Their first 
supply date is the first day of the study period because 
they are already taking medication. For the 4-month 

PDC1

QQuueessttiioonn:

What proportion of days, 
from the individual’s first 

contact with us in the period 
of interest, is covered by our 

supply?

AAssssuummppttiioonnss:

Medication is medically 
necessary from the date of 
the person's first contact 
with us to the end of the 

period of interest. Individuals 
have not died or 

discontinued treatment for 
any reason after the start 

date.

UUssee: 

Estimates the worse-case 
scenario of adherence. 
Could be useful as an 

indication of Potential to 
improve. 

PDC2

QQuueessttiioonn:

What proportion of days, 
from the individual’s first to 
last contact in the period of 
interest, is covered by our 

supply?

AAssssuummppttiioonnss:

Medication is medically 
necessary from the date of 
the person's first contact 

with us to the date covered 
by their last refill during the 

period of interest. Individuals 
did not have a legitimate 

reason for stopping 
treatment, and did not 
switch to an alternative 

supplier, between their first 
and last refill.

UUssee: 

A more realistic measure of 
the worse-case scenario of 
adherence, restricted to the 

period of definite contact 
with the individual.

PDC3

QQuueessttiioonn:

What proportion of days in 
the period of interest, where 
we assume the individual is 

continuously seeking 
medication from our service, 
is effectively covered by our 

supply?

AAssssuummppttiioonnss:

Medication is medically 
necessary from the date of 
the person's first contact 

with us to the date covered 
by their last refill during the 

period of interest. Individuals 
went elsewhere or had a 

medically-justified treatment 
interruption during any large 

gaps between refills.

UUssee: 
Could be a better measure 

of adherence to critical 
medication without which 
the individual could not 

survive for long, and 
therefore is reasonable to 

assume in large gaps 
between supplies the patient 

must be getting their 
medication somewhere else. 

Fig. 1 Comparison of research questions and assumptions between the three proposed PDC measures
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period, the PDC1 denominator ends at the end of the 
POI (day 120) so PDC1 is 65/120 = 0.54. The PDC2 
denominator ends earlier at the last day of supply (day 
105): PDC2 = 65/105 = 0.62. For PDC3, the multiplier 
to estimate “large gaps” appears between the round 
brackets. Using a multiplier of 1.5 the first gap is not 
considered large, because the number of days in it is less 
than 1.5 times the number of days’ supply after the gap 
(35 < 1.5 * 30). Thus PDC3 (1.5) includes the gap in the 
denominator and produces the same coverage as PDC2. 
However, PDC3 (1.0) and PDC3 (0.5) consider the gap 
“too large” (35 > 1 * 30 and 35 > 0.5 * 30, respectively) and 
exclude it from the denominator calculating a coverage of 
65/(105–35) = 0.93 each. Restricting the POI to 60 days, 
we stop observing this patient on March 1st with 25 days 
covered. PDC1, PDC2 and PDC3 (1.5) are identical and 
smaller than with full follow-up because the 35-day gap 
is now a large proportion of the first 60 days. PDC3 (1.0) 
and PDC3 (0.5) remove the gap and become 1.

Note that in this example, and generally, 
PDC1 ≤ PDC2 ≤ PDC3 (1.5) ≤ PDC3 (1.0) ≤ PDC3 (0.5). 
Therefore, choosing which measure to report depends 
entirely on the research question, the follow-up period of 
interest and the assumptions one is willing to make about 
legitimate gaps between dispatches.

Example using real‑world data
These three PDC algorithms were applied to a real-world 
dataset from Pharmacy2U, an online pharmacy in the 
United Kingdom (UK). A subset of their database was 
selected by Pharmacy2U analysts, according to the fol-
lowing criteria:

a. Prescriptions with ‘dispatch date’ within the POI: 1st 
January 2018 to 31st December 2019.

b. Prescriptions containing medications within three 
drug classes identified for real-world testing: angio-
tensin-converting enzyme (ACE) inhibitors, statins, 

Fig. 2 Graphical representation of two patterns of prescription medication supply and calculation of PDC under different follow‑up lengths. Period 
of interest is defined between January 1st and April 30th
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or thyroid hormones. These medicines were selected 
because they were all maintenance medications 
that would need to be refilled (rather than taken as 
needed).

c. Prescriptions with continuation of agreed dosage 
instructions of ‘one per day’ or equivalent throughout 
the study period.

d. Only National Health Service (NHS) prescriptions.

The dataset was fully deidentified before it was shared 
with the study team for analysis. No patient data were 
shared in a way in which individual patients could be 
identified. Pharmacy2U’s Privacy Policy allows the use of 
customer information in pursuit of their legitimate inter-
ests of operating and developing their commercial phar-
macy services [21].

In each of the three drug categories, each PDC was cal-
culated over four follow-up lengths after the first dispatch 
date within the POI: 3-month, 6-month, 12-month, and 
follow-up until the end of the POI (referred to as “Any-
month” follow-up). To have a valid PDC calculation for 
an X-month follow-up, a person must have had their first 
dispatch at least X months before the end of the POI. For 
example, a person who has their first dispatch 5 months 
before the end of the study period cannot have a PDC 
calculation for a 12-month or a 6-month follow-up (but 
they can have PDC for a 3-month follow-up, and for end 
of study (“any month”) follow-up. PDC3 was calculated 
using 0.5 (liberal), 1 (moderate) and 1.5 (conservative) 
times the number of days covered in the prescription 
immediately after the gap.

Results
The resulting P2U database consisted of 65,905 people in 
the UK with prescriptions for ACE inhibitors, 100,362 for 
statins and 30,637 for thyroid hormones with prescrip-
tions dispatched in the target timeframe. In people taking 
ACE inhibitors, statins, and thyroid hormones, approxi-
mately 40%, 40% and 83% were female and 56%, 69% and 
37% were aged 60 or older, respectively (Table 1).

Figure 3 shows boxplots of the three PDCs across four 
POIs and across three definitions of long gaps for PDC3. 
In all three drug classes, there are substantially more indi-
viduals with a low PDC1 than there are with low PDC2 or 
PDC3. For “Any” length of follow-up in the study period, 
in those taking ACE inhibitors the median PDC1 was 
0.85 compared to 0.96 for PDC2 and 0.97–0.98 for PDC3 
(medians shown as thick vertical black lines in the boxes 
in Fig. 3 and as data in Additional file 2: Table S1). Simi-
larly, the medians for PDC1–PDC3 in Statins were 0.82, 
0.95 and 0.96–0.98, and in thyroid hormones were 0.89, 
0.97 and 0.97–0.99.

In this section, comparisons are made between dif-
ferent PDC calculations over specific values of interest, 
because this is a common way of reporting group adher-
ence. Results are described for ACE inhibitors, unless 
otherwise specified, with any differences noted in the 
other medication classes.

PDC differences
The proportion of people prescribed ACE inhibitors 
whose PDC was at least 0.8 ranges, depending on fol-
low-up period, from 53 to 70% under PDC1 assump-
tions, 84–90% under PDC2 assumptions and 88–100% 
under PDC3 assumptions, with similar ranges in statins 
and thyroid hormones. Thus, the assumption that people 
have had their prescription discontinued after their last 
refill (the difference between PDC2 and PDC1) makes a 
substantial difference to the percentage of people with 
high adherence. The further assumption that a priori 
defined large gaps between refills are not due to sub-opti-
mal implementation (PDC3) brings the percentage close 
to 100% in some circumstances.

There is a similar pattern in the proportion of people 
prescribed ACE inhibitors whose PDC is at least 0.9, but 
the percentages are smaller: 43–63% (PDC1), 67–79% 
(PDC2), and 71–91% (PDC3). Again, these ranges are 
similar in statins and thyroid hormones.

PDC3 gap sensitivity
PDC3 is sensitive to the definition of a large gap between 
medication refills. The proportion of people on ACE 
inhibitors with PDC3 ≥ 0.8 ranges from 88 to 90% under 
conservative gap exclusions, 92–95% under moderate 
exclusions, and 97–100% under liberal exclusions, with 
similar ranges in statins and thyroid hormones.

Effect of follow‑up lengths
Longer follow-up lengths tended to, but did not always, 
lead to lower proportions of people with high PDC1 and 
PDC2 values. The proportion with PDC1 ≥ 0.8 over a 3- 
6- 12- and any-month period was 70, 61, 53 and 54%, and 
the proportion with PDC2 ≥ 0.8 was 90, 85, 84 and 85%.

In contrast, longer follow-up tended to lead to higher 
proportions of people with high PDC3 values, especially 
with liberal and moderate gap definitions. The propor-
tion with PDC3 (0.5) ≥ 0.8 over 3-, 6-, 12- and any-month 
periods was 97, 99, 99 and 100%, and PDC3 (1.0) ≥ 0.8 
was 92, 92, 94 and 95%. The trend was unclear under 
conservative definitions: PDC (1.5) ≥ 0.8 was 90, 88, 89 
and 90. There were similar percentages and trends in the 
other two drug classes.



Page 8 of 14Prieto‑Merino et al. Journal of Pharmaceutical Policy and Practice          (2021) 14:113 

Table 1 Sample characteristics

IVR Interactive voice response, CCG  Clinical Commissioning Group
a CCG Restricted is the requirement of certain prescriptions to be requested directly with General Practitioner surgeries rather than via the pharmacy

Characteristic ACE inhibitors Statins Thyroid 
hormones

Gender

 Female 26,229 (39.8%) 39,590 (39.4%) 25,454 (83.1%)

 Male 39,676 (60.2%) 60,772 (60.6%) 5183 (16.9%)

Age group

 < 18 75 (0.1%) 39 (0.0%) 216 (0.7%)

 18–29 477 (0.7%) 307 (0.3%) 1464 (4.8%)

 30–39 2202 (3.3%) 1683 (1.7%) 3939 (12.9%)

 40–49 8396 (12.8%) 8102 (8.1%) 6086 (19.9%)

 50–59 17,916 (27.2%) 21,407 (21.4%) 7492 (24.5%)

 60–69 18,069 (27.5%) 31,995 (31.9%) 5571 (18.2%)

 70–79 11,643 (17.7%) 24,153 (24.1%) 3411 (11.1%)

 80+ 7017 (10.7%) 12,509 (12.5%) 2415 (7.9%)

Region

 East Anglia 8292 (12.6%) 12,527 (12.5%) 5181 (16.9%)

 East Midlands 5374 (8.2%) 7815 (7.8%) 2874 (9.4%)

 London 6512 (9.9%) 11,665 (11.6%) 3012 (9.8%)

 North East 2835 (4.3%) 4260 (4.3%) 1301 (4.3%)

 North West 7222 (11.0%) 11,085 (11.1%) 2353 (7.7%)

 Northern Ireland 1 (0.0%) 1 (0.0%) 0 (0.0%)

 Scotland 7 (0.0%) 8 (0.0%) 2 (0.0%)

 South East 15,021 (22.8%) 22,265 (22.2%) 6298 (20.6%)

 South West 9192 (14.0%) 12,989 (13.0%) 4451 (14.6%)

 Wales 39 (0.1%) 56 (0.1%) 13 (0.0%)

 West Midlands 5870 (8.9%) 8908 (8.9%) 2256 (7.4%)

 Yorkshire and the Humber 5424 (8.2%) 8606 (8.6%) 2850 (9.3%)

Ordering platform

 App 13,810 (21.0%) 18,453 (18.4%) 6317 (20.6%)

 Telephone 4195 (6.4%) 7449 (7.4%) 1450 (4.7%)

 IVR 6451 (9.8%) 10,626 (10.6%) 3202 (10.5%)

 Direct to surgery 17,134 (26.0%) 27,309 (27.2%) 7922 (25.9%)

 WEB 24,318 (36.9%) 36,530 (36.4%) 11,746 (38.3%)

CCG  restricteda

 No 46,556 (70.6%) 70,805 (70.5%) 21,141 (69.0%)

 Yes 19,352 (29.4%) 29,562 (29.5%) 9496 (31.0%)

Registration method

 App 5522 (8.4%) 7374 (7.3%) 2529 (8.3%)

 Online 43,808 (66.5%) 63,310 (63.1%) 21,127 (69.0%)

 Partnerships 528 (0.8%) 971 (1.0%) 122 (0.4%)

 RegForm 11,599 (17.6%) 20,575 (20.5%) 5207 (17.0%)

 Telephone 4451 (6.8%) 8137 (8.1%) 1652 (4%)

(See figure on next page.)
Fig. 3 Three PDC algorithms applied to a real‑world dataset. PDCs are shown for people taking a ACE inhibitors, b statins and c thyroid hormones. 
Each boxplot is for a combination of PDC definition (labelled on the left) and follow‑up period (coloured and identified in legend). Each shows the 
25th and 75th percentiles at either end of the box, the 50th percentile as a black line in the middle, and up to four ‘whiskers’ at the 5th, 10th, 90th 
and 95th percentiles. The asterisk in each box is the mean. PDC3 is calculated such that gaps of 0.5, 1 and 1.5 relative to the average number of days 
in each prescription are factored out of the denominator on the assumption that the person has gone elsewhere for their supply during that time
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Comparison between drug classes
The three drug classes follow similar patterns of adher-
ence across all PDC definitions. Adherence to thy-
roid hormones was higher than to ACE inhibitors and 
statins: all PDCs ≥ 0.8 and PDCs ≥ 0.9 were higher (see 
Fig.  4), which may reflect the differing demographics 
(younger and more female).

Comparison between patient characteristics
Additional file  1: Fig. S1a–c shows the proportion of 
patients PDC ≥ 0.8 in different subgroups of patients. 
The patterns are similar across the different definitions 
of PDCs (lines are parallel), although for those definitions 
with more coverage the differences between subgroups 
tend to be smaller. The larger differences seem to be 
between age groups and ordering platforms. The patterns 
for the other treatments are similar.

Discussion
The aim of this paper was to propose and evaluate adap-
tations of the PDC algorithm when only data on orders 
placed and dispensed from a single pharmacy avail-
able. The alternative PDC algorithms address different 
questions and incorporate different assumptions about 

people’s prescription needs and potential for meeting 
them with other pharmacy providers. The algorithms are 
designed to help in real-world scenarios where an organi-
sation, such as a payor or an online pharmacy provider, 
may want to estimate the PDC as a quality indicator of 
medication adherence, a supplier’s performance and/
or to identify the potential for improvement in patient 
services.

When applied to the online pharmacy dataset, there 
were differences in estimations of adherence depending 
on the algorithm applied. As expected, PDC1 was lower 
than either PDC2 or PDC3, and PDC2 was lower than 
PDC3. Differences in adherence rates will be depend-
ent on the data themselves—in very adherent group of 
people, estimates of adherence will be similar across the 
algorithms, but when more people are sub-optimally 
adherent, the differences between PDC 1, 2 and 3 will be 
greater.

Limited prior evidence exists on alternative approaches 
to traditional PDC calculations to increase the accuracy 
of adherence estimates in real-world settings [20]. This 
study proposed and evaluated alternative PDC algo-
rithms which have wider applicability to settings where 
a particular supplier may have incomplete data. These 

Fig. 3 continued
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include online pharmacy providers that are unable to 
access and link people’s redeemed prescriptions with 
the original prescribing data. Alternative approaches to 
calculate PDC have practical value because of a growing 
availability and use of online pharmacies and increased 
individual choice. Assessing the quality of these ser-
vices, and eventually comparing services from different 
providers, is vital and requires a flexible yet proven tool 
kit, including adapted measures to evaluate medication 
adherence.

An example of how these alternative PDCs can help 
online pharmacy providers comes from NHS England, 
where people who opt-in to electronic prescription ser-
vices can select a ‘nominated pharmacy’ to which their 
electronic prescriptions are sent by default [19]. ‘Nomi-
nation switching’ away from a previously selected phar-
macy can occur without the incumbent nominated 
pharmacy being informed. People also have the right to 
request a paper-based prescription for any reason at any 
time, even if they have opted-in to electronic prescription 
services [19]. These patient-level choices can thus create 

Fig. 4 Comparison of proportion of patients with PDC ≥ 0.8 in each drug class (thyroid hormones, ACE inhibitors, and statins)
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gaps in pharmacy data records that are not attributable to 
medication nonadherence.

PDC is already recognised as a quality indicator by 
a growing number of organisations, particularly in the 
United States (US). In addition to its endorsement by 
the PQA [17] PDC metrics are required by the Cent-
ers for Medicare & Medicaid Services (CMS) for 
renin–angiotensin system antagonists, statins, and all 
diabetes drugs [22]. Utilising these alternative PDCs 
present an opportunity for better understanding of 
medication adherence behaviours and usage in the 
online pharmacy setting and will highlight areas where 
improvements may be needed to support people with 
their prescribed medication, i.e. reminder services and 
prompts to engage with the patient about any potential 
issues with their medication.

Pharmacies could use the data generated from the 
different PDC calculations in several different ways. In 
every situation where there is a possibility that a gap 
in supply stems from nonadherence (e.g. when using 
PDC1, 2 or 3), there is an opportunity for intervention. 
A gap in supply should therefore always trigger contact 
with the patient. While reminders may help when non-
adherence is due to a lack of capability (such as forget-
ting to collect the refill, for example because of being 
busy, or cognitive impairment), a reminder alone will 
be less effective when nonadherence stems from peo-
ple’s concerns about potential adverse effects or doubts 
about the need for treatment [23]. Routinely measur-
ing barriers to treatment, for example through online 
questionnaires, would enable pharmacies to provide 
adherence interventions tailored to the specific needs 
of individual patients. A randomised controlled trial 
showed that an intervention delivered by pharmacists 
over the telephone could significantly increase adher-
ence, reduce medicine-related problems, and increase 
people’s perceptions of their personal need for medi-
cine relative to their concerns about adverse effects 
[24]. This type of intervention could be adapted by 
online pharmacies for delivery via digital channels.

This study has shown that PDCs could also be used 
as quality indicators of the suppliers’ performance in 
covering customer demand. From the supplier perspec-
tive, PDC1 and PDC2 most likely measure performance 
in covering total customer demand, while PDC3 meas-
ures performance in covering actively engaged customer 
demand.

The current algorithm is designed to calculate the PDC 
of one drug only, or one drug class, at any one time. How-
ever, if an individual were taking more than one drug, 
or drug class, for a specific condition, it would be help-
ful to be able to calculate a combined PDC. A simple 
approach would be to create a combined PDC from the 

average (simple or weighted) across the PDC calculated 
separately for each drug. However, other definitions of 
combined coverage could be more insightful, i.e. propor-
tion of days where the individual has supplies of all their 
drugs or proportion of days where they have supplies of 
at least one of the drugs. Future adaptation and testing of 
the algorithm would be needed to evaluate this.

If used as a proxy estimate of medication adherence, 
these PDCs must be interpreted with care. PDC1 and 
PDC2 assume the worst-case scenario that people 
are not taking their medication when there is no evi-
dence of supply from the supplier in question. On the 
contrary, PDC3 assumes that people continue their 
coverage with other providers or are taking a medi-
cally justified treatment interruption. None of these 
assumptions can be verified using provider data alone, 
but PDC1 or PDC2 could be used as lower bounds 
for adherence and a version of PDC3 for a reasonable 
upper bound. Since PDC3 has a parameter that is not 
fixed (the magnitude of gaps to be censored), we always 
suggest conducting sensitivity analysis when reporting 
results.

Having alternative PDC algorithms may also help 
researchers to define adherence in accordance with the 
ABC taxonomy [6]. The traditional PDC1 calculation 
considers that a large gap in medication supply is due 
to nonadherence, however it does not provide informa-
tion about the specific adherence behaviour in ques-
tion, e.g. whether nonadherence is due to sub-optimal 
implementation (missing doses, or taking less medicine 
than prescribed), or discontinuation despite the medi-
cal need for treatment [6]. In contrast, because PDC2 
and PDC3 do not consider periods beyond last refill 
by the supplier, use of either one of these algorithms is 
unlikely to conflate discontinuation with sub-optimal 
implementation. Use of PDC2 and PDC3 may there-
fore be a more appropriate choice when implementa-
tion is the behaviour of interest. Moreover, when it 
can be reasonably assumed that large gaps are due to 
the person obtaining medication from an alternative 
supplier, PDC3 could enhance the measurement of 
implementation.

Limitations of this study include the absence of a sec-
ond source of data (such as patient interviews, another 
measure of adherence (e.g. self-report) or clinical data 
(e.g. blood pressure readings or blood test results) all of 
which could provide information about the validity of 
the different PDC measurements. We found that PDC 
was sensitive to the definition of a large gap between 
supplies, therefore it is important to establish reason-
able assumptions for different prescriptions. Further 
studies using interview methods are required to investi-
gate what happens in large gaps. Following people over 
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a period of interest, for example the first year of treat-
ment, and comparing PDC measurements with a sec-
ond measure of adherence, such as self-report, would 
also be useful to examine patterns of adherence (e.g. 
initiation, implementation, and persistence) in relation 
to PDC measurements.

Conclusions
The availability of alternative PDC algorithms allows 
suppliers and researchers to select the approach most 
relevant to their research question and the necessary 
assumptions. The PDCs outlined in this paper could 
enable organisations with dispensing data to track the 
progress of their patients over time and to evaluate the 
effect of interventions targeted at improving medica-
tion adherence. Increased use of algorithms to analyse 
real-world data might help improve our understand-
ing of adherence in real-world settings, highlighting 
the true challenges and opportunities for intervention. 
Improving medication adherence has the potential to 
both improve health outcomes for individuals, as well 
as reduce medicines wastage and healthcare costs.

Abbreviations
ACE: Angiotensin‑converting enzyme; CMS: Centers for Medicare and Medic‑
aid Services; MPR: Medication possession ratio; NHS: National Health Service; 
PDC: Proportion of days covered; POI: Period of interest; PQA: Pharmacy 
Quality Alliance; UK: United Kingdom; US: United States; WHO: World Health 
Organization.

Supplementary Information
The online version contains supplementary material available at https:// doi. 
org/ 10. 1186/ s40545‑ 021‑ 00385‑w.

Additional file 1: Figure S1. Comparison of PDCs by patient 
characteristics.

Additional file 2: Table S1. Three PDC algorithms applied to a real‑world 
dataset of people taking ACE inhibitors, statins and thyroid hormones.

Acknowledgements
This study was conceived and funded by Pharmacy2U, an online pharmacy in 
the UK. Colleen Shannon and Louise Coghlin, Freelance Medical Writers and 
Vanessa Cooper, Principal at Sprout Health Solutions, assisted with editing of 
the manuscript. Professor Nick Barber reviewed and commented on a draft of 
the manuscript.

Authors’ contributions
The initial idea for the study was conceived by CA and SF. The study and 
methods were conceived by all authors. The algorithms were developed, and 
data analysed by DPM, AM and HH. The manuscript was prepared by DPM, 
LLE, SC and AM. All authors contributed to the manuscript and reviewed the 
final version. All authors read and approved the final manuscript.

Funding
The original work and manuscript were funded by Pharmacy2U Ltd. Phar‑
macy2U conceived of the study and commissioned external researchers to 
develop and test the algorithms. Pharmacy2U provided the de‑identified 
database, were involved in the analysis and interpretation of data and 
reviewed the manuscript.

Availability of data and materials
The dataset analysed during the current study is not publicly available 
because it comes from a privately owned, commercial database and is 
restricted by a privacy policy. The dataset can be requested under a confiden‑
tiality agreement. Our specifications in the manuscript provide sufficient guid‑
ance for readers to develop the adapted Proportion of Days Covered (PDC) 
algorithms. Our code is not currently packaged as an R package, however we 
would be happy to share our code on request.

Declarations

Ethics approval and consent to participate
No study‑specific ethics approval or consent was required. The dataset was 
fully deidentified before it was shared with the study team for analysis. No 
patient data were shared in a way in which individual patients could be 
identified. Pharmacy2U’s Privacy Policy allows the use of customer information 
in pursuit of their legitimate interests of operating and developing their com‑
mercial pharmacy services.

Consent for publication
All authors consent to the publication of this manuscript.

Competing interests
The authors declare the following conflicts of interest: CA, SF and HH are 
employed by Pharmacy2U Ltd. LLE and SC are owners and directors of Sprout 
Health Solutions Ltd (formerly Sprout Behaviour Change Ltd). AM and DPM 
were paid consulting fees by Sprout Behaviour Change Ltd for their contribu‑
tions to this work and manuscript.

Author details
1 Sprout Health Solutions Ltd, London, UK. 2 London School of Hygiene 
and Tropical Medicine, London, UK. 3 Pharmacy2U, Leeds, UK. 

Received: 15 September 2021   Accepted: 27 November 2021

References
 1. World Health Organization. Adherence to long‑term therapies: evidence 

for action. 2003. https:// www. who. int/ chp/ knowl edge/ publi catio ns/ 
adher ence_ full_ report. pdf. Accessed 25th Jan 2021.

 2. Cutler RL, Fernandez‑Llimos F, Frommer M, Benrimoj C, Garcia‑Cardenas 
V. Economic impact of medication non‑adherence by disease groups: a 
systematic review. BMJ Open. 2018;8:e016982.

 3. Khan R, Socha‑Dietrich K. Investing in medication adherence improves 
health outcomes and health system efficiency: adherence to medicines 
for diabetes, hypertension, and hyperlipidaemia Organisation for Eco‑
nomic Co‑operation and Development (OECD) Health Working Papers 
105, OECD Publishing. 2018. https:// www. oecd‑ ilibr ary. org/ docse rver/ 
81789 62c‑ en. pdf? expir es= 16116 15118 & id= id& accna me= guest & check 
sum= 64D40 7F43F 39309 895B3 9F542 6B283 C1. Accessed 25th Jan 2021.

 4. Trueman P, Taylor DG, Lowson K, et al. Evaluation of the scale, causes 
and costs of waste medicines: final report. York: University of York; 2010. 
https:// disco very. ucl. ac. uk/ id/ eprint/ 13502 34/1/ Evalu ation_ of_ NHS_ 
Medic ines_ Waste__ web_ publi cation_ versi on. pdf. Accessed 25th Jan 
2021.

 5. Taylor D. Improving health outcomes by reducing medicines waste. 
Prescriber. 2014;25(3):27–9. https:// doi. org/ 10. 1002/ psb. 1158.

 6. Vrijens B, De Geest S, Hughes DA, Prezemyslaw K, Demonceau J, Ruppar T, 
for the ABC Project Team, et al. A new taxonomy for describing and defin‑
ing adherence to medications. Br J Clin Pharmacol. 2012;73(5):691–705.

 7. Van Wijk BL, Klungel OH, Heerdink ER, de Boer A. Effectiveness of 
interventions by community pharmacists to improve patient adher‑
ence to chronic medication: a systematic review. Ann Pharmacother. 
2005;39:319–28. https:// doi. org/ 10. 1345/ aph. 1E027.

 8. Conn V, Ruppar TM, Enriquez M, Cooper PS, Chan KC. Healthcare provider 
targeted interventions to improve medication adherence: systematic 
review and meta‑analysis. Int J Clin Pract. 2015;69:889–99. https:// doi. org/ 
10. 1111/ ijcp. 12632.

https://doi.org/10.1186/s40545-021-00385-w
https://doi.org/10.1186/s40545-021-00385-w
https://www.who.int/chp/knowledge/publications/adherence_full_report.pdf
https://www.who.int/chp/knowledge/publications/adherence_full_report.pdf
https://www.oecd-ilibrary.org/docserver/8178962c-en.pdf?expires=1611615118&id=id&accname=guest&checksum=64D407F43F39309895B39F5426B283C1
https://www.oecd-ilibrary.org/docserver/8178962c-en.pdf?expires=1611615118&id=id&accname=guest&checksum=64D407F43F39309895B39F5426B283C1
https://www.oecd-ilibrary.org/docserver/8178962c-en.pdf?expires=1611615118&id=id&accname=guest&checksum=64D407F43F39309895B39F5426B283C1
https://discovery.ucl.ac.uk/id/eprint/1350234/1/Evaluation_of_NHS_Medicines_Waste__web_publication_version.pdf
https://discovery.ucl.ac.uk/id/eprint/1350234/1/Evaluation_of_NHS_Medicines_Waste__web_publication_version.pdf
https://doi.org/10.1002/psb.1158
https://doi.org/10.1345/aph.1E027
https://doi.org/10.1111/ijcp.12632
https://doi.org/10.1111/ijcp.12632


Page 14 of 14Prieto‑Merino et al. Journal of Pharmaceutical Policy and Practice          (2021) 14:113 

•
 
fast, convenient online submission

 •
  

thorough peer review by experienced researchers in your field

• 
 
rapid publication on acceptance

• 
 
support for research data, including large and complex data types

•
  

gold Open Access which fosters wider collaboration and increased citations 

 
maximum visibility for your research: over 100M website views per year •

  At BMC, research is always in progress.

Learn more biomedcentral.com/submissions

Ready to submit your researchReady to submit your research  ?  Choose BMC and benefit from: ?  Choose BMC and benefit from: 

 9. Zion Market Research. E‑Pharmacy market by drug type (prescription 
drugs and over the counter drugs): global industry perspective, compre‑
hensive analysis, and forecast, 2018–2025. 2019. https:// www. zionm arket 
resea rch. com/ report/ e‑ pharm acy‑ market. Accessed 25th Jan 2021.

 10. Bijlsma MJ, Janssen F, Hak. Estimating time‑varying drug adherence using 
electronic records: extending the proportion of days covered (PDC) 
method. Pharmacoepidemiol Drug Saf. 2016;25(3):325–32.

 11. Lehmann A, Aslani P, Ahmed R, et al. Assessing medication adherence: 
options to consider. Int J Clin Pharm. 2014;36(1):55–69.

 12. Lam WY, Fresco. Medication adherence measures: an overview. BioMed 
Res Int. 2015, Article ID 217047, 12 pages, https:// doi. org/ 10. 1155/ 2015/ 
217047.

 13. Peterson AM, Nau DP, Cramer JA, et al. A checklist for medication compli‑
ance and persistence studies using retrospective databases. Value Health. 
2007;10:3–12.

 14. Hess LM, Raebel MA, Conner DA, et al. Measurement of adherence in 
pharmacy administrative databases: a proposal for standard definitions 
and preferred measures. Ann Pharmacother. 2006;40:1280–8.

 15. Canfield SL, Zuckerman A, Anguiano RH, et al. Navigating the wild west 
of medication adherence reporting in specialty pharmacy. J Manag Care 
Spec Pharm. 2019;25(10):1073–7.

 16. Nau. Proportion of Days Covered (PDC) as a Preferred Method of Measur‑
ing Medication Adherence. 2011. https:// sep. yimg. com/ ty/ cdn/ epill/ 
pdcmpr. pdf. Accessed 25th Jan 2021.

 17. Pharmacy Quality Alliance (PQA). PQA measure overview. 2019. https:// 
www. pqaal liance. org/ adher ence‑ measu res. Accessed 25th Jan 2021.

 18. Baumgartner PC, Haynes RB, Hersberger KE, et al. A systematic review of 
medication adherence thresholds dependent of clinical outcomes. Front 
Pharmacol. 2018;9:1290.

 19 Aldughayfiq B, Sampalli S. digital health in physicians and pharmacists 
office: a comparative study of e‑prescription systems’ architecture and 
digital security in eight countries. OMICS J Integr Biol. 2021;25(2):102–22. 
https:// doi. org/ 10. 1089/ omi. 2020. 0085.

 20. García‑Sempere A, Hurtado I, Sanfélix‑Genovés J, Rodríguez‑Bernal C, 
Peiró S, Sanfélix‑Gimeno G. Improving the accuracy of medication adher‑
ence measures using linked prescription and dispensation data: findings 
from the ESOSVAL cohort of patients treated with osteoporosis drugs. 
Curr Med Res Opin. 2019;35(9):1535–44.

 21. Pharmacy2U Privacy Policy. https:// www. pharm acy2u. co. uk/ priva cy. html. 
Accessed 25th Jan 2021.

 22. Center for Medicare & Medicaid Services (CMS). Health Insurance 
Exchange: 2020 quality rating system measure technical specifications. 
September 2019. p. 201–6. https:// www. cms. gov/ Medic are/ Quali ty‑ Initi 
atives‑ Patie nt‑ Asses sment‑ Instr uments/ Quali tyIni tiati vesGe nInfo/ Downl 
oads/ 2020‑ QRS‑ Measu re‑ Tech‑ Specs_ 20190 925_ 508. pdf. Accessed 25th 
Jan 2021.

 23. Horne R, Chapman SCE, Parham R, Freemantle N, Forbes A, Cooper V. 
Understanding patients’ adherence‑related beliefs about medicines pre‑
scribed for long‑term conditions: a meta‑analytic review of the Necessity‑
Concerns Framework. PLoS ONE. 2013;8(12):e80633.

 24. Clifford S, Barber N, Elliott R, Hartley E, Horne R. Patient centred advice 
is effective in improving adherence to medicines. Pharm World Sci. 
2006;28(3):165–70.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub‑
lished maps and institutional affiliations.

https://www.zionmarketresearch.com/report/e-pharmacy-market
https://www.zionmarketresearch.com/report/e-pharmacy-market
https://doi.org/10.1155/2015/217047
https://doi.org/10.1155/2015/217047
https://sep.yimg.com/ty/cdn/epill/pdcmpr.pdf
https://sep.yimg.com/ty/cdn/epill/pdcmpr.pdf
https://www.pqaalliance.org/adherence-measures
https://www.pqaalliance.org/adherence-measures
https://doi.org/10.1089/omi.2020.0085
https://www.pharmacy2u.co.uk/privacy.html
https://www.cms.gov/Medicare/Quality-Initiatives-Patient-Assessment-Instruments/QualityInitiativesGenInfo/Downloads/2020-QRS-Measure-Tech-Specs_20190925_508.pdf
https://www.cms.gov/Medicare/Quality-Initiatives-Patient-Assessment-Instruments/QualityInitiativesGenInfo/Downloads/2020-QRS-Measure-Tech-Specs_20190925_508.pdf
https://www.cms.gov/Medicare/Quality-Initiatives-Patient-Assessment-Instruments/QualityInitiativesGenInfo/Downloads/2020-QRS-Measure-Tech-Specs_20190925_508.pdf

	Estimating proportion of days covered (PDC) using real-world online medicine suppliers’ datasets
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusion: 

	Background
	Methods
	Principles of PDC calculation
	Denominator
	PDC1
	Proposal for two extensions to PDC
	PDC2
	PDC3
	The definition of large gaps
	Illustration of the three PDC methods
	Example using real-world data

	Results
	PDC differences
	PDC3 gap sensitivity
	Effect of follow-up lengths
	Comparison between drug classes
	Comparison between patient characteristics

	Discussion
	Conclusions
	Acknowledgements
	References


