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Demand for Emergency Department (ED) care has been rising. At least partly, this increase is driven by the
failure to provide timely and high-quality primary care in the community, resulting in patients being forced
to use EDs. From a system efficiency perspective, it is important for health authorities to identify Primary
Care Practices (PCPs) that place a lower burden than average on EDs so that best practices can be identified
and disseminated and PCPs that place a higher than average burden so that they can be supported. This
paper develops and validates one such methodology using operational data routinely collected by an ED in
England. To do this we focus on the subset of patients attending the ED with Ambulatory Care Sensitive
(ACS) conditions. These are conditions that are possible and cost effective to treat in a non-ED setting.
We use a variance decomposition approach, where we control for observed and unobserved heterogeneity,
to show that approximately 37% of the variance in the proportion of ACS attendances is due to systematic
differences between PCPs and such differences are large enough to be operationally relevant. Furthermore,
PCPs that perform poorly using the variance decomposition approach are more likely to score poorly on
patient surveys. We demonstrate that this measure is superior to measures using ACS admissions that have
been used in the past literature and conclude with an exploratory study that demonstrates how this measure

can be used to quantify the link between operational drivers (e.g., staffing) and PCP performance.
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1. Introduction

Emergency departments (EDs) across the developed world are reporting a significant increase in
demand for their services (see Figure 1 for evidence from England and Berchet (2015) for evidence
from around the world). Some of this increase can be attributed to demographic factors, such
as the continuing rise in life expectancy which leads to increasing numbers of older people with

chronic conditions. However, by some estimates, as many as 40% of ED attendances are deemed
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Figure 1 Emergency Department attendances in England, Aug 2010- Apr 2019. Source: Unify2 / SDCS data
collections - WSitAE and MSitA

to have been inappropriate and at least partially due to failures in primary care (Ismail et al.
2013). Although many primary care practices (PCPs) provide an excellent range of services in a
timely fashion, some are perceived as having unacceptably long waiting times for appointments,
few options (if any) after regular office hours, or limited diagnostic resources that force patients
to seek care at EDs (Berchet 2015, MacKichan et al. 2017, Bavafa et al. 2021). Treating such
patients at the ED is considerably more expensive than providing care in non-emergency settings
(Weinick et al. 2010,Galarraga et al. 2015), creates delays and worse outcomes for high-acuity
patients (McCarthy et al. 2009, Soltani et al. 2020), and contributes to ED physician/nurse burnout
(Watson et al. 2019). From a system efficiency perspective it is therefore important to identify
PCPs whose patients place a lower than average burden on ED departments so that best practices
can be identified and disseminated, and identify PCPs whose patients place a higher than average
burden in order to provide support.

Despite its systemic importance, assessing PCP performance in many healthcare systems is
difficult due to lack of data and service fragmentation — PCP data is maintained locally using
incompatible information systems, with complex and non-transparent data ownership structures,
making direct comparisons between PCPs difficult (Gentil et al. 2017, Clarke et al. 2019). In
addition, PCP data does not typically include information on quoted waiting time for appointments
and/or the number of patients that tried but failed to get an appointment. As a result, PCP
performance is routinely assessed by means of patient surveys (Cowling et al. 2015). Surveys are
by construction subjective, they can be slow and expensive to administer, and although they may

provide valuable insights on patient perceptions of PCP’s performance, they do cannot measure the
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impact of failures in primary care on ED demand. This paper develops and validates one alternative
methodology based on variance decomposition methods using operational data routinely collected
in the course of providing emergency care in one major National Healthcare Service (NHS) hospital
based in England. The methodology allows a health authority, such as NHS England, to identify
PCPs that perform better or worse than average in terms of their patients use of ED care and, in
addition, makes it possible to (at least) partially estimate the ED cost attributed to variation in
PCP performance.

The setting. Healthcare in England is provided by the NHS and is funded through taxes.
Residents can access primary, emergency, and specialist care free of charge. We will first describe
the primary and emergency care setting and then the patient decision-making process.

e Primary care: is provided by General Practices (or PCPs as we will refer to them for the
rest of the paper), which are financially independent entities contracted by the NHS to offer a
comprehensive range of primary care services (e.g., consultations, prevention, screening, immuniza-
tion, some diagnostic services, and minor treatments) and serve as gatekeepers for diagnostic and
other specialist services typically offered in hospital settings. They are reimbursed on the basis
of a risk-adjusted capitation system augmented by pay-for-performance elements, e.g., the patient
experience survey, (Roland and Guthrie 2016). To access care, UK residents need to register with
a PCP. Until 2015 patients had to register with a PCP in whose catchment area they resided.
This has been relaxed since then with patients being allowed to choose PCPs more freely (NHS
2016). Patients typically access PCPs by appointment during their usual operating hours. These
vary but for most practices they are between 08:00 and 18:30, Monday to Friday. Out-of-hours
access to primary care varies and may include telephone service, out-of-hours clinics, or home visits
(National Audit Office 2014).

e Emergency Care: is provided in hospital EDs such as the one we study. EDs are typically open
24/7 and offer a wide range of services and are accessible without an appointment. Since 2005 the
government has set a target for EDs to assess, diagnose, treat, and admit or discharge patients
visiting EDs within four hours of arrival (Weber et al. 2012), a target that was met for 95% of
patients until 2015 and for over 85% of patients after that.

e Patient’s decision making process: Within the NHS patients are free to seek care at the PCP
or the hospital ED. The decision to visit the PCP or ED is complex and influenced by a number
of patient-specific and PCP-related factors (see review by Huntley et al. (2014)). For instance,
the interviews conducted by MacKichan et al. (2017) suggest that factors that contributed to
patients choosing to attend EDs as opposed to PCP were the intricate and difficult to navigate
PCP appointment systems, PCP appointment availability, the lack of access to PCP care out of
hours, and patient perceptions about the better level of care at the ED compared to the PCP.
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Our approach focuses on routinely collected ED data over a period of five years. The aim is
to identify PCPs whose patients make disproportionably more use of the ED resources, especially
when this use is clinically unwarranted. To do so we focus on the small number of PCP practices
that contribute the most to the number of attendances for the ED (the top 84 PCPs that generate
75% of demand). Not surprisingly, these PCPs are located near the hospital (average distance
of 3.8km). We assess PCP performance based on the number of patients attending the ED with
ambulatory care sensitive (ACS) conditions — these are conditions where effective community care
and case management is known to help prevent the need for hospital admission (Busby et al. 2015,
Blunt 2013) and, in addition, treating ACS conditions in an ED setting can cost twice as much as
in a non-ED setting (Galarraga et al. 2015). The premise is that all things being equal, patients
with ACS conditions registered with PCPs that offer better care (e.g., timely access, effective case
management) will exhibit fewer ED attendances. We further develop a methodology that directly
controls for observed heterogeneity based on exogenous factors (e.g., differences in the scale, patient
case mix, patient socioeconomic status) and unobserved heterogeneity (e.g., patient preferences)
and use a random-effect model (Wooldridge 2010) to decompose the residual variance in ACS
attendances to a component that is PCP specific (between PCP variation) and a component that
is random (within PCP variation).

We find that about 37% of the variation in ACS attendances can be attributed to systematic
differences between PCPs and that these differences are not only statistically significant but their
magnitude is large enough to be operationally relevant. For example, if all PCPs that performed
worse than the 75th percentile were to improve their performance to the 75th percentile, then
approximately 10.5% of ACS attendances could be avoided. This would translate to a UK-wide
reduction in ED attendances of 480,000 patients annually saving the NHS approximately £76 mil-
lion per annum. Although it is important to emphasize that not all PCPs that score poorly based
on this measure are necessarily providing a poor level of service (e.g., there may be residual unob-
served heterogeneity that the model specified in this paper does not control for), it is nevertheless
useful to use this decomposition to create a cardinal measure of the pressure that individual PCPs
place on ED resources — PCPs that generate a systematically higher (lower) number of ACS atten-
dances than average can be thought of as placing a higher (lower) burden on ED resources than
average.

We then demonstrate that the measure constructed using the variance decomposition method
proposed by this work has validity. We do so by using the results of the annual patient survey
conducted by the NHS. More specifically, we show that the between PCP variation is correlated
with patients’ answers — PCPs that rank poorly in the proposed measure are those where a larger

proportion of patients report they were unable to get an appointment in a timely fashion and are less
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likely to recommend their PCP to others. Importantly, the within PCP variation (i.e., the random
error) is not correlated with patient survey responses. This is consistent with the interpretation
that the within PCP variation is indeed due to random fluctuations. Furthermore, we repeat the
analysis but instead of focusing on ACS conditions we focus on conditions that are less likely to be
influenced by PCP performance such as road accidents, myocardial infractions (AMI), and strokes.
As expected, for these conditions we find much smaller systematic variability between PCPs, this
sytematic variability is negatively correlated with the one constructed using ACS conditions, and
is not correlated with patient survey responses. We also demonstrate that our approach, which
is based on ACS attendances at the ED, is superior in quantifying PCP performance compared
to approaches that rely on the more readily available data on ACS admissions that have been
proposed by past literature (see literature review). A number of additional robustness tests confirm
that the measures constructed are not particularly sensitive to modeling choices.

We then proceed to demonstrate the practical usefulness of this measure by conducting an
exploratory study on one of the determinants of PCP performance — staffing levels. More specif-
ically, we show that PCPs that have relatively large ratios of patients per full-time physician
employee are more likely to score poorly and more so if these PCPs are relatively small. If a rel-
atively small PCP (i.e., a PCP with 4,441 registered patients which is equivalent to 1 standard
deviation below the mean) was to reduce the patient-to-staff ratio by 1,000 then this would reduce
the number of ED attendances by patients with ACS conditions by approximately 5.5%. Similarly,
if two such small PCPs were to merge to form a PCP of average size, this would reduce the number
of ACS attendances by approximately 0.4% without requiring any additional staff.

Collectively, this work demonstrates how one can utilize routinely collected operational data
downstream (at the ED level) to infer performance at multiple upstream locations (the PCPs).
This methodology should aid health authorities to overcome data limitations that exist at the more
upstream level and assess performance in a cost effective and objective manner (i.e., that does not
rely on patient surveys). We also demonstrate how this methodology can be used to establish that
one PCP operational measure, the number of patients per full-time physician employee, affects ED
attendances. Further work could utilize this methodology along with data from all EDs operating
nationally to identify whether there is evidence of regional variation in the quality of primary
care across the UK that needs to be addressed. Furthermore, if one has access to more detailed
PCP data, this methodology can be used to identify clinical pathways and operational practices
that allow some PCPs to perform better than others and focus on disseminating such practices.
Furthermore, to the extent that this methodology enables health authorities to better estimate
the cost savings at the ED level associated with interventions at the PCP level, it may aid the

development of business cases to fund such interventions. Beyond the NHS, where this study takes
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place, this methodology would be useful to any public payer such as the Centers of Medicare and
Medicaid in the US or private insurances providers that are responsible for reimbursing primary
and hospital-based care. More radically, an appropriately applied version of this methodology could
be used as part of the reimbursement formula for PCPs, with PCPs that perform better (or worse)
than average in the proposed measure subjected to a financial reward (penalty). Such financial
incentives that rely on relative benchmarking could provide the impetus for PCPs to internalize the
cost burden associated with providing care at the ED to patients who would be better looked after
in primary care and, importantly, it can be implemented with already existing data (see Shleifer

(1985), Savva et al. (2019)).

2. Literature review
2.1. Empirical work in operations management

This paper contributes to the relatively recent empirical literature in operations management that
uses observational data to rigorously measure and assess performance in the context of service
systems. For example, Tan and Netessine (2014) use data collected by a restaurant software system
to establish that the workload of restaurant servers affects meal duration and sales; Staats and
Gino (2012) and Xu et al. (2020) use bank transaction data to examine the impact of repetition on
worker productivity and how workload affects error rates, respectively; Ibanez and Toffel (2020)
use data on the schedule of restaurant inspections to establish that the order of inspections affects
outcomes; Wang and Zhou (2018) use supermarket checkout data to establish that clerks working in
dedicated queues work faster compared to servers working in pooled queues, a result also established
in the context of ED service times by Song et al. (2015). More related to our work is the rich
empirical literature that exploits data generated in a healthcare setting (as in the Song et al. (2015)
example). More specifically, a number of studies have established that ward- or provider-level
workload affects patient service rates (KC and Terwiesch 2009, Berry Jaeker and Tucker 2017),
admission decisions (KC and Terwiesch 2017), intensity of services provided (Freeman et al. 2017),
hospital reimbursement (Powell et al. 2012), nurse absenteeism (Green et al. 2013), and patient
mortality rate (Kuntz et al. 2015), amongst others. Beyond the impact of workload, work has
exploited radiology data to examine the effect of discretionary task ordering on worker productivity
(Ibanez et al. 2018), admissions data to establish that delays in ICU admission affect patient length
of stay (Kim et al. 2015) and that assigning patients to beds designated for different services increase
patient length of stay (Song et al. 2020), ED service-time data to establish that performance
feedback affects worker productivity (Song et al. 2018) and that queue length and waiting times
affect patient decisions to leave without being seen (Batt and Terwiesch 2015). As in this paper,

the data exploited by these studies was routinely collected in the process of providing a service. In
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contrast to this paper, the work cited above uses the available data to study aspects of performance
at the level of the unit in which the data was collected (e.g., ED data to assess aspects of ED
performance).

More recently, studies have taken a more system-wide perspective to examine whether data col-
lected at one level can tell us anything about performance further downstream. Examples include
Freeman et al. (2020), who examine how ED workload affects hospital admission decisions, Soltani
et al. (2020) who examine how ED workload affects the efficiency with which hospital inpatient
treatment is provided, Song et al. (2021) who analyze how the duration of home healthcare visits
affects hospital readmissions, and Bavafa et al. (2021) who study lower than average PCP avail-
ability affects ED visits and readmissions. Similar to these studies, our work also takes a system
perspective but instead of using data collected at one unit to assess the performance of units fur-
ther downstream, our work focuses on units that are further upstream. These are units that act as
a precursor to the unit in which the data is collected. Furthermore, our goal is more descriptive,
we aim to provide a validated measure of performance for the upstream units (the PCPs) based on
the richer data available downstream (the EDs) and demonstrate how this measure can be used to
identify features of upstream units that are associated with better performance. Furthermore, such
work can be used to assess the potential cost implications of upstream (PCP-level) interventions

to the unit downstream (the ED).

2.2. Healthcare Literature

Our paper also contributes to the literature on health economics and health service research that
examines primary care performance. This field has received considerable interest as indicated by
the number of systematic reviews that seek to synthesize how primary care performance is affected
by financial incentives (Scott et al. 2011, Gibson et al. 2013), patient demographics (Huntley et al.
2014), organizational and workforce aspects (van Loenen et al. 2014, Gibson et al. 2013, Huntley
et al. 2014), and accessibility (Rosano et al. 2013). The range of systematic reviews underlines the
variety of research foci. Studies do not only differ with respect to their objective but also on the type
of data and methodologies that are deployed to assess primary care performance. Examples range
from qualitative interview studies (Maisey et al. 2008, McDonald and Roland 2009), patient surveys
(Cowling et al. 2016, Schoen et al. 2004, Campbell et al. 2009), routinely collected quality indicators
at the PCP level (Brown and Lilford 2006, Downing et al. 2007, Hong et al. 2010, Dusheiko et al.
2011), and to hospital admission data (Harrison et al. 2014, Barker et al. 2017, Dusheiko et al. 2006,
Vuik et al. 2017, Lavoie et al. 2019, Busby et al. 2017, Dusheiko et al. 2011). It can be debated as to
how far this data is equally useful or informative for performance assessment. Interviews and surveys

generate insights into perceptions about performance but cannot quantify performance objectively.
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Routinely collected quality indicators at the PCP level, which are primarily used for reimbursement
purposes, can distort the assessment due to upcoding and gaming behaviour (Jiirges and Kéberlein
2015, Bastani et al. 2019). Likewise, hospital admission data may not be representative as it can
be affected by “great variation at the hospital level and physician level in the ED regarding the
decision to admit or discharge...” Galarraga et al. (2015, p.176). In contrast to these papers, our
study assesses primary care performance based on ED attendances. Since ED attendances reflect
the decisions and preferences of patients, they are an objective measure that has the advantage
of being exogenous to the hospital. Use if ED attendances is limited in extant literature, perhaps
due to lack of data availability. One notable exception is Dolton and Pathania (2016), which used
ED attendances to show that a piloted policy change, which extended PCP services during the
weekend, reduced demand for emergency care. Our work complements this analysis by showing
that ED attendances can be used to construct measures that allow for meaningful comparisons
between PCPs.

Our work is also connected to the growing literature on provider profiling. This literature
focuses on developing methodology aiming to rigorously assess and visualize performance differ-
ences between providers (e.g. Jones and Spiegelhalter 2011, Spiegelhalter 2005, Racz and Sedransk
2010, Paddock 2014) with applications in the context of hospitals (Paddock et al. 2015), medical
specialists (Adams et al. 2010), and PCPs (Thomas et al. 2004). Such applications typically rely
on performance data collected from the same unit or financial (claims) data centrally collected
at the purchaser level. In contrast, our work seeks to conduct upstream provider profiling using

downstream data.

3. Empirical analysis

The goal of this work is to use routinely-collected operational hospital data, and more specifi-
cally patient attendances at hospital EDs, to identify PCP practices whose patients are placing a
disproportionate pressure on ED resources, especially when these attendances are not medically
warranted. For this reason, we focus on the subset of patients that present to the ED with ACS
conditions. These are conditions where effective community care and case management can help to
prevent (but not completely eliminate) the need for ED attendance or hospital admission (Busby
et al. 2015, Blunt 2013). More specifically, ACS conditions can be categorized into acute, chronic,
and vaccine-preventable conditions (see Table 1 for a complete list of these conditions). Exam-
ples of acute conditions include ear, nose, and throat infections or urinary tract infections. These
conditions can be (and most often are) treated effectively in an ambulatory-care setting provided
the patient has timely access to care (e.g., a PCP appointment). Examples of chronic conditions
include asthma, chronic obstructive pulmonary disease, and congestive heart failure. These con-

ditions require monitoring in the community to ensure that the condition remains stable and the
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patient adheres to guidelines and medications. Examples of vaccine-preventable conditions include
influenza and pneumonia. Their prevalence can be reduced or completely eliminated if an adequate
vaccination scheme is in place. All things being equal, we expect patients with ACS conditions
registered with PCP practices that offer timely access to appointments, effective management of
patients’ chronic conditions, and administer vaccinations as per national guidelines to exhibit fewer

ED attendances compared to patients registered with less effective PCP practices.

Table 1 List of ACS conditions

Acute Chronic Vaccine-preventable
Cellulitis Angina Influenza
Dehydration Asthma Pneumonia
Dental conditions Chronic obstructive pulmonary disease Tuberculosis
Ear, nose, and throat infections Congestive heart failure Other vaccine-preventable conditions
Gangrene Convulsions and epilepsy
Gastroenteritis Diabetic complications
Nutritional deficiencies Hypertension
Pelvic inflammatory disease Iron deficiency

Perforated or bleeding ulcer
Urinary tract infections or pyelonephritis

3.1. Data

The empirical analysis focuses on a dataset of approximately 700,000 patient ED attendances
taking place at a large teaching hospital in a major metropolitan area in England over 5 years
(2013-2017). In 2017, the ED had approximately 400 patient attendances per day, 23.3% of which
were admitted to the hospital. The data includes the date/time of arrival, patient demographics
(age, gender), an identifier for the PCP the patient is registered with, information on presenting
complaints and diagnosis, and patient disposal (e.g., whether the patient was admitted to the hos-
pital or discharged home). This dataset is augmented with information from nine publicly available
sources that contain information on PCPs (e.g., location, payments), NHS hospitals (location),

and information on UK geolocations and deprivation scores at each location, outlined in Table 2.

3.2. Data pre-processing

As the hospital we study is located in a major metropolitan area, it attracts a substantial number
of commuters and tourists that are registered with PCP practices outside of the hospital’s primary
catchment area or, in the cases of overseas tourists, patients who are not registered with any PCP
practice at all. More specifically, 74.6% of the ED attendances are from patients registered with
7,692 different PCPs scattered across the UK. (To put this number in perspective, the total number
of PCPs in the whole of England and Wales in the duration of the study is approximately 15,000.)

The rest of the patients were either overseas visitors who were not registered with the NHS (7.7%),
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Table 2 Publicly available data bases used in this study

Publisher, Data set Extracted Information Link

NHS Digital, Epraccur Name and addresses of PCPs and https://digital.nhs.uk/services/
when they ended operating (time of organisation-data-service/
closure) data-downloads/

gp—and-gp-practice-related-data

NHS Digital, Ebranches PCP branches and when they https://digital.nhs.uk/services/
started operating organisation-data-service/
data-downloads/
gp-and-gp-practice-related-data

NHS Digital, Patients registered at Number and demographics of https://digital.nhs.uk/

a GP Practice patients registered at PCP data-and-information/
publications/statistical/
patients-registered-at-a-gp-practice

NHS Digital, Payments to general PCP patient case-mix https://digital.nhs.uk/

practice data-and-information/
publications/statistical/
nhs-payments-to-general-practice

NHS Digital, Etrust Location of hospital sites https://digital.nhs.uk/services/
organisation-data-service/
data-downloads/other-nhs-organisations

NHS Digital, General and Personal FTE physicians working at PCPs  https://webarchive.nationalarchives.
Medical Services gov.uk/20180328140045/http://digital.
nhs.uk/catalogue/PUB20503

NHS England, GP Patient Survey Patient perception of PCPs https://gp-patient.co.uk/about

Free Map Tools, UK Postcode Latitude and longitudinate coordi- https://www.freemaptools.com/contact.
database nates of UK postcodes htm

Ministry of Housing, Communities English indices of deprivation at https://wuw.gov.uk/
& Local Government postcode level government/statistics/
english-indices-of-deprivation-2015

Table 3 Patient characteristics depending on PCP status

PCPs assigned PCPs not assigned PCPs not applicable

% of ED attendances 74.6% 17.7% 7.7%
Age: Mean (SD) 36.9 (23.1) 34.5 (20.3) 34.7 (17.3)
Male 50.5% 52.3% 59.9%
ACS condition 17.7% 17.0% 16.6%
Ambulance arrival 25.4% 24.7% 26.4%

or the PCP could not be determined upon ED arrival (17.7%). Since the goal of this study is to
compare PCP performance, we can safely exclude data from overseas visitors. We also exclude
patients whose PCP practice could not be determined. This is a relatively small subset which,
as indicated by Table 3, appears to be similar on the basis of observable characteristics to those

patients that are included in the sample.
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(a) Distance to study hospital (b) Geographic location of top 84 PCPs.

Figure 2 Interquartile range of distance and geographic location of top 84 PCPs.

To preserve anonymity of the ED and PCPs, the geographic coordinates have been transformed.

This leaves 523,069 ED attendances from 7,692 PCP practices of which 92,402 are attributable
to ACS conditions. The average and median distances of these PCPs from the hospital are 149.3km
and 146.6km (the interquartile range appears in Figure 2a), which indicates that at least some of
these PCPs are very far away from the hospital. As indicated by Figure 3, the majority of the ED
attendances come from a small number of PCPs. For the purposes of this study we focus on the 84
PCPs that are collectively responsible for 75% of the ACS attendances — the average and median
distances for these PCPs are 3.8km and 3.5km (see also Figure 2a). Indeed, Figure 2b shows the
locations of these PCPs in relation to the hospital ED. The figure also shows the locations of other
hospital EDs. As the figure indicates, all 84 PCPs are within 10km of the hospital. In the Appendix,
as a robustness check, we change the sample to include the top 60 and the top 136 PCPs that
collectively account for 70% and 80% of the patient ACS attendances, respectively (see Appendix,
§3.1).

PCPs are operating in an environment characterized by occasional mergers, expansions and
closures. Since these expansion and closing activities disrupt PCP operations and can distort
performance, we exclude these from the analysis. We can identify three PCP closures reported in
the Epraccur dataset. For each closure we exclude the final operating year to ensure that we have
full-year observations (closures occur throughout year). As a robustness check, we also exclude all
three practices that closed during the study period from the entire analysis (see Appendix §3.2).
To the best of our knowledge there is no publicly available dataset that tracks PCP mergers. But

there is information about PCP expansion. If PCPs start operating a new branch, this information
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Figure 3 Proportion of ACS attendances accounted for by different PCPs.

is reported in the dataset ebranches. Such a new branch can be the result of a merger because
typically, if PCPs merge, one site will become the main site and the other sites will become branches.
There are two PCPs with new branches starting to operate during our study period. We exclude
these PCPs from our analysis from the first year in which the new branch started operating. As a

robustness check, we also exclude these two practices from the entire analysis (see Appendix §3.2).

3.3. Measuring PCP performance: A variance decomposition approach

For every PCP g we denote the count ACS attendances in period ¢ by:

N
Pgt = E Xi,g,ACS,ta
=1

where X, , ., is equal to 1 if patient i € {1,..., N} is registered with practice g € {1, ..., G} in period
t and presents to the ED with a condition ¢ that belongs to the set of ACS conditions and 0
otherwise. For the primary analysis we will choose the duration of the period ¢ to be a year. This
ensures a sufficiently large number of observations per PCP (the average annual number of ACS
ED attendances for the 84 PCPs in the sample is 165 with a standard deviation of 150), and ensures
that the measure constructed is less subject to seasonal variation.

Naturally, the number of ACS attendances P, will vary and this variation may be attributed to
(i) stochastic fluctuation within PCPs over time, (ii) variation between PCPs that can be attributed
to observed heterogeneity (for example differences in the size of the practice, patient case mix,
distance to the focal hospital and other hospitals in the area) or unobservable heterogeneity that
has nothing to do with PCP quality of care (for example, differences in patient preferences over EDs

of different hospitals), and (iii) variation between practices that is due to persistent differences in
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PCP quality of care. Of primary interest is the latter and in what follows we develop an econometric
specification that aims to isolate this source of variability as far as possible.

To (at least partially) control for unobserved heterogeneity that is orthogonal to PCP perfor-
mance we take advantage of the fact that in addition to patient attendances with ACS conditions
we also have information on patient attendances with non-ACS conditions. These conditions, which
include chest pain, suspected stroke, and trauma, require ED attendance and less dependent on
PCP quality of care compared compared to ACS conditions. If there exists heterogeneity (not
related to quality of care) that makes patients from PCP i more likely to visit the ED of the study
hospital compared to patients from PCP j (e.g., because patients in PCP i prefer the study hospital
while patients in PCP j prefer a different hospital), then, to the extent that these differences are
common for patients with ACS and non-ACS conditions, both ACS and non-ACS attendances will
be higher for PCP ¢ compared to PCP j. Therefore, we propose to measure PCP performance by
normalizing the number of ACS attendances by dividing it with all patient attendances originating

from PCP g in period t:
A M

gt = N )
Ec/eC Zizl Xi,g,c/,t

where X; , ., is defined as above and ¢’ includes patients with ACS and non-ACS conditions. The
proportion of ACS attendances A, constitutes the unit of analysis for the rest of this work and
defines a (potentially unbalanced) panel of observations. Since the measure A,, exhibits substantial
dispersion, we will log-transform this variable.

To identify the variation in the proportion of ACS attendances A, that can be attributed to

systematic differences between PCPs, we estimate the following model:
ln(Agt) =g+ OtcCgt + Ug + Egt- (2)

This specification controls for any variation in the proportion of ACS attendances that is due to
observed heterogeneity by controlling for a vector of (possibly time-varying) PCP-characteristics
Cy on which we expand in §3.4. The residual error is decomposed into two parts (ugy + €4): i)
u, denotes the part of the variance that is explained by systematic differences between PCPs
(also referred to as between-PCP variation); and ii) €, ~ N(0,0?) denotes the idiosyncratic error
term (also referred to as within-PCP variation). We make the usual strict exogeneity assumption,
which can be expressed in terms of conditional expectations as E(ey:|Cy1,Cyo,...,Cyr,uy) =0 for
all t=1,...,T, see Chapter 10 Wooldridge (2010)).

One possible choice in estimating the model of equation 2 and, in particular, the between-
PCP variation u, is to use a fixed-effect specification. Such specification has the advantage of

allowing u, to be arbitrarily correlated with the control variables C,;. However, since we only
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have 5 years of data (i.e., at most 5 data points per PCP) such an estimation would yield noisy
estimates of PCP performance. Furthermore, the fixed-effect specification does not allow to control
for any systematic differences across PCPs that remain unchanged over time (e.g., whether the
study ED is the closest to the PCP or not) as these would be collinear with the PCP fixed
effect. Therefore, the estimated PCP fixed effect would be confounded by any such time-invariant
differences that are not related to PCP performance. To overcome both of these limitations we
will used a random-effect model. More specifically, we make the additional parametric assumption
that any heterogeneity between PCPs is drawn from Normal distribution (u, ~ N(0,72)). This
specification only requires one additional parameter to be estimated (72) and allows to control for
time-invariant heterogeneity between PCPs. However, these advantages come at a cost of requiring
the additional identification assumption that the variables C'y; are orthogonal to the PCP random
effect (i.e., E(uy|Cy1,Cya,...,Cyr) = E(u,) = 0 see Chapter 10 Wooldridge (2010)). We note that
this assumption may be violated if, for example, larger PCPs are more likely to make investments
in resources that allow them to treat patients more effectively. In this case the PCP effect u, would
be correlated with the control for scale Scaley,. Therefore, after we estimate the model we assess
whether there is any evidence that this assumption is violated. In addition, as a robustness test,
in Appendix 2.3 we also estimate the fixed-effect model which allows for arbitrary correlations
between the control variables and the PCP effect.

Under these assumptions, the total variance of the random part of the model is equal to 72 + ¢
and the proportion of the variance that is explained by systematic differences between PCPs, often
referred to as intra-class correlation (ICC), is given by ICC =72/(7% 4 ¢?). A higher value of ICC
suggests that more variability is due to systematic differences at the PCP-level, while a lower value
suggests that most of the variability is due to random fluctuations within PCPs.

We calculate robust standard errors clustered at the PCP level. This modelling choice allows for

errors to be heteroskedastic across PCP and correlated within PCP.

3.4. Accounting for observable PCP heterogeneity
By defining the dependent variable as the proportion of ACS to total ED attendances (Ag) we
control for the portion of PCP heterogeneity that affects ACS and non-ACS patients equally. In this
section we discuss how we further control for observed and potentially time-varying heterogeneity,
which may be important in cases where heterogeneity might affect ACS patients differently to
non-ACS patients.

Scale and case-mix differences. We control for differences in scale and patient demographics
between PCPs with the following variables: Scale, which represents the number of registered

patients (in 1,000), Female, which indicates the proportion of female patients, and Elderly,:
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which denotes the proportion of patients aged 75 years. For most practices this information is
reported biannually (January and July) but for uniformity we use the January values. Furthermore,
we note that there is no data available for the first year of our sample (2013) for the female and
elderly proportions and we therefore impute the missing information using the 2014 values.

In addition, we use the case mix index variable C M1, to control for additional differences in
the patient case mix. Case-mix indices are frequently used to measure the average severity of cases
and to adjust reimbursement rates (Filistrucchi and Priifer 2019). We can derive similar case-mix
indices for the PCPs in our sample by relying on PCP reimbursement datasets. These datasets
contain information on the number of registered patients (RP) and the number of weighted patients
(WP). The number of weighted patients is obtained by adjusting the registered patient counts
by patient demographics, patient needs, and market factors that may affect the cost of care. We
can then derive the CMI measure as the ratio of the two: WP/RP. A CM1I, > 1 implies that
the PCP’s patient panel is more severe and expensive to treat than the national average, whereas
a CMI, <1 indicates that the PCP’s patient panel is less expensive to treat than the national
average.

Alternative hospital choice. One concern is that patients with ACS conditions from different
PCPs may find visiting the study hospital more (less) attractive depending on whether they are
located close to (far from) the hospital and/or whether this is the closest suitable hospital to
them. Normalizing the number of ACS attendances by dividing with the number of non-ACS
attendances potentially addresses this concern but we further control for proximity between PCP
g and the study hospital based on the distance between the two. More specifically, for each PCP
g we determine whether the study hospital is the closest hospital alternative (closest, equal to
1) or whether an alternative hospital is closer (closest, equal to 0). All distance measures are
calculated as straight line distances between the centroids of the hospital and the PCP postcodes
using the Stata command geonear (Picard 2012). Note that we measure proximity based on the
location of the PCP and not the patient’s home because the exact patient address is not available.
Nevertheless, most patients register with a PCP close to where they live. We believe that using
this binary measure instead of the actual distance between PCPs and the study hospital is a more
sensible modeling choice as this takes into account that some patients may be willing to travel a
longer distance to get to the ED simply because there is no closer alternative.

Socio-economic factors. Prior literature has shown that ACS attendance and admission rates
are affected by patients’ socioeconomic status with disproportioanly higher ED attendance rates
reported for lower socio-economic status (Oster and Bindman 2003, Johnson et al. 2012). There-
fore, we control for socioeconomic differences between PCP locations. We do so via the index of

multiple deprivation provided by the Department for Communities and Local Government. This
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2013 2014 2015 2016 2017

Proportion of ACS ED attendances Mean  0.199 0.199  0.197 0.202 0.183
SD (0.029) (0.031) (0.032) (0.029) (0.029)
Proportion of PCPs closest to ED  Mean  0.095 0.096 0.098 0.088  0.089
SD (0.295) (0.297) (0.299) (0.284) (0.286)

Deprivation rank (in 1,000) Mean  9.148 9.204 9.109 9.204 9.172
SD (5.364) (5.372) (5.335) (5.36) (5.387)
PCP scale (in 1,000 patients) Mean  7.983 8.243  8.475  8.721  8.596
SD (3.791) (3.874) (4.019) (4.124) (3.985)
Proportion of female patients Mean  0.498%* 0.498  0.487  0.490  0.489
SD (0.045)* (0.045) (0.046) (0.046) (0.047)
Proportion of elderly patients Mean 0.035* 0.035  0.035 0.035 0.034
SD (0.018)* (0.018) (0.018) (0.017) (0.017)
Case-mix Index Mean  0.984 0972 0972 0.963  0.955

SD (0.072) (0.073) (0.071) (0.069) (0.075)
Table 4 Descriptive statistics of the top 84 PCPs that account for 75% of patient ACS attendances.

* values imputed using 2014 data.

index D, captures dimensions such as average income, employment rates, education level, health
characteristics, crime, barriers to housing and services. It is highly localized (at the postcode level)
and ranks locations in England from 1 (most deprived area) to 32,844 (least deprived area). We
re-scale the index to capture ranks in units of 1,000. While depriviation is in theory a time-varying
variable, the data is only updated approximately every 5 years, which makes it a time-invariant
factor in our analysis.

Time fixed effects. Finally, we control for any common temporal variability across PCPs
by including year fixed dummy variables Year;. As noted by Wooldridge (2010), omitting such
variables can induce serial correlation in the implied error term.

Importantly, in this methodology we do not control for operational or clinical differences between
PCPs that are under the direct control of the PCP (e.g., opening hours, patient-to-staff ratio,
expertise of clinical staff, diagnostic facilities, etc). We do not include these factors as they are the
driving force behind the variability in PCP performance that we would like to capture. Indeed, we
would like to have a measure of PCP performance that allows us to identify how such operational
and clinical factors affect performance. We demonstrate this further in §5.

Full descriptive statistics by year of the variables used are provided in Table 4. One observation is
that there is relatively little variation across years compared to variation within a year, suggesting

that most of these variables vary slowly over time.

3.5. Quantifying PCP performance
We estimate the model with the controls described above using the mized command, Stata Version
16. Table 5 provides the model estimates for different specifications relating to equation (2). Column

(1) presents the results of a model without any controls except for the year fixed effects. Column (2)
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Table 5 Quantifying PCP performance with variance decomposition

) (2) 3)

Closest hospital 0.018 0.024
(0.019) (0.022)
Depriviation rank —0.008 —0.007x
(0.003) (0.003)
Scale —0.004
(0.004)
Female 0.846
(0.657)
Elderly —0.151
(0.789)
CMI 0.011
(0.231)
Constant —1.624 % %% —1.553 %% —1.958 % %%
(0.017) (0.027) (0.354)
Year FE Yes Yes Yes
72 0.012 0.010 0.009
72 95% CI [0.006; 0.025] [0.005; 0.022] [0.006; 0.013]
Intraclass correlation (ICC) 45.56% 41.46% 36.96%
Model Wald x? 37.03 40.91 45.60
Observations 408 408 401
Number of groups 84 84 83

Clustered standard errors in parentheses.

*** p<0.001, ** p<0.01, * p<0.05.

Note: Number of observation differs due to missing case-mix informa-
tion in 7 PCP-years.

adds controls for PCP location and deprivation. Column (3) adds controls for PCP scale, proportion
of female and elderly patients, and CMI. Focusing on the controls of Column (3), all except one are
not statistically significant at conventional levels (i.e., p-values> 5%), suggesting that normalizing
the number of ACS attendances (by dividing with the total number of attendances) effectively
controls for (observed) heterogeneity. Only the deprivation rank is statistically significant. The
negative coefficient suggests that the ratio of ACS to non-ACS patients attendances is lower for
PCPs located in less deprived locations. Adding the controls explains some of the between PCP
variance as the ICC decreases from 45.56% in the model without controls (Column 1) to 36.96%
in the most detailed model (Column 3). Nevertheless, all models suggest that over one third of
the variance in PCP performance is systematic at the PCP level and the variance estimate of u,,
72 =0.009, is more than four standard errors (0.002) away from zero.

Figure 4 presents graphically the between-PCP variation (u,) and the within variation (€,)
based on the model of Column (3). A more thorough analysis of €,; and u, indicates that the model
is correctly specified (see Appendix §1 for details). Using this decomposition, one can think of PCPs
with 2, <0 as better-than-average (because the proportion of ED attendances by patients with ACS
conditions registered at these practices is below average once we control for observable differences

across PCPs) and, conversely, PCPs with %, > 0 as worse-than-average practices. Furthermore, the
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Figure 4  Variation in PCP performance

magnitude of the between PCP variation in ACS attendances is large enough to be of practical
importance. Since this is a log-linear model (where the dependent variable is the logarithm of
the proportion of ACS attendances), all things being equal the difference between a PCP that is
one standard deviation above the mean (i.e., a PCP with u, =0.095 ) and a PCP one standard
deviation below the mean (i.e., a PCP with @, = —0.095) is approximately 24% (= £-2 x 0.095,
where m = 0.196 is the proportion of ACS attendances in the sample) more ACS attendances. Since
the average PCP practice has 165 ACS attendances per annum, this translates in a difference of
39 ACS attendances per annum. An alternative way to assess the magnitude of the between PCP
variation is the following. If all practices that preformed worse than the 25™ percentile of the @,
measure (i.e., those that have 1, > —0.054) could somehow perform at the 25" percentile, the
annual number of patients with ACS conditions attending the ED would drop by 1,376, which
is equivalent to a 10.53% reduction relative to the status quo. Using a bootstrapping method
based on 10,000 replications, we estimate the 95% confidence interval of this reduction to be
[6.70%; 14.15%] per annum (see Appendix §4 for more details on this calculation). To translate
this reduction in attendances to costs, we note that the average cost (from the perspective of a
purchaser/ commissioner) of an ED attendance is estimated to be £158 (based on the average tariff
for ED attendance at a type 1 and type 2 department NHS (2017)), therefore the cost reduction
could be in the order of £217K annually for this ED alone. Of course, this is an underestimate of
the saving potential as other EDs in the vicinity of the same PCPs would also see a reduction in
ACS attendances. To get a more representative estimate of the potential cost benefit associated
with such an improvement we could extrapolate these findings to the whole of England. In 2016/17,
there were approximately 23,400,000 annual ED attendances (NHS 2018a). In our sample, 19.6%
ED attendances are by patients with ACS conditions. Assuming this number is similar in other

EDs, this would amount to 4,586,400 ACS attendances. Similarly, if these attendances would also
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decline by the same amount (10.53%) the savings across England would be in the vicinity of £76
Million annually. As these numbers suggests, the systematic variability in performance between
PCPs is not only statistically significant but its magnitude is large enough to be operationally
meaningful.

We conclude this section by reporting the results of model specification and robustness test. The
random-effect model (2) assumes that the unobserved between-PCPs variation u, is i) Normally
distributed and ii) orthogonal to the control variables. To check the first assumption, we examine
the residuals of the model reported in Table 5, column 3. We do not find sufficient evidence to
conclude that the Normality assumption is violated (p-value of the skewness-kurtosis test is 25%,
see Appendix 1). To test the second assumption we perform a test based on Mundlak (1978). This
is an alternative to the more widely used Hausman test for random vs fixed effect. In contrast to the
Hausman test, this test allows for heteroskedastic errors within PCP and intragroup correlation.
The test involves adding the mean of the time-varying variables of (2) (i.e., scale, proportions of
female and elderly, CMI, see Appendix §1.1) as explanatory variables and testing if their coefficients
are jointly different to zero. Failing to reject this hypothesis constitutes evidence for the random-
and against the fixed-effect specification. The p-value of this test is 13.4% which suggests that the
random-effect specification is appropriate. Furthermore, in Appendix 2.3 we estimate a fixed-effects
model, which yields similar results. In model (2), we control for scale through a linear specification.
The results remain similar.

In addition, in appendix 2.1 we present analysis were we allow for scale to have a non-linear
effect on the proportion of ACS attendances. We note that the log-transformation of the Ay
variable is econometrically equivalent to running a regression of the logarithm of the number of
ACS attendances controlling for the number of total attendances in the right hand side of equation
(2), where we also restrict the coefficient of the number of total attendances to be 1. We actually
estimate this model in Appendix §2.2 without imposing the restriction that the coefficient of the
number of total attendances is 1. The results are similar and the coefficient of the total number of

attendances is indeed close to one (coefficient=1.076, standard error= 0.012).

4. Validation of the performance measure
By deploying the methodology outlined in the previous section we are able to construct an estimate
of PCP performance u, using operational ED-level data. In this section we seek to validate whether

this is a meaningful measure of performance.

4.1. Correlation with patient survey outcomes
To establish whether the measure constructed in the previous section is indeed related to PCP

quality of care as opposed to other factors (e.g., unobserved heterogeneity) we examine whether it
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is correlated with qualitative perceptions of performance, as recorded in patient surveys conducted
by the NHS. These surveys consist of a variety of questions relating to access to PCP services,
the patient’s experience with their PCP appointments, management of care plans, and a general
assessment of the overall experience with their PCP.

To examine if the measure of PCP performance u, correlates with patients perceptions, we focus
on responses to two survey items: (i) whether patients would not recommend their PCP; and (ii)
whether patients experienced problems accessing their PCP. We focus on these aspects because they
are consistently surveyed over time and they are indicative of the patients’ overall dissatisfaction
with their PCP performance and of problems with PCP access, respectively. Until 2016, patient
survey data is reported biannually (July/June and December), from 2016 only annually. We use
the first measurement (July/June) for the primary analysis (a robustness test using the second
measurement is presented in the Appendix, §3.3.) For the first item (whether patients would not
recommend their practice), the exact survey question is “Would you recommend your GP surgery
to someone who has just moved to your local area?”, which patients can answer on a 5-point Likert
scale from “Yes, would definitely recommend”, “Yes, would probably recommend”, “Not sure”,
and “No, would probably not recommend”, “No, would definitely not recommend”. In addition,
there is a sixth response category “Don’t know”. For each PCP g¢ in year t, we define the measure
Pglt as the proportion of patients who would definitely or probably not recommend their PCP as a
proportion of all surveyed patients. On average, 8.9% of the surveyed patients per PCP per year
would not recommend their PCP (SD=0.068). For the second item (whether patients experienced
problems accessing their PCP), the exact survey question is “Were you able to get an appointment
to see or to speak to someone?” Patients have the following options, “Yes”, “Yes, but I had to
call back closer to or on the day I wanted the appointment”, “No”, and “Can’t remember”. For
each PCP g in year t, we define the measure Pth as the proportion of patients who stated that
they could not get an appointment. On average, 13.1% of the surveyed patients per PCP per year
claimed to have been unable to make an appointment (SD=0.060). Clearly, the higher the survey-
based measures Pglt and P;t are the worse the PCP performance as perceived by patients. The two

measures P, and P are positively correlated with each other (0.573, p<0.001) indicating that

gt gt

patients’ perceptions point in the same, but not identical, direction.
To validate the measure %, produced in the previous section we estimate a mixed-effects model
where the dependent variable is the survey-based measure of quality P;,, with i = {1,2} and the
model-estimated measures 4, and €, as estimated by equation (2), are the primary independent

variables:

P.;t = Bo+ Bully + By + BoCyr + vy + 6!1;5’ )
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Table 6 Validation of the performance measure

(1) (2) ®3) (4)

Not Not Had No Had No
Recommending Recommending Access Access
Ug 0.120 0.223 % ks
(0.073) (0.059)
€gt 0.011 —0.009
(0.015) (0.020)
Closest hospital —0.005 —0.005 0.001 0.002
(0.020) (0.019) (0.017) (0.015)
Depriviation rank 0.002 0.002 —0.001 —0.001
(0.002) (0.001) (0.001) (0.001)
Scale —0.003 —0.003 0.001 0.001
(0.002) (0.001) (0.001) (0.001)
Female 0.036 0.053 0.041 0.090
(0.132) (0.138) (0.200) (0.116)
Elderly —0.142 —0.115 0.224 0.298
(0.366) (0.358) (0.340) (0.295)
CMI 0.084 0.076 —0.095 —0.119
(0.083) (0.084) (0.065) (0.061)
Constant —0.015 —0.015 0.191 0.189 * *
(0.109) (0.112) (0.104) (0.073)
Year FE Yes Yes Yes Yes
Variance 1/5 0.003 0.003 0.002 0.002
Variance v/ 95% CI [0.001; 0.005]  [0.001; 0.005]  [0.001; 0.003] [0.001; 0.002]
Intraclass correlation (ICC) 63.49% 62.68% 51.14% 47.26%
Model Wald X2 15.77 18.82 12.53 33.93
Observations 397 397 397 397
Number of groups 83 83 83 83

Clustered standard errors in parentheses. *** p<0.001, ** p<0.01, * p<0.05.
Not Recommending: Proportion of patients that would not recommend their PCP to others.
Had No Access: Proportion of patients reporting problems with accessing their PCP.

where Cj; denotes the same vector of control variables as those included in model (2). Once again

we decompose the error to a between PCP component (v

») and a within PCP component (e};)

and cluster at PCP level.

Note that the performance measures (u, and €,) that we use as independent variables in these
regressions are model-generated estimates and therefore may be subject to measurement error. If
the classical errors-in-variables assumptions hold (Wooldridge 2010), i.e. if we can assume that
the measurement error is uncorrelated with the unobserved variable u,, the estimated BU will be
attenuated, rendering more conservative results. If @, is a sensible performance indicator, we expect
the coefficient By > 0.

Table 6 presents the results for the proportion of patients who decline to recommend their PCP
in Columns (1) and (2) and the results for the proportion of patients who claim to not have been
able to get an appointment with their PCP in Columns (3) and (4). We find that the PCP’s

random effect u, is positively associated with the survey measures P,. Focusing on the model



22 Savva and Siilz Assessing Primary Care Performance Using ED Data

of Column (2), the results show that if the estimated PCP’s log-transformed proportion of ACS
attendances is one standard deviation higher than the average, the proportion of patients who
decline to recommend their PCP increases by v/72 x 0.120, i.e. v/0.009 x 0.120 = 0.011, which
constitutes an increase of 12.8% relative to the mean proportion of patients declining to recommend
their PCP (0.011/0.089). The p-value of the estimated coefficient is 10.2% (two-sided) indicating
that the relationship may, in reality, be zero. More importantly as indicated by Column (4), if the
PCP’s log-transformed proportion of ACS attendances is one standard deviation higher than the
average, the proportion of patients who claim to have experienced access problems increases by
1/0.009 x 0.223 = 0.021 leading to a 16.1% increase relative to the mean proportion of patients with
access problems (0.021/0.131). The p-value of the estimated coefficient is less than 0.1%.

In contrast, to the highly informative PCP random effect u,, we note that the stochastic fluc-
tuation in PCP performance (the within-PCP variation €,) does not have any operationally or
statistically significant impact on the perception of PCP performance. This gives credibility to the
claim that €, indeed only captures the residual (i.e., random) noise in performance as defined in
equation (2).

Taken together, these results indicate that the measure 4, estimated in §3 is a valid indicator of
performance as it is positively related with patient survey outcomes. Furthermore, we believe that
assessing PCP performance using the variance decomposition method outlined above may be more
reliable compared to using patient surveys for at least three reasons. First, the measure based on
ED data is objective and suffers less from human bias (e.g., imperfect recall, confirmation bias,
regional variation in propensity to complain, etc.) that may creep-in in any qualitative survey.
Second, surveys are only conducted infrequently (every 6-12 months), capture a small cross section
of patients, and are expensive to administer. In contrast, the variance decomposition method
could, in principle, be estimated frequently (as new data becomes available) without additional
administrative costs. Third, the variance decomposition method allows one to estimate the impact
of inferior PCP performance on the patient attendances at the ED. For example, this could be used
to estimate ED cost savings associated with a policy that helps underperforming PCPs to catch up
with their better performing peers. This is a point we demonstrated in §3.5 and expand on in §5.
Such analysis would be impossible to perform with survey data alone, which we also demonstrate

in Appendix 7.

4.2. A measure based on ED-sensitive conditions: A placebo test
In this section we provide an additional investigation that suggests that the performance measure
constructed using the variance decomposition methodology proposed in §3 is indeed capturing

systematic PCP differences as opposed to unobserved patient-level heterogeneity. We do so by
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repeating the analysis of §3 but instead of using patients with ACS conditions we focus on a subset
of patients that attend the ED with potentially life threatening acute conditions that are less
influenced by PCP quality of care (which we call ED-sensitive conditions). For these conditions, the
variance decomposition methodology should fail to detect a large amount of systematic variation
between PCPs (once we control for observable heterogeneity). In addition, one would expect any
between-PCP variation detected based on ED-sensitive conditions to be unrelated to the patients
perceptions of quality of care as recorded by the PCP-patient survey.

To compile a set of conditions for which ED treatments are required and are unrelated with
PCP performance, we rely on the set of emergency care—sensitive conditions identified by Vashi
et al. (2019). This set contains life-threatening conditions such as road accidents and poisoning,
which are arguably completely unrelated to PCP quality of care. The set also includes conditions
such as myocardial infraction, respiratory arrest, and pulmonary embolism. Such conditions may
be somewhat influenced by PCP preventative care but do have a significant stochastic component
that is independent of PCP actions. From this set we exclude any conditions that overlap with
ACS conditions, for example acute complications relating to diabetes or COPD that require urgent
ED treatment, as the onset of such episodes is — at least partially — sensitive to the management
of chronic conditions by PCPs in the community. We further exclude any non-life threatening
conditions for which the NHS advises patients to seek care in settings other than EDs (NHS 2018b).
A complete list of ED-sensitive conditions appears in Appendix §6. 6.52% of ED attendances in
our sample qualify as ED-sensitive.

For each PCP we calculate the number of ED-sensitive attendances Fy as a proportion of all

ED attendances and decompose it in a manner similar to the primary analysis:
In(Eg) =5 +7cCqt + Y ear; + ug + €4 (4)

The results of model (4) are presented in Table 7. In the model with the most detailed controls,
column (3), the ICC is equal to 27.21%, indicating that 27.21% of the variance is attributed to
systematic differences between PCPs. This is indeed lower compared to the case of ACS conditions,
in which 36.96% of the variance is attributed to systematic differences between PCPs.

Finally, we assess whether the performance measure based on ED-sensitive attendances is corre-
lated with patient perception of quality as recorded in patient surveys using the same approach as
in the §4.1. The results are presented in Table 8 and show that the PCP’s estimated performance
(the random effect u, ) as measured by ED-sensitive attendances is not associated with the survey
measures P,,. These findings suggest that the between PCP variability in ED-sensitive attendances

is not related to PCP quality of care.
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Table 7 Decomposing variation in PCP performance based on ED-sensitive conditions

(1) (2) 3)

In(Eg:) In(Egt) In(Eg:)
Closest hospital 0.022 0.003
(0.058) (0.066)
Depriviation rank 0.008x 0.006
(0.004) (0.004)
Scale 0.002
(0.005)
Female —2.047
(1.111)
Elderly 2.149
(1.620)
CMI —0.114
(0.301)
Constant —2.820 % *x —2.894 % % —1.833 %%
(0.030) (0.046) (0.571)
Year FE Yes Yes Yes
72 0.034 0.032 0.020
72, 95% CI [0.012; 0.090] [0.012; 0.085] [0.012; 0.034]
Intraclass correlation (ICC) 39.01% 37.84% 27.05%
Model Wald x? 19.98 25.63 36.30
Observations 408 408 401
Number of groups 84 84 83

Clustered standard errors in parentheses.
*** p<0.001, ** p<0.01, * p<0.05.

4.3. Comparing measures based on ACS admissions vs ACS attendances
We believe that assessing PCP performance based on attendances of patients with ACS condi-
tions is substantially different and, we would argue, better than measures that rely on hospital
admissions of patients with ACS conditions which take place through the ED. Such measures have
been used in the literature as means to compare PCPs performance at the national level (e.g.
Blunt 2013, Harrison et al. 2014, Barker et al. 2017). First, ACS admissions are relatively rare
events compared to attendances. The PCPs in our sample have, on average, 165 annual ACS ED
attendances (SD:150) but only 41 annual ACS admissions (SD: 38). Relying on admissions would
only allow to detect very serious PCP failures. It would not be well suited to detect more frequent
but less harmful failures such as appointment delays and lack of out-of-hour provisions that result
in ED attendances but not ED admissions. In contrast, ACS attendances are approximately four
times more frequent and would be better suited for the latter. Second, ACS attendances have
the advantage of being exogenous to the hospital as opposed to ACS admissions which could be
affected by the hospital’s occupancy, hospital targets, and ED physicians’ preferences, all of which
are known to affect admissions (Galarraga et al. 2015, Freeman et al. 2020).

We demonstrate this point more formally in Appendix §5, where we show that compared to

attendances, the variation in admissions that can be attributed to between PCP performance is
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Table 8 Validation of the performance measure based on ED-sensitive conditions

(1) (2)

NotRec NoAccess
Ug —0.043 —0.079
(0.036) (0.040)
€gt —0.004 —0.004
(0.009) (0.010)
Closest hospital —0.005 0.001
(0.020) (0.016)
Depriviation rank 0.002 —0.001
(0.002) (0.001)
Scale —0.003 0.001
(0.001) (0.001)
Female 0.042 0.058
(0.134) (0.154)
Elderly —0.130 0.258
(0.363) (0.320)
CMI 0.083 —0.098
(0.082) (0.065)
Constant —0.016 0.185%
(0.110) (0.089)
Year FE Yes Yes
Variance v, 0.003 0.002
Variance 1/; 95% CI [0.001; 0.005] [0.001; 0.003]
Intraclass correlation (ICC) 63.29% 50.29%
Model Wald x? 18.458 16.23
Observations 397 397
Number of groups 83 83

Clustered standard errors in parentheses.

¥ p<0.001, ** p<0.01, * p<0.05.

NotRec: Proportion of patients refraining to recommend
their PCP. NoAccess: Proportion of patients experiencing
access problems at their PCP

much lower (less than 24% for admissions compared to 37% in the case of attendances). Further-
more, we also show that the measure constructed using attendances is not positively related to
the measures constructed using patient surveys, further suggesting that attendances as opposed to

admissions are a more useful measure of PCP performance.

5. Illustrative Application: The Impact of PCP Staffing on ED
Attendances

Having access to an objective measure of PCP performance, such as the one estimated in §3, would
be helpful in enabling health authorities to improve PCP care. If augmented with PCP operational
and clinical data (e.g., PCP staffing levels, operating hours, information about the clinical experi-
ence of medical providers, diagnostic facilities, etc) and perhaps qualitative information (e.g., by
interviewing relevant stakeholder), it may allow identification of best practice that would enable
other PCPs to improve care for their patients and avoid unnecessary ED attendances by patients

with ACS conditions. Furthermore, one could use the methodology described in §3 to estimate
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potential cost savings at the hospital ED level associated with any improvements implemented
in primary care. In this section we present an illustrative example of how this could be done in
practice.

The operational aspect we focus on is the patient-to-staff ratio, i.e. total number of patients
registered with practice g per physician FTE employed by the practice g, denoted as PpP,. Patient-
to-staff ratios have been shown to be associated with quality of care differences in the hospital
setting (Kane et al. 2007, Needleman et al. 2002, Pronovost et al. 2002) and in this section we
explore whether this is also the case in the primary care setting. The PCPs in our sample exhibit
considerable variability in their patient-to-staff ratios. On average, there are 2,049 patients regis-
tered for each FTE physician employee, with a standard deviation of 1,092 patients. The number
of patients registered with a PCP to the number of FTE physicians working in that practice is
an indicator of the physician’s average workload and the practice congestion level. Everything else
being equal, we expect a PCP with a higher patient-to-staff ratio to be more congested than a
PCP with a lower patient-to-staff ratio. Congestion may lead to access problems and perhaps infe-
rior quality of care for patients. Therefore we expect that higher patient-to-staff ratios would be
associated with higher u,, i.e. lower performance. To assess if this is indeed the case we calculate
the average number of patients per FTE employee over the duration of our data and estimate the
following model:

Uy = o +vpPpP,+€]. (5)

In this model specification we do not need to include any control variables already included in model
(2) since the performance measure %, is, by construction, orthogonal to these control variables.
The results are presented in Column (1) of Table 9 and are illustrated graphically in Figure 5a.
For every additional 1,000 patients per FTE, the measure u, increases by 0.028 (p<0.01) implying
that increasing patient-to-staff ratio is indeed associated with more ED attendances by patients
with ACS conditions.

We subsequently explore whether this effect is moderated by the size of the practice measured
in number of patients registered. From an operations management perspective, it is likely to be
the case that economies of scale (e.g., pooling) could allow larger practices to offer a good level
of service to their patients at a higher patient-to-staff ratio compared to smaller practices. To
investigate this we interact the patient-to-staff ratio with the practice scale (scale,), measured in

1,000s of patients and averaged over the duration of the data.
Uy = 0o+ 6, PpP, + 6, PpP, x Scale, + d3Scale, + eé’. (6)

The results are presented in Column (2) of Table 9 and illustrated graphically in Figure 5b — indeed,

the effect of the patient-to-staff ratio on ACS attendances seems to be driven by smaller practices.
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Table 9 Relationship between performance measure and patient-to-staff ratio

(1) (2)

Ug Ug
PpP 0.028 % 0.080 %
(0.010) (0.026)
Scale 0.016x%
(0.008)
PpP x Scale —0.008x
(0.004)
Constant —0.058x% —0.161%
(0.024) (0.062)
Observations 83 83
R? 0.073 0.124

Robust standard errors in parentheses.
**% p<0.001, ** p<0.01, * p<0.05.

For a PCP one standard deviation below the mean in terms of scale (i.e., a PCP with 4,441
registered patients) the impact of an additional 1,000 patients per FTE on 4, is 0.044 (p<0.01).
In contrast the effect of an increase in the number of patients per FTE employee is statistically
indistinguishable from zero for a PCP one standard deviation above the mean (i.e., a PCP with
12,340 registered patients).

Furthermore, if we combine these results with those of the model described by (2), these numbers
imply that if the PCP operating at a scale of one standard deviation below the mean (i.e., a PCP
with 4,441 registered patients) could decrease the number of patients per FTE employee by 1,000,
it would see a reduction in ACS attendances at the ED of approximately 5.5% (= 1=(0.0798 —
0.008103 x 4.441), where m = 0.196 is the proportion of ACS attendances). Of course such a change
would not be costless as it would necessitate hiring an additional 2.06 FTEs for a PCP operating
at the average staffing level of 2.17 FTEs. In contrast, if two such PCPs (operating at a scale of
one standard deviation below the mean) were to merge, this would raise the number of registered
patients to 8,882 (which is close to the mean). Such a merger would reduce the number of ACS
attendances by approximately 0.4% (= 12=(0.01583 — 0.008103 x 2.049) x 4.441) without requiring
additional staff. However, it does assume that it is possible for two PCPs to merge and do so in

an operationally effective way.

6. Conclusion and Further Research

This paper presents a quantitative methodology that exploits routinely collected ED operational
data to identify PCPs whose patients place a disproportionably larger / lower burden on ED
services. The methodology relies on comparing the number of ED attendances of patients with ACS
conditions as a proportion to the total number of ED attendances and uses variance decomposition

methods to identify systematic variation between PCP. We show that such systematic variation
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Patient-staff ratio
[1,000 patients per FTE physician]

Patient-staff ratio
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(a) Estimated relationship as per column (1) of table 9 (b) Estimated relationship as per column (2) of table 9
Figure 5 Estimated relationship between patient-to-staff ratio and the performance measure

between PCPs is statistically and operationally important — our analysis suggests that between
37%-46% of the variation in ED attendances of patients with ACS conditions is due to systematic
differences at the PCP-level.

As with any study, our findings should be interpreted in the light of the study’s limitations.
The first has to do with the limited amount of data used to illustrate the methodology — although
the patients of each PCP are free to visit any ED we rely on data from a single ED. Nevertheless
it should be straightforward to extend this methodology to multiple EDs, even to the whole of
England. A second limitation is that the performance measure constructed by this work looks at
historical PCP performance which it assumes is time invariant. In the five years of data in our
sample this may not be a prohibitive limitation, and in any case, we had to make this assumption in
order to have a sufficient number of observations per PCP, but for studies that monitor performance
over longer horizons and across multiple hospitals it might be instructive to increase the frequency
of the panel data (e.g., from annual to quarterly) and allow for time-varying systematic variation
in PCP performance.

These imperfections notwithstanding, our findings have important implications. We demonstrate
that the performance measure constructed has validity — the PCPs that score poorly are those for
whom patients are more likely to complain with regards to timely access — and that it is better
able to identify PCP variation than measures based on ED admissions used in extant literature.
Therefore, this methodology can be used to quantify variation in the quality of primary care
services provided within a region and, if appropriately extended to include data from multiple
EDs, across different regions within England. Furthermore, we present an exploratory analysis
that demonstrates how the measure constructed by this work can be used to identify and quantify
the impact of operational drivers such as staffing on PCP performance. Further work could build

on this methodology to identify clinical pathways and operations practices that enhance PCP



Savva and Silz Assessing Primary Care Performance Using ED Data 29

performance. More ambitiously, this methodology could be used to modify PCP reimbursement and
thus, provide financial incentives for PCPs to reduce clinically unwarranted ED attendances. Such
changes should, over time, improve the efficiency of providing care, and are particularly important
to consider as the current model of providing primary care is under increasing pressure due to

factors such as aging populations, reduced funding, and staff shortages.
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