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Pathology services are increasingly recognised as key to effective healthcare delivery -
underpinning diagnosis, long-term disease management and research. To the extent that
pathology services affect a patient’s treatment pathway, significant healthcare costs are
influenced directly by the performance of these services. Given pressures on the UK
Department of Health to make efficiency savings and that little is known about the efficiency
of pathology laboratories, this area offers unlocked potential for efficiency gains. We adopt a
time varying inefficiency model, with laboratory-specific time paths for inefficiency, to
identify potential savings in pathology services based on a panel of 57 English laboratories
over a five year period. We apply a range of approaches to account for observable and
unobservable heterogeneity between laboratories. We find potential efficiency savings of
13% 1in pathology services in this sample, which implies the potential for an annual saving of
£390m in pathology across the NHS. Our study also provides valuable insights into the

impact of a range of factors influencing laboratory costs.
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I Introduction

The global financial crisis has increased pressure on public sector expenditure and so on the
costs of the healthcare system in the UK. In response to this, the Nicholson Challenge has set
out targets for efficiency savings of £20bn by 2015 in the UK National Health Service (NHS)
(Health Select Committee, 2010). Financial pressure is expected to extend beyond 2015, with
a funding gap of £30bn expected by 2020-21 (NHS, 2013). Thus, ensuring efficiency in all

areas of healthcare is key.

There is a body of literature of both academic and other studies (e.g. think tanks such as the
King’s Fund, see Appleby et al., 2013) that has sought to measure inefficiency in the NHS.
These may be at the macro or micro level. Typically, efficiency is measured by stochastic
frontiers (SFs), Data Envelopment Analysis (DEA) or multivariate, multilevel modelling
(MVML) in the academic literature, and using indicator analysis (such as mortality rates) in

the non-academic literature.

At the macro level, the NHS itself is the unit of analysis, and is thus compared to other
national healthcare services across the world. In Spinks and Hollingsworth (2009), the UK
compared unfavourably (in terms of efficiency) amongst its OECD peers. However, the
authors note that theoretical issues limit the interpretation of DEA results. Elsewhere, Smith
and Street (2006) argue against the use of SFs at the macro level on theoretical grounds.
Greene (2010) takes the view that using microeconomic tools at the macroeconomic level
may be inappropriate. Practically, the usefulness of macro efficiency studies is somewhat
restricted in the context of this policy challenge because these studies do not indicate where

specific savings can be made within the NHS.



At the micro level, hospital studies dominate the national and international literature
(Hollingsworth and Parkin, 1999; Jacobs et al., 2006; Hollingsworth, 2003; 2008).
Secondary care is the largest tranche of NHS expenditure by far, totalling over £66bn in
2011-2012 (compared to the next largest, primary care, at £21bn) so significant savings
potential is likely to reside here; at the same time the wealth of data available means that this
is an area already well analysed in the more recent NHS-based literature (Farrar et al., 2009;
Laudicella et al., 2010; Cooper et al., 2012; Gutacker et al., 2013; Siciliani et al., 2013;
Daidone and Street, 2013). There is work in other areas of service delivery, primary care
services for example (Szczepura, 1993; Giuffrida and Gravelle, 2001), however, because the
outputs of these services are difficult to define and to measure, eliciting meaningful
efficiency scores is challenging (Rosenman and Friesner, 2004; Lester and Roland, 2009;
Amado and Santos, 2009; Murrillo-Zamorano and Petraglia, 2011; Longo et al., 2012).
Perhaps it is unsurprising, then, that Hollingsworth (2008) finds no recent NHS primary care
efficiency studies. The story is similar for other micro level services such as intermediate

care.

Although there is a wide literature assessing efficiency performance of the NHS, new
research is required since further gains are needed to meet the Nicholson Challenge. It has
been argued that ‘easy’ efficiency savings have now been made across the NHS (National
Audit Office, 2012). Further, surveys of NHS finance directors reveal growing scepticism
about whether the Nicholson Challenge will be met at all (Appleby et al., 2013). Indeed, there
is concern that financial pressure will continue beyond 2015 (Roberts et al., 2012). We
therefore see potential in analysing diagnostic services which support healthcare delivery as
an unturned rock to find new efficiency gains to contribute to the top-level policy goal.

Specifically, we focus on pathology.



Pathology services account for an estimated 3-5% of the overall NHS budget, costing an
estimated £2.5bn in 2005 (Department of Health, 2006). Although relatively small as a
proportion of total health care spend, potential efficiency gains in these services are not
limited to pathology itself. Pathology activity supports many front-line services and so
savings in pathology services promote further gains elsewhere in the healthcare system
(Veronesi et al., 1997; Buckell et al., 2013). The Carter Review (Department of Health, 2006)
estimates 70-80% of all clinical decisions are affected by pathology analyses; thus good
pathology practice can lead to cost savings along a patient’s treatment pathway (Department
of Health, 2006). There is evidence of unnecessary repeat testing (Department of Health,
2006), suggesting that inefficient practice is present in these services. Lastly, there is
variation in the uptake of lean practice initiatives' meaning that there is likely variation in the
magnitudes of efficiency in these services. Therefore, there are likely significant gains to be
made by encouraging best practice in pathology services to contribute to the policy objective
of achieving efficiency savings. This study aims specifically to identify the level of
inefficiency in pathology services in order to measure the extent of savings possible in this

area.

The current approach to measuring inefficiency in pathology in the NHS is performance
indicator analysis (such as cost per test carried out); (Healthcare Commission, 2007;
Department of Health, 2008; Liebmann, 2011; Holland et al., 2012). These are partial
measures which do not fully reflect all the factors affecting the costs of provision under
different circumstances (for example, scale properties or sources of operational heterogeneity
between providers). This point has been established in the wider health context (Goddard and
Jacobs, 2009; Street et al., 2011). We use the data collected and analysed by the Keele

University Benchmarking Unit (Holland et al., 2012), but extend the analysis by utilising an

' NHS Institute for Innovation and Improvement: Pathology lean practice case studies,
http://www.institute.nhs.uk/quality and value/lean_thinking/leean case studies.html
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econometric framework to give a single measure that captures the overall efficiency of
pathology services. Our model takes account of a range of factors influencing costs, whilst

controlling for unobservable heterogeneity.

We use SFs which have been applied widely in health at the micro level (Street, 2003; Farsi
and Filippini, 2005, 2008; Herr, 2008; Hollingsworth, 2008; Olsen and Street, 2008; Rosko &
Mutter, 2008; Sorensen et al., 2009; Herr et al., 2011). We adopt a particular SF method with
attractive properties in respect of analysing efficiency change over time; this method has been
applied by economic regulators outside health for that reason (Smith, 2012). To our
knowledge, no SF (or other efficiency measurement tool such as DEA) work has been

conducted on pathology laboratories, meaning that our application is the first of its kind®.

The remainder of this paper is set out as follows. In section 2 we review the existing literature
on pathology performance and argue that an econometric framework can offer a useful
extension to these analyses. In section III we set out our methods, data and empirical
specification. In section IV we give our results, in section V we discuss our results, and in

section VI we conclude.

IL Performance Measurement in pathology

Pathology services are increasingly recognised as key support for a range of services across
the NHS. As demand for NHS services increases in general, demand for pathology services
increases (as derived demand). Faced with increasing demand and falling income

(Department of Health, 2006), the performance of pathology services is coming under ever-

% If pathology is classed as diagnostic medicine, then there exists some SF work in this area (Dismuke & Sena, 1999). However, this study
concerns patient-based, in-hospital activity such as computerised axial tomography (CAT) scans, whereas our study involves pathology
laboratories — which are independent of their host hospitals and do not have direct patient contact — conducting blood and tissue tests. We
therefore view pathology services as distinct from this kind of diagnostic medicine.
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increasing scrutiny. Therefore, rigorously measuring the performance of laboratories is

critical. Typically, pathology laboratories are situated within NHS trusts (see below).

requests

Pathology
Laboratory

K NHS Trust /

- Patient Flow

. Pathology services

Fig. 1: Schematic of pathology services

As can be seen from Fig. 1, as patients move around the healthcare system, diagnostic
services are requested and performed. As activity occurs, information is recorded and used

for analysis of these services.

Major reviews of NHS pathology services include the Carter Report (Department of Health,
2006), and the associated follow up report which included pilot studies of services
(Department of Health, 2008); the Healthcare Commission’s study (2007); the NHS

confederation (2010); and the Keele University Benchmarking project (Holland et al., 2010;



2011; 2012)°. There is a growing body of evidence on these services, and good quality data

available; a summary of these studies’ analyses 1is provided in Table 1.

* Some key performance indicators are being introduced, but have not yet been employed (Liebmann, 2011).
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Number

Y . T f mmary of Key Poin
Study ear i ype of study Summary of Key Points
Full qualitative analysis of pathology services. Identified key areas for performance
Department of 2006 163 Qualitative improvement - workforce balance, economies of scale, information systems adoption, out
Health of hours working, network activity. Recommended pilot studies conducted. Noted that
geographical location may be a source of cost heterogeneity.
Breakdown by pathology discipline comparative cost per test analysis; requests:staff and
tests:staff ratios used; descriptive statistics for out of hours operation, information
Healthcare o systems adoption, use of automated services, network activity; recognised that tests for
- 2007 163 Quantitative s pon, ’ Y, TECO8
Commission primary care may be cheaper than for secondary care; noted the issue of tests:requests as
a potential source of performance variation. Foundation trusts may take a commercial
approach to service provision.
Breakdown by pathology discipline (e.g. biochemistry) comparative cost analysis; some
Department of I . . TR .
Health 2008 12 Quantitative economies of scale observation; little control for heterogeneity; savings estimate £250m
(extrapolated results nationally from 12 pilot studies).
NHS Identifies variation in practice; difficulty in monitoring staff leads to variation in practice;
Confederation 2010 163 Qualitative workforce balance, IT systems adoption, leadership and network activity as key areas for
performance improvement.
Breakdown by pathology discipline (e.g. biochemistry, hystocytology); test volumes
Keele o descriptive statistics; productivity indicators; ear trend analysis of outputs and
. 2012 84 Quantitative plive sLatistics, p Ty ’ 5. y ond analy p
Benchmarking productivity indicators; expenditure of laboratories; quality indicators (e.g. turnaround

times)

Table 1: Pathology literature



Table 1 describes the outcomes of each of the studies. The quantitative analyses above use
performance indicators to judge the performance of NHS pathology laboratories (e.g. cost per
test ratios, staff per test, turnaround times, test to request ratios). The use of these indicators is
widespread in NHS pathology and across the world (Valenstein et al., 2001; Kiechle and
Main, 2002; Price, 2005; France and Francis, 2005), but there are limits to their ability to
reflect the entire operation of a laboratory. Moreover, in health markets, indicators can be
targeted for gaming (Propper and Wilson, 2003; Propper et al., 2008; Mutter et al., 2008;
Palangkaraya and Yong, 2013), or relying solely on indicators can lead to unintended
consequences (Bird et al., 2004; Cots et al., 2011). Lastly, judging a single unit’s

performance across several indicators may be difficult if the values conflict.

An econometric framework is proposed to overcome these issues. Our measure of cost
efficiency yields a single efficiency score capturing overall performance which is easily
interpreted (bounded by zero and one). Gaming is no longer an issue since the entire

production process is modelled* .

A further key advantage of the econometric approach is that it is underpinned by economic
theory and stochastic frontier analysis is used widely across many sectors, including health
(Kumbhakar and Lovell, 2000; Hollingsworth, 2008). In addition, we can analyse the
temporal pattern of laboratory inefficiency, which NHS staff have indicated as a desirable
feature of performance analysis (Hollingsworth and Peacock, 2008). Finally, econometric
analysis allows us to value the impact of some of the issues noted in the qualitative studies
(Table 1), such as the ratio of primary care tests on costs — as raised in the Healthcare

Commission study (2007), which is useful information in the policy context.

* We use operating costs rather than total costs (including capital charges), meaning the production process is not strictly entirely modelled.
Capital costs are budgeted centrally at trust (hospital) level, rather than laboratory level, meaning assigning specific capital charges to
laboratories can only be estimated. We note that this has been found in pathology elsewhere, e.g. New Zealand (France and Francis, 2005).
Moreover, this is not particular to pathology (Drummond et al., 2005, pp. 64).
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I11. Methods

Stochastic frontiers (Aigner et al., 1977; Meeusen and van Den Broeck, 1977) are
econometric tools used to estimate the level of inefficiency of firms or decision making units
(DMU) in a sample. Laboratory costs are our metric of interest. Our economic SF model for

pathology, derived from a basic cost function, takes the form,
c=fly,wzqt)tutv €y

Where c are costs, y represents output, w represents input prices, z represents the observable
heterogeneity, q represents quality and t represents time. As standard for SFs, u represents the

inefficiency and v represents random statistical noise.

As standard in the literature, output and input prices are considered exogenous, which is
obvious for input prices and reasonable for output levels given that the laboratories do not
choose their level of output. In the case of pathology, using the work of previous studies (see
table 1), the operational characteristics of the pathology operating environment can be
identified and variables are used to capture these where data are available (the z vector).

Otherwise, methods for capturing unobservable heterogeneity are employed.

For service quality, although measures of quality in pathology services are not as complex as
in the treatment of patients (Smith and Street (2013) discuss the multi-dimensional nature of
patient treatment quality), this remains an issue for our study. Each of the laboratories in our
sample has acquired quality accreditation’. Our understanding of accreditation 1is that it
represents a baseline level of quality. Therefore, we recognise that there may well be
laboratory-specific variation in quality over and above this baseline level. This is one reason

for which we apply empirical controls for unobserved heterogeneity; that is, quality that is

> Clinical Pathology Accreditation: http://www.cpa-uk.co.uk/
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not captured in the accreditation is absorbed into the control for unobserved heterogeneity

rather than absorbed by the inefficiency component of the model.

A set of five models SF is used to model inefficiency. These include a generalised least
squares random effects model®, see Kumbhakar and Lovell (2000). We refer to this as REM.
We use a Pitt and Lee (1981) stochastic frontier with time invariant inefficiency, which we
refer to as P&L. Next, we use a Battesse and Coelli (1992) SF with time varying inefficiency.
We refer to this as BC92. Our penultimate model is that of Cuesta (2000), which is a SF with
firm-specific (or in our case, lab-specific) time-varying inefficiency. We refer to this as
Cuesta. Finally, we use a true random effects model (Greene, 2005). We refer to this as TRE.

See table 2 for econometric specification.

The REM is used to give ‘baseline’ values for both parameter estimates and for inefficiency
(using the GLS procedure outlined in Kumbhakar and Lovell (2000)). Parameter estimates
from these models do not rely on the distributional assumptions of the SFs’ and so parameter

estimates are used to validate those derived from the frontiers.

The P&L model assumes time-invariant inefficiency. The BC92 fits a time trend to the
inefficiency - the # parameter (table 2) - which subjects all firms’ efficiency scores to a
common direction of change over time. The Cuesta model is a generalisation of this, allowing
estimation of independent firm efficiency time trends: individual #s for each laboratory®. This
means firms can ‘catch up’ relative to others over time and the efficiency rankings of the
laboratories can change over time, which are realistic features. This point is particularly
relevant in a policy context, and this model has been used by regulators in other sectors, e.g.

rail (Smith, 2012). Alvarez et al. (2006) further note that a key advantage of this model is that

® Hausman tests (1978) consistently favoured RE over FE estimation; we are also interest in examining time-invariant variables which we
are unable to do in a FE framework.

" Due to an unbalanced panel, a Baltagi & Li (1990) adaptation of the Breusch-Pagan (1980) test has been used and confirms the use of
panel methods.

8 Within this framework, the temporal pattern of inefficiency can be tested statistically, which is a key advantage over alternative approaches
such as Cornwell et al. (1990).
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it enables the unrealistic assumption of independence in inefficiency over time (a problem

that plagues many comparator models) to be relaxed.

The TRE model claims to delineate efficiency from unobservable heterogeneity by including
a time-invariant, firm-specific term in the model to capture unobserved factors, in addition to
the inefficiency term (Greene, 2012a). A potential drawback of this model is that efficiency
scores are independent over time, meaning that time trends of firms cannot be tested
statistically. Additionally, this model assumes that all the time-invariant variation in the cost
function that is not explained by the regressors is unit-specific heterogeneity and not
inefficiency; this is not necessarily the case as some time invariant persistent inefficiency

may also be present.

To these models, we test three alternative specifications to examine heterogeneity. First, a
basic cost function with output, input prices and time is estimated. By including a time trend
in the cost function, we separate exogenous change in costs over time from cost inefficiency

(Kumbhakar and Lovell, 2000).

In the second, we add the vector, z, of observable heterogeneity variables. These include the
number of primary care tests (which are thought to be less costly than other tests), and the test
to request ratio which captures the variation in the number of tests per request, which varies
between laboratories, and is therefore a source of heterogeneity. Another source is the
geographical setting of the laboratory: metropolitan, urban or rural (following Department of
Health, 2006, see table 1). This will be referred to as the TYPE of laboratory. It has been
suggested that pathology demands of inner city laboratories are much different to those in
rural areas. Further, the foundation status’ of a trust is seen to motivate it to act more

commercially (Healthcare Commission, 2007, see table 1; Marini et al., 2008), which is

? Foundation status of a NHS trust (a trust is a hospital or small group of hospitals) means that it operates under an independent, not-for-
profit regime, allowing it financial autonomy which it does not have without having foundation status (Marini et al., 2008). Trusts apply for
foundation status, which is granted by the regulator, monitor, if the trust has satisfied the regulator of its financial competence. Foundation
status has not been awarded to all NHS trusts.

12



expected to be extended to their pathology services. Lastly, data are available on whether the

laboratories provide teaching services.

The third specification finally adds dummy variables to capture unobservable heterogeneity
(e.g. IT infrastructure/maturity, network activity) (Arocena et al., 2012). We use the strategic

health authority dummy variables and then group them by region for parsimony.

We refer to the specifications as s(i), s(ii) and s(iii).

Finally, after having used this testing process to select a model, we exploit the fact that the SF
framework is based on a cost function to examine the cost elasticity properties across the
output range and derive average and marginal costs in pathology production (AC and MC
hereafter). We note that this is a key advantage of this method over DEA as an alternative.
Focus is given to this aspect of production because this is a popular theme of interest
throughout the literature (table 1), because there is little empirical evidence on this issue, and
because of the growing membership of laboratories to local networks, which is encouraging

the pooling of output); see Department of Health (2011).

Empirical Specification

First, for functional form, we test between a Cobb-Douglas and a translog specification to
approximate our economic model in (1). A translog nests a Cobb-Douglas and we can readily
test down. A translog has some appealing empirical and economic features: its flexible nature
means it provides a second-order differential approximation to any unknown function f(.)
(as in Equation (1)) (Kumbhakar and Hjalmarsson, 1995); it does not impose restrictions on
substitution possibilities; and allows economies of scale to vary with output levels

(Christensen and Greene, 1976).

13



Logarithms are taken to give Farrell (1957)-type radial measures of inefficiencym. The

translog representation is estimated for each model,

In Cit

1 1
=ag+piiny; + _ﬁz (ln)’it)z + B3 lnwly + _34 (In Wlit)z

1 2
+ Z Balnzy +5 Z Ba (n2:0)? + Bslnyse. lawlig + > fug lnyie. In 7
n=1 =1

+ Z Z Boalnwlie.tn 7y, + Belnzse. Inzy, + Z Bz + 2 Bacor + it

b=1a=1
+ &t (2)

Where c;; are operating costs; y; is output; wl; are labour input prices; z; are exogenous
variables including tests for primary care and the test to request ratio; z; are laboratory-
specific, time-invariant dummy variables for the following: foundation status, teaching status
and laboratory type“; w, are regional dummy variables to capture unobservable
heterogeneity; and 7 is a time trend capturing real cost changes over time (in this sample).
Then, ¢&; i1s decomposed into u; and v; which are inefficiency and statistical noise,

respectively (see table 2 below for detailed specifications of each model).

To decide on a preferred model, a number of statistical tests are appliedlz. We test functional

form using a Wald test'?

Next, we test between the three specifications from above, by which we mean either no

heterogeneity variables s(i); observable heterogeneity variables only s(ii); and observable and

1% Variables are mean scaled to allow direct interpretation of the first order terms.

' Types of laboratory include rural, urban and metropolitan; rural is the reference case for modelling.

'2 Lai and Huang (2010), pp. 3, lament that “there are only limited systematic treatments of tests or model selection criteria in the existing
SF literatures.”

13 H,: additional translog terms (squared and cross terms) are jointly equal to zero.
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unobservable heterogeneity variables'* s(iii). We use LR tests for this. We refer to this as

TEST 1.

We then test between each efficiency model, by which we mean one of the 5 different
efficiency models (REM, P&L, BC92, Cuesta, TRE), using a LR test’ for nested models
(which we refer to as TEST 2) and a Vuong test (1989) for non-nested models'® (which we

refer to as TEST 3).

In total, there are 30 models to be estimated'’. 15 models are reported for comparison which
represents our full set of models once the test for functional form has been applied. LIMDEP

software (Greene, 2012b) is used for estimation.
Efficiency models

Table 2 below shows the econometric specifications of our range of models estimated.

REM P&L BC92 CUESTA TRE
Firm-specific . 2 " 2 . 2 . 2 2
component, o iid(0,0%) iid(0,0%) iid(0,0%) iid(0,0%) N(0,0%)
Random Error, &; iid(0,02) Eir = Uy + Uy S = Uy TV & = Uy + VU & = Uy TV
u~|N(0,00)] u~|N(0,00)| u~|N (0, 67)| u~|N(0,00)|
v ~N(0,07) v ~N(0,07) v ~N(0,07) v ~N(0,07)
Inefficiency &; — min{@;} Elugeluge + vyl Elugelwe + vyl Eugeluge + vyl Elugla; + &]
Time Trend u, = exp[n(t —T)].w u; = exp[n;(t — D]y

Table 2: Econometric Specifications of models

Merging laboratories

A feature of recent pathology services is that, following recommendations from the Carter

Review, laboratories in close proximity are increasingly beginning to pool their production

14 H,: observable or unobservable heterogeneity variables are jointly equal to zero.

S Hy: log likelihood model (a) is equal to log likelihood model (b)

'® Hy: model (a) is equal to model (b)

72 (functional forms) x 3 (heterogeneity variable specifications) x 5 (types of efficiency model)
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(Department of Health, 2006; 2009). A natural question arises as to what happens to the costs
of production when laboratories merge. This is, of course, tied closely to the issue of
economies of scale, which is of great interest to NHS policy makers and policy makers more

widely.

In our data, there are no examples of laboratory mergers. However, it is possible to use the
model to simulate the effects of laboratories merging to shed some light on this issue: we can
simply compare the sum of the predicted merged laboratory costs and the sum of the
predicted unmerged laboratory costs. We do this for laboratories in the final year of the

dataset.

To operationalise the merged scenario, we merge the smaller laboratories with each other.
We define a “small laboratory” as one whose output (number of requests) is lower than the
sample median. We then merge the largest “small laboratory” with the smallest “small
laboratory”, the second largest with the second smallest, and so on. We assume the larger
laboratory absorbs the smaller; we thus assume the characteristics (i.e. foundation status,
teaching status, region, etc.) of the larger laboratory for computing merged cost estimates.
We are interested in the proportional change in total costs that would occur if small
laboratories were to merge, thus we compute the following ratio,

Yie1 E(cir|xic'B) - 2?:1 E(cir|xicBy > 7)
Z{:l E(ci,TlxitI,B)

(3)

where E (ci,T|xit’,B) is the conditional expectation of costs for laboratory i in its final year, 7.
The x;;'B is the estimated cost function, y is output and y > ¥ denotes all output is greater
than the (original) sample median, that is, laboratories with output lower than the median

have merged. Y!_, E (ci,Tlxl-t'ﬁ) is the sum of the predicted costs across all unmerged

laboratories and Z§=1E (cj,T|x{tB,y > 37) is the sum of predicted costs across all merged

16



laboratories. As a result of simulation, of the full sample of 57 laboratories, 28 “small”
laboratories are merged into 14, thus reducing the number of laboratories from 57 to 43.
Therefore, I, the number of unmerged laboratories, is 57 and J, the number of merged

laboratories, is 43.

Given the specification of our model (see equation (2)), there is an issue around
retransformation of logged (predicted) costs (Manning, 1998). When the disturbance of the

error term is normal, £&~N (0, 02(x)), then a straightforward correction can be made,
E(Ci,T|xitl,B) — exit’ﬂ+0.502(x) (4)
where the uncorrected estimate is an underestimate since,

exit'ﬁ+0.562(x) > exit’[)’ (5)
However, normality is an invalid assumption in our case as the stochastic frontier model does
not, by definition, assume a normally distributed disturbance. Thus, an approach is required
that can account for non-normally distributed errors. Therefore, as suggested by Greene

(2012c, pp. 123), we use the smearing estimator proposed by Duan (1983). Thus our

predictions of laboratory costs are,

E(cir|xi'B) = hle¥i'# (6)
where,
1 1 R
RO = ;Z e 7
=

where n denotes the number of observations and &; are the fitted residuals.

Data

Annual pathology benchmarking data (Keele Benchmarking) is used to compile an

unbalanced panel of 57 English NHS pathology laboratories during a 5 year period from
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2006/7 to 2010/11'® (187 observations); accordingly we use maximum likelihood estimation
(Baltagi, 2008) (except the REM which uses GLS and the TRE which uses simulated
maximum likelihood). The sample represents approximately one third of the 163 NHS
pathology laboratories in England. From table 3, there is considerable variation in the range
and standard deviation of the costs, tests and requests variables, giving us confidence that we
have a broad sample of laboratories. There is an almost even spread of laboratories amongst

strategic health authorities (and therefore across England).

Our data is for biochemistry services only. Biochemistry is one of five disciplines of
pathology (the other four being haematology, hystocytology, immunology and microbiology).
Biochemistry is chosen because it is highly mechanised thus diminishing the issue of
heterogeneity for modelling. It is the largest area of pathology (around 70% total activity

(Holland et al., 2011)) and all laboratories run biochemistry services.

Variables include total operating costs (net of capital charges), output (for which two
measures are available: the number of tests and the number of requests), input prices of
labour (from the UK labour force survey) and exogenous variables including the number of
tests for general practice (primary care) and dummy variables for the foundation status of the
host trust, for the pathology service providing teaching, for the laboratory type (metropolitan,
urban, rural) and for the strategic health authority in which the pathology service is located.

Service quality is assumed given that laboratories have been accredited as noted earlier.

Costs and wage data are in real terms (2007 prices) using the consumer prices index. Labour
force survey data is chosen over other sources (NHS staff census data, for example). This is
firstly to ensure the exogeneity of the data: because the labour force survey data is collected

and constructed independently from our study data, which would not be the case using the

"% In our sample, 27 laboratories are observed twice, 7 are observed 3 times, 2 are observed 4 times and 21 are observed in every year — 5
times.
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NHS-based data'®. In addition, this data is a reflection of the true labour market conditions,
which is not necessarily the case with the NHS data. Lastly, the NHS equivalent data is
constructed using staff numbers which implies the measure may be correlated with output,
which may lead to undesirable statistical issues such as collinearity. Secondly we aim to
better reflect the regional variation in labour input prices than would be possible using
alternative data. The ratio of tests to requests is calculated from the data®. Strategic health
authorities are, following initial modelling, combined to form regional dummy variables for

London, the South, the Midlands and the North using a Wald test procedure (Greene, 2012a).

One available measure of clinical quality was available for analysis: turnaround times of
tests. We did not use this for three major reasons. First, as an indicator, this is an incomplete
measure of clinical quality (i.e. there are other dimensions of quality which may vary). This
may induce measurement error if used to capture quality in our cost function. Second, some
laboratories, although recording turnaround times, do not make efforts to reach targets as they
are not enforced. This means that this measure is likely to give a skewed reflection of this
(partial) measure of quality. Third, the data completeness and validity is much lower than for
the remainder of collected data (partly as some labs do not pay a great deal of attention to

turnaround times).

' Mutter et al. (2013) demonstrate using healthcare data that endogeneity can bias efficiency scores.

% As this variable is constructed using a variable that is also in the models, we check the correlation of the two variables for collinearity
concerns. The correlation between the two variables is -0.34. We therefore do not see this as an issue. In any case, we note that collinearity
is less an issue in panel data models than in cross sectional or time series alternatives (Baltagi, 2008).
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Variable Mean S.D. Min Max

Operating costs (adjusted) 3617320 2058358 963875 11741895
Number of tests 5037362 2990846 1380384 30199502
Number of requests 714125 465535 191078 4423531
Input prices (Labour) (adjusted) 24551 4160 15834 49955
Number of primary care tests 2059689 932794 380790 5480395
TYPE: Metropolitan Dummy (Oorl)

TYPE: Urban Dummy Oorl)

TYPE: Rural Dummy Oorl)

Foundation Trusts Dummy Oorl)

Teaching Laboratories Dummy Oorl)

REGION: London Dummy Oorl)

REGION: South Dummy Oorl)

REGION: Midlands Dummy Oorl)

REGION: North Dummy Oorl)

Table 3: Descriptive Statistics

IV. Results

Cost function parameters

Across the range of models estimated (table 4), a number of general observations can be
made. Cost elasticity with respect to output implies economies of scale (which we refer to as
size — see later section) in pathology production (the first order parameters are elasticities at

the sample mean; we go on to explore how these vary with output later in this section). Real
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operating costs appear to be decreasing over time as indicated by the negative coefficient on
the time trend variable. Operating costs in pathology laboratories are higher for those which
have high test to request ratios, are located in metropolitan and urban locations (relative to
rural laboratories), provide teaching services and are in the Midlands (relative to the Northern
laboratories). Operating costs are lower for foundation trust laboratories and for those located
in London or the South (relative to the North). There was no clear finding as to the effect of
GP tests on laboratory operating costs, where the effect appears negative in two models,

positive in another and not statistically significant in any other.

Statistical testing and inefficiency model selection

Wald tests strongly and consistently favoured the translog functional form (the null being the
Cobb-Douglas). Test 1 finds the s(ii) and s(iii) heterogeneity variables jointly significant
additions to the models in all cases (table 5). Test 2 strongly favours the Cuesta model over
the BC92 and P&L. Test 3 favours the Cuesta model over the TRE model®'. Therefore our
preferred inefficiency model is Cuesta s(iii) based on statistical criteria. Indeed, this model is
preferred a priori because of how it deals with efficiency change over time (see section III for

details). A significant lambda value (table 4) confirms the presence of inefficiency™.

! We are aware that the Vuong test has no degrees of freedom restriction, meaning that it imposes no penalty for additional parameters
estimated and so is likely to, in this case, favour the Cuesta model which has more parameters than the TRE model. Therefore, as a
robustness check, we have also tested the P&L (which has fewer parameters than the TRE) against the TRE, and the test favours the P&L.
Because our LR test preferred the Cuesta to the P&L, and the Vuong preferred the P&L to the TRE, we prefer the Cuesta to the TRE.

2 In addition, we have tested the presence of inefficiency using the LR test procedure outlined in Coelli et al. (2005) pp.258, which also
confirms our result, but we do not report the test results here.
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Dependent Variable:

Operating cost (OPEX) Specification

s@)c=y, w,t

Model

REM P+L BC92 CUESTA TRE
PARAMETER VALUES
CONSTANT @5 6.32%k%  6.3] %k 6.31 %k 6.60%#*
OUTPUT 0.43 %k 0.29%#%  (.3]%** 0.30%** 0.74%*%
INPUT PRICES 0.61 % 0.52%* 0.54%* 0.68* 0.64+*
YEAR -0.01%* -0.01 -0.01 -0.01%** -0.02%**
GP_TESTS
TES:REQ
TYPE: METROPOLITAN
TYPE: URBAN
FOUNDATION
TEACHING

REGION: LONDON
REGION: SOUTH
REGION: MIDLANDS

EFFICEINCY FIGURES

mean 0.71 0.81 0.81 0.79 0.99
s.d. 0.10 0.11 0.11 0.12 0.00
lambda SpIlilssss 57 13.01 % 3974.52
eta -0.01

Table 4: Estimation outputs

Notes: *** and *** denote significance at the 10%, 5% and 1% level, respectively.
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LR Statistic Tests for Heterogeneity Variables: TEST 1

Model P&L BC92 CUESTA TRE
Restriction of S(ii) to S(i): Observable heterogeneity variables (d.f.: 13,13,13,12) 44 6% 48.00%k* 44 82k 91.04##*
Restriction of S(iii) to S(ii): Unobservable heterogeneity variables (d.f.: 3,3,3,4) 14.86%#* 17.70%:%% 8.38%%* 38.60%#*

LR Statistic Tests for Model Selection (nested models only): TEST 2

CUESTA v. CUESTA v.
P&L BC92

Specification (i): Basic Cost function (d.f.: 57, 56) 166.84%%* 166.70%%*
Vuong Test Statistic: TEST 3
TRE specification (iii) vs. Cuesta model specification (iii) V =-9.066%**
Model Log Likelihood Function Values and degrees of freedom (K)
Model P&L BC92 CUESTA TRE
Specification (i): Basic Cost function 198.80 198.97 282.22 135.81
K 9 10 66 10

Table 5: LR specification and model selection

Notes: *** and *** denote significance at the 10%, 5% and 1% level, respectively.
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Inefficiency estimates

From table 4, the mean efficiency estimate from our preferred model is 0.87. On average,

efficiency is computed as decreasing slightly amongst pathology laboratories over time

(which is in agreement with the BC92 s(iii) model® in table 4, given their eta coefficients)

from 0.87 in 2007 to 0.86 in 2011. Fig 2 shows the cost efficiency estimates of laboratories

over time. The bar in Fig. 2 is at efficiency = 1, i.e. full efficiency. Groups of points

correspond to each individual laboratory, e.g. observations 1-5 are the efficiency estimates

for laboratory 1 in years 1 to 5, observations 6 to 10 are laboratory 2 in years 1-5, and so on.

We do not find the problem of efficiency scores dropping off the frontier in the final year of

the sample, which has been a concern for other applications of this model (Wheat and Smith,

2012). In addition, we find that many of the laboratory-specific etas are statistically

significant. Those that were not tended to be the firms that are on the frontier (and thus have

little or no inefficiency change over time), which can be seen in figure 2.

Laboratory cost efficiencies for Cuesta s(iii) model

1.10-

*
- *
88 0‘

66—

Cost efficiency
*

22

T T T T T T T T T T T T T T T T
0 50 100 150
0BS

Fig. 2: Laboratory cost efficiency estimates over time

2 Which is preferred of the three candidate BC92 models, see table 5
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Elasticity of cost, average and marginal costs

Our set of models give estimates of the elasticity of cost with respect to output at the sample
mean in the range of 0.29-1.04 (table 4) and is 0.44 in the preferred model. However, a more
informative approach is to examine how this elasticity changes with the scale of the
operation, proxied by output (Fig. 2), using our preferred model. Using this elasticity, we are
able to further estimate AC and MC per request using fitted values from the model (see

Wheat and Smith, 2008, for details) (Figs 4 and 5).

Elasticty of cost with respect to output for Cuesta s(iii) model

Output Elasticity

4911 5509 9107 1.2705 16303 1.9900
REQ (x10%06)

‘ —+—E —8— LCB —&— UCB

Fig. 3: Elasticity of cost with respect to output for Cuesta s(iii) model

Note to Figure 3: LCB — lower confidence bound, UCB — upper confidence bound. Requests are varied, all other

variables are held at the sample mean.
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Marginal Costs for Cuesta s(iii) model
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Fig. 4: Marginal cost (MC) for Cuesta s(iii) model
Average Costs for Cuesta s(iii) model
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Fig. 5: Average cost (AC) for Cuesta s(iii) model
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V. Discussion

Cost function parameters

This section draws on all models to examine the parameters of the cost function. The
parameter estimates in the frontier models show reasonable concordance with each other and

with the REM model, giving us confidence in our models.

The coefficient on input prices appears to be highly significant and in the range of 0.52-0.89,
aside from two models, the Cuesta s(iii) and the TRE s(iii), which have values of 1.30 and
1.04, respectively. These estimates appear to be out of line with the remaining estimates. If
the value of this coefficient was truly greater than 1, it would imply that operating costs were
rising more quickly than input prices. However, we note that the 95% confidence intervals for
both of these estimates include 1, meaning that we are unable to confirm that estimate of the
coefficient, based on either of these models, exceeds 1. Of course, we only have data for
labour input prices, and are thus unable to impose linear homogeneity of degree one on input
prices, which gives rise to the possibility of beta estimates in excess of 1. We emphasise that
the remaining models, including our benchmark REMs (which do not impose the
distributional assumptions of the SF models), all appear to have estimates of the coefficient
on labour input prices within a plausible range. Lastly, we note that other studies have shown
large labour cost shares for biochemistry operating costs - approximately 80-90%

(Department of Health, 2008 pp.44). This may explain the reported coefficients.

The time trend coefficients suggest a reduction in real laboratory operating costs of 0-2% per
year. The 0-2% figure can then be seen as the shifting of the frontier over time. The frontier
may exhibit downward shift if, for example, productivity in pathology production is

increasing, which would support the findings of Holland et al., (2012).
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Moving to the observable heterogeneity parameter coefficients (s(ii) variables), there was no
clear finding of the impact of GP tests (the parameter was not statistically significant). From
the healthcare commission (2007), a negative coefficient value was expected because primary

care tests are thought to be cheaper than other tests.

The tests to requests ratio coefficients are in line with a priori expectations (positive and less
than 1) from the literature (table 1). The estimated elasticity from this sample is in the range
0.12-0.48. The implications depend on the interpretation of this practice — it may be
considered gaming by laboratories to inflate their performance figures; on the other hand it
may be a reflection of a better quality of service since more patient information is being

supplied per request.

The type of laboratory is found to be a source of cost heterogeneity, which matches previous
literature (table 1). In our analysis, we were able to investigate this issue further. Laboratories
situated in metropolitan areas are on average 9-17%* more costly than laboratories in rural
areas. The findings for urban-based laboratories are that on average they are 0-5% more
costly than rural laboratories. We caveat this finding by noting that the coefficient was

significant in only three of fifteen models.

The foundation status of the host trust appears to be associated with a 4-10% reduction in
operating costs for pathology laboratories. From the literature, profit incentives motivate
hospitals to reduce costs to a greater extent than non-profit hospitals (Sloan, 2000), which is
the aim of granting foundation status to a trust and should mean pathology services act

commercially (Healthcare Commission, 2007).

Lastly, laboratories which provide teaching activities are found to have higher operating

costs, in the range 0-5%, to those which do not; coefficients in only three of ten models were

% Because our model is estimated in logarithms, we have applied an exponential retransformation to recover our estimate of the effect on
costs. To illustrate, for the Cuesta s(iii) model, exp(0.16) = 1.17, meaning that the beta on TYPE: Metropolitan from this model implies that
costs are 17% higher than for TYPE: Rural laboratories.
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statistically significant. This is in line with expectations, firstly because of the activity itself,
but also because pathology services which are more specialised (and generally more
expensive) tend to be associated with teaching activities, which may also be driving costs up
(Department of Health, 2006). Moreover, this finding is in line with other health care studies

(Gutacker et al., 2013).

The unobservable heterogeneity variable parameters (s(iii)) suggest that laboratories in
London and the South are in the range 0-15% (statistically significant in 3 of 5 models) and
0-5% (statistically significant in 2 of 5 models), respectively, less expensive than laboratories
from the North (the omitted dummy); and that operating costs of laboratories in the Midlands
are on average 8-11% higher than those of laboratories in the North. From the literature,
unobservable heterogeneity amongst these laboratories likely derives from information
systems adoption, network activity and peer contact (Department of Health, 2006; Healthcare

Commission, 2007; Eijkenaar, 2013)%.
Efficiency Estimates

Our efficiency estimates are based on results from our preferred efficiency model: Cuesta
s(iii).

To calculate our estimates of the potential savings we use laboratories’ efficiency estimates in
their final observed year. We calculate the potential cost of production if each laboratory
adopted best practice (of that observed in the sample, denoted by each laboratory’s efficiency
estimate). Then, we subtract this estimate from the observed costs of laboratories to yield the
potential available savings. We find potential savings of £32.8m in our sample (average cost

efficiency in final year = 0.86).

% According to anecdotal evidence from pathologists, these features are more prevalent in London and the South and thus are likely driving
this variation in costs.

29



We extrapolate to NHS pathology services (that is, all laboratories outside this sample and all
other remaining pathology disciplines), giving an estimate of £390m per year of potential
savings available to contribute to the Nicholson Challenge. This is around double the savings
estimate that was proposed in the grey literature based on a much smaller sample —
extrapolated comparably - of around £250m (Department of Health, 2008). Recalling that
this data is for biochemistry services - the most mechanised of the five major pathology
disciplines - we envisage that our estimates may well underestimate the true level of
inefficiency, since mechanised pathology services are more homogenous than other
disciplines (Kiechle and Main, 2002). We thus conclude that this is more likely a minimum
efficiency saving than a maximum, which underlines the importance of pathology services

for policy makers if expenditure reduction is high on their agenda.

However, driving out inefficiency may be more of a challenge amongst the more
heterogeneous disciplines, such as hystocytology. First, not all laboratories conduct these
services, meaning that there are fewer opportunities to compare practice and share
knowledge. Second, that there is a paucity of available data in these disciplines means that

measuring inefficiency may be more challenging (Buckell et al., 2013).

The average efficiency score over time is decreasing slightly. However, we find that
individual etas imply that some laboratories are becoming more efficient over time, some are
constant over time, and some are becoming less efficient over time (Fig.2); many of the
laboratory-specific etas were found to be statistically significant. Information on the
efficiency profiles of the individual laboratories is a powerful output of this type of top-down
benchmarking as it indicates where further attention needs to be focused to drive out
efficiency improvements. As noted earlier, the approach used to model efficiency change
over time has been applied in economic regulation in other sectors. We do not identify

individual laboratories for confidentiality reasons.
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Given that we have reduced efficiency over time and technical change (falling costs) as per
the time trend coefficient in our preferred model (i.e. frontier shift), it is informative to
compute the Total Factor Productivity (TFP) Index (Coelli et al., 2005) to give an overall
account of pathology performance. However, we do not observe costs which include capital,
nor an output mix effect, meaning that it would be inappropriate to describe our measure as a
TFP index. We therefore define a Multi-factor Productivity (MFP) Index as our measure of

overall pathology performance.

Year Average cost Cost efficiency Frontier Overall MFP change
efficiency index Shift Index MFP
2007 0.868 1 1 1 0
2008 0.839 0.967 1.014 0.981 -1.9%
2009 0.857 0.987 1.029 1.016 3.5%
2010 0.847 0.976 1.044 1.020 0.3%
2011 0.858 0.989 1.059 1.048 2.8%

Table 6: Multi-Factor Productivity pathology laboratories

As can be seen in table 6, the overall MFP for pathology is increasing over time, from 1.000
in 2007 to 1.048 in 2011. The annual change is positive for three of the years and negative for
one year. Overall, MFP increases by 4.8% over the period of study. Thus, the small reduction
in the efficiencies of laboratories away from the frontier is more than offset by the gains in

costs by the efficient firms (the frontier shift), yielding the overall MFP increase.

Economies of size in pathology

Due to our measure of costs not incorporating capital charges, we are, strictly speaking,
unable to interpret changes in the relationship between output and costs as economies of
scale. Accordingly, we refer to ‘economies of size’, and interpret this as the way in which

operating costs change across the output range.
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The cost elasticity estimates with respect to output indicate economies of size properties in
pathology production (Fig. 3). Further, MC is falling faster than AC (Figs 4 and 5), meaning
that the elasticity is falling (Fig 3), so the extent of economies of size is increasing as the
scale of production increases; this will continue as long as MC falls faster than AC. This
suggests that the growing formation of local pathology networks may help to lower costs for
laboratories where production is pooled, which corresponds to pathology analysis elsewhere
(Kiechle and Main, 2002). Encouragingly, this is being recognised by policy makers at the
top level (Department of Health, 2011). It is of course possible that the economies of size be
exhausted at some point, though we cannot conclude that based on our sampleZ6.

With regard to comparisons with previous studies, a direct comparison with the economies of
scale finding in the Department of Health study (Department of Health, 2008) is difficult
given that our measure does not incorporate capital costs. However, it is not clear that their
measure did either, given that no empirical results on this issue are presented. Although
capital cost information is collected (Department of Health, 2008, pp. 37) their only analysis
(of unit costs) presented does not include these costs (Department of Health, 2008, pp. 44, 46,
48, 49). Therefore, on this issue, our study appears to be the first to present empirical

evidence.
Merged laboratories

Using our preferred model, Cuesta specification (iii), and equation (3), we were able to
simulate the effects of mergers between small laboratories. We find that, if the smaller
laboratories in the sample merged, the sum of the implied predicted costs would be
approximately 17% lower than those previously incurred by these laboratories separately.

This suggests that there are potential considerable cost savings available via laboratories

 We note that the AC curve appears to be flattening towards the extreme of the sample (Figure 5). However, given that MC remains lower
than AC at this point, this must be being driven by factors other than size which are associated with higher costs when size increases.
However, further research with different data would be needed to draw any conclusion on the point at which size economies are exhausted.

32



pooling production. Indeed, this estimate suggests that these potential savings are greater than

those available through efficiency improvements.

While we consider this to be a useful indicative valuation of the effect of potential pooling,
we attach a number of caveats to this estimate; this exercise is ultimately a stylised scenario.
Firstly, we note that there is no consideration to the additional costs incurred through merging
(e.g. the costs to transport samples, the costs of service delays, etc.). Second, we do not take
into account any effect on the quality of the service, the effect of specialisation or the
interaction with other hospital services. Thirdly, we do not consider whether these
laboratories are contiguous, which could potentially be limiting to mergers. On the other
hand, this estimate is based on a small number of laboratories merging, in practice there is no
limit to the number that can merge. In addition, we have assumed pairwise mergers; it is, of
course, possible that multiple laboratories will merge. Thus, based on the last two caveats, the
potential savings could be even larger than estimated here (as long as the subadditivity of

costs continues).

VL Conclusions

We have applied econometric efficiency estimation techniques to an under-researched area in
health care literature: pathology. In doing so, we have developed performance measurement
in this field beyond existing indicators benchmarking techniques. We have found, having
controlled for cross-unit heterogeneity, 13% inefficiency in pathology services in the NHS in
England. If this is indicative of NHS pathology as a whole, there could be £390m per year of
available savings from pathology to contribute to the Nicholson Challenge of NHS efficiency
savings. In addition, we found that the pooling of production looks to induce substantial gains
in pathology cost savings. If smaller laboratories merged their production, they could save

around 17% in their operating costs.
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We have found that overall efficiency in pathology has decreased over time. The particular
method that we have adopted also allows the time paths of efficiency for individual
laboratories to be studied. We have also found frontier shift which decreases costs over time.
Overall, MFP for the laboratories in our sample has increased by around 5% between 2007

and 2011.

We have estimated the magnitudes of various drivers of laboratory costs which were
identified from previous pathology studies. Some of these drivers have not previously been
quantified (e.g. the costs of teaching or the effect of the host trust having foundation status).
We have paid particular attention to the elasticity of cost with respect to output. We have
found economies of size, which is encouraging from a policy perspective because local
networks are being formed in pathology services which increase the scale of production. We
note, however, that our measure of costs does not include a component of capital, and thus
are findings are limited to this extent. We also note that, although discussed in previous
studies, no empirical evidence has been presented in previous literature on this issue
(Department of Health, 2006; 2008). Therefore, on this issue, our study appears to be the first

to present empirical evidence.

We believe these findings are important to policy makers because it provides them with the
evidence needed to make informed decisions on the allocation of resources and on the
management of pathology services. The method that we have adopted highlights performance
variation both between decision making units (in our case, pathology laboratories) and over
time. It has been applied by economic regulators outside health as a means of driving out
efficiency improvements and we consider that it also has the potential to be applied much

more widely in the health sector.
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