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Abstract

Technical progress, prevention and patient healthutcomes: a new look of technical
progress in health care

The aim of the paper is to disentangle the roles platients, physicians and technology
can have on patient health outcomes using a largedatailed dataset of Italian patients
collected by the Italian College of General Pramtiérs (SIMG) over the period 2001-
2006. As our data show the existence of heterogemneithe time needed to reach an
optimal level of health stock, we concentrate as theasure of health outcome rather
than simply on the level of patient health stocke Empirical work will then be based on
two different analyses. We first explore whethetigrds recovering faster (in terms of
time needed to reach cholesterol levels suggesgemtbrnational clinical guidelines)
exhibit a lower hospitalization rate for cardiovalse diseases and then the determinants
of the speed of recovery to a good health staths.r&sults confirm that a 10% increase
in the speed of recovery can reduce hospitalizaates by 0.8%. Furthermore, we show
that recovering to a good health status is a nagkited phenomenon and that each single
actor plays an important role in reducing the timeeded to achieve the therapeutic goal,
with technology that explain at the best 62% of ¢thenbined effect. These results are
then discussed in terms of policy

Stochastic Frontiers and Technical Efficiency: evidnces from a panel of Italian
hospitals

We evaluate how the productive structure and le¥elpecialization of a hospital affect
technical efficiency by analyzing a six-year pasi&iabase (2000/2005) drawn from
hospital discharge records and Ministry of Healttad We adopt a distance function
approach, while measuring the technical efficierleyel with stochastic frontier
techniques. After controlling for environmental idles and hospital case-mix,
inefficiency is negatively associated with speciation and positively associated with
capitalization. Capitalization is typical of prieatstructures which, on average, use
resources less efficiently with respect to pubhd anot-for-profit hospitals. Finally, by
looking at scale elasticities, we find some eviden€ unexploited economies of scale,
leaving room for centralization.

A stochastic frontier approach to assess the effemcy of English councils with social
services responsibility

Using a stochastic frontier approach, this papetars efficiency in the commissioning
of publicly funded social services among 148 Eg(@ouncils through a six-year panel
database (2002-2007). It creates a specific framevar the analysis of social services
commissioning, covering institutional care, dayecaentres and care at home services.
Our estimates of economic inefficiency provide keglicy evidence about how to
organise and commission social care in a contewhich optimization is critical both for
social and financial purposes. The results suggedight decrease through time in the
average inefficiency score, whose sample averagesntsom 1.080 in the first year to
1.076 in the last year of the panel. Residential aarsing care show a cost-output
elasticity around 7 times greater than that of haare and 15 times greater than that of



other community care services. Significantly, geeasavings are obtained when the
market is open to private and voluntary providers.

Keywords: Technical Progress, Adjustment Process, Cholest&taltins; Stochastic
Frontiers, Distance Functions, Technical EfficienExpenditure Efficiency, Long Term
Care, Commissioning

Abstract

Technical progress, prevention and patient healthutcomes: a new look of technical
progress in health care

L’obiettivo di questo lavoro e’ la stima quantitatidel diverso ruolo che pazienti, medici
e tecnologia medica hanno sull’esito dei trattamgamitari. L'analisi e’ basata sull’'uso
di una vasta e dettagliata banca dati di paziealiani raccolta dalla SIMG (Societa
Italiana di Medicina Generale) per il periodo 2QI36. Nel caso particolare di pazienti
in terapia statinica per malattie cardio-vascoldri,dati mostrano |'esistenza di
eterogeneita per quanto riguarda la velocita cogulale essi raggiungono il livello di
colesterolo ottimale. L’analisi empirica si congensu due livelli: il primo di essi
analizza se pazienti che mostrano una convergeitzeapida al livello di colesterolo
ottimale, ottengono anche benefici in termine dluzione dell’ospedalizzazione. |
risultati confermano che un incremento del 10%adeklocita di convergenza riduce
dello 0,8% la probabilita’ di ospedalizzazione. A secondo livello, si dimostra
empiricamente che tale convergenza e’ un fenomehauale ognuno degli attori in
causa (paziente, medico e tecnologia) gioca uroragnificativo, con la la tecnologia
che riesce a spiegare fino al 62% dell’effetto leothrisultati ottenuti forniscono spunti
di discussione in termini di politica sanitaria.

Stochastic Frontiers and Technical Efficiency: evidnces from a panel of Italian
hospitals

In questo paper si studia come l'efficienza tecrospedaliera venga influenzata della
struttura produttiva e del livello di specializzaze. | dati disbonibili provengono dal
Ministero della Sanita’ e si basano sulle schedbndissione ospedaliera (SDO) raccolte
nel periodo 2000-2005 nella Regione Lazio. L'anaéimpirica effettuata utilizza un
approccio di fontiera stocastica con funzione ditatiza output e input oriented. I
modello adottato controlla per un gruppo di vatiabmbientali e per il case-mix
ospedaliero. L’inefficienza stimata risulta asstxia negativamente con la
specizlizzazione e positivamente con la capitatzree delle strutture. La
capitalizzaztione della struttura produttiva e’idép degli ospedali privati i quali, in
media, utilizzano le risorse in maniera meno effité rispetto a quelli pubblici e non-
profit. Infine, dall’osservazione dell’elasticitali scala, e’ possibile notare come ci sia
evidenza di economie di scala inesplorate, sugderelipotesi di un maggiore
accorpamento delle strutture.



A stochastic frontier approach to assess the effemcy of English councils with social
services responsibility

Attraverso l'uso di un modello di frontiera stogeat in questa analisi vengono esplorate
le dinamiche dell’efficienza relative al commissiay dei servizi sociali da parte di 148
municipalita’ inglesi, per gli anni inclusi tra2i002 ed il 2007. Nel lavoro viene creato un
modello specifico per il caso dell'assistenza piotresidenziale, nei centri polivalenti e a
domicilio. Stimare l'efficienza di questa comporentlella spesa pubblica risulta
fondamentale nell’ambito dell'ottimizzazione dedlecisioni relative all'organizzazione e
alla gestione dei servizi sociali. | risultati seggcono una leggera riduzione
dell'inefficienza media nel tempo, la quale pasaaud valore di 1,080 nel primo anno a
un valore di 1,076 nell'ultimo. L’elasticita’ stirtea della spesa rispetto al livello
dell'assistenza residenziale e’ sette volte superaoquella domiciliare e quindici volte
superiore rispetto agli altri tipi di assistenzan#iesidenziale. Si evidenzia inoltre che
maggiori risparmi di spesa sono ottenuti quandendrcato e’ allargato in misura
maggiore agli operatori privati e appartenenteat® settore.

Keywords: Progresso Tecnologico, Processo di Aggiustamentdesterolo, Statine;
Frontiere Stocastiche, Funzione di Distanza, Efiza Tecnica; Efficienza della Spesa,
Long Term Care, Commissioning
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Chapter 1

Technical progress, prevention and patient healthutcomes: a new look
of technical progress in health caré

1.1 Introduction

Patient health outcomes are complex phenomena methtangling empirically their
determinants is an ever more complex task. Thispbexity mainly arises due to the
interplays of three different actors that individudave an important role in determining
patient final health outcomes: the patient its#l& physician and available technologies.
In fact, a valid diagnosis from a physician coultmt sort the hoped effect just because
treatments are not available or are not effectsmtilarly, the availability of effective
treatment cannot produce the desired effect as BBighe physician is not able to
properly match patient disease and treatment, cause patients are not compliant to
physician recommendations. Despite its importamoenfa policy perspective, to our
knowledge no study has ever tried to empiricallsediangle and measure the different
roles that these actors jointly play on patienttheautcomes.

Within the literature these themes have been appszhby both economists and
health professionals. Economists have mostly begaged in exploring the sole role of
technology in the health care sector. As resuttayowe know that technical progress is
partly responsible for the substantial real groimtexpenditure experienced by almost all
countries over the past few decades (Cutler and I8le@, 2001, TECH Research
Network, 2001, Atellaet al, 2003, Jones, 2005 and Valletta, 2007). Howeveennains
unresolved whether better medical care has a rolexplaining the health outcome
improvements of the worldwide population. In partar, what is still a matter of debate
is whether the ongoing rising expenditure on heatltine is “worth it” (Cutler and
McClellan, 2001, and Valletta, 2007). Often, tlasK of knowledge is due to absence of
evidence on the role that patients and physicidag ip making available new medical
technologies effective. Providing drugs to patiemtso are not compliant reduces
aggregate drug efficacy. Similarly, making avaiabew technologies that are misused
by physicians is, again, a waste of resources ribdilices new technology aggregate
efficacy.

In the medical literature these aspects have bpproached in a more accurate way
using patient level data, although, quite oftem, dnalyses have been limited in terms of
patients enrolled and, furthermore, not all aspeétthe problem have been analyzed
jointly. In fact, apart from articles that evalualeug (new technologies) efficacy by
means of clinical trials, there exists an amplerditure that looks at the interplay of
patient compliance and drug treatment, where tHe ob physician is missing (E.

1 This chapter is based on “Who is responsible/éar health: you, your doctor or new technologiesp”
F. D’Amico and V. Atella



Johansson et al., 1996, or McCombs et al, 2004)ar@lyses based on physician
management strategies, with patients and techreddpiat are missing (Hyman, Pavlik,
and Vallbona, 2000 or Gurmankin et al, 2002).

In our view, the main reason that has preventegarebers to succeed in this task is
the lack of a sufficient level of clinical and soaemographic detail when using “micro”
data, even for those studies that adopt a disgmssfis approach (McClellan and
Kessler, 2002, Atelleet al, 2003, Grootendorst et al, 2007). Furthermoregahbje
measures of health outcomes are needed. Finalbe toformative for policy makers the
analyses have to be conducted at population leteér than on small samples of patients
(such as those used in clinical trials). Cleanighsan approach is highly data demanding,
as it requires information on patient health pedilat the beginning of the observation
period (initial conditions), the treatments and reseto which they have been exposed
over time, their health outcomes has to be compéefdre and after any specific
treatment, and physician treatment strategies brisbntrolled. This implies to adopt an
investigation strategy similar to that used in @mézed clinical trials, but extended to
the population.

By adopting a disease specific approach, our aith this paper is to try to fill this
gap by disentangling and measuring the contributi@t each of the above mentioned
actors can have on the health outcomes of a lageesentative population of Italian
patients suffering of hypercholesterolemia andtg@@nly with a specific class of drugs,
namely the statins.Hypercholesterolemia is a particularly interestingndition to
analyze in this context, for at least three différeeasons. First of all, there has been a
growing public concern over the last 10 years aliogh levels of cholesterol in the
population, that may have changed patient awareaiess the problem, influencing their
behavior (mainly through changes in compliancesjatever time. In fact, excessive
levels of cholesterol are among the main contrigufactors to the insurgence of angina
pectoris, ischemic ictus, myocardial infarctionaak (MIA), and transitory ischemic
attack (TIA). This implies that the faster the retlon of cholesterol to “guideline”
levels, the lower the probability of incurring adte cardiovascular event, in particular
for subjects with high cardiovascular risk. Secgndlthough the entire drug industry has
witnessed substantial technical progresses ovda#h0 years, Statins represent a class
of drugs which has shown a continuous improvemest time in its efficacy to lower
cholesterol. Last but not least, new guidelines to treat cétel®| have been introduced
in the recent years, challenging doctors to cowtisly adapt their patient management
strategies to the new evidence based medicine.

Compared to previous literature, we further innevly answering a different and
more important question within hypercholerolemictigras. As our data show the
existence of patient heterogeneity in the time edetb reach an optimal level of
cholesterol, we concentrate on exploring the deteanis of this measure of health
outcome rather than simply on patient cholestenagls.

In fact, while analyses on the “level” of patiemtaith stock have been performed by
many researchers in the past (see among othertemblerg 1996 and 2007; Cutler and
McClellan 2001; Cutler, Rosen et al., 2006; Lond\at 2007), to our knowledge no one

% This restriction is without loss of generalityven that the vast majority of hypercholesterolepatients
are treated only with statins.
3 Statins also represent the drug selling class thitthighest turnover in most industrialized coiestr



has ever provided an answer to the “time needed&ach an optimal level of health.
Providing evidence on this issue has importantcgalnplications (beyond the specific
case under investigation) given that a longer pagxposure to specific adverse health
shocks may results in serious future negative healtcomes, such as hospitalization,
invalidity and death. As we will see in the followji sections, hypercholesterolemia is
precisely one such case in which patients’ recagetime from high cholesterol levels
has changed remarkably over time and over cohdreafed patients.

The empirical work will then be based on two diffier analyses. We will first
explore whether patients with faster speed of repp(in terms of shorter time needed to
reach optimal cholesterol levels suggested by mateéynal guidelines) exhibit lower
hospitalization rates for Coronary Hearth Disea&klD) and then will analyze its
determinants. The analysis will be based on daia the Health Search database, which
collects information gathered by Italian GPs. Ualgtandard registry datasets, it contains
a rich set of information that allows us to disewgie the beneficial effects of new
technologies (more effective drugs) frotn improvements in patient compliance to
medication,ii) improvements in physicians’ ability to manage thisease (“process”
innovation) andii) standard confounding problems present in seveealiqus empirical
analyses (patient past clinical history).

The paper is organized into seven sections. Setkiorpresents some stylized facts
about cholesterol trends around the world andaly.liSections three and four present the
methodology used to define and construct our oldiealth indicator and empirical
models, respectively. Section five presents tha,dht sample selection process and the
steps followed to construct the variables of irger&ection six shows the main results
and their policy implications. In particular, weoprde quantitative evidence on how the
speed of recovery can affect hospitalization r&aes<CHD and then we measure the role
of each single factor on the speed of recoveryalinconclusions are drawn in section
seven.

1.2. Cholesterol trends and the role of statins: $we stylized facts and a puzzle.

1.2.1 The stylized facts

Coronary heart disease (CHD) is the single largesise of death around the
industrialized world. In 2005 more than 1 in evBrgeaths in the United States were due
to CHDs. Across Europe, diseases of the heart andlatory system (CVDs) caused
over 4 million deaths in 2005, representing nehdlf of all deaths in Europe during that
year (55% of deaths in women and 43% deaths in .mEmM@ main forms of CVDs are
coronary heart diseases (CHDs) and stroke. Jukdrdralf of all deaths from CVDs are
the consequence of a CHD and nearly a third arsechby stroke. The death rate from
CHDs in the UK remains one of the highest in Westeurope, at 40%. Lower levels are
recorded for France (28%) and Spain (32%), withydréland and Finland having a
higher mortality rate than the UK. Despite CVD a@#iD, mortality has dropped
significantly, the number of people living with Cldhas continued to rie

* Data are from British Heart Foundation Statisbegabase (2005http://www.heartstats.org/




Hypercholesterolemia is a major risk factor for CHD the United States in recent
decades, more than 50% of adults (>20 years ol twtal cholesterol concentrations of
at least 5.18 mmol/L (200 mg/dL) (Ford et Al., 2DOge level that the National
Cholesterol Education Program (NCEP) expert paonekiders “borderline-high risk”
(Antonopoulos, 2002). This evidence is of particutaportance as recent studies suggest
that downward trends in total serum cholesterol imaylattening (Ford et Al., 2003 and
Arnett et Al., 2002, 2005). Among European coustliethe prevalence of total
cholesterol for both men and women in England aodtl&d fell between 1994 and
1998, but increased slightly between 1998 and 200%l et Al., 2004). Within the
northern population of Sweden there has been ancanis decline in total cholesterol
levels of 10% from 1986 to 2004. These findings @mdorm across all age and gender
groups, with few exceptions (Eliasson et Al., 2008Jthough mean serum total
cholesterol concentrations have dropped constatigss all industrialized countries,
there are still many patients with cholesterol vadlbve safe threshold levels suggested
by guidelines.

Concerning ltaly, there is no single comprehensiagonal study to our knowledge
that has monitored trends in cholesterol level® @hly national data available are those
collected in Health Search (HS), a dataset manhgdte Society of the Italian College
of General Practitioners (SIMG).Panel a) in Figure 1 reports the trends in “Toaald
“Low-Density Lipoprotein” (LDL) cholesterol levelf®r the patients included in the HS
sample. According to these data we can see thhtrhetasures of cholesterol levels are
decreasing. Furthermore, in panel b) we observethewdistribution of cholesterol levels
has evolved over time. Interestingly, we can dgiish a movement towards the left (a
reduction in average levels) as well as a shrinkihthe distribution shape. This second
point is even more important as it proves thataty) not only the LDL average, but also
its variability is reducing.

Although differences in population samples makelena the comparison of these
results to other international experiences, théupgcthat emerges still seems to suggest
that Italian patterns for cholesterol levels arelime with those observed in other
countries.

1.2.2 The puzzle

A further inspection of the data highlight a mangeresting phenomenon as reported
in Figure 2 and in the Table 1a and 1b, where Lbblesterol level trends are split by

® There are very few countries in Europe where atest data on cholesterol levels have been cotlecte
over a relevant period of time.

® The EUROASPIRE I study (2001) found that only Shtpatients on lipid lowering therapy (statins)
were achieving their goals, ranging from 70% inl&mad down to 31% in the Czech Republic. This
evidence has been corroborated by many studiels,gzot-European and country specific. The REALITY
study (2004) found a similar failure of goal acliment in large numbers of patients. A similar latk
adherence to goals has been found in the UniteadsStRearson et al., 2000).

"It is worth noting that these data refer only &ignts under treatment and not to the whole poipnlaAs
such, caution should be used when interpretingethesults for inference purposes. For examplaritle
the case that despite decreasing cholesterol léoelseated patients, a flattening or an increiaskevel
would be recorded if we were to extend the analisithe whole population, including unchecked and
untreated patients.



patient cohorts according to their initial yeartr@fatment. Each line in figure 2 refers to a
cohort of incident patients who began statin trestimn a specific year and have been
followed thereafter. The colored areas around temds represent the confidence
intervals. A number of interesting results emergenfthe graph:

1. average starting level of LDL is lower across cdfiorhis is consistent with
the fact that cholesterol guidelines in Italy hdween updated over time,
progressively including patients with lower bloogid levels in the
treatment protocol but with higher cardiovascuigk,rthus moving toward a
more preventative approach to dyslipidetnia

2. the speed at which cholesterol levels reduce onex has increased. This is
particularly true if we look at the absolute chamgecholesterol levels after
the first year of treatment across cohorts. If a@klin particular at Table 1b
we can observe how the reduction in the averagéestevol level tend be
greater cohort by cohort, when considering the fiw® years of treatment.

3. patients who started the therapy earlier are likelgonverge to a “higher”
level of cholesterol over a “longer” period of tim&his phenomenon
appears regularly throughout all of the cohorteun sample (all trajectories
intersect);

4. older cohorts, on average, do not reach the LDUesterol minimum target
of 120 mg/dl.

While the first two results can be easily underdtdxy simply referring to what
occurred in the sector over the period of invesiiga the last two results are somehow
counterintuitive, since we would expect that longeatment periods would be conducive
to better health outcomes.

As clearly shown in Fig. 3, new and more effectohemical compounds (the so
called “second-generation statins”) have been ntedkand prescribed in Italy over the
period of our investigation, and the market sharethese compounds have also been
affected. Another important change that has aftethe market is represented by the
introduction in 2004 of larger pack-sizes (28-30 14 tablets per package), which may
have affected patient behavior by improving totmpliance and persistence with the
treatment, thus leading to better cholesterol mamat (see Fig. 4). However, these two
factors alone can hardly explain the different gbpatterns reported in Fig. 2, given that
new active ingredients and larger pack-sizes appased to be made available to all
patients, irrespective of the cohort to which thelong.

According to our framework, what remains as plaesilactor that could explain
such uneven cholesterol reduction patterns acr@ssris may be the physician behavior
in treating cholesterol. In fact, we suspect thRsGvho see their patients responding to
therapies could decide not to reset or modify i€rewhen new protocols or newer
compounds are introduced in the market. This ctneccaused by prudential attitudes,
which aim to avoid any potential side-effect asoasequence of the adoption of newer
drugs or of different (and higher) dosages. Atgame time, in absence of past evidence,
“newcomer” patients are more likely to be treatedhwnewer drugs. Under this

8 By itself this phenomenon is not able to explaia fhster achievement of lower cholesterol targets.
fact, while it is quite easy to lower from very higholesterol level to medium levels, it is hartiefower
from medium levels to target levels.



assumption, the presence of a technical changefins of both process and products)
could then lead to a gap in health outcomes fdreeand longer-lasting treated patients
compared to “newcomer” patients.

Based on these simple evidence, in the next pgphgrae first define our indicator
of objective health status and build an empiricaldel whose aim is to provide a
guantitative assessment of the effects that eacflesiactor may have had on the
cholesterol reduction patterns over the period0®f222006 in Italy.

1.3. The definition and measurement of the healtmdicator.

One of the implications of the Grossman model (&man, 1972) is that health is an
inherited durable capital good that depreciates twee. Therefore, investment in health
can be seen as an activity where medical carendbired with other inputs in order to
produce new health to partly counteract the natde#drioration stemming from health
shocks. Thus, the demand for health care can b&dayed as a derived demand of goods
and services to preserve the inherited stock oltthédlS ;) and/or to further achieve a
desired stock of heal{S;,).

The presence of an inherited durable capital gaateates a disequilibrium model
with a quasi fixed input represented by the stockealth. At each timé patients may
not be in equilibrium and for this reason they dedhhealth care. This implies that the i
th patient’s health status at tinh€an be represented by the following partial adpesit
model:

HS(=HS 1+ A (HSi¢ - HS1) - dHS 11 1)

with 0<A<1 andg>0. Therefore, the net investment in health statusyat for the ith
patient can be represented as:

lit =A(HS it — HS 1) - A(HS 1) (2

Net investment in health will be zero when the gt level of health is achieved and
no deterioration occurs, while it will be positivehenever deterioration is zero and
patients demand positive values of health (i.azestment in health occurs). Obviously,
health status variation could be negative as langleterioration is greater than health
demand or, more specifically, deterioration oc@mnd no new investment is made.

Analogously to investment theory, the paraméten equation (2) represents the
“speed” at which individuals are able to achieveirtharget value. It is defined as the
fraction of the existing gap to the target, covengchew health investment in one unit of
time. If patients reach their goal in one perio@nti=1, while if their health status
remains unchanged or even reduces, th€nor it becomes negative.

In the empirical literature on investments,has always been considered as an
“average” parameter to be estimated. Although uldde possible using micro data to
make A individual specific and time varying (i.di:), to our knowledge no one as ever
attempted to obtain it as a measurable variable thed to further understand its
determinants. In order to achieve this goal, we enako simplifying assumptions that,



without loss of generality, help designing the emspi procedure. In particular let states
the following two hypotheses:

HP 1. the health demand function is specific of ivitthals suffering from
hypercholesterolemia and therefore at risk of inngrCVD-related events.
ThereforeHS = f(LDL,y);

HP 2: thatf(LDL;;) is a generic function that inversely relatesgratihealth status to
patient cholesterol level§KIS; /0 LDL;;<0).°

As already stated in the introduction, from our spective the first assumption is
important to define our concept of health statud &m link it to a well defined and
objectively measurable clinical indicator. The set@assumption is useful to provide the
specific explicit relationship existing between timical indicator and the health status
level!® Therefore, in what follows we will refer to the ain demand function of
individuals suffering from hypercholesterolemia ahdrefore at risk of incurring CVD-
related eventsBased on these premises, then Eg. (1) can bettenwin the following
way:

f(LDL; )= f(LDLit.1) + A(F(LDL ;)— f(LDL; 1)) - Af(LDL; 1) ()
where the optimal level of LDL cholesterdlL") is patient specific, time independ€nt
and solely a function of his/her cardiovasculak iieex? (ri;), that summarizes several
patient characteristics (smoking habits, clinicanditions, genetic factors, previous
experience of CVD events, age and gender):

LDL " = f(riy) (4)

In order to defined as an empirical measurable variable, we can sinsplye
equation (3) forl to obtain:

Air = (f(LDLiy) + Jf(LDL;r1))/Af(LDL ;) =

® In what follows we will refer to “LDL cholesterolind to “cholesterol” interchangeably.

19 within the framework of clinical trials, the levef cholesterol can be considered a surrogate @ntlp
(or marker), that is a measure of the effect okaain treatment that may correlate withieal clinical
endpoint but doesn't necessarily have a guaramtdationship. The National Institutes of Health @)JS
defines surrogate endpoint as "a biomarker interiddeslibstitute for a clinical endpoint". The FDAdan
other regulatory agencies will often accept evidefnom clinical trials that show a direct clinidanefit to
surrogate markers. A good example is representedhmjesterol. While elevated cholesterol levels
increase the likelihood for heart disease, thetio#lahip is not linear - many people with normal
cholesterol develop heart disease, and many with tiolesterol do not. "Death from heart diseasé¢hé
endpoint of interest, but "cholesterol" is the sgate marker.

™ This implies that for some given patient clinichlracteristics, the optimal level of cholestesofjiven
and constant (i.e., suffering from diabetes se¢saptimal level of LDL to a range between 70 an@® 10
mg/dl and this target does not change over time).

2 The cardiovascular risk index represents the iddad predicted risk at timeto incur in a CVDs in the
following 10 years on the basis of the assessetruhealth and life-style profile (see S. Giampadol
Palmieri, A. Mattiello et al., 2005).



= A'f(LDL;)/ Af(LDL ) (5)

wherethe subscripts andt to A follow from the fact that all variables used torqmteA
are patient specific and time varying. FurthermatLDL;;) = f(LDL;¢)— f(LDL 1),
Af(LDL;) = f(LDL;)— f(LDLi.1). As we will see, from an empirical point of vietve
termAf(LDL;;) = Af(LDL;;) + &f(LDL;..1) is simply the absolute variation in the health
stock expressed as a function of the LDL level.

However, the definition ofl;; stemming from eq. (5) is interesting because itdas
nice clinical interpretation. In fact, although easchers cannot usually observe the single
components that characterize the numerator insgthey can be interpreted as patient
“good behavior” ff(LDL;;)) and “bad behavior” df(LDL;«1)) in achieving the
therapeutic goals. This interpretation can be bettelerstood by looking at the graph in
Fig. 5, where we observe two different hypothetpaths of LDL cholesterol towards the
target (DL"). The blue line represents the behavior of a patiéhose net investment is
characterized only by “good behavior”, while thad¥ line represents the behavior of a
patient who alternates periods of “good behaviompériods of “bad behavior” (identified
by those periods in whichLDL; >0 and therefordHS ; = HS;-HS .1 = 4f(LDL;y) < 0).

It is clear that the speed at which the first pdtieaches the target is greater than the
speed of the second patient.

In eq. (5) the denominatorf(LDL";,)) is positive by definition and tends to zero
while the numerator in the first terf(LDL;;)) could be either positive or negative. In
terms of investment theory this introduces an isegiency in our model, as investment
can only be zero or positive. Whatever deteriordtes stock of capital should be
included in the tern@f(LDL; +.1). A possible way to solve this issue is to constderterm
Af(LDL;;) censored to zero from belowf(LDLS,)), while setting the terng}f(LDL; 1)
as function of the indicator 1(.) taking the vabfezero whemf(LDL;)>0, and onavhen
Af(LDL;)<0, in order to capture only the “bad behavior” pétients. Given this
interpretation, eq. (5) becomes:

Air = Af(LDLS, )/4f(LDL"; ) +
LAF(LDL;)* (Af(LDLiy)) Af(LDL i) (6)

Under this new specification the first term is aj@waoositive as both numerator and
denominator are positive or equal to Z&rand it is bounded from above to 1 by
construction; the second term is instead negagjiven that its numerator is negative by
construction. From an economic and clinical poiftveew this implies that in the
presence of “bad behavior”’ the speed of convergémdtke therapeutic goal is reduced.
At the i?me time, the greater the “good behaviart,gthe greater the speed of recovery
will be.

131t could be possible to have situations in whicé tatio takes the form 0/0. However, from a théoaé
point of view these cases can occur only when emiateaches his/her target. In all these caser) &n
empirical point of view we will replace the resnlii “missing” occurrence with a one, indicating that
that point no investment is necessary.

14" According to eq. (6), the requiremenrt);<1 will occur only if “bad behavior” are abseri(f(LDL; .
1))=0) or whether it is less important than “good hatel (Af(LDLS )>1(Af(LDL;.1))* (Af(LDL;.4))).



In our empirical implementation we assume tH&=f(LDL;;)=1/LDL;y, as it is a
simple functional form which respects what we stads a sufficient requirement in the
HP 2. Naturally, other functional specificationg aqually suitable (i.e4S;= -LDL;;).
After the implementation of sensitivity tests omsthespect, we found that the choice of
alternative functional forms does not alter thealfinesult nor the empirical evidence
presented in the following paragraphs.

1.4. The data.

Our empirical analysis is based on data obtainenh fthe Health Search Database
(HSD), a longitudinal observational database runthy Italian College of General
Practitioners (SIMG — Societa Italiana di MediciGgnerale) since 1998. The HSD
contains data from computer-based patient recomis fGeneral Practitioners (GPSs)
throughout Italy. Participation is on a voluntargsk, but selection of the GPs has been
made in order to match with the regional organaratof the NHS and to include a
number of patients proportional to the size of lthéan adult population (Fabiani et al.,
2004).

The HSD collects patient-level data which are lohikbrough a unique anonymous
identifier to drug prescriptions, clinical eventsdadiagnoses, hospital admissions and
causes of death It contains patient-level information on prestidps such as
dispensing date, drug information (ATC code, qugrand type of active ingredient and
number of pills) and the general practitioner recended dosage (GPRD). It also
includes hospitalization status by primary Diagad?elated Groups (DRG), information
on patients' clinical histories and co-payment exigons and a set of socio-demographic
indicators.

Up to December 312006, the dataset contained information collette¥96 GPs
for a total of 1,532,357 patients, 15,727,442 dosgs, 108,441,541 diagnostic tests and
77,276,255 drug prescriptiofisTo improve the quality of the information colledt we
have restricted our analysis to information gattidrg those 400 GPs who collect patient
records according to a specific mathematical algorideveloped by Health Search that
guarantees completeness and consistency of the(feitbeani et Al., 2004; Sessa et al.,
2004)’. For our purposes, a sub-sample of patients hais eetracted from the HSDH
The selection has been conducted using two mailusion criteria:i) patients aged

5 These data are collected by GP using the MILLEWIsisitware. All diagnoses are coded according to
the ICD-9-CM (International Classification of Disess, 9th Revision, Clinical Modification. Drug nasne
are coded according to the Anatomical Therapeutien@ical (ATC) Classification.

16 Diagnostic tests include laboratory measures ofestterol level, blood pressure levels (systolid an
diastolic), frequency of the heart beat and otlseovational measures usually conducted by clingcand
recorded as signs or summarized in ratings thamixed with the results from conversations withigaiis
(cardio-vascular risk index, etc.).

' This selection takes place every 3 months. Infoionafrom physicians who fail to meet standard
quality criteria are not considered for inclusiorepidemiological studies.

8 While the HSD can be thought of as a random samggeesentative of the Italian population, our sub-
sample (i.e. patients who have received at leastppascription of statins in the observed perica) be
thought of as a random sample from the target @djom represented by Italian hypercholesterolemic
patients.



between 39 and 70 at the time of their first indosin the HSD andi) patients who
received a prescription of statins at any pointiime over the 2001-2006 period The
sub-sample extracted using this procedure consis#2,140 patients and 1,272,797
observations, of which 784,068 refer to prescripioand the remaining 488,729 to
diagnostic testS. A description of this selection process is cired in Table 2.

Since the initial sample consists of daily obseoret, we collapsed the data after
constructing the variables in order to obtain geréytobservations at patient level. The
use of a quarter as the time frame in our analyse&nms a reasonable compromise in
terms of reducing the number of zero occurrencedrug consumption. Furthermore,
several sources of clinical evidence show howrsdatnay produce most of their effects
after one quarter of use

Table 1 reports the major operational steps takeabtain the final sample. It is
important to highlight that we have dropped obseowa on the first quarter of 2001
since we want to discard non-incident patients faam analysis. We have also dropped
observations of those patients who started théntezat in 2006 as we believe that a one
year period in not enough to observe a clear pattepatient cholesterol levels. Finally,
as we use lagged values of cholesterol levels meapirical analysis, the whole 2001
results discarded from the final sample. This does imply that the cohort 2001 is
discarded as well, since we include in the analgfliof the incident units which are
observed from the year 2002 onwards. The final $angpthen a quarterly unbalanced
panel for the period 2002-2006, which consists @03 patients, for a total of 21,200
observation¥.

We have further to specify that individuals caneerthe regression sample in a
moment which is posterior with respect to their aohof origin. In fact cohort
membership is determined on the basis of thedtegin prescription, while the first LDL
test could occur at a later point. Whether LDL eabr another patient’s information is
missing, the unit cannot be included in the same.believe this discrepancy does not
necessarily affect the estimates results. Howewsr, make sensitivity checks by
performing the same estimates on a reduced samipiehvonly includes individual
observed from the beginning of their respectiveotbh

The key variables in our model are the individuBlLLcholesterol levéf, observed
through time, and its optimal value LDIWhile the HS dataset provides information for
the first variable, its optimal value needs to Istineated for each single patient.
According to Eg. 4 and to international guideliness set the target (optimal) LDL
cholesterol level as a function of the individuakdio-vascular risk (i), split in three

9 This is the time span over which HS had a stahderaliable dataset at the time we started thigepto

2 patients for whom we observe at least one prdsmipnd one diagnostic test are 40,859.

2L prof. Claudio Cortese (Faculty of Medicine, Unaigr of Rome Tor Vergata), personal communication.
2t is important to note that the number of obstors in the empirical analysis is reduced dueh®use

of the LDL cholesterol variable that enters wittotlags.

% An important aspect for the construction of thisiable is that patients in the HSD are heterogeséo
terms of frequency of their cholesterol checks dlgio diagnostic tests. This may pose some problams a
we aim at building a quarterly variable and haslioity required us to impute a LDL value through a
simple linear interpolation whenever patients dat get a cholesterol check in an in-between period.
Clearly, we are aware that this could representreng assumption, which gets even stronger as the
distance between diagnostic tests increases. Firmplesdescriptive statistics, it appears that pasiere
checked more frequently at the beginning of theiatiment. Related summary statistics are availabbs
request.



different risk classes: low risk (0%r;<5% and no past events), medium risk &%
r<10% and no past events) and high risk>(0% or past events). For low risk patients
LDL" needs to be lower than 120 mg/dl, for medium piakients instead LDL should
be kept below 100 mg/dl while for high risk pathDL" has to be maintained under the
level of 70 mg/df*

Concerning the explanatory variables, the followiaga short description of the
main methodological problems and operational stepshave encountered in their
construction. As patients may shift active ingratksewithin the quarter, we have decided
to attribute a prevalent active ingredient to egalarter. We define a prevalent active
ingredient as an active ingredient that covers 8% more of the pills prescribed by the
doctor in that quarter. On the basis of this asgiompwe build a dummy variable for
each of the 5 active ingredients included in ouwrdgt within the class of statins
(Simvastatin, Pravastatin, Fluvastatin, Atorvastadind Rosuvastatin) that takes a value
of one whenever one of the active ingredients wasaiing in the quarter according to
our criteria®

In any medical therapy, a fundamental factor is plositive or negative patient
attitude in following the treatment. There are was indicators which could be used to
approximate this outcome. In Atella et Al. (2009¢ Wwad the opportunity to use both
drug adherence and persistency indicator. In thistext, adherence is defined as the
patient capacity or willingness to adhere to therdpy prescribed by a physician and is
usually measured as a possession ratio. Persistemgtead defined as the propensity of
the patient to regularly attend GP’s office anddipg: we define patients as persistent if
they visited their GP for at least 96%of the quarters in which he/she is observed. We
use this last indicator as our proxy for the pdtiecollaborative attitude to the ther&py

A secondary prevention dummy variable records wdreghpatient has experienced a
cardio vascular event, which we identify with Tl&tus, angina or IMA. The same
approach has been used for dummies selecting fonarbidities such as hypertension
and diabetes. In order to capture some socio-ecanfactors, we have used information
on exemptions. The dataset includes informatioditiarent types of exemption (by age,
pathology, income and invalidity). For each typeeskmption we have constructed a
specific dummy. It must be noted that in some caélsesexemption characteristic may
overlap with other patient characteristics (i.ee agsecondary preventigf)

Finally, we include cohort indicators that captuired effects related to the
beginning period of the therapy. These indicatoesensimply built using as a reference

24 Cholesterol levels could be also expressed ingehmml/l. The conversion from mg/dl to mml/l cae
obtained by simply dividing by 38,67.

% As an alternative measure we have run the moaeisidering the proportional influence of any active
ingredients on the quarterly cholesterol variatiachievement. The results were totally robust, in
accordance with our main estimates.

% \We use a higher threshold compared to the 80%tibid used in the literature (see for example Atetl

al. 2009), since we require more precision frons thariable. In this case we cannot include therapy
adherence information as this would result in atesgive loss in the number of the observations.

2" Unfortunately, we have not been able to also heeatlherence indicator due to a lack of information
physicians’ recommended daily dosage on many ofptiescriptions. Its inclusion in the analysis would
then have caused a consistent loss of observamfnabout two thirds). Furthermore, the persistence
indicator looks more appealing since it is simpdebuild and does not suffer from the missing data
problem.

% It might also be the case that some patients dicisiofor exemption despite being entitled to it.



to the year in which the therapy started, accordiniipe date of the first prescription of a
statin.

The remaining set of variables is self-explanatonyerely containing socio-
demographic characteristics and time-dummies.

Table 3 reports all of the descriptive statistics al the observations. As we can
clearly see, the average valueAf over the whole period is close to 0.1, meaning tha
patients take 10 quarters on average to reach pghisma LDL value. Our sample is
equally split between male and female patients, @%vhich are over 60 years old.
Atorvastatin and Simvastatin make up more than @@%tatin prescriptions, the daily
dosage prescribed being close to 25 mg. Fifty-pi@ecent of the sample suffers from
hypertension, about 29% have diabetes, 9% areaonsary prevention and 70% are
reported as highly persistent. In terms of cohouimchies, most of our sample
observations are made of patients who startedélatntient in 2002, then being observed
over a longer period. In terms of time dummiestlmother hand, we observe a peak in
the number of the observations in 2004 and 2005.

Since our goal is to understand the difference thedtment had on the health
outcomes of different cohorts of patients, Tableedorts descriptive statistics by cohort
at patient level. What clearly emerges from Tables 4hat the speed of recovery has
sharply and monotonically increased across cohwtith, the 2002 cohort recording the
lowest value (10% or 10 quarters) and the 2005 isheporting the highest value (40%
or about 2.5 quarters). This increase came irreéisqeeaf the fact that the average health
status of these cohorts has worsened, given teatumber of hypertensive, diabetic and
secondary prevention patients has increased aarobsrt samples. In particular,
hypertensive patients have increased from 49% %, @liabetic patients have increased
from 23% to 40% and, finally, patients in secondprgvention have increased from
6.4% to 13.0%. In other words, the improvementshim speed of recovery have been
obtained despite the fact that the target leveklodlesterol has slightly reduced on
average across cohorts. The increasing rates aénpatwhich are reported to be
hypertensive, diabetic or in secondary preventrepyesent a signal of an augmented
ability of GPs in selecting higher CVD risk popute. Further, also the role of health
information spread by mass-media and other infdkmeatsources, might have
progressively induced more patients-at-risk to fbecked and treated by their GP.

In terms of age and gender, the cohorts have re&daatmost constant. The only
significant change we can observe is the regiooalposition of our sample, which sees
an increase in the share of patients coming fraemSihuth and the Islands and a decrease
in the number of patients residing in the Centdtady.

As a further analysis we have decomposed the vaflukin its “good” and “bad”
behavior components. As it can be easily seen, mbshe increase in the speed of
recovery across cohorts is due to improvementeefdood behavior” part rather than to
reduction of its “bad behavior” component. In othesrds, this seems to indicate that
whatever has determined an increase in the speeecovery is due to something that
only marginally has to do with patient behavior rfg@diance to medical advices), but
could most probably due to technological changtheeithrough product (new active
ingredients) or process (physician cholesterol rgameent) improvements.

Table 5 and Table 6 contains the same informatibichwis included in Table 3 and
Table 4 but for the reduced sample composed ofikhalals which are observed without



a discrepancy between their cohort membership #&med first appearance in the
estimation sample. We note that the behavior o supeduced sample is very similar to
the full sample, including all the patients seldct€his similarity give us some clue that
the full-sample does not necessarily suffer ofees bi

Attrition patterns for the full-sample are reportedTable 7, while in Table 8 we
include the distribution of the patients by cohard by first appearance in the full-
sample. As expectable, most of the patients areeptefrom the beginning or from the
second year of their cohort, but a non negligibtepprtion of them is observed only on a
later time. Table 9 includes instead attrition @attfor the reduced sample, as we
previously defined it. When performing our estinsatee will also control for attrition
trough the use of weights inversely proportionalthhe probability of inclusion in the
sample. This last step will make us able to admithether the effects found are driven
by movements within the sample rather than to teleabior of the population under
analysis.

1.5 Empirical results

1.5.1 The effect of the speed of recovery on hosization rates.

In this section we explore the statistical relagioip between hospitalization rates for
CHD and/;; (as a regressor) in a probit equation where tipemi@gent variable is now a
dummy for hospitalization. In fact, it must be ssed that from an empirical point of
view the increase in the speed of recovery doesantamatically translate into lower
hospitalization rates, and this new hypothesistbase submitted to empirical testing.
From a methodological point of view, we have appheal the problem by evaluating the
probability of hospitalization in a two-year perigthce a patient first appearance in the
dataset for each cohort of patiénitdVe then use the speed of recovery evaluatedein th
first year of treatment as a predictor of the hwdigiation rate in the second peridd.
Cohorts are defined on the base of the year inlwthie treatment has started for each
patient. As cohorts are different in terms of speédecovery we expect to observe a
negative parameter for oud; variable, proving that faster recovery reduces
hospitalization (after conditioning for patient-sg& covariates).

In order to carry this new analysis, we had to bageestimates on a different group
of observations, which includes only a sub-setaifgmts used in the previous analysis. In
fact, we have restricted our analysis to only thps#ients for whom a full set of
information was available for at least two conseeuyears since their first appearance in
the samplé! As our unit of time is the year, for each singi&ignt we have obtained a
mean lagged value df;, a mean value of the current hospitalization stalus a set of
time invariant patient specific mean controls (alicholesterol level, gender, age class,

2 A two-year time window is the only one that allous to have a uniform time period for all cohoets,

we observe patients who started the treatment® 20s0 in 2006.

%0 |n this way we aim also to reduce possible endeiggproblems.

31 Obviously, the main concern with this selectiohiat we are including only patients who are somehow
persistent with the therapy and therefore we shoatdbserve differences across cohorts. Howegenea
will see, even for this subset, a higher value arhtbda is able to negatively affect (reduce) their
hospitalization rate.



co-morbidity factors and cohort effects). As a tgsour final sample consists of 3,329
observations, each of them referring, by constouctio a different patient.

The empirical results are reported in Table 10. st important finding we obtain
is that an increase by 10% in the speed of reco(éry seems able to reduce the
hospitalization rate by a percentage just belowd®.8his effect does not seem
endogenous since the two pieces of information caindifferent temporal lags: the
reduced hospitalization risk can be then interpreithe positive outcome deriving from
a faster recovery to the optimal LDL level. Lesgn#icant results derive from the
control covariates, there being a small genderce{faen are slightly more likely to go to
the hospital) and a stronger geographical effem®gle from the NW are less likely to
be hospitalized). As expected, patients in secgndegvention were more likely to be
hospitalized.

1.5.2 The determinants of the speed of adjustmefit

1.5.2.1. The empirical model

In the previous section we explored the relatiom&iatween the speed of recovery to
target cholesterol levels and actual hospitaliratiates. Although in terms of health
outcomes this is an important result by itselfuglfer question regards the role of the
different determinants of the speed at which p&ieaduce their cholesterol level, thus
reducing their exposure to CVD adverse events .

Obtaining information on the determinantsAf represents a crucial factor in terms
of therapy’s effectiveness at micro level and fealth policy at macro level. In fact, the
main aim of the treatment is to avoid the occureent a CHD event, which could
determine a hospitalization with severe inabilitplgems in the future or, even worse,
bring the patient to death. The faster the recoverthe optimal LDL value, the lower
will be the probability that patients will experm» a cardiovascular event. Therefore,
knowing the determinants of this speed of adjustmeay be crucial for policy makers in
the health care sector.

Given our measure of;; from eq. (6), the next step is to define an ermpirmodel
in which our dependent variablgd () is regressed against a set of covariates thatidho
allow to disentangle the specific role played bytigrds, physicians and technical
innovation. A plausible model that can meet oureotiyes is represented by the
following equation:

/1i,t = (/)(LDLi,t-l, HP.t, LSt SEG;, TR,j,t.tt, Ci) + &t (7)

whereLDL,;+.; is the one period lagged cholesterol level captuthe fact that a patient
with a higher level of cholesterol may convergetdago the goalHP;; is a vector of
variable defining patient health profileS; is a vector of variable that refers to patient
lifestyle, SEG; is a vector of patient demographic and socio-espaaharacteristics,

32Results concerning the determinants of cholestels” are available upon request by the authors.



TR, refers to thg-th active ingredient taken by thdh patient,t; is a time trend to
capture improvement in the speed of adjustmerfiemptimal target that is not otherwise
captured by the other variables aqd is a starting treatment patient cohort dummy
intended to capture the learning process by plarsscin the management of cholesterol
over time (more recent patients are treated bettgnglly, ¢ is a standard additive
idiosyncratic error term distributed NB).

The first four regressors in eq.(7) are intendeddpture patient behaviour, while
TR andt; account for technological change. From a diffegerispective, we can also
note that the kind of treatment received througé $pecific active ingredient used
(TR0, which is pertinent to the biochemical compositiof the drug, represents a
“product” innovation, while the trend variablg)( can be considered as a measure of
“process” innovation as it could also represents l#arning process by physicians and
refers to changes occurring over time in GPs’ @aédi to choose the appropriate
combinations of drug, dosage and lifestyle advidais learning process should occur
over time through field experience, information armlates obtained from participation
in conferences and from reading of medical liten@tu

Concerning patient behaviour variables, Hi ; vector includes a dummy for the
presence of past CVD events (primary vs. secongaeyention) and dummies for
hypertension and diabetes. The vedi&: includes a variable controlling for smoking
behaviour, while theSEG; vector includes variables such as age, genderpralg
residence and different measures of exemption.

In terms of coefficient expected signs in eq. (g must remember that, in
accordance with a principal-agent framework, onlygicians can decide what to
prescribe and whether to switch patients to a resapy; whereas patient decisions are
limited to fully adhering or not to the proposedaiments and lifestyle advice. These
patient decisions may be independent of the thesaggested, but influenced by other
patient-specific factors’

All treatment variables should have a positive affeince they improve patients’
capacity to reach their goal. The existence ofdhealth profile (i.e. those in secondary
prevention or suffering from diabetes or hypertensishould increase the speed of
adjustment. Similarly, elderly patients should meca higher adjustment speed as they
are likely to be more aware and worried about thealth conditions. As female patients
are seemingly genetically more protected from k&l of pathology, they may be less
induced to reach the goal. No clear sign is expkefitam the income exemption status,
since we cannot control for educational statugad, it could be the case that people on
lower incomes adjust faster since they are exemgutelddo not pay for drugs; but at the
same time they are also likely to be less educatedtherefore could underestimate the
importance of reducing cholesterol levels. We ekpeanotonically increasing negative

% A good example is represented by economic varsasleh as disposable incoméd() and drug price
(py) that negatively affect patient adherence to tmeat. In fact, high drug price may discourage using
drugs (especially in presence of asymptomatic ¢mmdi) and high income levels reduce the probghiift
being fully or partially exempted by co-paymentroadical treatments. These variables should thea hav
negative effect on patient adherence. However,ustnalso be noted that in the ltalian system, ptdie
suffering from diagnosed CVDs never sustain thedo$t of the drugs, since they can be totally exteah,
due to their health conditions and age. In the eogli analysis we will consider that adherence is
exogenously given and will use exemption statusnobpme only to proxy for income and, therefore, for
educational status.



parameters for the cohort dummies, indicating tieater cohorts are treated better and
this result can be attributed solely to physiciamdviour once we accept the principal-
agent story.

1.5.2.2 The results

All results are presented in Table 11 and are baseddifferent empirical
specification of the model in eq.(7). In what fel® we will first discuss the results from
our base specification (model 1) and then compdmemt with the alternative
specifications (models from 2 to 5) to test theusthess of our results. All estimates are
based on a RE mod¥l.

In our base model, our reference patient is a madnw 50 years, living in the
Islands, treated with Fluvastatin, non-smoker, ex¢mpted from copayments, without
co-morbidities and in primary prevention.

As expected we find that the speed of recoveryostpely related with an patient
lagged cholesterol level, LDL,. A higher lagged cholesterol level is associatéith &
quicker reduction of the health gap. This may, loe@ne hand, be a consequence of the
patient’s effort, since they are conscious of the#alth risk and are pursuing their
doctor’s advice more carefully. At the same tinmeplicit characteristics of statins make
the therapy more effective when the lagged leviigber. When the LDL value is fairly
low, the only role for statins is to keep choleste&onstant, without reducing it further.

Looking at the role of technical progress in temhsproduct” innovation we have
identified five active ingredient-specific dummy riables (Simvastatin, Pravastatin,
Fluvastatin, Atorvastatin and Rosuvastatin) witle #im of verifying whether, ceteris
paribus, being under treatment with newer drugsigdes an actual benefit. According to
our results, “second generation” statins (i.e. »astatin and Rosuvastatin) are found to
be more effective than the alternatives. A smalbe, still significant role is played by
Simvastatin, which belongs to the “first generatignoup and still holds an important
share of the Italian statin market (around 30%005 the last available year of our data).
Pravastatin does not provide any additional effecour baseline active ingredient in
driving the speed of recovery.

The role played by “process” innovation is captubgdhe cohort dummy parameters
that identify the physician learning process. Thpammeters show an increase in the
recovery speed, cohort by cohort. Do cohorts iferttie evolution of doctors’ know-
how, which improves their ability to reduce patiattolesterol levels, or, in a more
pessimistic view, just conservativeness in trealmmgger-lasting patients? We should
probably assume that both forces are working, sinmely a learning process was acting,
then even patients from the first cohort would hdenefited from those positive
externalities and we would have observed same mbatesterol levels in all patient
cohorts in 2006. This behaviour is confirmed logkat the results presented in Table 12,

3 The estimation of the empirical model trough a Bfraach it is not feasible given our framework, as
we could not use some key covariates such as ti@rtcdummies, which are time-invariant. Furthermore
patient characteristic variables (gender, are@siflence and some of the health related informatiave a
null or reduced variation trough time. Naturallyetadoption of a RE model implies the assumptia th
individual effects and covariates are independatheother. We are confident that, although a aertai
degree of correlation between the individual effeantd the covariates is certainly possible, thigdsiced

to a small amount by the wide and heterogeneousf segressors included.



where we report the share of active ingredient giigtsons by cohort for a reference

year. As we can clearly see, in 2005 the cohomatients that started the treatment in
2002 receives Simvastatin in about 35% of the caskge the cohort that started the
treatment in 2005 receives Simvastatin in only 28f4he cases. If we look at the

Rosuvastatin (the most innovative product), the 2@®hort receives this active

ingredient in only 9% of the cases, while the coludr2005 receives the same active
ingredient in 20% of the cases.

In terms of patient behaviour, we see that perstgten the treatment is found to be
influential. This indicator works as a good proxy the attitude of patients to follow the
therapy continuously. Similarly, we find strong fie® signs from the secondary
prevention dummy, while a milder role is played Hogpertension. Patients that already
suffered a serious cardiovascular event or are reqgegng co-morbidities are,
understandably, more careful thus showing a fagteed of recovery.

Individual unhealthy habits are proxied by theititatle to smoke. The related
parameter is found to be negative, although natifsignt. The sign direction is as
expected, while the non-significance of the vaeatlight be due to the fact that a vast
majority of our sample are non-smokers, implyingited variation in the dummy
variable.

When controlling for socio-demographic charactarsstwe see that men seem to
experience a faster recovery. This may be the cuesee of stronger incentives for men
to reduce LDL levels due to their higher exposuredrdiovascular risks compared to
women.

In terms of age, we observe that elderly patierdaverge to lower levels of
cholesterol more rapidly than younger patients #mel speed of recovery increases
monotonically with age. This may be the resultldedy patients who benefit more from
formal and informal care givers, who help them icoarect and constant observation of
therapy rules.

Italian sub-areas are very dissimilar to one amathéerms of lifestyle, social habits
and degree of urbanization, all of which potenyiatifluence the exit status of the cure.
Despite of this, we find a relative small effecaygd by geographical dummies: in the
northern areas, in which lifestyle and diet is sbave more similar to Central Europe,
there appear to be a lower recovery speed.

Finally, the dummies for exemption status show thamption for health conditions
(CVDs related) and for age are the only forms ghsicant exemption. While we don’t
have an explanation for the behaviour of age eximptvhich acts in the opposite side
of the age categories, we find that exempted f@V® appear to converge even more
strongly to their LDL healthy level. None of thehet exemptions conditions seem to
play a role, in particular exemption by income. SThesult is in part expected given the
universalistic principle of the ltalian health cagstem and the attention provided to
access care for serious chronic conditions.

These results have been confirmed with minor chaibgehe other specifications. In
particular, in model 2 we included as a furthertominthe prescribed daily dosage (in
terms of milligrams of active ingredient), in orderseparate the compound effect from
the dosage effect. This aspect is not entirelyakias physicians can use an older statin
with an increased dosage, potentially getting #mes effect of a newer compound at a



reduced dosad® The results from this new specification substdiyti confirm the
evidence obtained in the base model, and providdgienal evidence of the positive
effect that a higher dosage has on the speed oVeeg Also, we must remark that, in
both specifications, the hierarchy between the aamgds’ effectiveness remains
unchanged and is fairly stable in terms of proposi

In model 3 we have added the interaction terms éetmactive ingredient and daily
dosage. In this case the daily dosage and theastien terms lose their significance,
while the size of the coefficients is unalteredtfwbimvastatin loosing its significance).

In order to check if the unconditional means regmiin figure 2 could be replicated
even after conditioning on all controls we havduded, in model 4 we have added the
interactions between the cohort dummies and a riieae trend, with the aim of
recovering a set of parameters that could helpaatel those patterns. For each cohort,
each interaction term can be seen as a differeaffatt on the speed of cholesterol
reduction from the treatment starting y8aAccording to this interpretation, comparable
effects sizes to what is found in the years 20052006 for the 2002 cohort, are already
observed in the third and fourth year of 2003 cblod in the second and third year of
2004 cohort. We can conclude that progressivelydbpeality with which the therapy acts
increases steeply by cohort. An exception shouldniade for 2005, whose only time
interaction variable is found to be comparativalyhhbut non significant.

Finally, in the last specification we also incluthe age and the gender of the GP, as
it is possible that those characteristics (age antigqular) have an influence on the
therapy. However, none of those information restdtde significant for the speed of
recovery’’

As a sensitivity check we performed the same estisnéor the model 5 in the
reduced samples and with both the samples weidiytguiobability of inclusion, in order
to control for attrition. The weights have beenreated using a probit model on the basis
of the main descriptive statistics regarding derapbic and health related information.
According to Table 13a and 13b, age, male genddrbaing diabetic have a role in
favouring the inclusion in the sample, while otlhealth statuses like being secondary
prevention or hypertensive promote the exit. Furtheseems that having a younger GP
favours the inclusion, while their gender has re.ro

In Table 14 we publish the results of model speatfon 5 for the full sample and for
the reduced sample, with and without weighing tegnetes for the attrition found.
While the weighting has an impact on the resulte@sriates such as age and gender
reduce their effects or looses their significarnge,find that the main parameters of the

% The fact that similar effects could be obtainedrbixing active ingredients and dosages is a highly
debated issue among physicians and health careestitaiors. In fact, as older generation statirst t&ss,
health care administrators tend to recommend thscpiption of such statins at higher dosages. Hewev
physicians and specialists are in favour of seagemeration statins as they can get the same resitits
lower dosage, thus reducing the potential sidectsffdhat high dosages can have on patients.

%It must be noted that while our estimates aredasequarterly data, our linear time trend has Hxsesed
on a yearly base to save on interaction paraméaesfourth!). This implies that in the interactitaxm for
the 2001 cohort the base year is an average ofadtegs of year 2001 and the differential effects ar
computed starting from year 2002.

37 As a robustness check, we added to this lastfsgon regional based variables representingstiares
of second generation statins prescribed by docitorsder to evidence whether the doctors’ chommdd
be influenced by regional authorities, which inyitaave the control of health and drug policiesweuwer,
the related parameters resulted not to be significa



model remains unchanged. In particular, we undetiow the use of a reduced sample
does not affect the significance of the cohort-timteractions, exception made for some
of the coefficients belonging to the cohort 2008. that case, as it is possible to
understand by comparing Table 7 and Table 9, tbe &b information which derives by
the sample reduction is the biggest, as only 53%hefobservations from that cohort
belong to both samples. The other findings, suckrag effects, cohort dummies and
doctors’ related characteristics remains unchanged.

1.5.3 Who is responsible for your health: a quantétive assessment

As last step we provide an answer to the initi®@sgn: who is responsible for your
health. In order to achieve this goal we estimla¢eimnpact on the predicted values for the
three factors, standardizing to 100 the valuesheirtsum, for each of the five model
specifications in Table 11 and for the three adddl specifications included in Table 14.
The role of patients is determined by the parameémsociated with the persistency
variable, the role of doctors is captured by theocbodummy parameters, while medical
technology impact is represented by the activeedignt dummy parameters. The results
regarding the unweighted estimates are presentd@bie 15. In the first specification,
where we are not controlling for the drug dosagehmology and medical behaviour
share almost the same percentage impact (37%)e wiel role of patients appears to be
minor. When including drug dosage alone, as inifipatton 2 or interacted with active
ingredient dummies, as in the specification 3, nedhgy becomes by far the most
important factor. This result is confirmed everwi# consider the specification 4 and 5
when significant interactions between the cohants$ the time variable are also added. In
fact, technology effect in specifications from 2 %oranges between 54% and 61%.
However, while in models 2 and 3 the doctors’ rapgpear to be greater than the role of
patients, when moving to specifications 4 and Sdibetors’ effect halves. In Table 16 we
try a further sensitivity check by comparing thensaeffects as Table 15 on the reduced
and on the weighted samples. Results are computéd for the model 5 and are
consistent with what was found for the full samiplany sample redefinition..

We believe that these results are quite reliablehay have been obtained after
controlling for a wide and accurate set of demoli@and past health-history variables
that should take into account a large fraction atigmt and physician heterogeneity, and
who have been proven to be highly explicative inroodel.

As a further evidence, separate computations oetfeets for men and women (not
reported here) have shown that the relative impodaof the three factors is not
significantly affected by gender issues.

In conclusion, we recognize that the only effecichiprevails steadily on the others
derives from the use of drugs. This is not surpgsias the result of doctors and patients
effort is to be thought as conditioned on the add pharmacological tools. However,
our estimates clearly prove that technology cahetbest explain only 62% of the speed
of recovery to a better health status, and itx&€fy is mediated by physician and patient
behaviours.



1.6 Conclusion

In this work we have analysed the determinants loétéer health status (measured in
terms of speed of recovery to a better health Jew$entangling the roles played by
patients, physicians and technology, and how aifasicovery is reflected in terms of
reduction in hospitalization rates.

In particular we focused on individuals who suff@m hypercholesterolemia and are
treated with statin-based drugs. We explored thepe of their LDL cholesterol levels,
which represent a key piece of information for ustending the effectiveness of the
therapy and the consequent probability of incurar@VvD in the immediate future.

Our results show that the speed of recovery is adgpredictor of future
hospitalization rates: better treated patients eepee lower hospitalization rates for
CVDs.

More importantly, we found that treatments with eewrugs, even after controlling
for dosage, leads to a faster recovery to bettatthheonditions. However, this effect
could be seriously undermined if patients do ndtese to treatment and if GPs refuse to
prescribe newer drugs to patients. In fact, we doenidence of a certain degree of
conservativeness in GP behaviour, who tended ®ighen the use of older statins for the
long-term treated group, partially slowing down itheecovery process. From a
guantitative perspective, we observe that technplaljhough being the driving factor in
increasing the speed of recovery, can explain atbiést 62% of the total effect, with
patients and physicians who are responsible foréghmining 25% and 13% respectively.

In conclusion, the evidence obtained from this wslikds light on the importance of
technical progress (both in terms of product arat@ss innovation) for a full and faster
health recovery, which could be even more effectivhis technical advancement was
made immediately available to all patients. It cobk then worthwhile for health care
decision makers to promote specific educationalpzagns aimed at disseminating the
results of studies like EUROASPIRE or REALITY (Rwndlbafiez,2004) among GPs
and specialists, demonstrating the importance athimg LDL target and trying to
resolve potential problems induced by physiciansecééd by high degree of
conservativeness. Overall, as also proven in Agllal. (2009), such a policy could in
the future lead to potential savings for the headtle system as a whole.
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Tables and figures

Figure 1

Trends and Distributions of Cholesterol Levels
in the Health Search Population
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Figure 2

Mean LDL Cholesterol by Cohort
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Figure 3
Trends in Market Share of Statin Drugs Sold in
Italy
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Figure 4
Trends in Market Share by Pack Size
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Table 1a
Average LDL Levels by Year

Cohort
Year 2001 2002 2003 2004 2005
2001 162.6 - - - -
2002 139.3 153.2 - - -
2003 134.9 130.6 148.2 - -
2004 132.0 126.3 125.4 143.2 -
2005 128.0 123.0 120.4 118.3 136.2
2006 127.0 123.6 118.7 114.4 114.6
Table 1b
Variations in Average LDL Levels
Cohort
Year 2001 2002 2003 2004 2005
2001 - - - - -
2002 -14.3% - - - -
2003 -3.1% -14.8% - - -
2004 -2.2% -3.3% -15.4% - -
2005 -3.0% -2.6% -4.0% -17.4% -
2006 -0.8% 0.5% -1.4% -3.3% -15.9%
Table 2
Observations Selection
Selection Criteria gk;)s Pa’;lig.nts

Initial sample level 1272797 42140

Dropping residual double records 12726071 4214D

Merging with adherence information 1823677 4214(

Collapsing data to quarters 1011360 42140

Dropping observation with missing LDL values 29294( 34474

Dropping observation outliers for 2 (dep. Var.) - £ and 99"

percentiles 93042 9510

Dropping observation with missing values for 91182 9443

Dropping patients from first quarter 2001 43649 698

Dropping missing prescriptions in the quarter 23857 4917

Dropping for missing double lagged LDL 21200 4293




Table 3

Descriptive Statistics for the Full Sample

Variable Obs Mean Std. Dev. Min Max
A 21200 0.131 0.655 -4.3 5.6
Log LDL (t-2) 21200 4.972 0.244 4.0 6.1
Male 21200 0.509 0.500 0 1
Age Class 39-50 21200 0.049 0.215 0 1
Age Class 50-60 21200 0.230 0.421 0 1
Age Class 60-70 21200 0.484 0.500 0 1
Age Class 70+ 21200 0.237 0.425 0 1
North West 21200 0.247 0.431 0 1
North East 21200 0.260 0.438 0 1
Centre 21200 0.146 0.353 0 1
South 21200 0.235 0.424 0 1
Islands 21200 0.112 0.315 0 1
Simvastatin 21200 0.319 0.466 0 1
Pravastatin 21200 0.164 0.370 0 1
Fluvastatin 21200 0.118 0.323 0 1
Atorvastatin 21200 0.310 0.462 0 1
Rosuvastatin 21200 0.089 0.284 0 1
Hypertensive 21200 0.594 0.491 0 1
Diabetes 21200 0.287 0.452 0 1
Secondary Prevention 21200 0.094 0.291 0 1
Persistent 21200 0.702 0.457 0 1
Cohort 2001 21200 0.174 0.379 0 1
Cohort 2002 21200 0.410 0.492 0 1
Cohort 2003 21200 0.250 0.433 0 1
Cohort 2004 21200 0.135 0.342 0 1
Cohort 2005 21200 0.030 0.171 0 1
Smoker 21200 0.017 0.130 0 1
Drug Milligrams 21200 27.448 20.087 5 80
Exemption: Age 21200 0.279 0.449 0 1
Exemption: CVD 21200 0.100 0.301 0 1
Exemption: Invalidity 21200 0.059 0.235 0 1
Exemption: Income 21200 0.048 0.213 0 1
Doctor is a Female 21200 0.119 0.324 0 1
Doctor's Age 21200 50.712 4.034 35 67
Year 2002 21200 0.084 0.277 0 1
Year 2003 21200 0.229 0.420 0 1
Year 2004 21200 0.309 0.462 0 1
Year 2005 21200 0.284 0.451 0 1
Year 2006 21200 0.093 0.292 0 1




Table 4
Sample Means by Cohort for the Full Sample
Variable Cohort

2001 2002 2003 2004 2005
A 0.111 0.208 0.22] 0.36p 0.399
Initial LDL 166.1 170.1 170.5 167.6 161.
Target LDL 102.0 102.2 101.]] 99.1 98.14
LDL (t-1) 149.6 149.3 146.9 145.] 145)7
LDL (t-2) 150.8 152.6 152.2) 153.] 156 /L
Hospitalized 0.011 0.016} 0.011 0.01l7 0.023
Patients reaching Target 0.062 0.1073 0.11p 0.162 180
Male 0.482 0.468 0.479 0.51p 0.5(09
Age 63.382 62.869 63.05|L 63.272 62.763
North West 0.254 0.251 0.234 0.234 0.212
North East 0.239 0.239 0.247 0.244 0.232
Centre 0.203 0.128 0.131 0.15¢% 0.138
South 0.180 0.264 0.274 0.256 0.274
Islands 0.125 0.117] 0.11 0.113 0.144
Hypertensive 0.494 0.57]] 0.594 0.638 0.673
Diabetes 0.227 0.234 0.2504 0.340 0.3p9
Secondary Prevention 0.064 0.107 0.079 0.098 0.130
Persistent 0.581 0.564 0.63p 0.715 0.6B2
Good Habits 0.238 0.324 0.34 0.473 0.491
Bad Habits -0.127 -0.116 -0.12] -0.10¢ -0.092
No. Patients 473 1394 114 93p 340




Descriptive Statistics for the Reduced Sample

Table 5

Variable Obs Mean Std. Dev. Min Max
A 14595 0.131 0.629 -4.2 4.8
Log LDL (t-2) 14595 4.975 0.241 4.1 6.1
Male 14595 0.506 0.500 0 1
Age Class 39-50 14595 0.047 0.211 0 1
Age Class 50-60 14595 0.228 0.420 0 1
Age Class 60-70 14595 0.486 0.500 0 1
Age Class 70+ 14595 0.240 0.427 0 1
North West 14595 0.244 0.430 0 1
North East 14595 0.260 0.439 0 1
Centre 14595 0.157 0.364 0 1
South 14595 0.223 0.416 0 1
Islands 14595 0.116 0.320 0 1
Simvastatin 14595 0.325 0.469 0 1
Pravastatin 14595 0.171 0.377 0 1
Fluvastatin 14595 0.121 0.326 0 1
Atorvastatin 14595 0.304 0.460 0 1
Rosuvastatin 14595 0.078 0.269 0 1
Hypertensive 14595 0.592 0.492 0 1
Diabetes 14595 0.292 0.455 0 1
Secondary Prevention 14595 0.085 0.279 0 1
Persistent 14595 0.753 0.431 0 1
Cohort 2001 14595 0.208 0.406 0 1
Cohort 2002 14595 0.374 0.484 0 1
Cohort 2003 14595 0.240 0.427 0 1
Cohort 2004 14595 0.141 0.348 0 1
Cohort 2005 14595 0.037 0.189 0 1
Smoker 14595 0.016 0.126 0 1
Drug Milligrams 14595 27.692 20.109 5 80
Exemption: Age 14595 0.301 0.459 0 1
Exemption: CVD 14595 0.096 0.295 0 1
Exemption: Invalidity 14595 0.057 0.232 0 1
Exemption: Income 14595 0.040 0.196 0 1
Doctor is a Female 14595 0.120 0.325 0 1
Doctor's Age 14595 50.705 4.010 35 67
Year 2002 14595 0.122 0.327 0 1
Year 2003 14595 0.247 0.431 0 1
Year 2004 14595 0.299 0.458 0 1
Year 2005 14595 0.254 0.435 0 1
Year 2006 14595 0.079 0.269 0 1




Table 6
Sample Means by Cohort for the Reduced Sample
Variable Cohort
2001 2002 2003 2004 2045
A 0.115 0.208 0.254 0.37p 0.417
Initial LDL 168.3 174.7 174.5 172.1] 163.]
Target LDL 101.6 101.3 101.2 98.1 97.p
LDL (t-1) 148.7 147.9 147.2 146. 1458
LDL (t-2) 150.3 152.1 154.0 155.] 1574
Hospitalized 0.008 0.012 0.011 0.0211 0.0%3
Patients reaching Target 0.057| 0.094 0.11f 0.162 160
Male 0.493 0.474 0.454 0.49p 0.532
Age 63.026 63.019 63.14p 63.302 62.805
North West 0.259 0.244 0.241 0.20p 0.198
North East 0.230 0.246 0.27¢ 0.24p 0.248
Centre 0.201 0.138 0.144 0.168 0.1%5
South 0.192 0.256 0.234 0.260 0.263
Islands 0.117 0.116 0.11 0.121 0.137
Hypertensive 0.500 0.563 0.588 0.642 0.6f9
Diabetes 0.227 0.24] 0.24p 0.336 0.3p8
Secondary Prevention 0.067 0.094 0.072 0.017 0.131
Persistent 0.679 0.641 0.708 0.715 0.6p2
Good Habits 0.228 0.314 0.361 0.447 0.500
Bad Habits -0.114 -0.108 -0.104 -0.088 -0.083
No. Patients 343 741] 661 59b 278
Table 7
Attrition by Cohort for the Full Sample
Cohort
Year 2001 2002 2003 2004 2005
2002 343 741 - - -
2003 363 1104 667 - -
2004 351 992 942 595 -
2005 279 761 690 731 278
2006 124 296 282 282 177
Patients 473 1396 1148 936 340
Table 8
Distribution of the First Year of Appearance in the Full Sample
Cohort
Year 2001 2002 2003 2004 2005
2002 343 741 - - -
2003 77 475 667 - -
2004 36 111 398 595 -
2005 15 54 73 306 278
2006 2 15 10 35 62
Patients 473 1396 1148 936 340




Table 9

Attrition by Cohort for the Reduced Sample

Cohort
Year 2001 2002 2003 2004 2005
2002 343 741 - - -
2003 286 629 667 - -
2004 256 519 544 595 -
2005 195 396 371 425 278
2006 81 152 146 160 115
Table 10
Hospitalization Probability

Variable Coefficient Elasticity

Al -0.226** -0.079

LDL t-1 -0.140 -1.705

Male 0.260** 0.310

Age class 50-60 -0.083 -0.050

Age class 60-70 0.098 0.122

Age class 70+ -0.012 -0.005

North West -0.306* -0.181

North East -0.253 -0.153

Centre -0.143 -0.053

South -0.130 -0.079

Hypertensivet-1 0.208** 0.280

Diabetest-1 0.082 0.050

Secondary Preventiort-1 0.516*** 0.102

Cohort 2002 -0.129 -0.106

Cohort 2003 -0.060 -0.039

Cohort 2004 -0.071 -0.032

Cohort 2005 0.105 0.011

Constant -1.415

N. Patients 3323




Table 11
RE Panel Estimates

Variable Model 1 Model 2 Model 3 Model 4 Model 5
Log LDL (t-2) 0.691*** 0.692*** 0.691*** 0.727*** 0 .727***
Male 0.045** 0.043** 0.043** 0.043** 0.043**
Age Class 50-60 -0.004 -0.004 -0.003 -0.007 -0.007
Age Class 60-70 0.056 0.057 0.058 0.044 0.044
Age Class 70+ 0.103*** 0.104*** 0.105*** 0.079** @79**
North West -0.062** -0.056* -0.056* -0.057* -0.058*
North East -0.061* -0.055* -0.054* -0.056* -0.056*
Centre -0.049 -0.049 -0.051 -0.053 -0.054
South -0.018 -0.012 -0.012 -0.011 -0.012
Simvastatin 0.077*+* 0.214*** 0.142 0.139 0.139
Pravastatin -0.041 0.083** 0.056 0.048 0.049
Atorvastatin 0.137*** 0.301*** 0.220** 0.210** 0.211**
Rosuvastatin 0.206*** 0.386*** 0.364*** 0.338*** 0.339***
Hypertensive 0.031* 0.030* 0.030* 0.022 0.022
Diabetes 0.001 0 0.001 -0.002 -0.002
Secondary Prevention 0.144*** 0.140*** 0.139*** 0.B1*** 0.131***
Persistent 0.079*** 0.079*+* 0.080*** 0.085*** 0.0&***
Cohort 2002 0.072** 0.071** 0.071** 0.023 0.022
Cohort 2003 0.088*** 0.084*** 0.084*** 0.021 0.021
Cohort 2004 0.157*** 0.154*** 0.154*** 0.084** 0.08**
Cohort 2005 0.174*+* 0.171*** 0.171*** 0.147*+* 0.148***
Smoker -0.028 -0.027 -0.027 -0.027 -0.027
Exemption: Age -0.067*+* -0.067*+* -0.067** -0.046** -0.046***
Exemption: CVD 0.053** 0.051** 0.050** 0.046** 0.04**
Exemption: Invalidity 0.004 0.005 0.005 0.007 0.006
Exemption: Income -0.014 -0.014 -0.014 -0.023 -0302
Drug Milligrams 0.003*** 0.002* 0.002 0.002
Simvastatin x mg 0.001 0.001 0.001
Pravastatin x mg 0 0 0
Atorvastatin x mg 0.002 0.002 0.002
Rosuvastatin x mg -0.002 -0.003 -0.003
Cohort 02 x Year 03 0.037 0.038*
Cohort 02 x Year 04 0.045* 0.046*
Cohort 02 x year 05 0.085*** 0.087***
Cohort 02 x year 06 0.132*** 0.135***
Cohort 03 x year 04 0.067*** 0.068***
Cohort 03 x year 05 0.090*** 0.091***
Cohort 03 x year 06 0.137*** 0.139***
Cohort 04 x year 05 0.113*** 0.114***
Cohort 04 x year 06 0.102*** 0.103***
Cohort 05 x year 06 0.084 0.085
Doctor is Female 0.000
Doctor's Age -0.001
Constant -3.516*** -3.727*+* -3.673*** -3.829*** -3.797*+*
No. Observations 21200 21200 21200 21200 21200
No. Patients 4293 4293 4293 4293 4293




Table 12
Percentage Distribution by Cohort of the Active Ingedients
Prescribed (considering sample year 2005)
Active Ingredient 2002 2003 2004 200b
Simvastatin 34.38 32.37 26.9p 2718
Pravastatin 16.79 18.77 16.1Y 12.95
Fluvastatin 8.54 9.22 6.99 7.34
Atorvastatin 31.21 30.55 31.89 31.7p
Rosuvastatin 9.08 9.08 18.0p 20.47
N. Obs. 19,517 18,708 22,8640 17,8p1
Table 13a
Inclusion Probability in the Full Sample (N=21200)
Variable Coef. Std. Err. | z P>z L.l U.l.
Male 0.137%** 0.018 7.440 0.000 0.101 0.173
| Age 0.067* 0.016 4.130 0.000 0.035 0.099
Age squared -0.001** | 0.000 -4.170 | 0.000 -0.001 | 0.000
North West 0.059* 0.033 1.770 0.076 -0.006|  0.124
North East 0.128*** 0.032 3.940 0.000 0.064 0.191
Centre 0.048 0.036 1.330 0.184 -0.023]  0.119
South -0.038 0.033 -1.150 [ 0.250 -0.102|  0.027
Hyperthensive -0.027 0.019 -1.440 [ 0.150 -0.064]  0.010
Diabetes 0.069* 0.020 3.390 0.001 0.029 0.109
Secondary Prevention -0.053* 0.031 -1.720 0.086 -0.115 0.008
Doctor is Female -0.010 0.028 -0.340 | 0.732 -0.065|  0.046
Doctor's Age -0.072* 0.034 -2.130 | 0.033 -0.138|  -0.006
Doctor's Age squared 0.001 0.000 1.550 0.122 0.000 0.001
Constant 0.726 0.993 0.730 0.464 -1.219]  2.672
Table 13b
Inclusion Probability in the Reduced Sample (N=1458)
Variable Coef. Std. Err. | z P>z L.l U.l.
Male 0.127%** 0.023 5.620 0.000 0.083 0.171
Age 0.060*** 0.020 2.950 0.003 0.020 0.099
| Age squared -0.000** | 0.000 -2.990 | 0.003 -0.001 [ 0.000
North West 0.050 0.040 1.230 0.219 -0.029)  0.129
North East 0.109*** 0.039 2.770 0.006 0.032 0.186
Centre 0.025 0.043 0.570 0.566 -0.060[  0.110
South -0.055 0.040 -1.380 | 0.168 -0.134]  0.023
Hyperthensive -0.046** 0.023 -2.010 | 0.045 -0.091|  -0.001]
Diabetes 0.061** 0.025 2.440 0.015 0.012 0.109
Secondary Prevention -0.061 0.040 -1.530 0.125 -0.138 0.017
Doctor is Female 0.022 0.035 0.620 0.533 -0.046]  0.090
Doctor's Age -0.032 0.041 -0.780 | 0.434 -0.112[  0.048
Doctor's Age squared 0.000 0.000 0.280 0.776 -0.001f  0.001
Constant 0.052 1.213 0.040 0.966 -2.326]  2.429




Table 14

RE Panel Weighted Estimates (Model 5)

Variable Full Sample Weighted Full Reduced Samplgd \&ighted Reduced
Log LDL (t-2) 0.727*** 0.730*** 0.709*** 0.714***
Male 0.043** -0.007 0.031 -0.012
Age Class 50-60 -0.007 -0.037 -0.003 -0.027
Age Class 60-70 0.044 0.015 0.035 0.010
Age Class 70+ 0.079** 0.066* 0.050 0.039
North West -0.058* -0.078** -0.038 -0.057
North East -0.056* -0.103** -0.033 -0.071
Centre -0.054 -0.070* -0.059 -0.070*
South -0.012 0.007 0.012 0.033
Simvastatin 0.139 0.13 0.203* 0.17
Pravastatin 0.049 0.039 0.109 0.073
Atorvastatin 0.211** 0.197** 0.260** 0.227**
Rosuvastatin 0.339*** 0.329*** 0.340** 0.295**
Hypertensive 0.022 0.032* 0.037** 0.052**
Diabetes -0.002 -0.027 -0.029 -0.049
Secondary Prevention 0.131*** 0.152*** 0.115%** 0.B7***
Persistent 0.085*** 0.085*** 0.075*** 0.075*+*
Cohort 2002 0.022 0.021 0.034 0.033
Cohort 2003 0.021 0.019 0.052 0.049
Cohort 2004 0.084** 0.085** 0.103*** 0.105***
Cohort 2005 0.148*** 0.146*** 0.174*+* 0.174***
Smoker -0.027 -0.033 -0.029 -0.035
Exemption: Age -0.046*** -0.055*** -0.030* -0.034*
Exemption: CVD 0.046** 0.055** 0.026 0.030
Exemption: Invalidity 0.006 0.009 0.028 0.033
Exemption: Income -0.023 -0.028 -0.027 -0.032
Drug Milligrams 0.002 0.002 0.003* 0.003
Simvastatin x mg 0.001 0.002 0.000 0.000
Pravastatin x mg 0.000 0.000 -0.001 -0.001
Atorvastatin x mg 0.002 0.003 0.003 0.004
Rosuvastatin x mg -0.003 -0.003 0.000 0.002
Cohort 02 x Year 03 0.038* 0.044 0.068*** 0.078***
Cohort 02 x Year 04 0.046* 0.055* 0.008 0.009
Cohort 02 x year 05 0.087*** 0.105*** 0.061** 0.071*
Cohort 02 x year 06 0.135*** 0.166*** 0.145*** 0.1B***
Cohort 03 x year 04 0.068*** 0.083*** 0.084*** 0.1@***
Cohort 03 x year 05 0.091*** 0.110*** 0.090*** 0.18***
Cohort 03 x year 06 0.139*** 0.171*** 0.120*** 0.14***
Cohort 04 x year 05 0.114*** 0.136*** 0.122*** 0.14*+*
Cohort 04 x year 06 0.103*** 0.124*** 0.069 0.083
Cohort 05 x year 06 0.085 0.103 0.096* 0.115*
Doctor is Female 0.000 0.004 0.000 -0.009
Doctor's Age -0.001 0.008 0.000 0.009
Constant -3.797*+* -3.905*** -3.818*** -3.939%+*
No. Observations 21200 21200 14595 14595
No. Patients 4293 4293 2624 2624




Table 15

Relative Importance of Different Actors in Determining Speed of Recovery

RE Panel
Model Specification Model 1 Model 2 Model 3 Model 4 Model 5
Patient behaviour 26.2% 16.4% 19.5% 25.2% 25.3%
Technology 37.0% 61.3% 54.1% 62.0% 62.1%
Medical behaviour 36.8% 22.3% 26.4% 12.8% 12.6%
Table 16
Relative Importance of Different Actors in Determining Speed of Recovery (Model 5)
RE Panel
Sample Specification Full Sample | Weighted Full | Reduced Sampld Weightedd&luced
Patient behaviour 25.3% 26.3% 19.4% 21.5%
Technology 62.1% 60.8% 64.9% 61.0%
Medical behaviour 12.6% 12.9% 15.7% 17.5%
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Chapter 2

Stochastic Frontiers and Technical Efficiency: evidnces from a panel of
ltalian hospitals *

2.1 Introduction

The main objective of this paper is to evaluate hlo@productive structure and level of
specialization of a hospital affect its technic#ficeency. Here, we define productive
structure as the degree of capitalization of thepfial, while the degree of specialization
refers to the number of different types of caseatéd within the organization. To this
end, we report an economic analysis measuring thiitoon of technical efficiency in
hospitals located in the Italian region of Lazidle 2000-2005 period. Subsequently, we
assess the robustness of the hospitals' optimizettavior about ten years after the
introduction of the Diagnosis Related Group (DR@3tem, and explore differences in
efficiency as related to the hospitals' ownersitipcsure. Finally, we offer some insights
as to how hospital scale of activity and productoanditions are determined by the
institutional framework. In Italy, the introductiari the DRG system in 1992 served both
as a means of prospective payment and as an irettufar efficient allocation of
resources. This should have made it possible tpeplp classify, measure, and assess
hospitals’ performance by using industrial orgamra and management methods.
Moreover the system applied to all organizatiomslependent of whether they were
privately or publicly owned. As a consequence o tieform, hospitals were made
responsible for their own outcomes, partially assgnthe burden of financial risk.
Further, budget constraints were made more bintbndinancing institutions, and this
affected incentives to curb health consumption pradiuction. As a result, two patterns
emerged: on one hand, producers were encouragsatitoize their productive processes
given the available inputs, and on the other heaghurce availability was reduced.

The theoretical industrial organization literatueders to several factors which might
affect the level of technical efficiency reached different ownership structures. Alas,
there is no consensus regarding the net directiohs&ze of these effects. Neoclassical
theory advocates that nonprofits (both public andape) have a propensity to opt for
administrators more interested in providing higlalgy service than in producing profits.
This type of hospitals might use more input to e the same output as for-profit
hospitals. Further, the presence of residual claimahould represent a powerful
incentive to efficient production among for-prdiibspitals (Alchian and Demsetz, 1972).
In addition to these neoclassical arguments, deweémts on a strand of economic

38 This chapter is based on “Technical Efficier&yecialization and Ownership Form: evidences from a
Pooling of Italian Hospitals” by F. D’Amico and Baidone, published idournal of Productivity Analysijs
32:203-216 (2009).



literature that concentrates on information asymiethave been used to provide a
rationale for the existing differences in produetefficiency. While the lack of a residual
claimant a-la Alchian-Demsetz, might reduce managerial effortal a&onsequently
having a negative impact on efficiency, the nortriigtion constraint could represent an
influential tool for controlling information asymrtrees among diverse stakeholders
(Hansmann, 1996), increasing their efficiency bgraanting demand. Nonetheless, the
impact of these characteristics on efficiency it @whclear.

The empirical literature on hospital efficiencyltaly consists of a substantial number of
studies with a variety of methodologies, scopes, rsults. Unexploited economies of
scale are a recurrent theme (see Grassetti €20615). Public hospital trusts (Aziende
Ospedaliere, hereforeward referred to as AO) appeae efficient than other hospital
types, such as acute-care and rehabilitation radspilirectly managed by local health
authorities (Presidi Ospedalieri, ASL¥) but such a crystal clear difference is not
observed in a comparison of public and private halsp Finally, technical efficiency
seems to have decreased in the second half of itteties, after the introduction of
prospective payments under the DRG (see Barbettia @007).

Any analysis of hospital efficiency must take irdocount the so-called “Newhouse
criticism” (Newhouse, 1994). Model specificationre,an fact, generally restrictive: they
omit some relevant inputs and outputs without tgkimto account the quality
characteristics of the services provided. Furtheospital outputs are extremely
heterogeneous. The number of discharged patients g@ rough measure of overall
hospital production, if we do not take into accoatiter aspects of treatment, such as the
type and the severity of illness, the presencetlodrallnesses, the overall characteristics
of the patient, and the like. We address thesejoes by: 1) using hospital discharge
records that allow to construct precise measuresutgut and controls of hospital case-
mix; 2) representing technology with distance fiotd, which are more adequate than
simple production functions in a multi-input mubiitput setting. However, we
acknowledge that this approach is still limitechcg distance functions may be still mis-
specificied. In absence of good measures of hdgpitaity, we decided not include the
available indicators in our analysis and assedsatthis does not invalidate our result.
The paper is organized as follows: in the nextisectwe describe the econometric
technique used for the estimation of efficiencyresoSubsequently, we present our data
and provide some summary statistics, and in se@idril we report the results. We
conclude by commenting on our findings.

2.2 Stochastic distance functions

The notion of technical efficiency refers to prodrg choices to allocate the resources at
their disposal to obtain the maximum possible oufpam given inputs, or to use the
minimum possible inputs in the production of a givevel of outputs. Therefore, the
analysis of technical efficiency may be defined ether output-oriented or input-

39 For a good and quick review of the differentunatof these structures, see European Observatory o
Health Care Systems (2001).



oriented. When multiple inputs are used to producdiple outputs, Shephard's distance
functions (Shephard, 1970) provide a characteamabf the structure of production
technology. Concept and properties of distance tions are well described in
Kumbhakar and Lovell (2000}, to whom we refer tleader. In what follows we have
considered the number of discharges correcteddaraise-mix complexity as final goods
of the productive process. More than technicalcefficy, we are measuring what has
been defined by Zweifel and Breyer (1997) “internsdical efficiency”. However we
are totally ignoring “external medical efficiencydr hospitals' effectiveness, defined as
the ability of a hospital to improve the healthtgsaof a patient, for a given number of
discharges or a given length of stay. A definitmoutput including external medical
efficiency would be conceptually more accurate ttendefinition we use, but this would
be empirically far more difficult to analyze, dwethe lack of data reporting indicators of
patients' health status following post-dischargevery.

A general cross-sectional multiple-output stocleastintier model can be written as

1) DO(Xi’yi’Zi;ﬁ)zeXdVi _ui)

whereD®(x,y;,z;3) is the output distance function used to repre#entlistance from

the frontier, which allows technological interaciso across and among inputs and
outputs. y, represents the output vector of kil hospital,x, is a vector of inputs and

z, is a vector of hospital specific characteristitiseo than inputs,8 is the parameter

vector which describes the structure of the teatpl
The error component is divided in two pans:is an idiosyncratic normal term with zero

mean, whereasy, is a one-sided asymmetric negatively skewed 8isfion which

captures inefficiency among observations. An ar@lsg substitution relationship
between factors and outputs showing deviations floenfrontier is given by the input
distance function

(2) D' (x.y,,z;8)=expv, —u,)
Equations (1) and (2) can be rewritten as stoahdgttance function models

(3) 1:Do(xi’Yi’Zi;,B):eXF(Vi_Ui)
(4) 1:DI(Xi’Yi’Zi;IB):eXF(Vi_Ui)

The dependent variable in (3) and (4) is a constainich has zero variance. Therefore in
order to empirically estimate both equations weeh&w convert them into estimable

models. This task can be accomplished by exploiting fact that D is linear
homogenous in outputs, whil' in inputs, i.e.

(5) D°(x,,wy;,z;8)=wD®(x,y,,z;8) Ow>0
(6) D'(wx,Y,,%:8)=wD'(x,y,,2:8) Ow>0



As it has been pointed out by Lovell et al. (19%f)e way of imposing such restriction is

to normalizeD® and D' respectively by one of the outputs and one ofitipaits (so
called "‘ratio" model), i.e.

(7) D°(%. Y. 2: B)/yy = DO(Xi’yi*’Zi;ﬁ) where y; :%
(8) Dl(xi'Yi’Zi;ﬁ)/Xu = DO(Xf.yi,zi;,B) where Xi* =%

which lead to

9 D°(x.y..z:B8)= Y, Do(xi ’%’Zi :ﬁjexlﬁ(ui -v;)

1

(10) D' (x,y:,2;8)= XﬂDO[;—i,yi,zi:ﬂJexp(ui -v,)

1i

Substituting equalities (9) and (10) into equatig¢8s and (4) and dividing both sides
respectively byy,, and x; generates the following estimable composed eranets

11y, )" = D( .i,zi;ﬁjexp(ui ~v)

1

(12) (Xli )_1 =X Do(%’ Yi 4 :ﬁjexlﬁ(ui _Vi)
In the multi-output version of the model, the degmt variable is the reciprocal of the
normalizing output, and the regressors are thetsnpnd the normalized outputs. Finally

u, provides the basis for a reciprocal measure opueriented technical efficiency.

Similar considerations apply for the multi-inpusea

Some authors like Kumbhakar and Lovell (2000) hpraposed the Euclidean norm of
the outputs (or inputs) in order to respect thedmhomogeneity restriction (so called
“norm” model). In both the “norm” and “ratio” modéhere is an issue of endogeneity
bias, since normalized outputs and inputs appeasnggressors may not be exogenous.

Some authors like Coelli and Perelman (2000) orridon and Johnston (2000) argue the
normalizationi creates an output mix vector that is more likelyoé exogenous than
ymi

Y

M

either y, or It is not the objective of the paper to enter ititis debate. For practical



purposes we preferred the “ratio” model, since radizing by the norm of the outputs
increases considerably the degree of multicollitpgadue to the introduction of exact
linear dependencies.

Note that while modelling multiple-input, multiptaitput technologies we have
to restrictively assume that the disturbance teraffect the output vectory
multiplicatively, i.e. all outputs are assumed ® froportionally affected by the same
disturbance.

Three major drawbacks affect cross-sectional ssich&ontier models:

1. Estimations strongly rely on distributional asgations on each error component.

2. Technical (cost) inefficiency might be correthteith the regressors.

3. Technical and cost efficiency cannot be consilteestimated, because the variance of
the conditional mean or mode does not go to zetbheasample size increase.

2.3 Data and summary statistics

We analyze data provided by the public health agegiiRHA) of the Lazio region
consisting of hospital discharge records (HDRs)spitals' administrators have to fill out
HDR according to law as informative tool over whith base patients' admission
financing. In each HDR, data concerning the patasatrecorded. Beyond vital statistics,
we observe health-related information collectedrduthe patient's internment including
date of admission and discharge, date of surgamgesy type, transfers to other
hospitals, and the like. Further, we observe theGDilated to each patient and its
weight, i.e. the level of complexity.

Generally, the number of discharges is stronglyetated with the sum of DRG weights,
and this is supported by our dataset.

However when we focus on groups of more complexsathis correlation may be
lower. This, for example, is what typically is obgsd in hospitals with emergency
rooms. Generally studies of hospital efficiencyrdii have such disaggregated data at
disposal and are forced to use all discharges onissibns adjusted by a measure of
complexity. Therefore, the observation of the DR@8ght is extremely important since it
not only makes it possible to capture the precismber of treated cases, but also
provides a measure of case-mix control for eacpuiut

The aggregation of the DRGs followed a classifmatystem which is commonly used
at an international level, and which has alreadgnbapplied to Italian data (see Fabbri
2003). Within this classification, hospital actwitnay be summarized in twenty-eight
production categories. These are made up of DR@pgraonsistent with a standard of
productive homogeneit{ In order to make the model empirically more masdude, we
have further aggregated these 28 lines into thewolg groups: complex surgery,
emergency room treatments, cancers and HIV, genezdicine, and general surgery.

40 A hospital is basically viewed as a human servigterprise whose primary function is the provisidn o
diagnostic and therapeutic medical services. Piimludines are specific sets of services provided t
individual patients and largely coincide with anpegpriate definition of treatments within each ward

typology.



As far as the measurement of output is concerrredtiér techniques seem to
work best when the product is homogeneous and onengional such as, for instance,
kilowatt-hours in the electricity industry. This ot the case for hospital care, which
exhibits wide variation in the quality of the pratiand its dimensionality, both on the
input and the output sides. Therefore, it wouldpssible that productive units being
assessed might not use the same technologiesdén tw control at least partially for
these types of differences, we have restricted focus to acute patients. Acute care
refers to the necessary treatment of a disease $bort period of time in which a patient
is treated for a brief but severe episode of ikndhe goal of the hospital is to discharge
the patient as soon as he or she is deemed sofficieealthy and stable following the
critical period. Acute care differs from long-teiware and rehabilitation care, which are
characterized by a combination of treatments pexvidnce the acute phase of the
disease has been overcome. These treatments atabitize the disease towards two
possible outcomes: recovery or management of anchoondition.

Hospitals devoting their activity exclusively tongpterm and/or rehabilitation
care, therefore, have very different productionctions from acute-care hospitals, which
would make the two groups impossible to compare.thkig reason, we did not include
such hospitals in the sample. For those hospitatcdted only partially to post-acute
care, we did not include the DRG weights from pasite care activities in any of the
output aggregates. Relatedly, when hospital agtigitimited to the treatment of acute
patients, this simplifies the debate as to whethervariable measuring output should be
the number of discharges or the number of inpatiays. The latter variable may more
heavily reflect the assistance component of hadspitaduction, which is unique to
structures dedicated to long-term care and rehatdin, and hence it may reflect a
productive choice of the hospital rather than tbspital's efficiency levét.

We obtained data concerning inputs from the ItaNanistry of Health. These included:
number of beds as a rough measure of capital amdb@&uof physicians, nurses and other
personnel (teaching plus ancillary staff) as a memasf labor. By classifying labor into
different categories we recognized differing skilquirements. We are aware that
number of hours worked may be a better indicatothef labor factor, since it reveals
more about the use of the workforce, but unfortelyatsuch information is not
availablé?.

As mentioned above in discussing the measure oputait some hospitals
undertake both acute and post-acute care actiViigrefore, for consistency, we must
eliminate this element from the inputs. For the bhetiable, this exclusion was
straightforward, since we received data on bedsrébabilitation and long-term care.
However, hospital staff numbers were reported wishinformation on the type of care
they provided. Therefore we constructed a simplasuee of utilization, dividing the
number of inpatient days for acute patients bytttal number of inpatient days. This
ratio was multiplied by each category of workersl 4o provide the measure of inputs
used in the estimation.

41 See for instance Rosko and Broyles (1988).

42 We attempted to use an index of hospital machiseagea more refined measure of capital, attaching
their average costs as a weight. However the dat@fn costs is incomplete, and even if this migsiata
concerns only a couple of machines, we believerttigt bias the index value. This may affect parn@me
estimates, as happened in most of the adopted rapdeifications.



Both public and private hospitals providing heal#iie services are present in the
sample. Public hospitals are financed by publid&jrwhile both for-profit and not-for-
profit hospitals rely on a mix of public and priedtinds. In order to compare productive
units and make them as homogeneous as possiblmustecontrol for differences in the
source of funding. For this reason, in private litaég we consider only those services
covered by public funds. In this way we are exabgdihose hospitals which did not sign
any type of agreement with the National Health &yst(NHS) and are exclusively
devoted to a ““pure" for-profit activity. For teake of consistency, for private hospitals
we included in our sample only the number of bedsraaited with the NHS and a
proportional fraction of their personnel (i.e. thember of workers in each category
multiplied by the share of beds in agreement withNHS divided by the total number of
beds).

This gives us a final sample of a weakly balancadep of 108 hospitals of the
Lazio region observed during the years 2000/2008¢hvsums 625 observations. In table
1 we show the distribution of the hospitals andi@@atients per year, and with respect to
ownership structure. From the combined readingnpifii and output statistics (table 2), it
appears private hospitals are smaller with resjoeall size-related measures: fewer beds
and personnel, and a lower sum of DRG weights.héurtthey are specialized and
concentrated on less complex cases, as can befee@mstance, by the low number of
emergency room treatments. This appearance isrowadi by the hospital specialization
index we have computed. Formally, for théh hospital, the Gini ratio is equal to

2 (p-a)

(13) giniy, ==— 57—, i=12..,N
Zi=l b
where N is equal to 20, the total number of exgstfajor Diagnostic Categories (MDC),
g, is the fraction of the total discharges treatedhgyfirsti MDCs, while p, is the ratio

of the number of theth MDC over the total number of MDCs. The indexiga between
0 and 1: it is equal to zero in case of perfectigiguibution (polispecialistic medical
center), since all the differences — g, are null. Meanwhile it is equal to one in case of

maximum specialization, since equation (13) bodw/ud to quantityz P, /z p =1.

The Gini ratio may be computed by using DRGs irdt@aMDCs and in this casBl of
equation 13 would equal 489, the total number adtang DRGs. Counting the number of
DRGs for this measure of specialization would berenappropriate, since it better
captures the range of all hospital production. Hevelue to the fact that hospitals tend
to focus on more remunerative and less costly pes;tthe array of DRGs chosen by
hospitals tends to be very narrow. Therefore tliexnof specialization is very high for
all hospitals and on average it is similar for @Nnership categories. In order to get a
variable with a greater and more significative @ variation, we use as MDCs, where
diagnoses correspond to a single organ systemiaobgyt and are associated with a
particular medical speciafty

43 Farley and Hogan (1990) made an in-depth analydisspital specialization measures. They proposed
an Information Theory Index, where specializatisrgiven by caseload deviation from that of the dgpi
hospital. The main pitfall of this Information Thgdndex is therefore its inability to distinguisietween



2.4 Empirical implementation

2.4.1 The models

The functional form of f(J] may take different aspects. With a Cobb-Douglas
specification we can interpret coefficients as autplasticities, since the covariates are
all expressed in logs. In this application howewsr cannot estimate this log-linear
function, since in a distance function context, @muglas has the wrong curvature in

: X . .

i and — spaces. Therefore we have estimated a translagidan where the
1 Xli

presence of squared and interaction terms giveghadegree of flexibility.

the

For the multi-output multi-input stochastic fronteonsider the two following models

(14)
_Inyll ﬁ0+za Inym|+zlgk|nxk|+ zzamnlnymllnx - ZZﬁkJ Inxkllnx +
mlnl m—lnl

M N

> Bag,Inx Inym,+Zzh+v -u,

m=1 n=1

(15)

_Inyl| ﬂ0+za lnym|+2ﬂklnxk|+ Zzamnlnymllnx - ZZIBK] Inxkl InX +
m=1 mlnl m=1 n=1

iZN:,Bka Inxkllnyml+Zzh+v -u,

m=1 n=1

where in both models denotes hospitak,j denote inputsm,n denote outputs, ankl
denotes shifting factorsiy, is the mth output variable for hospitaland a symmetry
constraint has been imposed on the interactionsterm

ie. a,,=a,,. Further x, is thek-th input variable for hospital and a symmetry
constraint has been imposed on the interactionsterm S, = S, 4 In model (14)y,
is the output used for normalization, which is giygy the sum of the DRG weights of

hospitals that treat either a very narrow or a Veryad range of cases, since both will tend to have
relatively high index values. Hence, we decidethttke use only of the Gini ratio.
44 Note that each input and output variable has bendardized with its median.



the discharges in complex surgery. On the othed lmodel (15) the number of beds,
X, , is the input used for normalization. Since wattée z, factors as fixed effects, this

translog function is not fully flexible. In additaao input variables we included:

- Time dummies for each year of the samplegu2000 as the base year. Using a
set of time dummy variables is the same as runting fixed effects without considering
panel effects.

- Two variables concerning ownership: one dummihé hospital is private and
another one if the hospitals is NFP, i.e. if it le®n assimilated to a public structure.
"Fully” public hospitals represent the base catgdor

- Geographical dummies for each ASL. For the cowftiRome we distinguished
between hospitals directly managed by Local HeAltithorities Rome-as) and self-
managed hospitalkpme-selj.

Before getting into the details of the model anthoeenting the results we would like to
remark that our estimations were based exclusigelya pooling of data. That is, we
treated the observations as part of a single @estsen. The reasons are explained
through a simple decomposition of the total sursqpfares$S7). For a generic variable

z, observed for hospitalat timet, SSTis equal to the sum of the between hospitals sum

of squaresSSB(i) and the within hospitals sum of squai®SW(i)i.e.
SST= SSRi) + SSW(i)

SST= ZZ (z, - z”)2
SSHi) = iZ(zi_ -z)
SSW(i) =33z - z)

where z is the global mean ang denotes the average af overt. To standardize the

results we dividéSSB(i)andSSW(i)by SSTin order to calculate the percentage of both
components. Since most of the variation in the irgmud output variables is between
rather than within the hospitals it seems thergeiy little panel data variation in the
sample, which is similar to a cross-section.

2.4.2 Estimates' results

45 Public hospitals include hospitals directly ngeth by ASL and AOs. Hospitals assimilated to public
structures are the following: 1) "Istituto qualdio presidio della USL"; 2) "Istituto di RicoveroCura a
Carattere Scientifico (IRCCS)"; 3) "Ospedali clfisati 0 assimilati ai sensi dell'art.1 u.c. L.182"; 4)
“Policlinici Universitari".



As a first step of our analysis, we ran a pooledSAkgression in order to provide a
simple test for the presence of technical inefficke in the data. If there were no

technical inefficiency, the error term would be syatric (beingu, = 0 then ¢, =v,)

and the data would not support a technical inefficy story. A skewness/kurtosis test for
normality (results not shown) rejected the null diyyesis of normal residuals. Hence, it
seems there is evidence of the presence of inefitgi in the data.

The second stage consisted of a general-to-spesifimation and test approach. In order
to estimate technology parameters and techniciaierity we added the following set of
assumptions:

(16) v, IN(0,57)
(17) u,IN* (0,52)
(18) 4 =@
(19) &; = exp(w,3)
(20) 57 = explt,y)

Equation (16) and (17) tell us the variance of iti@syncratic error term and the
variability of the inefficiency term are not consta These have been modelled in
equations (19) and (20) respectively. Further bpgishe truncated normal distribution
for the inefficiency termu, we can parameterize its mean We must note that seeking

to address the problem of heteroscedasticity byamaterizing the variance of the
inefficiency error term and parameterizing the meathe truncated normal distribution
(thus changing its shape) can be seen as anotpeyaap to study the exogenous effects
on inefficiency, as has been pointed out by Kumbhand Lovell (2000). Degree of
competitive pressures, managerial characteristiessen ownership form may influence
the structure of the technology by which converdlanputs are converted to outputs or
may influence the efficiency with which inputs arenverted to outputs. Moreover this
particular combination of distributional assumpsoallows us to accomodate non-
monotonic efficiency effects. This implies that iedtes having such relationship can be
positively related in part of the parameter spatdeannegatively related in the rest (see
Wang 2002 for more details). Last but not least,ngvand Schmidt (2002) have
demonstrated that this model specification allows-step estimation of the parameters,
avoiding two-step procedures which give biasedltesithe model estimated at the first
step is misspecified. Further they note that thetoreof variables affecting the frontier
may overlap the vector of variables affecting tecainefficiency.

In this paper we are intended to study the imp&dpecialization and capitalization on
hospital efficiency.

Therefore we have included for both models in a@quafl8) the Gini ratio Gini) as
proxy for specialization and the nurses per bew ra$ proxy for capitalization. This
latter variable has been already used as detertm@&ost efficiency in previous studies.
Farsi and Filippini (2006) showed that a highersesrper bed ratio decreases efficiency,
indicating that quality of care is costly. For batiodels, we have subsequently added
another common inefficiency determinant represgntinospital dimensions: the
logarithm of bedsKed9 in the output-oriented model and the logarithnthe sum of



weights for acute patient$\Meighted Patientg in the input-oriented model. Further, in
the input distance function model, we achievedttebét by adding the mean age of the
patients Age) to explain mean inefficiency. We assumed the cmurof idiosyncratic
noise vary in both models with the hospital sizghBedsandWeighted Patientsagain
serving as a proxy for this variable. Finally, etoutput model, we assumed hospital
dimensions affected the variability of the ineffioty term. We implemented some
general likelihood ratio (LR) tests, while posirgstrictions on the unrestricted translog
model, in order to get to a "preferred" model. Th& test is given by
A=2(nL, -InL,), whereInL, and InL, denote the maximum log-likelihood value

under the null hypothesiH, and the alternatiid,, respectively. The LR tests

conducted are presented in Table 3. For both modeés first two null hypothesis
assessed the appropriateness of using the halfahadistribution 1 = Q with and

without modeling heteroscedasticity. We then tedtesl importance of modelling the
variance of the error terméw =0,t, =0). Finally we tested whether exogenous

inefficiency variables, as a group, have a sigaiitdmpact on technical inefficiency. All
these hypothesis were strongly rejected. More gdlgewe can say that we cannot do
without unmodeled heteroscedasticity in the ermmgonents and nor without modelling
the mean of the inefficiency error term.

In table 4 we show scale and input/output elagitwhich are more meaningful than
the simple technology parameters in a translogtfonacontext. Elasticities have been
estimated at the means of the variables in the. &ttandard errors were computed by
applying the delta method to linearize the elastidunctions around the estimated
parameter values and then using standard formatathé variances and covariances of
linear functions of random variables. The resuitgeg in table 4 suggest significant
increasing returns to scale for both models, ssuade elasticities, , > BAnde,, <1

and the null hypothesis of constant returns toescalrejected. From an administrative
point of view, this is the typical situation whetleere is an incentive to centralize
operations.

The individual input and output elasticities ungignty the scale elasticities are also
provided. In the output distance model, elastifiy nurses and beds is high while the
marginal product of other staff labor is slightlegative, even if not statistically

significant. Therefore it seems there is some exgeshe size of the group of workers
with administrative and technical duties. Moreofrem the input-oriented model we can

see that all marginal costs, except from ER treatsjeare positive and that not
surprisingly general medicinerg) and general surgery'{) are the outputs primarily

contributing to input use.

Focusing on existing differences among ownershipcsires, which we do not report
here, scale elasticity varies a great deal betwemspitals, and is greater for private
hospitals and lower for NFP structures in both nedgowever this is not surprising,

and may simply reflect the existence of ceilingdesfor-service financing, which have
been introduced in Lazio region. The main diffeeebetween public and NFP hospitals
and private structures is that the latter cannopass fixed volume limits, while the

former are at least reimbursed at a reduced rate baving reached the ceiling, or may
even be fully reimbursed because of the politieaeassity of avoiding hospital failures.



Therefore, a possible effect of this different tne@nt is input-minimizing behavior in
private structures, which are forced to work aeduced scale. Further, private units are
slightly over-capitalized with respect to nursingf§ while public and more heavily NFP
hospitals have a slight excess of administrativd #thnical staff, suggesting the
opportunity for a re-allocation of resources wittiese structures.

In table 5 we show maximum likelihood estimatesthed remaining parameters of the
hybrid translog production functions, other thaoht®logy parameters. We also show
the equations of the two heteroscedasticity terntsthe mean of the inefficiency term.
With respect to ownership, the coefficient for Nlk@spitals is always significant (at least
at a 10% level) with a positive si§hThe role played by private hospitals is, in costira
less straightforward.

They positively and significantly contribute to apward shift of the frontier in the input-
oriented model but the sign is reversed in the wutpodel, even though it is not
statistically significant. Time dummies show a pesi trend, with ever-increasing
coefficient values, and are not significant only tbe first two years of the output
distance model. It might be interpreted that we @apturing a linear time trend or
disembodied technical change. As far as geograptiicamies are concerned, the base
category is represented by the hospitals in thentyoof Rome, but not within this
municipality. It appears that hospitals in all titeer counties, except those self-managed
hospitals located in Rome, contribute to an upveitt of the frontier.

Regarding the determinants of the mean of the igieffcy error term, for the input
model, mean age is positively correlated with ilceghcy, while for both models size
measures, capitalization and specialization ateausnegatively correlated.

Particularly, nurses per bed and gini are 1% sicgmt in the input model, but only at 5%
and 10% in the output distance model respectivighg result obtained for specialization
is strengthened if we look at the sign of crospouterms (see table 6, that allow us to
evaluate input and output complementarities. From ihput specification we observe
that only three cross-output terms over ten aretivegy two of them being significaft.
The absence of output jointness is not a proofrofgifficiency specialization, but a fact
that is consistent with this hypothesis.

Before commenting on efficiency results we woulalto remark that in our models we
have attempted to control for quality. This cantyeadly divided into outcome and
structural indicators. With respect to the outcanukcators, we have computed
readmission and mortality rates as quality adjustsier scaling factors for output
measures. As noted by Milne and Clarke (1990), dicators have big drawbacks.
Further we did not feel confident with using reassion rates, since we could not
distinguish between patients with planned vs. umpda readmission.

Hence the computed rate depends subjectively onlyhe number of days used as
threshold. Mortality rates, in contrast, were gasileasured, but their impact on the

46 Remember that for a correct interpretationsiga in the distance functions must be reverseis Th
implies that in the output distance model, the uph&hift of the frontier is given by a negativersigVhile

for an input distance function by a positive sign.

47 We remind that signs and magnitudes of the ezfissts represent input/output jointness.

In the input specification negative cross-outpuimie represent output jointness, while in the output
specification positive cross-input effects implpin complementarities.



estimation is negligible, likely due to the faciaththey are very rare across inpatient
specialties.

For structural measures of quality, we tried inahgdthe teaching status of the hospitals
in the frontier of both models, using the numbertedching staff as a proxy, and an
attraction index, proxied by the rate of dischargégeople coming from a different
ASLH. Signs were not significant, and efficiencytimaites with and without these
variables were highly correlated.

Hence, we decided not to include them in the modiels therefore possible that without
being able to properly account for quality our msties may suffer from omitted variable
bias.

However as Rosko and Mutter (2008) pointed ousdhmmissions may not be as serious
as commonly thought.

2.4.3 Technical efficiency: trends and transitions

In figure 1 we show estimated sample mean efficemnéor each hospital ownership
category. In the output distance model, public &P hospitals are on average more
efficient than the accredited private ones. We nlesa decline in technical efficiency
over time for NFP hospitals, and a smaller reductior private ones, while public
hospitals seem to remain at a roughly constantieffcy level throughout the period. In
order to explain such differences, as we mentianeatle discussion of scale elasticities,
private hospitals have a legal limit to the maximoutput they can produce for the NHS.
This fact, coupled with the different and penaligieimbursement rate among hospital
types, not only induced distortions in the produetscale, but also in the efficiency level.
Looking again at figure 1, we may note that, in thput distance model, the three
ownership categories are much closer to each atiekrll show an increase in efficiency
patterns over time. Public hospitals at the endhef period show a slight reduction,
converging to NFP averages, while private struste now at the same level of the
other categories. These results do not contralécbutput distance model, since we are
estimating two different frontiers under two di#et sets of theoretical assumptions.
With the input distance function we are assumingoat-minimizing behavior of the
hospital, which chooses an input vector, evaluatedexogenously determined input
prices, that minimizes the cost of producing a giwaitput vector. This assumption
clearly is valid if the hospital acquires inputs aampetitive markets. The behavioral
assumption we are making through the output distdaoction is that the firm chooses
an output vector that maximizes revenue at givepudiprices for a given input vector.
The plausibility of this assumption is linked t@tbkale of outputs in competitive markets.
In this study, neither assumption is strictly redpd. In fact, none of these models is
perfectly congruent with the present incentive femmark within the NHS. With a
simplifying assumption, we may believe private &feP hospitals try to minimize costs
and hence aim at reducing the use of inputs. Ih aumontext, where we have to take into
account mechanisms of control over output volumes, input-oriented model is
preferable. Contrastingly, public hospitals seenmawe more discretion with respect to



their level of production. Therefore an output-oteel model cannot be discarded a
priori, since it shifts the focus from costs toeaues.

In figure 2 the horizontal and the vertical axipresent efficiency levels for all the
hospitals respectively in 2000 and 2005. For thgwudistance model there is more
mobility in technical efficiency over time. This e® not happen in the input distance
case, but this may be due to greater stabilitynpui endowments. In each of the two
models, at the maximum values of the distributidistances from the 45° line are not
very large, implying stability over time for thetiesated efficiencies. In the input
distance case, apart from a few observationshtqpgens for the full range of the
efficiency distribution. Furthermore, if we lookreéully at both graphs, we can see that
the majority of public hospitals passes the 458 limdicating an increase in technical
efficiency. This confirms what emerged from thepdrs of the efficiency trends.

In tables 7a and 7b we show transition matricesnf000 and 2005 for our model
specifications. These tables confirm that a sigaiit percentage of the hospitals
belonging to the extreme quintiles of the technefficiency distribution in 2000 still
belongs to the same quintile in 2005. The diagef&hents of the transition matrix show
more mobility. As expected, those diagonal elemargs “fatter" when considering shifts
year-by-year (data not shown). The fact that irdiial hospital units tend to remain in
the same or close to the same quintile of theieffy distribution is not a surprise. In
fact, we do not expect hospitals to change dram@titheir operational behaviour in a so
short a time period, or year by year.

2.4.4 Capital-labor distribution

In our estimates, we have found a wide distributmintechnical efficiencies. We
attempted to ascertain whether productive strustare related to efficiency values, in
order to make our analysis more precise in distsigng among heterogeneous units.

In fact, since our dataset contains the entire [adjon of Lazio's hospitals, we have very
different units in terms of size and kind of adiviAlthough we have partially purged
heterogeneity by using control variables for owhgrsype, time and location, using only
observations related to acute patients, in a flexitoodel context that allows also for
heteroscedasticity, these measures seem not tcehiaupated all the possible sources of
diversity from the dataset. Our idea was to dragure corresponding to the efficiency
frontier. We made a scatter-plot of dots correspumtb the position of each hospital. In
particular, the estimated efficiency determined tlitance between the unit and the
frontier in the graph. The radial-position is fixddpending on the capital-labor ratio
value. The polar coordinates are given by the @upl

{Co{ama{%j] xTE ’S‘”[arcta{%j] e }

where the technical efficiency level of théh hospital TE < 1if it lies below or on the
frontier curve. This kind of figure has the advag®aof pointing out how estimated



efficiencies vary among different capital-laborioat and gives the possibility to
distinguish particular typologies of units.

Specifically we differentiated hospitals among ovehdp structures for both models
(figure 3). At first glance, we may notice thatvatie and public structures seem to sort
into two different “cones” of capital-labor ratiahile NFP hospitals appear to be more
evenly spread. Cones exclude outliers for bothgoates, i.e. they do not include
hospitals below the tenth percentile or above thetieth percentile of the capital-labor
ratio. Further there appears to be an inverseiogaktiip between the capital-labor ratio
and technical efficiency. This evidence has beemadly captured in the frontier
estimation, where the nurse-per-bed ratio is neglgticorrelated with inefficiency. The
more capitalized the hospital, as is the case foage hospitals, the less efficient it
appears to be.

It seems reasonable that units operating with mdiffeproductivity structures cannot be
directly compared. The capital-labor ratio is indleiite variable among the different
structures. We tried to define the labor factodiiifierent ways, in order to verify whether
the definition made a difference. In particular, weed three typologies of labor
aggregation: the first one was the simple sumlofatkers operating in the structure; the
second was the simple sum of physicians and nogsting in the hospital; and the last
corresponded to a sum of five categories of workeesghted by their estimated wage.
For estimating wages we gleaned data from AOshbalgheets, taking the total amount
of salaries divided by the number of workers focleaf three categories (physicians,
nurses and other staff). The only labor definiti@mch widens the spread of hospitals in
the graph is the sum of physicians and nurses. Mewén each of the three cases, the
relative proportions are nearly the same.

Another question arises: what are the causes afively lower labor usage in private
hospitals and higher usage in public ones? We\zelileat public hospitals operate in a
more rigid institutional framework, inclined to kee@ high number of workers, while
private ones do not. Given that the latter facetgreeconomic risk, it is reasonable to
assume that they decide to turn this risk towardkets, instead of toward capital
(meaning medical equipment with related costs). tA@eo explanation from the public
finance literature is that one role of public ifgions is to provide employment. This
phenomenon causes a high value for the capital-iaio in private

structures, but according to our evidence, seerpsrialize

technical efficiency.

2.5 Conclusions

In this paper, we studied the productive procesthefhospitals of the Lazio region by
means of an economic analysis. We used data franhtspital discharge records
provided by the Public Health Agency of Lazio irder to derive measures of output,
such as the number of discharged patients. Furfrmn the Ministry of Health we
obtained data concerning labor and capital useédmgs. Our study has been limited to
the pooled cross-section case, since a simple $wisguares analysis showed very little
panel variation in the sample.



OLS residuals analysis showed the presence oficiefty in the data. Subsequently, we
implemented a stochastic frontier analysis to asske level of technical efficiency
achieved by the hospitals. When deriving technolpgsameters, we took into account
case-mix complexity. With this correction of thdtleand-side of the frontier equation,
we were able to address one of the main points efviduse's critique, i.e. the
impossibility of assessing hospital production bgams of efficiency analysis tools,
because of excessive simplification of the prodecprocess, especially with respect to
the quality of services.

Inefficiency is negatively associated with speeation and positively with
capitalization. Capitalization is typical of prieahospital structures which, on average,
make a less efficient use of resources when cordpt@republic and not-for-profit
hospitals. As far as the productive structure eftibspital is concerned, there seem to be
increasing returns to scale, suggesting centradizaif operations. Private units work in
slightly over-staffed conditions for medical staffhile public and more heavily NFP
hospitals do the same for technical and adminig&rataff, suggesting the opportunity
for a re-allocation of resources within these strres.

Our efficiency estimates are strictly related te tthoice of a specific model, which
depends on the theoretical and empirical assungtoe is willing to make. The input
distance function model is based on a cost-minitiinahypothesis, and empirically is
more appropriate in studying private and NFP haspiehavior.

Meanwhile, the output distance function is based gavenue-maximization hypothesis
and is more appropriate to the study of public itekgatterns. Being aware of the
limitations of the model, we tried to paint a piedrom the combined reading of both.
The results suggest that public and NFP hospitalsena more efficient use of resources.
In fact the level of the estimated mean techni¢itiency appears to be significantly
higher than that of private structures in the otsented model, and slightly higher in
the input-oriented model. This large gap in themfer model can be attributed to the
different reimbursement rates among ownership caies

This turned out to be the cause of under-sizingheweprivate structures. The minor
differences in efficiency levels reported in th@utroriented model, on the other hand,
are more easily explainable as a result of themasimizing assumption upon which the
model is based.
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Table 1

Number of hospitals and acute patients by year andwnership type

Year Public NFP Private Total
(a) Hospitals
2000 49 16 40 105
2001 49 16 38 103
2002 50 17 38 105
2003 52 17 39 108
2004 49 17 39 105
2005 45 18 36 99
Total 294 101 230 625
(b) Acute patients

2000 502'96( 356'543 134'291 993'794
2001 507'771 378'632 138'035 1'024'438
2002 524'445 411'879 140'125 1'076'449
2003 540'204 427'752 152'219 1'120'179
2004 536'407 452'790 163'419 1'152'616
2005 520'596 487'316 175'097 1'183'009
Total 3'132'387 2'514'912 903'186 6'550'485




Table 2

Average input and output levels by year and ownersp type (Standard deviation in parentheses)

Y1 |

Y3 |

Year X1 X2 X3 X4 Y2 Y4 Y5

(a) Public
2000 10.18 | (363.51)260.47] (525.64)] 283.96| (790.62)| 251.18| (723.68)| 831.99 | (4,619.60)320.34| (307.44)| 859.57 | (6,066.48)3,061.86] (6,894.97)| 5,705.47 | (12,730.93
2001 123.94 (364.49)| 292.41] (550.88)] 215.90| (812.05)| 248.82| (589.02) 931.45 | (4,679.89)301.22| (284.89)| 882.19 | (6,297.75)3,277.69| (7,378.87) 5,658.58 | (13,706.07
2002 129.3§ (345.76)| 290.06| (609.48)] 209.38| (791.27)| 234.92| (559.86)| 1,044.07| (4,795.72) 276.05] (296.18)| 910.75 | (5,368.57)3,416.62] (7,154.56)| 5,696.95 | (14,199.2(
2003 134.44 (317.14)| 293.48| (556.32)] 248.42| (701.58)| 215.75| (502.01)| 1,045.99| (4,679.07) 249.30| (275.42)] 946.01 | (5,142.27)3,383.72] (6,964.78) 5,706.03 | (14,781.81
2004 128.53 (309.94)| 281.65] (593.69)| 228.47| (745.73)| 219.86| (509.28)| 1,179.58| (5,001.92) 235.20| (280.82)| 960.47 | (5,022.41))3,607.16] (7,205.18) 5,882.19 | (15,466.18
2005 141.7q (306.74)| 316.93| (465.72)] 305.60| (976.94)| 233.38| (490.17)| 1,377.72| (4,759.24) 261.45] (309.55)| 1,076.66| (4,960.56)] 3,726.86] (7,552.57)| 6,294.96 | (16,476.76
(b) NEP
2000 239.54 (363.51)| 446.00| (525.64)| 528.19| (790.62)| 524.31] (723.68)| 2,309.48| (4,619.60)| 251.37| (307.44)| 3,835.24] (6,066.48) 6,199.18] (6,894.97) 11,237.66| (12,730.93
2001 246.04 (364.49)| 465.56| (550.88)| 543.06/ (812.05) 478.06] (589.02)| 2,435.05| (4,679.89)] 238.47| (284.89)| 4,133.73] (6,297.75) 6,601.94] (7,378.87)[ 11,917.19(13,706.07)
2002 244.7q (345.76)| 477.71] (609.48)| 525.65| (791.27)| 452.53| (559.86)| 2,560.05| (4,795.72)| 264.87| (296.18)| 4,032.31 (5,368.57) 6,970.77] (7,154.56)| 12,161.03 (14,199.20
2003 238.41 (317.14)] 462.18| (556.32)| 493.18| (701.58)| 432.41| (502.01)| 2,693.21 (4,679.07) 255.55| (275.42)| 4,108.43| (5,142.27) 7,222.96| (6,964.78)| 12,483.8¢ (14,781.81
2004 247.71 (309.94)| 473.35| (593.69)| 512.12| (745.73)| 430.94] (509.28)| 3,077.25| (5,001.92) 262.53| (280.82)| 4,177.61] (5,022.41) 7,645.00 (7,205.18) 12,941.69 (15,466.18
2005 231.94 (306.74)| 359.44| (465.72)| 562.28| (976.94)| 408.33] (490.17)| 2,917.56 (4,759.24) 256.40| (309.55)| 4,014.03] (4,960.56) 7,895.34] (7,552.57)[ 13,130.73 (16,476.76

(c) Private
2000 | 28.98| (24.66) 3591 (35.74) 47.43 (39.18) ®0|357.03) | 71.18 | (146.70)] 47.7% (111.]A46.94 | (161.95) | 1,608.932,322.44) 1,449.47 | (1,167.74)
2001 | 31.37| (28.26)] 37.81 (37.74) 4847 (41.13) B8|g60.32) | 84.81 | (190.20)] 4257 (94.2¢) 16447 (@6B.| 1,818.64 (2,565.21) 1,532.32 | (1,162.38)
2002 | 3050| (25.66) 38.00 (37.29) 52.42 (41.18) ®9|358.75) | 98.44 | (191.00)] 44.0p (94.20) 17796 @3y.| 1,759.59 (1,694.00) 1,615.98 | (1,226.36)
2003 | 28.13| (25.42)| 34.00 (34.89) 50.48 (40.49) ®6|059.26) | 104.45| (220.28)] 41.0p (84.0¢) 190.Q0 @BB | 1,949.14 (1,873.98) 1,651.48 | (1,170.07)
2004 | 31.10| (29.71)| 37.49 (37.59) 4992 (42.49) @®6|361.70) | 141.22| (317.65) 51.1p (85.64) 205.32 (@26 | 2,200.34 (2,122.48) 1,650.19 | (1,191.93)
2005 | 40.22| (30.37)| 47.81 (54.04) 57.33 (43.48) ®4|260.94) | 31251 | (915.72)] 82.9] (134.8@p0.61 | (240.61) | 2,682.132,959.23) 1,856.20 | (1,185.41)

—_— = = = = =

Notes: X1: Physicians, X2: Nurses, X3: Other staff, X4dBeY1: Complex Surgery, Y2: ER treatments, Y3: KN tumors, Y4: General surgery, Y5: General niedic



Table 3

LR tests on functional form restrictions

Null hypothesis Log-likelihood A Decision
(a) Output distance function: Log-likelihood=-1196972

Ho:p =0 -197.367 15534  Reject
Hotp =w, =t =0 -267.731 296.07l  Reject
Ho:w =t =0 -153.164 66.93]  Reject
Ho:q =0 -195.325 151.26]  Reject
(b) Input distance function: Log-likelihood= -133.1165

Hoip =0 80.0164 106.2|  Reject
Hoith =w =t =0 -85.0366 436.61  Reject
Ho:w =t =0 78.6063 109.02]  Reject
Ho:q =0 84.9903 96.25|  Reject

Note: H1: translog model with “full” heteroscedastigiand mean inefficiency

Table 4

Scale and output/input elasticities evaluated at #haverage
values for the entire sample

Output Distance

Input Distance

Parameter Est. Std. Err. Parameter Est. Std. Err.

€v.x 1.257* 0.257 Ex.y 0.703* 0.029
Uy 0.173* 0.101 S 0.071 0.047
Evx2 0.646** 0.181 v -0.157%+ 0.062
&y xs -0.074 0.089 ey 0.112%* 0.035
€y xa 0.512%** 0.153 S Exx 0.974%** 0.057
Sy 0.007 0.027 S Exy, 0.013 0.012
HEvy, 0.089*** 0.034 HExy, -0.007 0.02
Sy 0.177%* 0.055 S Exy, 0.017 0.017
Sy 0.190*** 0.056 Exy, 0.248*** 0.029
Hvx 0.537** 0.059 %y 0.432%* 0.028




Table 5
Shifting factors parameters of the stochastic frorier
models and ancillary equations.

Prod. frontier Output distance Input distance
Private 0.008 0.178**
Not-for-profit -0.204*** 0.108*
Year 2001 -0.018 0.056***
Year 2002 -0.061 0.101***
Year 2003 -0.101** 0.162***
Year 2004 -0.117** 0.167***
Year 2005 -0.144*** 0.206***
Viterbo -0.223** 0.196***
Latina -0.082*** 0.02

Rieti -0.211 0.188***
Frosinone -0.158** 0.135**
Rome-asl -0.057 0.011
Rome-self 0.021 -0.082
Intercept -0.154* 0.407***
Mean of u

Weighted patients | — -0.032***
Beds -2.356*** —

Gini -9.022* -2.229
Nurses/Bed -12.923** -0.404***
Age — 0.006***
Intercept 9.442** 1.704***
Variance of u

Beds -0.069 —
Intercept 0.386 -5.321***
Variance of v

Weighted patients | — -0.871***
Beds -1.087*** —
Intercept -3.491*** -3.135***
N. obs. 625 625
Likelihood 119.7 133.12

Note: The dependent variable in the Output Distance iisdke inverse of complex surgery
weights. In the Input Distance model the dependgetite inverse of the number of beds



Table 6

Second-order effects of the input distance model

Complex surgery

ER treatments

HIV and tumors

Gengl surgery

General medecine

Complex surgery -0.012
ER treatments 0.010 -0.001
HIV and tumors -0.006 0.010 -0.082***
General surgery -0.018** -0.032*** 0.034*** -0.032*
General medecine | 0.010 0.025 0.061*** 0.010 -0.128*
Table 7
Transition matrix: quintile of technical efficiency (TE) from 2000 to 2005
Quintile of TE at 2005
Quintile of TE 2000 | (a) Output distance model
1 2 3 4
11 7 0 0 0 3
52.38 33.33 0 0 0 14.29
6 6 3 4 1 1
28.57 28.57 14.29 19.05 4.76 4.76
1 1 8 4 2 5
4.76 4.76 38.1 19.05 9.52 23.81
0 1 4 8 7 1
0 4.76 19.05 38.1 33.33 4.76
0 3 4 4 8 2
0 14.29 19.05 19.05 38.1 9.52
(a) Input distance model
9 9 1 1 0 1
42.86 42.86 4.76 4.76 0 4.76
10 3 3 3 1 1
47.62 14.29 14.29 14.29 4.76 4.76
1 5 7 5 0 3
4.76 23.81 33.33 23.81 0 14.29
0 2 6 6 3 4
0 9.52 28.57 28.57 14.29] 19.05
0 0 2 4 12 3
0 0 9.52 19.05 57.14] 14.29

Note: The last column represents those observationsieia part of the sample in 2000 but missing in

2005




0 4

Technical efficiency - 2005

Figure 1

Trends in technical Input Distance efficiency (20062005)

Output Distance

Input Distance

01_ -
™~ -
@_ _
Ln_ _

T T T T T T T T T T T T
2000 2001 2002 2003 2004 2005 2000 2001 2002 2003 2004 2005
Year Year
—=A&— TE Private —&— TE Public —=&A— TE Private —&— TE Public

—&— TE Not for profit

—&— TE Not for profit

Figure 2

Transitions in technical Input distance efficiency(2000—2005)

Output distance

Input distance

Technical efficiency - 2005

0 2 4

.6 .8
Technical efficiency - 2000

2 4 .6 .8
Technical efficiency - 2000

45°line
A Public

B Private
@ Not for profit

45°line B Private
A Public @ Not for profit




Figure 3
Capital-labor ratio, production frontier, and technical efficiency
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Chapter 3

A stochastic frontier approach to assess the effemcy of English

councils with social services responsibilifyf

3.1 Introduction

Recent decades have been characterized by a didisiacrease in average life-
expectancy in OECD countries, due to improved gvistandards and to a more
generalized provision of health care. Whilst emgyithe benefit of a longer average
lifespan, most Western countries are facing aneese in the health and social care
demand which threatens their financial sustain@bilist as the so called ‘baby-boomers'
enter old age.

According to Gurri& (2009), while Long Term Care (LTC) expenditure
accounted for just 1% of the GDP in OCED countme2005, in 2050 such spending will
reach between 2% and 4%. EUROSTAT official figupgedict an increase in LTC
expenditure as a proportion of GDP of between 1@6¥%e United Kingdom and 173%
in ltaly by 2050 (EPC, 2001). Similarly, Costa-ifftoet al. (2008) forecast a more
reduced but still very significant expenditure gtbywith a predicted increase ranging
between 95% and 120% in the base scenario. Acaptdipopulation projections for the
United States, by the end of 2050, long-term caxperditure by the Medicaid
programme will nearly quadruple from the level20600, to $379 billion dollars (United
States General Accounting Office, 2002).

These predicted increases in demand for LTC sesiere spurred widespread
reforms in the provision of social care. In Eurdpeexample, countries such as Sweden,
the Netherlands, the United Kingdom, France andr@ay introduced policy changes in
their care provision systems in the 90s and 200Bs.four main types of reforms were
the introduction of private-market incentives, tppeomotion of cash-payments in
substitution of the direct provision of the sergcgreater funding for informal carers and
the personalization of the assistance (PavoliniRaaci, 2008)..

48 This chapter is based on “Measuring inefficieimcgocial services commissioning: evidences from
English local authorities’ activity” by F. D’Amicand J.L. Fernandez.

49 The exact statement from the OECD Secretary-@eise"Population ageing will increase spending
further, mainly through long-term care needs offthé elderly. In 2005, long-term care expenditure
accounted for just over 1% of GDP across OECD c@mmtWe project that such spending will reach
between 2% and 4% of GDP by 2050. Improving thigieficy of health care systems is thus imperatve t
accommodate future pressures” and has been proedulring the OECD Industry Partners Session
“Strategic options to finance pensions and heatthraa rapidly ageing world” meeting in Davos, 30
January 2009.



In England, the first attempts to address struttah@nges in long-term care
provision go back to 1997, when the Department e&lth (DoH, 1997; DoH, 1998)
defined a new vision for social care, giving a @i role to the promotion of
independence of the services’ clients through aengbed use of direct payments and
raising quality standards, through the use of djgeiticentive programmes. This policy
drive was reaffirmed in the Green Paper “Independgenvell-being and choice: our
vision for the future of social care for adultséngland” (DoH, 2005) and White Paper
“Our health, our care, our say: a new direction dommunity services” (DoH, 2006).
The role of non-residential care (i.e. communityegavas further promoted, as a means
to increase users' independence and reductiongenditure. Community care includes
long term services delivered either directly in ff@son’s home or in the community,
such as day-care centres. Naturally, community saret always suitable, particularly
for some individuals with the highest needs, asctist of the home assistance would be
prohibitive. In such cases, residential assistaneséll the preferred option.

In the year 2000 Direct Payments were extendedlder geople in England.
These cash payments can be used by people in odrg tsocial services in the private
market or to buy respite care for informal cardiewang them to have short breaks from
their caring duties. From a strategic point of vi¢he use of cash-refunds also represents
an exit of the public social care system from thread provision of the services. Further,
as cash-refunds give to the individuals the freedomashoose their preferred provider,
they also introduce private market style incentfles

Social services in England are commissioned byl laathorities®, which have
legal duties to arrange their provision. Commissigris a form of organization which
implies the possibility for the authorities to prde directly, in-house or to buy from
external providers (private or from the third sejgtaontracting-outthe social services
which are required. Contracting-out is an optioatthpens the social care market to
competition and is one that English councils teardély to use.

Using a six-year panel (2002-2007) containing cdueeel aggregate data, we
analyze the performances of the English local aittbs in the provision of social care
services. In particular, through the use of a saetib frontier cost model, we estimate
inefficiency scores for 148 English councils, cotling for the output produced and for
local factor prices. The study of the expenditunefficiency patterns can help the policy-
maker better understand which measure a furthemagattion of the resources by local
authorities can help reduce the financial pressueg the public balance.

In the model specification we adjust for local catifion effects which are
expected to increase with a wider presence of eatg@roviders. In particular, we control
for the proportions of private and voluntary supmi when estimating inefficiency
scores. In order to gauge the different effectsomfipetition in residential and community
care, we compute separate rates for the diffengmeist of social care providers. The
estimation of efficiency trends, cost-output el@sBs and scale economies gives new

50 For official documentation on Direct Paymenés also
http://www.dh.gov.uk/en/SocialCare/Socialcarerefttarsonalisation/Directpayments/DH_080273 on the
Department of Health official website.

51 We will use interchangeably throughout the paperterms “local authority”, “council” or the
abbreviated form “LA”.



evidence on the performances of the councils amdtifies the distortions in expenditure
levels from the best performance.

The paper has the following structure: in sectiorw@ give more detailed
information about the functioning of the Englishctd care system, in section 3 we
explain the method of analysis used, in sectionedpnesent the data, in section 5 we
present the model specification, in section 6 wansthe results and in the last section we
make our final conclusions.

3.2 Long-term care provision in the English system

Long-term care can be defined as the “range of ca¢é@ind social services for persons
who are dependent on help with basic activitiesdally living caused by chronic
condition of physical or medical disability” (Euregn Commission, 2009). The aim of
long-term care is to help individuals maintain tHevel of autonomy. Individuals might
lose their autonomy when they are not able to marmemge or more daily activities, as a
consequence of a disease or as a consequencengf &gich tasks are also known as
Personal Activities of Daily Living (PADLSs), for gtance maintaining personal hygiene,
dressing, eating, moving about and InstrumentaivAigs of Daily Living (IADLS), such
as preparing a meal or doing light housework. Sdemonstration projects in the US,
Canada, Italy and UK have evaluated the prevemtatifect that social care programmes
have in terms of health outcomes (Johri et al.,320B6urther, it has been found that
variations in social care services can explainllgaaations in health care performance,
such as acute hospitalization rates (FernandeFartkr, 2008).

Social care systems can be distinguished in twa roaiegories: systems which
focus their activity on the direct production ofc&d care services (service-led models)
and systems which use predominantly monetary alicesto individuals in needs to buy
services on the private market or to sustain infdroarers (informal care-led model)
(Pavolini and Ranci, 2008). In Europe, the firstdaltty is predominant in the Nordic
countries, while the second type is more typicataintries like France or Italy. Other
social care systems, such as German and Englishnan intermediate position. The
English social care system offers either directises, such as assistance in care homes,
hours of home-help services, meals on wheels andasj but also it provides direct
payments to individuals. The complexity of the Eslglsystem makes it a difficult target
of analysis and other complications derive from #wailability of fragmentary data.
Organization and provision of public services (utthg social care) in England is
decentralized to 150 local authorities that haveesautonomy in assessing eligibility for
services and for commissioning such services. Natistandards exist for quality,
minimum salaries for social workers and care-horharging rules. The guidance
document from the Department of Health, “Fair ascts care services” (DoH, 2003)
establishes which categories of people should kered by public assistance. According
to this document, eligibility for services deperuats the level of risk to an individual's
independence in four areas:



- Health and safety including freedom from harmyssband neglect;
- Autonomy and freedom to make choices;

- Ability to manage personal and other daily roesin

- Involvement in work, family and wider communiifel

Four bands of needs are recognized: critical, smiisi, moderate and low (DoH,
2010). Most of the councils have decided to comedmttheir assistance only on the
highest needs bands. While such autonomy of thaaiisucould represent an advantage
for the residents, as they can influence the prawi®f those services, for example
through the electoral process, it can certainlyaterean equity issue, as individuals
residing in different councils are likely to receidifferent types of services, in terms of
coverage rates and quality (this issue is also kaswhe “post-code lottery”).

Councils define a specific budget devoted to sawaaé services. The major part
of social services is financed by a public graotrfrthe central government (the Revenue
Support Grant). In order to determine the sizehefdgrant, central government adopts a
formula that takes into consideration the locaklesf needs. The remaining part of the
expenditure is funded by the local tax-payer (cduag and business rates). Further, an
increased proportion of the gross expenditure V& by charges to the final users.

In general, councils can commission social cargices from public, private or
voluntary/charity providers. According to our eladions on Care Quality Commission
data, only 9% of the registered social care pragidee publicly owned (by the local
authority itself or by the NHS), while the majority private (72%) or voluntary (19%).
Seven typologies of providers can be distinguislmdthe basis of their core-service:
residential-type providers which include care honmegsing homes, non-medical care
homes and community-oriented providers like home-cagencies, houses for the
placement of adults (in the context of the “aduldacpment scheme”) and nursing
agencies. The presence of private and voluntaryigecs represents a stimulus for the
system in saving costs, as they increase competitiad may also be able to produce
services at lower unit costs, due to their interglanizations. The providers delivering
care are selected by the councils among those \ate been registered with the public
system. Competitive tendering allows local authesitto select the more convenient
packages suppliers, respectful of the minimum guatandards.

As a general rule, care in a residential or nuréioge is provided to individuals
after means testing: in particular, only individuialhose assets level lie below the limit
of £23,000 can receive public institutional carathwa variable charging level. The
consequence of such a tight asset threshold isnthiaiduals owning their own homes do
not receive publicly funded long-term residentiate®? The concentration of the English
system over the most economically deprived indigldus theme of debate, as there is
the risk that such mechanism could disincentiveserng)s, especially in the latter years of
life.

As has been discussed, a series of policy innavat@ave been addressed by the
DoH in recent years, especially with the 2005 Greaper and the 2006 White PaPer

52 Nursing care is not means tested and the cbatsymursing care are met by the state.
53 “Independence, Well-being and Choice: Our Vidmrthe Future of Social Care for Adults in Englgn
DoH, 2005 and “Our health, our care, our say: a deection for community services”, DoH, 2006.



focusing on promoting independence and choice émias care users. Councils can
promote the independence of older people througte nmbense use of community care,
avoiding admission to nursing or residential homnadsen possible. Community care
consists of services such as home care, assistarda®y-care centres, delivery of hot
meals, and the provision of adaptive equipmentsé&hmlicies pursue an improvement in
the cost efficiency while providing social care wees: community care allows a
reduction of the expenditure by avoiding all thetél” costs of residential care.

Opportunities for users to choose a provider haseased through the usage of
Direct Payments, “cash payments made to individwals have been assessed as needing
services, in lieu of social service provisioi$'Few studies have found that local and
social group variations exist in the uptake of seeBh payments (see for instance D.
Leece and J. Leece, 2006).

The recent 2009 Green Pap8haping the Future of Care Togethi{&oH, 2009)
discussed different options for future financingsotial care, comparing scenarios where
some long-term care is fully funded by the governnwvath options considering different
levels of cost-sharing. Estimations in the GreepePdorecast that by 2026, the number
of people aged over 85 will have doubled while nenber of people aged over 100 will
have quadrupled. While currently there are arouwnn people under 65 for every person
aged over 65, by 2029 this number is expecteddocesto three. So far, a big impact on
social care spending has already occurred, assiintaeased by 46% between 2000/01
and 2007/08 (Audit Commission, 2010).

Some major issues about the current English syaesd to be addressed: means
testing, charging fees, concentration on the mestrided users and post-code lottery
problems. At least the first three issues listedldde addressed if an improvement in
efficiency is attained, as such a change wouldwatiouncils to assist more individuals in
need. Further, it is important to address the igsgumeeting unmet need, particularly in
those older people who live alone. In this respactpng British older people who live
alone, between 16% and 37% (depending on the tiypapairment considered) receive
care from an outside source (Walker et al., 200@mbers that are more than double that
for individuals who do not live alone (6% to 15%n improved efficiency in provision
could help reducing the problem of unmet needsjtasould make available new
financial resources for the services: there is @we that currently 85% of the older
people do not use council care services (Audit Casion, 2010).

Where an aging population is creating an increagechand for social care
services and central government is seeking a rextuict expenditure, the dilemma for a
local authority can be thought of as a minimizatmoblem, since the more efficient
authorities will be able to spend less, controllingthe amount of services supplied and
for the local factor prices. While most models ¢das efficiency in social care at the
provider level, we find that the same question barposed at the commissioner level,
given demand and supply factors. Demand mainly ni#gpen local long-term care needs
and on economic deprivation levels, while supplypetels on the local social care
market, in terms of factor prices and in termsmivlers.

54 http://www.dh.gov.uk/en/SocialCare/SocialcareneiiPersonalisation/Directpayments/DH_080273



3.3 Methods

In this section we present a review of the exislitegature on social care cost and
production relatiors and discuss the econometric approach adopteceidetielopment
of our analysis.

From the pioneering study of Hughes (1988), whopselb a cost stochastic
frontier approach for the estimation of cost e#fitty scores of residential child care in
England, many attempts, using different technighase been made in order to evaluate
cost and production relations in social cakeong the more recent works in the field,
Farsi and Filippini (2004) estimated cost efficigrfor nursing homes in Switzerland,
while Laine and colleagues (2005) computed prosgacéfficiency levels for hospitals
and residential houses in Finland. Similar analy$esusing in general on nursing or
residential homes, are those from Kooreman (1984)ippini (2001), Nyman and
Bricker (1989), Vitaliano and Toren (1994) and @tivet al. (2002). All of these papers
analyze provider level data, while there are feaeamples in the literature analyzing
efficiency levels of local authorities. In generthle latter approach is adopted depending
on the specific national framework. Some examples available in Denmark and
Norway, where the provision of social care is respaility of the municipalities.
Hougaard and colleagues (2004) and Borge and HaiklI@009) estimated DEA (Data
Envelopment Analysis) efficiency scores for thealogovernment levels. In England,
Jimenez and colleagues (2003), using a non-pare@migtalmquist Index approach,
evaluated productivity changes among 39 Englismcitaiin the period between 1992
and 1995. Bebbington and Kelly (1995) in a previousrk analyzed variations in
services unit costs and volumes by local authority.

In our analysis we choose to adopt a cost stochastitier approach in order to
determine the cost-efficiency scores of the loaaharities using data on their actual
expenditure levels, conditioning on the servicepptied and input prices. Stochastic
frontier models have been introduced in separat&svioy Aigner, Lovell, and Schmidt
(1977) and Meuser and Van den Broeck (197lhe model assumes a cost or a
production function where the total error componénk is split in two parts: one
corresponding to the inefficiency; and the other corresponding to the idiosyncratic
error (). The two error components follow different distriions: inefficiency is
positively skewed (e.g. distributed as a half-ndroraas a truncated normal), while the
measurement error is normally distributed. The pads are distributed independently of
each other and of the regressors.

The basic assumptions for a (cross-sectional) oaxdel, under a half-normal
model distribution hypothesis for the inefficienigym, are synthesized by the following
equations:

(1) C, =C(y,. W, z; B exple)

55 For a theoretical and practical review of isswdeted to social care production see for instatapp
(1984).



(2) & =u; +v,
3) u ~N*(0,0?)
4) v, ~N(0,0?)

Costs ) are a function of the quantity of outpyf) (and of the input pricesv).

A vector of control variables] can be added, in order to capture heterogenetiyden
the units observéll Stochastic frontiers represent the major pardmapproach to the
inefficiency estimation problem. In literature, a® illustrated, similar problems have
also been faced with non-parametric frameworksh siscDEA. The advantage of using a
parametric framework is that it takes into accotim@ existence of random deviations
from the frontier while DEA, leaving out any stéittel assumption about the residual,
computes any deviation as a part of the inefficgeridon-parametric methods on the
other hand have the advantage of not imposing astyikditional assumption a-priori.
Both methods present advantages and drawbacks: eseledto adopt a parametric
approach also in order to have a superior levehfafrmation from the cost function
specification.

The model (1-4) can be further extended by relaxthg assumption of
homoskedasticity over the variances of the two remomponents. In fact, such an
assumption might not be correct when a set of bgereous units is being analyzed. The
consequences of ignoring heteroskedasticity, whén actually present in the data, are
particularly serious in the stochastic frontier . While in the linear regression
model, ignoring heteroskedasticity leads to a nifickent but still unbiased and
consistent estimation, in stochastic frontiersaih @ffect the parameters of the model as
well as the inefficiency estimates, especially imse the term affected by
heteroskedasticity is (Kumbhakar and Lovell, 2000).

Adopting the definition included in Wang (2002), vexlopt a CFCFGH
specification which allows the parameterizationttté variance terms of both the error
components:

(5) o, =exgt, &)
6) 0,; = expw{)

Within this framework, through the use of the vestp andw;, it is possible to
specify one or more variables which have an impmactthe variance. Typically the
magnitude of the variance is thought to be coreelatith size-related characteristics of
the observations. The hypotheses made on varigreifisation are empirically testable,
as well as the distributional assumptions.

Finally, we want to remark that three major dravksaaffect in particular cross-
sectional stochastic frontier models: estimatiortsongly rely on distributional

56 In this framework, economic inefficiency can be due either to technical or to allocativefficiency
reasons. Those two components can be only separsiteglinformation on input quantities.

57 The model CFCFGH assumes heteroskedasticityptinds the error components, combining the papers
of Caudill and Ford (1993), Caudill, Ford and Grepfl995), and Hadri (1999).



assumptions on each error component, cost ingfigienight be correlated with the
regressors and that technical and cost efficienagnot be consistently estimated,
because the variance of the conditional mean orendogs not go to zero as the sample
size increases. In order to control if our crossieaal estimates are biased for some of
these issues, we perform random effect and trugeraneffect estimations, although
excluding hypotheses on heteroskedasticity.

3.4 Data sources

All of our data derive from publicly available scas and cover local authorities
in the period included between 2002 and 2007. Dwetheir widely recognised
uncharacteristic nature, City of London and IslésScilly were dropped out from the
dataset, which then includes 148 units and 888reasens, making the panel balanced.
In order to perform a cost analysis, we collectefdrimation about gross expenditure,
quantity of outputs, price of the inputs (includedhe form of proxy information) plus a
vector of control variables.

Expenditure information is collected by the Depaminof Health, which provides
detailed data about Personal Social Services éostzeople aged 65 and over. Outputs
from social care consist of heterogeneous serviedsch include very different
typologies, for quality and for production charausics. Following the data made
available by the NHS Information Cemtewe have at our disposal yearly information
regarding the number of weeks of residential anging care and the number of home-
help hours which have been provided in any loc#ih@nty to older people. For other
community care services, the best approximatiorereff by official sources is the
number of accesses in a single day of the year dlyathe 3% of March). For those
services, no annual quantification is availablewweer, considering that social care
services are provided to individuals on a dailyibdmdividuals in need may require
assistance even on Bank Holidays), we approximaéd tannual score by simply
multiplying the daily information by 365.

We make the assumption that the main input faaisexl to produce social care
are the social workforcd ) and the building stockH). We lack the ideal information,
represented by registered providers’ balance sheetsder to estimate input prices. The
difficulty in obtaining the data from local authtieis or from providers sources constrain
us to adopt a second-best strategy, selectingdsiedvailable proxy measures in order to
provide a geographically variable measure of inpides.

Regarding social workforce salaries, some inforamais included in two surveys,
the Labour Force Survey (LFS) and the Survey o$&taal Incomes (SPI). Those surveys
however give this information aggregated only giaeal leve?® and the relatively small

58 Data are for older people services are pub#ighilable at the URL: http://www.ic.nhs.uk/statistiand-
data-collections/social-care/older-people.
59 In England there are 9 regions, which is a samathunt with respect to the 150 councils providingial



number of observations does not guarantee consesémations of the workforce salary
by region. For this reason, we adopt a differerdtsgy deciding to use a more general
but largely available source of information suchths median salary of the female
employees, as the major part of the social car&feare is composed of women. This
information, included in the ASHE (Annu&urvey of Hours and Earningd)as the
advantage of being able to capture local authdlitierentials in salaries and, until a
better indicator is made available, to represerdudable approximation under the
assumption that the salaries of the social worldenove together in space and time with
the salaries whole set of employees.

A similar problem exists for the rental cost ofldings, which are not obtainable
from official sources. In England various sourcébause price evaluations are available,
for example Hometrack, Nationwide Building Socidtialifax and related data are also
produced by a public agency such as the Land RggBespite the abundance in house
price indicators, less information is availablermuse rental costs. We are aware that the
inclusion of house prices as a proxy fBpy, other than being incorrect from a
methodological point of view, would introduce asia the estimates as house prices and
rental costs do not move together. Our stratedy fgstly estimate a price-rent indicator
by region, using the data included in the SurveyEnflish Housing (SEHY, which
provides information on the level of rents in theenregions in England. The price-rent
indicator is obtained by combining the Land Regi¢touse-price regional averages (at
the numerator) and the SEH values (at the denoorinah formula:

houseprice,
houserent;

where the subscrigt represents the nine English regions and the year of
observation. The following step is to obtain a loaathority variable measure of house

rental costs by dividing the Land Registry coumtibrmation for the index estimated in
(7), which in formula is:

(7) price-rent, =

housepricg;

(8) houserentalcost, =—
price- rent,

where the subscrigtindicates the 148 English local authorities inelddn the

final sample.

Some caveats exists regarding the use of this pane limitation is that the house price
value is related only to the houses which have lsedth on the market. However, this
problem represents a general issue for house-priieators, which are all computed on
such a selected sample. The price-rent indicatii has been estimated on our data,
shows an average of 30.3 (cfr. Table 2) which afgpéa be coherent with what is
available from some commercial sourfesAccording to the descriptive statistics
included in Table 1, the estimated rental cost ofiding is smaller than expected,

services.

60 http://www.communities.gov.uk/housing/housingash/housingsurveys/surveyofenglishhousing/
61 An extract from the Global Property Guide repan average of 28 for London as it is shown at
http://www.globalpropertyguide.com/Europe/Unitedafdom/price-rent-ratio.



probably due to the underlying house size compmsitiowever, as median standardized
values are used in the cost function, differencesizes are not relevant for the final
parameter estimation.

In order to be able to differentiate the units ba basis of the characteristics of
their social care provider market, we use Care Qu&ommission data about the
number and the typology of the registered sociak garoviders operating in the
authoritie§* Data are provided on a yearly basis and repostiindtion over the typology
and the ownership of the provider and, in casg # care home, the number of registered
places available.

Demographic statistics and deprivation figures saglthe standardized mortality
ratio (SMR) are provided by ONS (Office for Natibrfatatistics). The standardized
mortality ratio is a health-risk measure which &ided as the ratio of actual deaths)
over the expected number of deaths, standardizethe@rpopulation age structure. In
formula, according to the ONS methodology is:

(9) SMR ~1000 Pt

K
z P xM

k=1

where B, and M, are the population number and the age-specifithdexte

respectively both associated with tkeh group, in the-th authority. The denominator
represents then an estimation of the expected nuofbdeaths. TheK age groups are
defined as follows: 0-4, 5-14, 15-24, ... , 65-74 arfl over.

Descriptive statistics by year of all of the vatesb utilized in the model
specification are included in Table 1 and Tabl&2the panel is balanced, the number of
observations for all of the variable correspondht® full sample. In Table 1 we include
the variables related to expenditure, output qtiestand estimated input prices, while in
Table 2 we include the other sources of informatiocluding the ad-hoc variables
inserted in the cost function.

From Table 1 we can observe that average grossnditpee for social care
services, in real terms, has increased until 200, a small decrease in the last year of
the panel. Wages show an increasing trend whilepoaxy for average house rental cost
decreases slightly until 2004 and then starts ¢oemse, following the peaks of the real
estate bubble. Output level patterns respond toréfi@ms implemented by Central
Government: we observe a decreasing trend in timebau of residential and nursing
care-weeks provided, with a corresponding incredseme-help hours, a clear signal of
a substitution phenomenon. The other communityisesy which in this table appear in
their estimated annual value, show different pastel~or instance, the use of Direct
Payments is increasing steeply, in line with cdrgovernment policy guidelines, which
stated the strategic need for an increase in take rates. Also, other typologies of
services like the provision of equipment and adapta and professional support are

62 The more recent set of data is available at
http://www.cqc.org.uk/guidanceforprofessionals/ataare/careproviders/statisticsonregisteredprosidér
m



increasing their numbers, while day-care accesseésreals-on-wheels see a reduction in
their public supply.

According to Table 2, total population and its sldemponent are increasing (values
reported represent averages for the local authbsyitiln particular, the number of

individuals aged 85 and over are growing at a greadte, in keeping with the overall

aging population story. The standardized mortal#ifo remainins fairly constant, not

showing any clear trend. The descriptive statistifsregistered providers show a

reduction in the number of residential and nurdnegnes. This phenomenon of “care-
home closure” is a consequence of the competetisekeh mechanisms which are

operating in long-term services (see also Netteal.at2005). On the other side, the
presence of home care and nursing agencies is mggowccordingly to the increasing

importance placed on community care support. Imseof the ownership of registered

providers, we observe that while the numbers oflipudnd of voluntary providers are

quite stable throughout the sample, the numberivltely owned registered providers is
increasing.

3.5 Model specification

Local authorities’ efficiency estimation is modelléhrough the use of a multi-
output translog cost functiommplicitly including the hypothesis of cost mininaitzon.
Such an assumption may not be appropriate in tée:ceven if local authorities face
political and financial incentives from central gomment to reduce their expenditure
levels, their behaviour cannot be explained by anmletely unconstrained cost-
minimization strategy. In fact, the public naturketbe services and also the role of
regulation in the quality standards and in the labnarkets may affect the optimization
process: for this reason we interpret our modehenframework of the behavioural cost
functions (B6s, 1986).

It must be noted that council LAs' expenditures mat correspond to the
production costs but to the amount that they rersdto providers, the actual producers
of the services. Local authority social care mamagem to reduce expenditure levels
conditioned on the output but have no direct cdntneer the providers’ production
process, tending to select the cheapest suppliessraices ceteris paribusthrough the
tendering process. Given that within every locathatty there will be different
proportions of public, private and voluntary prosig, the level and the type of inner
competition is likely to differ, influencing the exage expenditure for the services. For
these reasons we include in the model variablesrdaty the ownership proportions of
the providers, distinguished by the type of servaféered. Naturally, non-public
providers will tend to be located in areas wheeedbmand for services is higher, while
public providers will tend to cover such market gjap

As previously introduced, we adopt a translogarithepecification since we are
analyzing a set of units which are providing a glity of outputs. In fact a Cobb-Douglas
cost function, rather than being a less flexiblprapch, “cannot accommodate multiple



outputs without violating the requisite curvaturegerties in outputs space” (Kumbhakar
and Lovell, 2000) and for this reason has not lwegrsidered.

The dependent variable is represented by the gsqssnditure for social services related
for older people @), where the adjective gross refers to the fact si@h expenditure
also includes the contribution charged to usergoAsible alternative measure would
have been the use of the net expenditure, whicluées charges. However, a model
using net expenditure would answer to a slightffedent research question and further,
the use of this variable in an inefficiency studguld seriously bias the results as the
ability to pay charging fees by the resident popaoie differs by authority and it is
difficult to control.

The first of our outputs is the number of weekspdiga to older people in a
residential or a nursing care homg)( This variable represents a more precise
approximation of output information required thasimple count of care home residents,
as individuals have different lengths-of-stay ine tisheltered homes. Further, it
corresponds to the weekly counterpart of the residledays. Note also that residential
and nursing care are aggregated: even if a disgggoa of the two components would
have been more appropriate, as nursing servicesnare complex and costly than
general care, such disaggregation is not suppbstede currently available data.

The second output is the number of home-help h@uj)sprovided to older
residents. This variable is important from a polg®rspective, as a comparative analysis
can add information about the current trade-ofexpenditure between home-help and
residential and nursing care.

The third output contains the number of all accedse“other community care
services” Ys), i.e. day-care, meals on wheels, short-term bredk®ct payments,
professional support, equipment and adaptations‘@hers®>. The main drawback in
aggregating heterogeneous outputs is that thepsalén a single variable of different
services in terms of typology and in terms of gyatnight lead to a non-precise final
output measure. The issue of output (or input) @gagion is well-known in the literature
and typically occurs in frameworks where multi-auttproducers (possibly using a multi-
input production process) are being analy?etlowever, a certain degree of output
aggregation is necessary in order to contain theben of covariates in the empirical
model, also considering that some of the servicesegmt very small numbers in certain
authorities.

Social care services are labour-intensive outpudiscare does not require the use
of complex medical technologies or drugs. In thianfework we are assuming two
production factors for social care services: th®ola workforce and the housing stock.
The labour factor is the entire social workforbatf according to the definition of the
Department of Health, is composed of those “who kwior public services that are
provided, directly or commissioned, by local colm¢o discharge their personal social

63 This taxonomy, including the residual “othertegory, blindly follows the labels included in tRAP
(Referrals, Assessments and Packages) data, deditahe NHS Information Centre database at
http://www.ic.nhs.uk.

64 To use a related example, hospital cost-prooluditerature supplies a wide number of analysesra/ia
plurality of services (e.g. the number of dischargader different DRG types) is aggregated into
aggregated variables. For a theoretical approattetproblem see also Brown et al. (1979) and Hall
(1973).



services (PSS) responsibiliti€3” In the housing stock, we include all buildingsdan
houses in which social care services are providedh®re related administrative tasks
are performed. While all social services can beegaly defined as labour-intensfie
some of them make a relatively greater use of heta. In particular, this is the case of
residential and nursing care, as this form of caeguires institutionalization.
Furthermore, some types of community-care such sssstance in day-care centres
require a certain amount of house stock.

The complexity of social care services is in gehstandardized within a service
typology for any specific level of needs (criticaljbstantial, moderate or low). In fact,
the services provided as social care do not requadical treatments, but are a simple
help to perform some daily tasks. However, paréicdbcal authorities where a higher
fraction of individuals in need is resident willetually be forced to concentrate their
activity on a very impaired fraction of older peeppresenting multiple limitations in
terms of PADLs or IADLs. These particular situasatan be the source of an increase in
the unit costs of the services provided. For teason we need to include in the model an
indicator for the “population complexity”. For exaia, local authorities with a higher
presence of older residents are more likely to faudtiple needs. However, when
including in the model as a covariate the ratioolafer residents (people aged 85 and
over) we did not find a significant effect. The sea is to be found in the fact that
councils mostly support the poorest older individudor this reason, we created an
interaction between the rate of people older tham®d the local standardized mortality
ratio (SMR. The standardized mortality ratio represents ge-sitandardized indicator
which is able to capture economic deprivation, dase the assumption that the
component of mortality not dependent on age is Ipamelated to low income.
Distinguishing the “population complexity” variabfeom a simple older person rate is
crucial also considering that some of the authesiin England are characterized by a
higher fraction of wealthy older people, which mdwvkere in the retirement age, biasing
the original age distribution of the areas.

While we are controlling for population complexitye are not including in the
model a pure-quality indicator. Surveys regardimg gatisfaction of the clients have been
performed over the years in a non-continuous wayheyCSCI (Commission for Social
Care Inspectiofi} in the PAF (Performance Assessment Framework)itgjfeamework.
The lack of continuity does not make these dataalimy for our analyses.

A more continuous quality indicator, collected aryearly basis, is named CPA
index (Comprehensive Performance Assessment).desure is based on a “star-rating”
appraisal, from zero to four stars, which is proipoal to the quality of their services
(Audit Commission, 2006). The CPA quality index t&en recently used as a dependent
variable in literature for the evaluation of thedb government performances (Revelli,
2010). After the inclusion of this variable in tmeodel as a covariate, we found
empirically that it does not have a significant anpon the expenditure and consequently

65 No differentiation criteria is provided upon tleeel of experience or of the tasks performedis t
definition.

66 The other factors which are involved in soce&l&es production are vehicles, equipments and
adaptations. We do not include their prices inrttoelel as they contribute to a marginal part ofdbsts.
67 A discussion regarding the quality issue andesofrthe related available indicators in Englishge
term care can be found in Clarkson and Challis §200



decided not to include it in the model. One probleould be that CPA does not by
construction have a great enough variation by aitfhoas it composed of only five
categories. However, the same results apply whenndas for the single-rating star
categories are adopted. In this regard, in thdteesection we will try to analyze, through
some descriptive analysis, why the variable seenhe tunrelated to costs.

In order to control, at the authority level, for the ownership distribution thfe
registered care-suppliers, we include in the madiéferent variables regarding the
proportions of privateRR) and voluntary YR) providers supplying residential care and
for the proportions of privatePG) and voluntary YGC) providers operating in
community care. Such proportions are simply defiasdhe care suppliers’ numbers for
each specific ownership type as a fraction of th&ltnumber and captures effects
deriving from the presence intensity of non-publippliers in each authority. We expect
that the greater the non-public presence, the bitjue competitive effects will be. As
reference categories (omitted in the model spetiba) we consider the proportions of
public providers. Further, since we want to segathe “typology of care” effect from
ownership, we also include in the model the praporof providers community-care
oriented COMM).

The estimated model is specified as follows:

(10)
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where the subscriptrepresents the council.

As we are dealing with a set of heterogeneous dlsyunee also control for
variance heteroskedasticity, according to the madgdlained in the methodological
section. In both the vectotsandw,, from the equations (5) and (6) we include a ng|

size variable which is the local authority popudati

We impose linear homogeneity in input prices divgdC; andP_; by the house
stock price Py;. Further, before the log-transformation of the elogariables, we
standardized all the costs, output and input pvizeables by their median. Monetary
values have been deflated using the index provigettie NHS Information Centf&.

68 See for example the Personal  Social Cervices ofRep at the URL
http://www.ic.nhs.uk/webfiles/publications/PSSEXD87Personal%20Social%20Services%20Expenditure
%20and%20Units%20Cost%2C%20England%202007-08_%.1.pd



3.6 Results

In this section we present the results of our masktimations. Main estimates are
performed through STATR software and are based on a pooled cross-sectioaj}sis.
Standard errors are estimated using a robust \iatustered by council. A cross-
sectional study is preferable to a panel regresssomost of the variation in the costs and
output variables has been found to occur mostlyeen the units rather than within
them, and also due to the fact that our data ageeggted. We will also compare our
cross-sectional results with a random effects (&) a true random effects (TRE) model
(Greene, 2005) in order to assess the stabilipuokestimates.

The SFMODEL command allows us to make assumptiboatahe mean and the
variance of the inefficiency term, giving us thepopunity to test different model
specifications. In our context we parameterize drdieroskedasticity, testing empirically
the assumptions through a LR t€5teteroskedasticity of both error components is
modelled over the population resident in the authdn logarithmic values) and over a
constant term. On this respect, we are following tieneral design that assumes
heteroskedasticity as a function of size variabdegsording to the results of the LR tests
included in Table 6, homoskedasticity of both th®recomponents is rejected in all the
combinations tested.

In Table 3 we show coefficients and the relatedhifitances obtained from the
cost model while in Table 4 we present the variaiet&ted coefficients and the ancillary
parameters for the stochastic frontier. Theoretomadstraints of price homogeneity and
symmetry over the parameters have been imposedosd, pwhile homotheticity and
concavity are checked after the estimation. Wetlyiraotice that, despite theoretical
requirements need a translog functional form taged in a multiple output context, just
a few of the second order and interaction parametarong are significant. However,
given the theoretical requirements and the magxilfility allowed by a translog, we do
not consider the use of a Cobb-Doudfas.

The principal parameters of the cost model behawsistently with expectations
in that costs are positively related with inputcps and outputs. Labour input has a major
impact on expenditure as the first order paramistezstimated at 0.768 and is highly
significant. All of the outputs show positive arttbagly significant coefficients and their
size is in accordance with policy experience. Intipalar, residential and nursing care
represents the more costly form of care as it iegpdi more intense using of the housing
factor. Coherently, the related parameter is fggér than those of the other two outputs.
Home help and the other forms of community cardckwviare more cost-saving forms of
assistance, have a smaller effect on the expeerditiexpected.

69 In order to perform our estimates it has bed tise SFMODEL Stata® command by Wang (2002)

70 At this stage of the work, only half-normal distited inefficiency term has been included in the
estimates due to a difficult convergence for tra@danormal based models.

71 Decisions on the tests are made on the bagi®6% confidence level.

72 Just for the sake of curiosity we performed até® over the Cobb-Douglas specification which ldou
be rejected with a 95%, but not with a 99% confaelevel.



Due to the presence of interactions and squaredtsfffirst-order parameters are
not interpretable directly as elasticities. Estioad of cost-output elasticities are
included in Table 5, as well as their standardrsfroomputed using the delta method.
Residential and nursing care cost elasticity iuado6.5 times bigger than home-help
elasticity (0.749 vs. 0.115). This means that Z@atiage increase in the current provision
of residential and nursing care would have the semnpact on expenditure as increasing
the quantity of home-help provided by the 6.5%.Sacgap is even bigger when we
consider the trade-off between residential andratbexmunity care, as the ratio between
the two parameters is around 15 (0.749 vs. 0.05%4 p consequence, home-help services
have an impact on the expenditure which is douidé of other types of community care
(0.115 vs. 0.051). Such a hierarchy representdeaanet finding for the English policy
maker when redefining the characteristics of loggatcare supply.

After the estimation of the three cost-output etitsts, we are able to compute
the returns to scale parameter according to tHewolg formula which considers the
multi-output framework:

(11) RTS= 7/(%‘ 9InC j

molny,

where the subscriph represents an indicator for tMedifferent outputs included
in the model. Our estimate of returns to scale.@®,1significantly different from the
threshold value of 1 at 95% level. This resultsvehthat local authorities are providing
services under the optimum. This is not surprigiagublic agents in a regulated context
are not expected to optimize the scale of provisias happens with private firms.
Further, the existence of unexplored scale ecomomi@lso coherent with the existing
constraints in the expenditure levels, which carmeteasily increased in order to get
scale optimality.

Our “population complexity” indicator, which is theteraction between the rate
of people older than 85 years and the local staliwladt mortality ratio affects
expenditure with a positive sign as expected, busignificant only at the 10% level.
Nevertheless, such an indicator should at leastiaigr control for the average
complexity of the services provided.

As regards providers’ market indicators, we havideawe suggesting that higher
proportions of private and voluntary providers @ierg in residential and nursing care
are able to curb social care spending. The relptgdmeters are significant at the 95%
and 99% level of confidence respectively. Givent ttieese proportion variables have
different means, we also computed elasticity valuesorder to have comparable
parameters. The expenditure elasticity value far fhivate residential providers is
estimated to be -0.23, while the same effect fduvary providers is -0.12. From these
numbers we can conclude that the private providesduce a saving effect in a measure
which is nearly double that of voluntary ones. Galasticities of private and voluntary
providers operating in community care are -0.09 #n@dl respectively, but only the first
of those is significant, at the 10% level. Competitendering promoted by the presence
of external providers seems to have a milder efbecthe provision of community care
than those existing for residential and nursing car



The existence of a time-trend in the cost framewsrksually interpreted as an
indicator of a Hicks-neutral technological change.our model all the time-dummies
have a positive effect, except for 2003. No magahhological changes have affected the
sector, apart from the innovation of telecarehich is a recent development and in the
period of analysis was adopted only in a small nemad authorities. In a similar context,
more changes occurred in the production and org#aiz of providers, as several
mergers and closures occurred. Two arguments cange from this natural selection
process: either such evolution of the market hdsaed unit costs, since bigger providers
were more able to optimize their production proess®r it has contributed to their
increase, giving them greater contractual powee @it costs of services are estimated
by the NHS by dividing the amount of related expremnd by the quantity of services
provided. In Figure 1 we plot the deflated trendlsh@se estimates for residential care
and home care. We observe that the unit cost elsaential care week has increased
constantly, with the exception of a fall in 2008.dart this phenomenon could have been
driven by a tendency of local authorities to previesidential care to the more complex
cases. The unit cost of one hour of home-help hstead increased until 2005, at which
point it started to fall steeply. According to tjuent analysis of the time dummies and
the descriptive evidence, there seems to be alpre&of factors with increasing costs.
Is difficult however to ascertain which part of timerease is due to the increase of some
providers’ market power and which part is due ®iticreased complexity of assistance.
Further, unit costs might have been enhanced by wegulations for social care workers
(Machin, S. and Wilson, J. 2004).

An alternative explanation for the behaviour of thee-dummies is that it is a
consequence of a change in the quality of serviésle the CPA index presents a too
small intra-unit variation when analyzed at thealoguthority level, the observation of its
trend in a descriptive analysis could provide makiable evidence. Plotting the average
trend of the “star-rating” CPA quality index, askigure 2, we observe a steady increase
in the average number of stars attained by the alzurWhile this could be easily
interpreted as a signal of a steady quality ina@ease also found that the CPA index
plotted has a surprisingly high correlation (0.98th a simple time-trend. This result is
quite suspicious and could induce us to think that CPA quality indicator presents a
certain “political bias”. Whether or not this isetltase, any evidence obtained through
this variable should be interpreted cautiously.

In table 4 we observe that the council populasiae has a positive impact on the
inefficiency heteroskedasticity and a negative iotpan the heteroskedasticity of the
idiosyncratic component. In fact, as has been showhVang (2002), the variables
included in the inefficiency variance specificatigive a positive contribution to the
inefficiency mean marginal effect. We could themdade that bigger authorities (in
terms of population size) are more likely to beffioent. This conclusion is somehow
expected, as the greater the population to asHist, more serious the resource
optimization problem would be.

After commenting on the coefficients of the costd®lp we focus our attention on

the inefficiency score estimates, which have bemoutated asineff = E(expu,)|&;)

73 Telecare can be defined as “the use of infornaind communications technology (ICT) to support
care in the wider community” (Barlow et al., 2005),



according to the Battese and Coelli (1988) formatat The y parameter, which
represents the fraction of the total error variarmee to inefficiency, results are
significant but lower than expected, with a valii®@7. There are two possible reasons
for such a small value: either differences in iéhcy among councils exist but policy
instruments are able to compress their amounts @ more pessimistic view, the model
is not able to capture the entire inefficiency comgnt. In order to verify the validity of
cross sectional estimates, we also performed tferent panel estimates, with the
random effects and with the true random effectgifipation. These models however do
not take into account the heteroskedasticity probleesults published in Table 7 show
that cross sectional results are substantiallysblibere are not big changes in the main
parameters, apart fromg coefficient, which is lowered to 0.51. We testhd stability

of our cross sectional inefficiency score by udimg Spearman's rank correlation in order
to verify the correspondence with the two panealdokinefficiency scores: the resulting
value was 0.79 with the random effects and 0.6% wie true random effects estimate.
Comparative descriptive statistics with the crasstisnal inefficiency score are available
in Table 9.

The inefficiency trend curve (cfr. Table 8 and Fg®B) shows a slight negative
slope: while in the first year the expenditure a@ion from the frontier has been on
average 8%, in the last year of the panel it hanbeduced to 7.5%. However, since
confidence intervals on the trend are not narrosugh for supporting an inefficiency
reduction story, we must conclude that no significehanges in inefficiency have
occurred. The inefficiency distribution presentedrigure 4, averaged by council, shows
that most of the authorities are included in arfficiency range between 1 and 1.10,
meaning that the distortion in expenditure is comd to 10%. Fewer authorities appear
in the range 1.10-1.20 while only a small numbecades are included between 1.20 and
1.35. These numbers provide a realistic estimatbeopotential saving impact occurring
whether the commissioning process would be furthgimised, once the sources of
inefficiency are identified.

In order to assess the stability of the results andhe same time to provide
evidence about the mobility of authorities in terofsinefficiency rank, we provide in
Table 10 information about variation in the quatihembership for authorities between
the first and the last year of the panel. At fgkince, what looks most impressive is the
stickiness of the last quintile: 62% of the authes which were found in the last quintile
at the beginning remain in that same part of thefficiency distribution. In the other
quintiles the persistence rate is more limited:perticular, the first and the fourth
quintiles show persistency rates of the 40% or ghehile in the second and in the third
quintiles more movement is observed.

In Table 11 we present regional descriptive siaisbf the inefficiency results.
On average, the worst performances are found irEdst, where the mean inefficiency
score reaches 1.132. On the other side, North-B@sins to include more virtuous
authorities as its mean inefficiency is contained 1L056. The general ranking is
confirmed when looking at the median inefficiencishowing that these results are
robust to outliers.

In Table 12 we show returns to scale and cost-augfasticities displayed by
region. The estimated returns to scale are high&tarth-Western councils (1.113) and
are lower in the Greater London (1.073). As regdhdsgeographical patterns of cost-



output elasticities, we observe that North-Westthashighest values for residential care
(0.786) and the lowest for home-help (0.070) argeiotommunity care (0.043). At the
other end of the scale, the cost elasticity for &dmlp and other community care are
highest in South-West (0.152 and 0.060 respeciivekhile the cost elasticity for

residential care is the lowest (0.708). As residér#nd community care services are
substitute services, is not surprising that théastecities show inverted patterns. The
interpretation of such variations is that wherestitities are found to be particularly high,
either an excessive amount of care is deliveratisproduced at particularly high costs.

3.7 Conclusions

This paper proposes an empirical model in ordezstimate inefficiency scores
for English local authorities in their provision lohg-term care provision. Available data
allowed for the analysis of 148 local authoriti@eypding social services for older people
in a period between 2002 and 2007, when diversigypoiputs might have influenced
inefficiency patterns.

Complications in efficiency studies for social cgmovision in England arise
because councils may choose to produce long-termices internally (in-house) or to
commissioning them to an external provider (coringeout). In this respect, we
approach the inefficiency estimation problem byingkinto account the role of private
and voluntary providers in the social care provisisarket, accounting for their diffusion
in the authorities. Empirically, the unavailabiliyf balance sheet data from care
providers forces us to adopt some second-besti@odutsuch as the use of proxy-
variables when determining the unit price of theduction factors.

Parameters estimated from the cost-function modentify the different impacts
that different types of care have on the total alocare expenditure. In particular, the
cost-output elasticity for residential care is fdun be around 7 times bigger than that of
home help and about 15 times bigger than thatebther types of community care. On
the basis of these elasticities, we are able ttuat@the existence of returns to scale in
councils’ activity. We found that local authoritiage providing services on average under
the optimal scale, as the return to scale paransefeund to be 1.09. This evidence is not
surprising, as in a regulated context where pugivices are being provided, the policy
maker does not follow optimal scale considerations.

The analysis of inefficiency trends in our spectfme-interval gives evidence of
a period characterized by important policy innowasi such as the endorsement of
community care services and the promotion of ca$bnds as a form of support. We
found a smooth decrease in inefficiency, as thatedl score decreased from 1.080 in
2002 to 1.076 in 2007. As confidence intervalstfog trend are wide, we conclude that
no significant changes in efficiency levels occdrre

Councils seem to benefit from a positive compatitedfect when the social care
provider market is more complex and includes a tgregroportion of private and



voluntary providers. In the residential and nursocage market, a greater proportion of
private structures present in the area is assadciatiéh cost saving effects which,

measured in terms of elasticity, are double the $i0.23) of those effects relating to
voluntary providers (-0.12). In the community cararket, such saving effects are milder
(-0.09 and -0.01) and less statistically significan

Some major issues exist for implementing a moreipeeefficiency estimation.
Apart from the unavailability of input prices, thbsence of precise indicators controlling
the quality levels may still be biasing the estiesatwhich can only control for the local
complexity of care. In this sense, some politiceElsbseems to be affecting the CPA
quality index. Irrespective of this issue, more gse and articulated indicators are
required in order to distinguish quality by sindige of service and by category of
service recipient.

Further studies could arise from this research: discussed the effect that
providers’ ownership has on expenditure levels.aGsimilar note, a topic not addressed
in this article is the investigation of the effedtsat concentrations of care provider
markets have on expenditure levels. When only dlsmaber of providers is present,
competitive tendering effects could be reducedutiifired. Also, since providers’ activity
could be diffuse in the neighbouring authoritigswould be interesting to investigate
whether geographical patterns exist with the usspafial econometric techniques.

As a final remark we want to underline that theneation of inefficiency scores
leaves out any consideration about the level ofipiron. Some authorities could be very
efficient in the care levels they provide, butlstihmet needs could be present. While
there is not necessarily a direct relation betweficiency in provision and the level in
which needs are met, a systematic improvementanethiciency could make room for
increasing the number of individuals that are sujgob
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Table 1
Descriptive Statistics (Part A)

Variable EXP W HRC RES HH DC M ST DP PS E&A O
2002 Mean 49954.5 13623.0 6227.5 78252.1 1046957.0] 296000.0 344264.5 | 56665.0 39114 215060.0f 336162.5] 179718.1
Std. Dev. 34726.3 3532.0 3537.0 60728.7 781839.4 313132.9 364719.0 104062.8 6916.4 400220.5 | 429625.7 | 286957.1
2003 Mean 50832.5 14478.7 6167.3 79944.2 1091815.0f 280556.8 301472.7 | 63343.6 7985.6 271653.7| 370980.6f 170551.2
Std. Dev. 36523.8 3617.8 3325.6 61943.1 866488.0 299345.6 323047.4 115106.0 13943.4 685291.0 | 404784.3 | 265422.8
2004 Mean 53731.6 14104.3 5957.8 77545.4 1154557.0f 238950.0 270916.9 | 77900.0 15371.9 | 233875.0] 386944.7| 157337.2
Std. Dev. 38916.6 3498.8 2868.9 59948.7 936364.6 203405.1 305973.1 145970.9 19669.4 346831.2 | 507789.5 | 243087.3
2005 Mean 55788.2 14316.2 6012.5 75996.4 1231404.0f 237600.0 246966.0 | 75733.8 24908.8 | 269550.0| 428624.2| 118097.2
Std. Dev. 40516.9 34514 2937.2 58905.0 1027486.0 207054.3 286267.2 109098.2 31128.1 397012.9 | 538599.3 | 230247.2
2006 Mean 56025.5 14571.5 6156.2 73657.8 1287432.0] 222575.0 212112.2 | 66737.5 33861.2 | 319715.0| 439978.9] 114454.6
Std. Dev. 40006.9 3422.3 3144.8 57075.9 1058735.0 192358.4 235456.1 121383.8 38702.6 511771.8 | 492095.9 | 236726.2
2007 Mean 55006.3 14636.9 6323.3 66411.1 1339767.0] 211800.0 188106.6 | 37502.5 51889.2 | 326145.0| 506888.2] 129121.2
Std. Dev. 39165.8 34755 3315.3 52779.2 1182624.0 178499.9 216901.5 64403.6 70821.6 476828.6 | 530881.0 | 246109.8
Total Mean 53556.4 14288.4 6140.8 75297.6 1191989.0] 247988.0 260686.1 | 62980.8 22988.0 | 272664.1| 411550.5] 144879.9
Std. Dev. 38328.4 3507.4 3190.0 58641.8 987114.6 239720.1 296989.8 113157.6 40149.6 484662.4 | 488185.1 | 252745.4

Legend: EXP = Gross Expenditure (in thousand £), W = Wage€), HRC = House Renting Cost (in £), RES = Gdoene Weeks, HH = Home-help Hours, DC = Day-Caree&ses, M = Meals On
Wheels, ST = Short-Term Breaks, DP = Direct PaysdP$=Professional Support, E&A= Equipment and fatagms, O= Other Services.




Table2
Descriptive Statistics (Part B)

Variable P-R POP POP85 SMR RH NH HCA NA AP PUB PRI VOL
2002 Mean 24.4 335.4 6.5 100.4 159.3 16.4 0.8 3.0 0.0 2.9 107.3 26.9
Std. Dev. 2.9 251.0 5.7 10.9 154.6 16.2 5.1 4.0 0.0 5.9 110.4 24.2

2003 Mean 271.7 336.8 6.3 102.2 150.6 14.9 12.7 6.3 0.0 125 111.3 26.6
Std. Dev. 3.1 252.5 5.6 10.7 143.8 14.8 15.1 6.0 0.0 12.7 1114 23.7

2004 Mean 31.3 338.4 6.4 101.7 135.2 13.6 27.6 6.2 0.3 15.6 119.3 21.7
Std. Dev. 2.4 253.8 5.6 1.7 1314 13.6 24.1 5.8 0.5 14.3 115.9 24.5

2005 Mean 32.2 340.7 6.7 101.6 131.3 13.4 31.2 5.8 0.8 16.4 120.6 27.4
Std. Dev. 1.7 255.5 6.0 115 129.2 13.2 26.3 5.2 0.6 14.9 116.3 24.0

2006 Mean 32.9 342.9 7.1 101.7 129.9 13.5 31.8 5.2 0.9 15.5 120.9 26.4
Std. Dev. 1.9 258.4 6.4 12.4 128.8 13.3 26.0 4.6 0.7 14.0 116.3 23.5

2007 Mean 33.5 345.2 7.4 101.7 127.9 13.7 32.8 4.8 0.9 14.5 122.3 25.7
Std. Dev. 2.3 266.4 6.8 12.2 127.7 13.4 26.8 44 0.6 133 117.8 23.0

Total Mean 30.3 339.9 6.7 101.6 139.0 14.3 22.8 5.2 0.5 12.9 116.9 26.8
Std. Dev. 4.1 255.6 6.0 11.6 136.4 14.1 25.1 5.2 0.7 13.6 1145 23.8

Legend: P-R = Price-Rent Ratio, POP = Total Populatiortt{susands), POP85 = Population aged 85 and avéndusands), SMR = Standardized Mortality Ratid=RResidential Homes, NH =
Nursing Homes, HCA = Home-Care Agencies, NA = Nugshgencies, AP = Adult Placement Schemes, PUBbti®8ector Providers, PRI = Private Sector Prasgd@OL = Third Sector Providers



Table 3

Cost-frontier Estimates

Parameter Coefficient SE
B 0.768" 0.033
a, 0.754%* 0.043
a, 0.108*** 0.034
as 0.051%* 0.015
Vi 0.116 0.091
Yo -0.179* 0.080
Ya -0.013 0.060
a, 0.089 0.067
U2 0.008 0.027
Qi3 -0.027 0.030
B 0.015 0.197
a, -0.088 0.087
03 -0.063 0.063
S 0.013 0.011

5COMPL 0.044* 0.026
Opr -0.320% 0.148
Opc -0.114* 0.068
O -0.564%+ 0.159
e -0.124 0.136

6COMM -0.172 0.117

Year 2003 -0.069%* 0.021
Year 2004 0.036 0.028
Year 2005 0.074** 0.029
Year 2006 0.071** 0.030
Year 2007 0.121%* 0.031
Constant 0.253 0.160
N 888
Log-likelihood 508.91




Table 4

Variance effects and ancillary parameters

| Coefficient

Variable SE
Variance of u
Population (in logs) 0.998** 0.453
Constant -10.492*** 3.188
Variance of v
Population (in logs) -1.108*** 0.200
Constant 1.949* 1.029
Ancillary Parameters
y 0.373%** 0.005
2
0.026*** 0.01
Table 5
Cost-Output Elasticity Estimates and Returns to Sda
Parameter Estimate SE Lower C.I. Upper C.I.
gC,yl 0.749%** 0.062 0.628 0.870
Ecy2 0.115 0.053 0.011 0.218
€cys 0.051* 0.027 -0.002 0.104
RTS 1.094** 0.048 1.001 1.187
Table 6
LR test on the Model Specification
Null hypothesis Log-L A p-value AlC BIC d.o.f. Decision | Convergence
Ho:u=0 508.91 - - -957.81 -814.14 1 Chosen Yes
Hy:¢={=u=0 460.49 96.84 0.000 -864.97 8 2 Rejectel Yes
Hy:¢=u=0 501.49 14.84 0.000 -944.97 9 1 Rejectel Yes
Ho:{=1=0 461.42 94.97 0.000 -864.83 5 1 Rejectefd Yes




Figure 1
Unit Costs Trends
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Table 7
RE and TRE Panel Estimates

Parameter RE TRE
B 0.517%+ 0.513%
a, 0.698%+ 0.747%
a, 0.136** 0.153**
as 0.030%** 0.035%*
Vi 0.092* -0.024
Yo -0.119** -0.093**
Va 0.036 0.053*
a, -0.067* -0.088***
Q23 0.006 0.000
Qi3 -0.020 -0.020
B 0.321%%+ 0.095
an 0.122*% 0.016
pY 0.066* 0.038
O3 0.000 -0.005
6COMPL 0.037 0.053**
Opr -0.023 -0.006
Opc -0.074* -0.042
Or -0.422%%* -0.461%%
A -0.094 -0.141*
5COMM -0.090 -0.118*
Year 2003 -0.041%+ -0.040%
Year 2004 0.047*++ 0.053%*
Year 2005 0.084*+ 0.089%**
Year 2006 0.078%+ 0.081%+*
Year 2007 0.111%% 0.116%*
Constant 0.517*** -0.236**
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Table 8
Descriptive Statistics for Inefficiency by Year
Year Mean Std. Deviation Median Min Max
2002 1.080 0.058 1.062 1.020 1.445
2003 1.080 0.051 1.061 1.024 1.351
2004 1.079 0.050 1.062 1.024 1.302
2005 1.076 0.044 1.062 1.025 1.367
2006 1.077 0.045 1.064 1.024 1.335
2007 1.076 0.041 1.062 1.024 1.283
Total 1.078 0.048 1.062 1.020 1.445
Table 9
Inefficiency Scores Descriptive Statistics from thélternative Models
Model Mean Std. Deviation Median Min Max
Cross Sectional 1.078 0.048 1.062 1.020 1.445
Random Effects 2.675 0.461 2.666 1.000 3.878
True Random Effects 1.279 0.180 1.260 1.010 1.823
Table 10
Transition matrix: Quintiles of Cost Inefficiency from 2002 to 2007
Inefficiency Quintile Year 2007
Inefficiency Quintile Year 2002 1 2 3 4 5 1
1 13 7 6 3 1 30
43.33 23.33 20.00 10.00 3.33 100
2 10 11 6 1 2 30
33.33 36.67 20.00 3.33 6.67 100
3 3 8 7 9 2 29
10.34 27.59 24.14 31.03 6.90 100
4 3 2 7 12 6 30
10.00 6.67 23.33 40.00 20.00 100
5 1 2 3 5 18 29
3.45 6.90 10.34 17.24 62.07 100
Total 30 30 29 30 29 148
20.27 20.27 19.59 20.27 19.59 100




Table 11

Inefficiency Descriptive Statistics by Region

Region Mean Std. Dev. Median Min Max N
East 1.132 0.102 1.090 1.041 1.445 60
East Midlands 1.079 0.058 1.061 1.020 1.275 54
London 1.066 0.030 1.061 1.027 1.346 192
North East 1.056 0.014 1.054 1.035 1.101 72
North West 1.066 0.032 1.057 1.031 1.193 132
South East 1.073 0.041 1.060 1.021 1.302 114
South West 1.081 0.038 1.065 1.038 1.199 90
West Midlands 1.098 0.052 1.085 1.041 1.311 84
Yorkshire 1.082 0.037 1.074 1.033 1.260 90
Total 1.078 0.048 1.062 1.020 1.445 888

Table 12
Elasticity Estimates and Returns to Scale by Region
Region Cexn Ecy2 Ecys RTS
East 0.752*** 0.123** 0.044** 1.088*
East Midlands 0.747*** 0.109** 0.052** 1.101*
London 0.746*** 0.134** 0.052* 1.073
North East 0.752%** 0.096** 0.053** 1.109**
North West 0.786*** 0.070 0.043 1.113*
South East 0.732%** 0.141** 0.052* 1.082
South West 0.708*** 0.152*** 0.060** 1.086**
West Midlands 0.759*** 0.096** 0.050** 1.105**
Yorkshire 0.749*** 0.096** 0.055** 1.111*
Total 0.749*** 0.115** 0.051* 1.094**
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