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1. Introduction

Most developed countries have faced increasingiheate expenditures over the last
30 years. In the UK and US medical expenditurerisas by 4% and 5.5% annually
over the last few decades outstripping average anmational income growth (2.3%

and 3% respectively). Technological change has mbsriified as one of the leading

factors driving this growth in medical expendit{véeisbrod, 1991; Newhouse, 1992)
and this has generated a growing interest in utatedsg the diffusion process of

new technologies in the health care sector.

Technological change in the health care market theepast decades has been rapid,
broadening the capacity of patient treatment. Oaeaifestation of this technological
change is the number of drugs, surgical procedares medical devises that are
introduced every year in the global health careketar However, the introduction of
such innovations does not necessarily lead tontet@ous widespread diffusion and
there is usually a lapse between an innovatiomtr®duced and its widespread use.
Many examples exist for instance of positive resglained from clinical trials not

having immediate effect on practice (Cutler and ktoan, 2003).

Against a rising interest in health technology asoatributory factor driving health
care expenditure and in the process of diffusisalfitthis paper focuses on the up-
take of new prescription drugs within the UK NaabiHealth Service (NHS) with
two specific aims: First, the role of consumptiottegnalities on the demand of new
pharmaceuticals is analysed from a micro levelgesatve. Specifically the question
of how prescription rates are influenced by thevl@f information is assessed, as is
the relationship between a physician’s experiemzethe gain of information on the
new product. Secondly, there is a set of regulagdeynents that shape the practice
environment. Hence, not only is a doctors’ presmipbehaviour influenced by the
information they receive but also by the set ofutatpry factors that provide
additional incentives for a faster or lower uptakée. Consequently, we study the
diffusion of prescription drugs by focusing on twets of factors: the factors that
provide information to the doctor on the attributégshe drug and the environmental
elements that condition prescription behaviour dratspecific to the UK health care

system.



Demand for pharmaceuticals has been studied ifiténature analysing factors such
as the decision of generic versus trade-name poéscor (Hellersterein, 1998), the
presence of doctor habit persistence (Johannesgbhumdin, 2001) or the existence
of moral hazard in the prescription of drugs (Lumd000). However, there is a lack
of evidence on the demand for new prescription slargd how they diffuse over time.
The existing literature on diffusion in pharmaceatimarkets analyses the process
using aggregated variables (Berndt et al., 2008 dim of this paper is to provide

evidence on the determinants of diffusion of neugdrat the micro level.

As an example of prescription drug diffusion, theger studies the case of statins, a
type of cholesterol-lowering drugs. Treatment cdithelisease has changed drastically
over the past 30 years. A wide range of new treatsnand forms of care for heart
disease has been introduced, making this a prie@ far the analysis of diffusion
generally. Amongst these new treatments statinsofugarticular importance. The
introduction of the first statin in the late 80sdamarly 90s offered new possibilities
for the treatment of cholesterol and had a revohary impact on the treatment of
coronary heart disease (CHD). Sales of statinsléduturing the period 1991 to 1993
and prescription volume increased on average by 40fiually. Patients with
cholesterol are at risk of developing atherosciersascular disease. Its main
manifestation is CHD followed by cerebrovasculasedise (CVD) and periphereal
vascular disease. Randomised controlled trials Isévesvn the efficacy of statins in
lowering cholesterol in primary and secondary pntie® and they have also been
shown to be cost-effective (NICE, 2006). We usesgniption data from IMS Health
to analyse the uptake of statins in the UK NHS priyncare sector over the period
1991-2004.

The paper is organised as follows. Section 2 pes/ia description of the diffusion
process with the aim of identifying the mechanisnvidg the demand for new
pharmaceuticals. Section 3 describes the markestitins in the UK. Section 4
describes the data used in the empirical analggistion 5 presents the model and the

econometric methods. Section 6 presents the resudtshe final section concludes.



2. What happens when a new drug enters the market? Determinants of the

diffusion process.

Prior to entry into the market prescription drugs/é been subject to a process of
research and development in the pharmaceuticabrsaste consider this phase as
exogenous. The focus here is on the uptake of @mpésa drugs in the health care
market, from an early stage during which there iiflel known about the
characteristics of the drug and its performanca mon-trial environment to a phase in

which the demand is well established and part afroon practice.

In general, the uptake of new medical technologgesharacterised by uncertainty.
Usually this uncertainty has been linked to thdyestiage of adoption; however, this
uncertainty may extend beyond initial adoption. Neshnologies are likely to suffer
changes along their paths of diffusion. Incrememntgbrovements will arise as a
consequence of using these technologies in pracité the degree of uncertainty
will gradually decrease as users become more familith the technology. Hence,
the process of diffusion should be considered adyrsamic process of learning
characterised by informational flows that give sdte information needed to convert

availability into widespread adoption of the newgir

There are different mechanisms in which such in&dromal flows can operate. In
economics, network externalities arise when theafisegood provides more value to
the consumer the more consumers use the same keghndn the contrary,
consumption externalities in the health care masketassumed to arise in terms of
information (Berndt et al., 2003). Thus, the firsiechanism is the information
provided by consumption externalities arising frdme demand of the new drug. Its
diffusion over time will generate a stock of infation that will be updated regularly.
This information is available at the market leveldacomes as a signal of the
acceptation of the entire market. The more the dmugprescribed the more
information about the drugs functioning and effestiess. The aggregation of the
individual experience will convey information thiglu consumption externalities.
Here we refer to the doctor as the consumer angivesshat the doctor acts as an
agent for the patient. Whether the patient actuadlysumes the prescription drug, is
compliant with the prescription advice, goes beytrscope of the analysis and we

treat this as exogenous.



The second mechanism through which informationaimey is through the doctor’s
own experience. Drugs are experience goods: tlieevadd will provide the consumer
information about the quality and only through rafeel prescription doctors will have
a better understanding of the drug’s attributese dibctor will learn about the safety
and efficacy of the drug through its own prescmp@xperience and the follow up of
the patient. It is a process of “learning by présog’. Furthermore, a doctor’s
clinical experience will be secured the more thegspribe the drug. Because of the
heterogeneity of patients, drugs generally andnstapecifically will have different

effects on patients and this will broaden the legyprocess.

The experience obtained at both levels, by doctows prescribing experience and
from the aggregated information available in therkeg will reduce the degree of
uncertainty. The more advanced the diffusion stdge lower the uncertainty.

Moreover, this uncertainty may also be reducedniiormal professional meetings
happening regularly in the doctor’'s environmente Bveryday interaction with peers
is likely to be characterised by discussions th#timcrease their information. Hence,
physician’s professional networks may also be a ké&ment influencing the

valuation of the new drug.

Information gained through the publication of atili trials will also aid this process.
Evidence regarding the efficacy and safety avadlabl randomised trials will help
physicians to determine the cases for which theqgoigtion of statins is appropriate.
This evidence will facilitate the process of tramsfing the information available into
clinical practice. The publication of the result®m randomised-controlled trials
provides evidence on the effect of using statingoweer cholesterol and reduce the
incidence of coronary heart disease. National $erkFrameworks in the area of heart
disease and the assessment of statins by regulataligs such as NICE have also

influenced diffusion rates.

During the process of gaining information aboutdhgg, there are a number of other
factors that may also affect the diffusion pattddoctors are part of a wider health
care system, which through regulation provides ntiges for a better use of the

limited resources. Hence, the incentives providetvidually to practices are likely



to determine the uptake of pharmaceuticals. Foraitg, financial incentives or
treatment guidance provided by the main regulatghtrinfluence the prescription of

newly available drugs and shape the demand fanstat

In this paper we integrate informational and orgational factors on the demand for
new prescription drugs. Some recent studies haweliest the diffusion of
pharmaceuticals focusing on the role of consumpegaternalities, looking at the
effect of the past sales on the market shares\aahiey the manufacturer (Berndt et
al, 2003). In such studies consumption externaliiee analysed from an aggregated
perspective. Consumption experience has also besysad together with observable
product characteristics (Currie and Park, 2002). \W@mbine consumption
externalities with the influence of experience goods a mean of obtaining
information and undertake analysis of the diffusmmocess at the micro level. The

analysis also incorporates the influence of orgdiusal factors.

3. Market for Statinsin the UK

Statins are a class of drug within the lipid-lowmeridrugs. They are indicated for

patients with cholesterol. High levels of cholestemay cause atherosclerosis
vascular disease. Statins have been proven toeeaduatherosclerotic cardiovascular
disease events, and total mortality. They are recended both as medical
management for the prevention of cardiovasculan&svand as treatment for patients

with history of cardiovascular disease.

Coronary and cerebrovascular events are two afigeases that account for the main
burden of mortality and disability in the UK andethaccount for almost £5 billion in
annual direct health care costs and cause 11%santh19% in England and Wales,
respectively (National Audit Office, 2005). Ischaemheart disease and
cerebrovascular disease are the first two leadauges of death not only in the UK

but also worlwide.

During the early 80s fibrates were among the mostroon lipid-lowering drugs used
to treat hiperlipidaemia. They were effective inntolling triglyceryds and HDL
cholesterol. The introduction of the statins in thee 80s offered the possibility of
treating patients with cholesterol with a drug Mygleffective in reducing LDL



cholesterol and total levels of cholesterol. Statipened up a new line of treatment
for cholesterol and showed to be more effectiven tbther subcategories of serum
lipid reducers in lowering LDL-cholesterol but lesffective than the fibrates in
reducing triglycerides. There has been a growtthénlipid lowering drugs category
driven mainly by an increace in the utilisation sthtins rather than a shift in the
pattern of prescription from fibrates and otherdifpwring drugs to statins (Dickson
and Jacobzone, 2003).

The evidence regarding statins is incontrovertileeir effectiveness in reducing
total and LDL-cholesterol have been extensivelywshan the literature. Several
clinical trials showed a positive effect of statindowering the onset of patients with
high risk of coronary events and stroke in primamgvention. Moreover, in secondary
prevention statins demonstrated to reduce cerebcolar disease and cardiovascular
events in patients in secondary prevention. Alsdyas been shown that statins are
cost-effective in lowering cholesterol. Overallatats are well tolerated with no
differences in safety (Maron et al., 2000; Palnexrl ¢ 2003; NICE, 2006).

Figure 1. Persons prescribed drugs per 1000
patients: Statins and other lipid-lowering drugs

30 -
25
20
15 A
10 A
5+ =
0 ‘ ‘ ‘ ‘ ‘
1993 1994 1995 1996 1997 1998 1999

Year

Age-standardised
rate

—— Statins —— Other lipid-lowering drugs

Source: Office for National Statistics. England &\dles
Note: Age standardised rate. 1994-1998

Figure 1 shows the trend in the rate of prescniptbstatins as compared to the rest
of lipid lowering drugs in England and Wales. Ithcade seen that while the
prescription of other lipid regulating drugs renemnfairly stable over the period
1994-1998, the prescription of statins increasatbat five-fold. These differences in

trends are explained by the differences in thébaties between statins and the rest of



drugs in the serum lipid reducer category. Withis tcateogry, fibrates are primarily
aimed for the treatment of triglycerides and ite bss been stable over the years.
When comparing statins with the rest of lipid loimgr drugs, statins are highly
effective agents that have proved to give bettegulte in the treatment for
hypercholesterolaemia. Figure 2 shows the total bmrmof prescription statins
dispensed in the community in England from 19912@®4. There has been an
increase in utilisation of statins as shown by therease in the prescriptions
dispensed. Both figures present the same incregsitigrn in the demand for statins

over time.

Figure 2. Total Number of Prescriptions Dispensed in the Community
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The first statin was marketed in the UK in 1989.wdwer, data analysed for this
study reveals that two years after the introducfito the health care market, the
uptake of this particular prescription drug was ootnmon practice. The source of
data is IMS Health and provides all prescriptiohstatins collected from a panel of
over 130 practices within the primary care seatdhe UK for the period 1991-2004.
Figure 3 shows the number of prescriptions issueitheé GP practices in the sample.
There is a slow process of diffusion at the eathBge while the uptake rate is
accelerated over the later years. Similarly, thrada used for the analysis reproduce
the increase in statin use showed at the natienal bs seen in figures 1 and 2. There
is a shift to a faster diffusion in the years 198% 1996, which coincides with the
publication of the first studies providing evidenoe the effectiveness of statins in
lowering cholesterol (Shepherd et al., 1995; Satkd., 1996).



Figure 3. In sample prescriptions
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We analyse the diffusion of statins as a therapeciaiss and do not specify the
submolecule that was prescribed. All statins haenbshowed to reduce levels of
cholesterol and there are no differences in safsttween therh They were

introduced sequentially over the 90s and the l&gins rosuvastatin, was introduced
in 2003. Because they share the basic featurethanel are no significant differences,
we assume there are inter-molecular spill-overgeasimvastatin (the first statin in
the UK to be marketed) was introduced we would ekpbat the additional

information that doctors need to learn is negligilds compared to the bulk of
information that they need to learn for the firstt®. In any case, by the time a new
statin molecule is introduced, doctors may be stilder the process of gaining
knowledge on the efficacy and side effects of tiatirss already in the market. Thus,
it is a process where there the incorporation @ nelecules into the market takes

part into the existing learning process.

4. Data

We use data from IMS Health, a commercial compdrat produces reports and
collects data for the pharmaceutical sector. Tha dame from one of their databases
(IMS Disease Analyzer) that contain prescriptiotadeom a sample of 130 practices
throughout the UK covering three million patienBrescription data is collected

monthly at the practice level and it contains wgkbed information. Quality and

representativeness are checked on a regular bds§& Disease Analyzer tracks

! There is some limited evidence on differences dsagje. Certain brands market statins with high
dosage levels with this in mind; however there asenidence to assume that such a dosage effect is
specific to a particular molecule.



doctors, patients and therapies over time and ocenitaformation on practice-specific

characteristics, patient demographics and diagnastil therapy information.

Each observation recorded in the IMS Disease Aealig a patient visit. The data
analysed in this paper includes all visits in whtblere a statin was prescribed. A
longitudinal database on the uptake of statins easstructed for the period 1991-
2004. There is a short gap period between thedottion of the first statin and the
first year of data collection, however it is a reggble gap in data since the diffusion
was at its very early stageData in the sample indicates that even two yafies the
first statin was marketed, the demand for the nessgription drug was still at the
very early stage of adoption. Similarly, the naséibdata in the figures above also
show that in the early 90s the diffusion was aint®vative stage. It was a process in
which consumers were still in search of informateomd only few physicians were

prescribing the drug.

5. Empirical specification
5.1. The mode€

In this study, we study the role of information aexternalities together with the

effect of organisational factors on the demanddbarmaceuticals. We consider a
dynamic diffusion equation of the following form:

yit :alzyit—l +IBD(it +y|]jit +,7i +uit
where i andt index the practice where the prescriptions isedsand the year,
respectively. The dependent variabtg is the log of the per capita prescriptions in
practicei at yeart. x, is a vector of that contains the explanatory \deis andd,, is

a vector of demographic controls. The specificatso includes a practice-specific

effect 7, to capture unobserved elements affecting the dénm@npharmaceuticals

and that are specific to the practice.

The data used in the paper records each officé Mkied to the prescription of
statins. Due to the data collection method, ea@sqguiption event is attached to a

doctor’s identifier; however, these identifiers dot necessarily identify the doctor

2 |MS Disease Analyzer collection data started i81,9t was only two years after the introduction in
the UK market of the first statin, simvastain, amgear later than the second drug pravastatin was
marketed.
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that actually prescribes the statin and it is rassible to know exactly the number of
statins prescribed by each doctor in the praciliberefore, we cannot build a variable
with the number of prescription issued by each alort the practice. Instead, we do
know the practice where the prescription event tplakce and the number of doctors
in the practice. Hence, the dependent variabldefined as the total number of
prescriptions in the practice per year adjustedti®y number of doctors in the

practice. It is an average number of prescriptjmgrsphysician in each practice.

The lagged value of the dependent varialyle, captures the dynamics of the

experience gained by the previous year prescrigtiaifile. This intends to capture
the personal learning process from the repeatescipéion of the experience good.
The vector of independent variables includes twiteint sets of variables. In the
first place we use sales in the pharmaceuticalil retearket (wholesaler and
manufacturer distribution to retail pharmacy armspdnsing doctors) provided by IMS
Health. Sales are used as an indicator of the oopison externalities derived from
the use of the drug in the market. A generalised of the drug will provide

consumers with a signal on the efficacy and sidecef of the drug and this may

convey information to the individual consumer.

Clinical evidence is also introduced in the speatiion in order to capture the
information provided by randomised control trialstihe use of the statins in primary
and secondary prevention. There are three refergtndees published in the mid-90s
that are considered to give the first evidence haf éffectiveness of statins: the
Scandinavian Simvastatin Survival Study (4S) (Scandan Simvastatin Survival

Study Group, 1994), the West of Scotland Coronagvé&htion Study (WOSCOPS)
(Shepherd et al., 1995) and Cholesterol and RetuBEeents (CARE) (Sacks et al.,
1996). The clinical evidence variable indicates tke one, two or the three of these

studies had been published at a specific poiritrig®t

A second set of variables included in the analgajstures practice characteristics of
the practice. The first is whether the practicegai the fundholding scheme in 1991

® There have been many studies looking at the effestatins but rather than include them all, the
variable is defined as to include only the threesimportant since they provided the first evideate
the high effectiveness of statins in reducing céielel.
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(the year when the data started being collected)hé UK, between 1991 and 1999
practices could hold a budget for prescribing coktsvas shown that for the early
waves of fundholders’ there was a decrease in pb&sg growth rates. Practices that
were fundholders could provide different incentives the demand for statins,
especially during the early stage of the diffusibhe drawback of this variable is that
it only reveals which practices were fundholderstia beginning of the data
collection and this information was not update@dain. However, this captures the
effect of this scheme during the innovating stafjditusion. In 1999, all GPs were
required to join into Primary Care Groups (PCGs} this change we can be
considered to happen in a mature stage where fimamf of statins was better

known.

The second practice characteristic relates to velnetin not the practice is drug
dispenser. This variable captures the opportungiesn to the practice to generate
additional income. Consequently, this might provideentives to over prescribe. As
in the case of fundholding, the information in thigriable was recorded at the
beginning of the collection period and was not upddut we would not expect many
practices switching their dispensing status. Tis paactice characteristic variable
contains the number of doctors in the practices Mariable is again related to the
role of the information on the demand for presagpbdrugs. The number of doctors in
the practice may indicate the degree of interactiotinin the practice in sharing

knowledge and experience on the prescription adinstaThis variable can be thought
of as the location where the information at bote fersonal and market level

converge.

Finally, the specification also includes a vectbcantrols d,, for the health authority

where the practice is located. It contains the graage of the population over 65 as a
control for the population that present higher risk developing atherosclerosis

disease. It also includes the number of GPs iratha to control for any shock that

may alter the provision of primary health careha area.
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5.2. Panel data methods

In this section we discuss the estimation methaoh®imodel outlined above. We use
autoregressive distributed lag models to estimaie $pecification above. The
dynamic element is introduced here as a meastteedéarning experience gained by

past prescription experience. We consider the dyimdemand equation of the form:
Vi =0 By + BIK, +17; + U,

The model includes the lag of the dependent vagialold independent explanatory
variables. 77, denotes the unobservable cross-section specifectednd u,, is the
disturbance term. The individual effects and thstutbances are assumed to be
independently distributed and have the followingaure:

E[/7i]:O, E[uit]:o, E[uitni]:o fori=1..,N andt=2,...T
and under the assumption of lack of serial con@taamong the errors

E[uituis]:Ofor i=1...N ands#t

The OLS estimator ofa will be inconsistent because the lagged value hef t
dependent variable is correlated with the error poment and this will give an
upward biased estimator. By first-differencing #wuations, the unobserved effect is
eliminated. Applying OLS to the transformed equatigives the Within Group
estimator. However, the first difference will inthace correlation between the
transformed lagged dependent variable and the ftnaned error term and the

estimator will be downward biased (see Bond (2660an extended discussion).

The above assumptions on the error component inipéy following moment

restrictions:
E[yt_sAuit] =0 fort=2,....T ands=2

These conditions are exploited in the first-diffezed generalised method of moments
(GMM) developed in Arellano and Bond (1991). Theaetxform of the matrix of

instruments will depend on the assumptions on Kptaeatory variables, and the

elements of the error component. There will beedédht extra moment condition

depending on whetheg, is assumed to be endogenous, predetermined otlystri

exogenous.
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In addition to the moment conditions for the fiditferenced equations, there are
some extra conditions as possible instrumentdi®idvel equations.

E[u,Ay,,]=0 for t=3..T

Elu,Ax,,]=0 for t=3...T
This method was first proposed by Arellano and Bdi®©95) and further developed
by Blundell and Bond (1998). These conditions apto the level equations together
with the moment conditions for the first-differedcequations give the so-called
system GMM estimator. Monte Carlo simulations irurlell and Bond (1998)
suggest that this estimator is more robust thast-@iiffferenced estimators to the
presence of weak instruments when the series ghdyhpersistent. The estimator has
been found to have poor finite sample propertieerwthe lagged levels are weakly
correlated with the first differences. Using aduhtl assumptions available in the

system GMM can improve and have superior finite@arproperties.

6. Results

In this section, the results of the estimation presented. Before we explain the
results, note that some of the variables includetthé specification are time-constant
(fundholding, drug dispensing and the number oftalscin the practice) and hence
the first-difference GMM method will drop them. S& they are relevant to the
purpose of the analysis, they are included in tbdehas an interaction with time and

they will capture the effect of the variable togathvith the time trend.

Table 1 presents the results. The first columnheftable reports the coefficients of
the OLS. As expected the OLS estimate of the lagipgmbndent variable is upward
biased since it does not take into account theetairon between the lag and the error
term. The second column gives the Within Groupnesties. The first differences of
the Within Group introduce correlation between th#erence in the lag and the
difference in error. Both the OLS and Within Groegtimates are inconsistent in a

dynamic model.
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Table 1. Dynamic equations

DIFF-GMM SYS-GMM

oLS Within DIFF-GMM SYS-GMM  Endog Endog

Vit 0.7627545 0.5587928 0.5023637 0.5969222 0.6118121 0.5793095
(0.0115524) (0.0160953) (0.0500453) (0.0475306) (0.0396463) (0.0383766)

Sales 0.1766177 0.3929485 0.4338733 0.3886055 0.4096254 0.4199726

(0.020537) (0.0308209) (0.0770485) (0.0678745) (0.07987) (0.0556696)
Clinical Evidence ~ 0.0904274 0.1188414 0.1272584 0.105036 0.1275827 0.1033718
(0.0147602) (0.0145355) (0.0200862) (0.0183369) (0.0187964) (0.0183456)
Fundholding -0.0000106 -0.0056184 -0.0052298 -0.0000115 -0.0025853 -0.0000116
(0.0000097) (0.0049653) (0.0121866) (0.0000197) (0.0112544) (0.0000205)
Drug dispenser 2.62E-05 0.0062151 0.0179815 0.0000461 0.0161356 0.0000479
(0.0000121) (0.0061594) (0.0131412) (0.0000268) (0.0121915) (0.0000275)

# Doctors -9.75E-06  0.0010606 0.0020371 -0.0000156 0.0039964 -0.0000161
(0.00000228) (0.0010857) (0.0026824) (0.00000515) (0.0024452) (0.0000052)
GPs -0.0000232 0.0003613 0.0005161 -0.0000359 0.0007982 -0.0000369
(0.0000118) (0.0001098) (0.0001732) (0.0000241) (0.000174) (0.0000249)
Pop over 65 0.0025824 0.0067189 0.0494487 0.000186 -0.0238559 -0.0002671
(0.0060123) (0.033082) (0.0755573) (0.0121571) (0.0666267) (0.0127461)
ml -3.01 -3.59 -3.51 -3.49
m2 -1.89 -2.04 -2.12 -2
Hansen 0.398 0.317 0.999 1

Notes: Standard errors in parentheses
m1 and m2 are the first and secondraseeal correlation tests
P-value reported for the Hansen test
GMM results are one-step robust esemat

The third column reports the results for the o dirst-differenced GMM estimator.
The coefficient is positive and significant. Thigpports the hypothesis that the
personal learning process through the prescrigigrerience in the previous year is
an important factor of the demand for pharmacelstioa the current period. The
prescription pattern will be highly determined Hbye tprevious period prescription
profile. The Hansen test has a p-value that failseject the null hypothesis that the

instruments satisfy the orthogonality conditions.

In autoregressive-distributed lagged models, theetation between the lagged levels
and the first difference is weak when the paramef¢he lagged dependent variable
is close to one. Then, the series are highly gersi@nd the lags used as instruments
for the first-differences become weak instrumefitshle 2 presents the AR(1) model
estimates for the OLS, Within Groups and GMM estema In all cases, the
prescription series are highly persistent and thayt have an exact unit root. GMM

estimators have a similar coefficient and the défeed GMM estimator is not highly

15



biased. As Blundell and Bond (1998) show, in thespnce of high persistent series
there are additional moment conditions for the lleguations that will improve the

estimation.

Table 2. AR(1) specifications
OLS Within GMM- GMM-
Group DIFt-2 SYSt-2

Y1 0902 0894 0937 0944
(0.005) (0.006) (0.007) (0.007)

ml -7.78 -8.74 -2.89 -3.84
m2 -2.97 -3.37 -2.64 -3.03
Hansen 0.004 0.054

Notes: Standard errors in parenthesis
ml and m2 are the finsd second order serial correlation tests

The fourth column presents the estimates of theesy&MM. Again, the Hansen test
of overidentifying restrictions has a p-value tiats to reject the null hypothesis.
Hence the additional moments restrictions exploifed the equations in levels
improve the estimation of the coefficient. The prese of first-order autocorrelation
cannot be discarded; however we fail to rejectrihié hypothesis of no second-order
autocorrelation at the 1% level of significance. eTipresence of first-order
autocorrelation does not affect consistency of éetmates since this relies on the

lack of second-order autocorrelation.

The fifth and sixth columns report the first-diteiced and system GMM estimates
considering the variable sales as endogenous. 3$iargtion that sales are strictly
exogenous is relaxed and we assume that salest@mtiplly correlated with the error
term. Misspecification is tested and suggests daées are better modelled as
endogenous. Sales have the expected sign andtev@esfiect on the demand for new
drugs. The positive sign of the sales estimate aupphe fact that informational
externalities at the market level will have a pesitinfluence on the prescription as
doctors will have a signal of the efficacy of theugl Moreover, clinical evidence
published in scientific journals is also shown &vé a positive effect on demand and

proves to be a reliable source of information totdrs.
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The negative sign of the coefficient on the fundid variable shows a negative

impact of managing a budget in the prescriptionnefv drugs especially in the

innovative stage of the diffusion when the inforimatavailable is scarce. Drug

dispensing has a positive effect on demand, asdstiows that extra opportunities on

getting some extra income may enhance the preseripf new drugs. Finally, the

number of doctors in the practice has a negatige sh the number of prescriptions.

Note that there is a change in sign when we ussysiem GMM method to adjust for

the presence of persistent series. This could berpreted as the effect of the

interaction with peers having a weak effect ongrescription behaviour. While it can

be important at early stages of diffusion, the inigpace of the effect of the number of

doctors diminishes quickly over time and it reachies point where its effects is

negligible.
Table 2. Dynamic equations: current and past sales
OLS Within GMM DIFF GMM SYS
Yies 0.7747254 0.5734534 0.6350219 0.6125821
(0.0116467) (0.0165962) (0.040229) (0.0419914)
Sales t 0.6126373 0.6298853 0.6226948 0.6213811
(0.0809613) (0.0755669) (0.1143797) (0.1051929)
Sales (t-1) -0.4030472 -0.2492003 -0.3844925 -0.2201938
(0.0724366) (0.0726193) (0.1098637) (0.1002278)
Clinical Evidence 0.0292814 0.0831819 0.0640625 0.0684482
(0.0182934) (0.0178251) (0.0254436) (0.0248021)
Fundholding -0.0000109 -0.0045601 -0.0025678 -0.0000117
(0.00000961) (0.0049569) (0.0110476) (0.0000189)
Drug dispenser 0.0000249 0.0074463 0.0153948 0.000044
(0.000012) (0.0061475) (0.0121621) (0.0000252)
# Doctors -9.34E-06 0.001777 0.0036559 -0.0000149
(0.00000226) (0.0011017) (0.002397) (0.00000485)
GPs -0.0000206 0.0004386 0.0005943 -0.0000326
(0.0000117) (0.0001117) (0.000157) (0.000023)
Pop over 65 0.0026043 0.0052437 -0.0667666 0.0000262
(0.0059571) (0.0329649) (0.0667974) (0.0117946)
m1l -3.64 -3.64
m2 -1.49 -1.63
Hansen 0.9 1

Notes: Standard errors in parentheses

m1l and m2 are the first and secondraeeal correlation tests

P-value reported for the Hansen test

GMM results are one-step robust estimate
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We consider now the case of including the curremd past sales into the model
instead of considering the effects of consumptirtemmalities only captured by the
level of current sales. The inclusion of the pases would introduce a dynamic
element capturing the cumulative effect of the comgtion externalities as opposed
to the case of including only current sales thatuloprovide only the latest
information available. The specification now has tbllowing form:

Y, =ay,., + B[Bales +J[Bales_, +d [k, +n, +u,
where X, includes the rest of explanatory variables and agaphic controls. The

results are similar to those in Table 1. The thind fourth columns present the results
for the first-differenced and system GMM. It reirdes the key role of the
informational externalities through the informati@vailable in the market and
suggests that the accumulation of information frdme previous period have a
considerable impact on the demand for the new dngy the diffusion process.
Hence, both current and past sales help to shagsigdms’ perceptions of the

effectives of the new drug.

Table 3. Dynamic equations: GMM SYS

Yit-1 0.5789607 0.6121398
(0.0385072) (0.0421146)
Sales t 0.4210348 0.6210993
(0.0558497) (0.10515)
Sales (t-1) -0.218916
(0.1001814)
Clinical evidence 0.1032529 0.0685383
(0.0183663) (0.0248759)
# Doctors -0.0000166 -0.0000154
(0.00000537) (0.000005)
GPs -0.0000363 -0.0000322
(0.0000239) (0.0000221)
Pop over 65 -0.0040548 -0.0033839
(0.0126347) (0.0117314)
ml -3.49 -3.64
m2 -2 -1.63
Hansen 1 1

Notes: Standard erraol estimates
m1l and m2 are the first and sdaarder serial correlation tests
P-value reported for the Hantsst
GMM results are one-step rolassimates
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Table 3 presents the results for the dynamic deregndtion when the organisational
factors reflecting whether the practice is fundleoldr drug dispenser are not included
in the specification. The first column refers te thguation that accounts only for the
current sales and the second column presents siisdor the model that includes
current and past sales. In both cases the Hanseafteveridentifying restrictions has
a p-value that fails to reject the null hypothesishe validity of the orthogonality
conditions. We fail to reject the null hypothesfssecond-order autocorrelation at the
1% level of significance. The estimate for the kdglependent variable is again
showing the importance of the experience gaineddisated by the past prescription
behaviour. Consumption externalities are shown d@eeha positive impact on the
demand for new drugs and clinical evidence provalésrmal source of information
on which doctors rely. Results in table 3 thus ssgghat the demand for new
pharmaceuticals is mainly driven by informationattbrs at two levels: the first
coming from the consumption externalities deriveahf the market as a whole and

the second from the personal experience acquirgrhblyprescription.

7. Conclusions

This is one of the first studies to analyse diffusof prescription drugs at a micro
level. We use prescription data to analyse thekeptd new drugs within the UK

NHS primary care sector. The diffusion processiigerently dynamic: informational

flows provide the consumers with the evidence enetfiectiveness of the drug. Itis a
learning process where doctors receive informatiom different sources. We use
dynamic panel data methods to capture these elemére find that consumption

externalities and experience gained through presen are the main factors driving
the demand for drugs after they are first markaetedhe health care sector. In
addition, the evidence provided in scientific joalshnon the functioning of the drug
plays a role in the uptake and physicians use dllidence as a formal source of

information.
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