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1 Section 1 Introduction
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Abstract: In this paper some extensions of the latent cla€®) approach are applied to analyze the Italian
pharmaceutical market. This sector is characteriged high level of competitiveness, more limited@omic budgets
than years ago and, at the same time, expensige aatl promotion activities; in this context, itvexy important to
know the reference market, so to design appropniateeting strategies. The paper has two aimgd€itifying groups

of doctors homogeneous for attitude towards phaeoiézal representatives’ activities; (ii) verify igh aspects of the
promotional activity may be significant in orderitdluence prescription quantities.

Keywords: multilevel latent class modes, latent regressiodals, market segmentation

. Introduction

Since the early 1980s marketing analysts and shbkve applied latent structure and other
types of finite mixture models with increasing foeqcy. One variant of the finite mixture models,
the latent class (LC) model, has been perhaps st popular. Finite mixture models allow to
account for respondents’ heterogeneity (Dillon &nkar, 1994), therefore they are a promising
instrument especially for market segmentationslinot surprising then the growing number of
papers appearing in the marketing literature thapgse special variants of finite mixture models
applied to market analysis (see, among many otbesh, Schiffman & Berenson, 1975; DeSarbo
et al., 1992; Dillon & Mulani, 1989;Grover & Sriragan, 1987; Kamakura & Russel, 1989; Jain et
al., 1990).

Recently, latent class models have gained recagndf as a method of segmentation with
several advantages over traditional methods (Magids Vermunt 2002). LC cluster analysis is a
model-based clustering procedure, as such, itpohabilistic and more flexible alternative to K-
means clustering.

In this paper some extensions of the LC class agbr@re applied to analyse the Italian
pharmaceutical market, which is the fourth largesturope, behind Germany, France and UK. In
2004, there were 241 producers in Italy employiBgp30 workers (Espiscom, 2006); physicians
enrolled in the ltalian Physician Roll were 347.7%9nong these, almost 50.000 were general
practitioners (Mariani & Ventre, 2006). The pharmatical sector in Italy is characterised by a high
level of competitiveness, more limited economic detd than years ago and, at the same time,
expensive sales and promotion activities. In thistext, it is very important to understand which
factors influence doctors in prescribing medicirsgsto design appropriate marketing strategies.

There is recent international literature that tt@sinderstand determinants of doctors’, and
also patients’, demand for drugs; a study with rezfee to the Italian market can be found, for
example, in Coscelli (2000). Pharmaceutical indestrin general, aim at understanding what
doctors require from their products and their reprgatives so to direct investments in order to
acquire market share, possibly without wasting weses. Enterprise profits cannot be obtained
without considering customer satisfaction, in tlasec of the pharmaceutical sector, the primary
customer is the general practitioner prescribinglioiees.

The data at our disposal was collected in a sunreytalian general practitioners. Each
doctor was asked to express a judgment on varispscts regarding the promotional activity
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organised by the pharmaceutical industries he wasmntact with and to declare the percentage of
drugs, produced by each firm, he usually prescribes

We apply LC models for multilevel data (Vermunt,03) in order to identify segments in
the market. Traditional latent class models asstiratobservations are independent, in our case
this assumption is violated since doctors judgeentban one pharmaceutical industry; multilevel
LC models make it possible to modify this assumptio

A second aim of the paper is to verify which asp&dtthe firms’ promotional activity may
be determinant in influencing doctors’ prescripiohC regression models estimate a linear relation
between a dependent variable and a set of explgnatwiables accounting for the fact that
observations may arise from a number of unknowrerbgeneous groups in which regression
coefficients differ (Wedel & DeSarbo, 1994). LC regsion models can be viewed as random-
coefficients models that, similarly to multilevel dierarchical models, can take into account
dependencies between observations. This extendsppkcation of LC regression models to
situations with repeated measurements (Magidsoreint 2004).

The paper is organised as follows. Section 2 dessrihe dataset. In section 3 the Italian
pharmaceutical market is segmented applying muéiileC models. In section 4 the LC regression
model is used to identify factors influencing méaks’ prescriptions. Section 5 contains some brief
concluding remarks.

. The data

The data used in this paper was collected fromI&8@n general practitioners. On a seven-
point scale, doctors expressed how important tHlewog items were in inducing them to
prescribe a drug proposed by a pharmaceutical indud) attention of the industry for doctors’
updating (ATT), (2) frequency and regularity ofitssby pharmaceutical representatives (FRE), (3)
assistance on diagnostic and therapeutic probl&8S), (4) consideration for doctors’ experience
and suggestions (EXP), (5) quality of training dfapmaceutical representatives (QUA), (6)
information on industry activities (INF), and (7)ogal quality of information and promotion
activities (PRO). Few demographic characteristicdaztors were also collected: number of years
from university degree - as a proxy of age - arfeth® country in which working (North, Centre or
South of ltaly), dimension of the city in which @pgng (less or more than 400.000 inhabitants),
number of patients. Doctors were asked to judgl paarmaceutical industry they were in contact
with. Moreover, they were required to supply thecpatage of prescriptions, over their total
prescriptions of drugs, accorded usually to eaandjudged.

Overall, 68 industries have been rated receiviomff. up to 255 judgments from doctors ( a
total of 2537 judgments). This result describestequvell the Italian pharmaceutical market in
which a group of less than 20 big and well knowatustries operates together with a larger group of
smaller and “local” firms. Doctors differ in the miber of responses given, from 1 to 8, as well as in
the pharmaceutical industries judged.

Our analysis has two main goals.

1) Identifying groups of doctors homogeneous fotitute towards pharmaceutical
representatives’ activities. Specifically we want verify if importance assigned to the
various services offered by pharmaceutical indestviaries across practitioners in order to
possibly devise appropriate marketing strategieshe different segments. We also expect
groups to differ for doctors’ demographic charastess.

2) Verify which aspects of the promotional activityay be significant in order to influence
prescription quantities taking into account that tharket may be composed by segments of
doctors showing different attitudes towards medisibrands.
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3. Market segmentation

Segmentation methods can be classified-priori, when the type and number of segments
are determined in advanced by the researchemasteho¢ when the type and number of segments
are determined on the basis of results of datayseslA priori methods include loglinear models,
regression, logit and discriminant analysis. Am@ogt-hocmethods we can find clustering, AID,
mixture models. Clustering methods are the mosulaogdool for descriptive segmentation; for a
review, see, among many others, Arabie and Hulk®€4) and Punj and Stewart (1983).

Latent class (LC) analysis attempts to explaindbgerved association between the factors
that make up a multiway contingency table (Goodma#74) by introducing unobservable
underlying classes (clusters). Green et al. (19if6) suggested the application of latent class
analysis to market segmentation; other interestipglications may be found in Kamakura and
Mazzon (1991); Lehman et al. (1982); Paas et 804

The LC approach to clustering is model-based: theldmental assumption is that of local
independence, which states that objects in the dat@et class share a common joint probability
distribution among the observed variables (Vermwl8§7).

3.1. Multilevel LC models

In standard LC models it is assumed that the mpdedmeters are the same for all persons
(level-1 units). The basic idea of multilevel LC d&ts is that some of the model parameters are
allowed to differ across groups, clusters or Ialnits. Such differences can be modelled by
including group dummies in the model, as it is damanultiple-group LC analysis (Clogg &
Goodman, 1984), which amounts to using a fixedetdfepproach. Alternatively, in a random-
effects approach, the group specific coefficiemésassumed to come from a particular distribution,
whose parameters should be estimated. Dependimngnhetiner the form of the mixing distribution is
specified or not, either a parametric or non patameandom-effects approach is obtained.
Vermunt (2003) proposes a multilevel LC model as=iension of a random-coefficients logistic
regression model (Agresti et al., 2000) in whicé tlependent variable is not directly observed but
rather is a latent variable with several obserwelicators.
Let:

Y 1=1,...,1, j=1,...3, k=1,...K, denote the response of individual or level-1 uniithin group or
level-2 unitj on indicator or itenk;

S, S, =1...S , a particular level of iterk;

X; , a latent variable witfi classes;
t, a particular latent classs1,...,T;

Y, , the full vector of responses of case groupj;

S , a possible response pattern.
The probability structure defining a simple LC mbcin be expressed as follows:

POY, =9 = PO, =0P(Y, 251X, 20= S04 =0 POY, =5 1%, =0 (1)

As it is specified in equation (1), the probabilitiiobserving a particular response pattern is
a weighted average of class-specific probabilfy;, =s |X; =t wi}h weight the probability
that uniti in groupj belongs to latent class As the local independence assumption implies,
indicatorsY;, are assumed independent conditional on latens ohesnbership.
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A multilevel latent class model (Vermunt, 2003) sists of a mixture model equation for
level-1 units and level-2 units, where a group-lediscrete latent variable is introduced so that
parameters are allowed to differ across latenselasf groups:

m=1

P(Y; =9 = i|:P(Wj = m)r]l {i P(X; =t|W, = m)lfl PV =sc I X; = t)ﬂ (2)

where
W, denotes the latent variable at the group leveljragng valuen, with m=1,...,M

n; is the size of group

Equation (2) is obtained with the additional assuampthat then, members’ responses are

independent of one another conditional on grougsctaembership.

A natural extension of the multilevel LC model itwes including level-1 and level-2 covariates to
predict membership, as an extension of the LC med#i concomitant variables (Dayton &
McReady, 1988).

3.2. Analysis of the Italian pharmaceutical market

Multilevel LC models were estimated in order toritiy market segmentsOur level-1 units,
or situations, are judgments expressed by doctorth® seven aspects of the promotional activity
performed by pharmaceutical industries, our levahits, or cases, are doctors. We are interested in
defining clusters of doctors, called, from now dasees, on the basis of responses given with
regard to the various brands. In this respect wg sag that we are dealing with a three-way data
set since doctors provide multiple ratings for npldt objects (Vermunt, 2006).

Table 1. Model fit (BIC index) for alternative numbers @dfsses and clusters

BIC

57060.757

57068.596

57076.435

57084.273

57092.112

52821.245

52685.205

52690.608

52706.235

52721.893

51542.040

51391.486

51321.967

51324.478

51336.165

51125.633

50987.352

50901.910

50886.077

50901.638

Rlaldlw|NRO|S (N RO WN| RO W|N|—|H

R [RMARR Wl W W WRNNNNNR R R RRIZ

51053.695

! The software Latent Gold 4.0 was used (Vermunt &hdson, 2005).
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The model required for our scope is an adaptatichestandard multilevel LC model. The
basic assumption is that cases may be in a difféaant class depending on the situation or, more
specifically, cases are clustered with respedb¢oprrobability of being in a particular latent clas
a certain situation. The basic idea is to treatttitree ways as hierarchically nested levels and
assume that there is a mixture distribution at eddhe two higher levels; i.e., one at the cas# an
one at the case-in-situation level.

The LC multilevel model which revealed the bestdithe dataestimates 4 latent classes of
doctors and 4 classes of level-1 units (clustésBIC value is lower than the that of models with
alternative values of the number classes (M) amdnilimber of clusters (T), as it appears form
Table 1.

Table 2. Multilevel LC model — estimation results, standartbrs in parentheses

Size Cluster 1 Cluster 2 Cluster 3 Cluster 4

Size 0.3974(0.0174] 0.3392(0.0180).1526(0.0142) 0.1109(0.0111

Class 1 | 0.4567(0.0562)0.31078(0.0294) 0.5731(0.0325) 0.1044(0.0592) 0.0118(0.1077

Class 2 | 0.2519(0.0442)0.3032(0.0346)| 0.2146(0.0373p.0868(0.0414) 0.3954(0.0456

Class 3| 0.1826(0.0450)0.8232(0.0179)] 0.0751(0.018Dp.0825(0.0434) 0.0164(0.1171

Class 4 | 0.1089(0.0376)0.2646(0.0132)] 0.0890(0.0402).6200(0.0137) 0.0265(0.0246

Mean values
ATT 6.0508(0.0370)| 4.8734(0.05365.7374(0.0352) 3.5998(0.0945
FRE 6.3415(0.0318) 5.5552(0.0479.7926(0.0306) 4.5093(0.1034
ASS 5.5921(0.0421) 4.6082(0.05316.5131(0.0458) 3.1826(0.0965
EXP 5.2615(0.0514) 4.3842(0.06106.4113(0.0524) 2.5688(0.1028
QUA 6.2912(0.0322)] 5.7185(0.04205.8118(0.0273) 4.4104(0.0969
INF 4.6986(0.0623) 3.9943(0.071]7%.3291(0.0638) 2.1246(0.0980
PRO 6.1167(0.0334) 4.8740(0.0496).7726(0.0294) 3.3530(0.0861

Estimation results with the best fitting model aeparted in Table 2. Four clusters of
judgments of pharmaceutical representatives’ dgtiand four classes of doctors have been
identified. In the lower part of the table averggdgments on each aspects of the promotional
activity in the four clusters are reported. Thesmesaesults are used in Figure 1 to describe
clusters’ profiles in order to aid interpretati@iuster 3 contains the highest judgments (highan th
6.3), all aspects related to promotional activity eonsidered very important — differences among
aspects judged are negligible. Cluster 1 contaigh fevels of responses though aspects are
differentiated: frequency and regularity of visiggobal quality of promotional activity and quality
of training representatives are rated as very itapdr whereas information on industry’s activity is
considered non relevant at all. Cluster 4 contthedowest judgments (lower than 4.5), this means
that promotional activity is not considered impattan any of its features. Cluster 2, finally,
contains judgments which are in between the otheugs: some aspects such as frequency and
regularity of visits and quality of training of pimaaceutical representatives are rated as important
(average score higher than 5.5), the other aspeetsonsidered almost negligible.

The upper part of table 2 indicates that the fourtaslevel classes have quite different
distributions of judgments among clusters. Class dssociated with cluster 2, class 3 with cluster
1, class 4 with cluster 3; in class 2 we can fimdsamilar percentage of judgments assigned to
cluster 1 and cluster 2. Looking at these resultsnag try do describe doctors’ segments which is
the final scope of this analysis.

2We carried out the estimation procedure usingradiéferent sets of starting values in order toieMocal maxima.
Responses on items have been treated as measuaadatdinal scale.
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In class 4 (11%), doctors can be defined as loydldemanding at the same time; all items
are important for them in order to choose amongslrin class 3 (18%) we find loyal practitioners
who are very concerned about the frequency andlaeguof visits, the quality of training of
representatives, and the global quality of infoioratand promotion activities; information on
industry’s activity is valued irrelevant. Class4b%o0) contains practitioners who consider important
only frequency and regularity of visits and qualifiytraining for representatives, all other aspects
are non considered. Lastly, class 2 is a mixturdoaftors totally unconcerned with promotion and
information by industries, with a prevalence ofstigroup, and others practitioners only modestly
interested in some aspects.

Figure 1. Clusters’ profiles

8

/‘\\\//\\ /,.
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Indications emerging form analyses are importanipftarmaceutical industries in order to
design appropriate promotional activities for eaelgment. Industries can concentrate efforts on
features of their representatives’ activity consgdiesignificant in each group, not wasting resosirce
on other aspects that do not have an impact ommmess. The most interested segment, although
the smallest one, deserves certainly great attemyorepresentatives; on the other hand, industries
should meditate if it worth to continue visitingadors classified in class 2. A parsimonious strateg
towards the remaining doctors could be to keepueaqy and regularity of visits, emphasize
quality of training and do not waste resources thieioaspects of promotional activity.

Demographic characteristics of doctors have beseried in the model as covariates.
Unfortunately, they resulted non significant in ci@sing classes, which means that the groups are
not significantly different for what concerns dastoage, area of the country, dimensions of the
city where doctors work, average number of patieR&dation with demographic variables usually
facilitates segments identification; this is nog¢ ttase in our market, segments are defined only in
terms of attitude towards promotional and informatactivity.

On the other hand, our segments fulfil a numberthed usual criteria required for
effectiveness of market segmentation (Wedel & Kamak 2000). Segments are large in size
(substantiality); since we do not expect that dctihange frequently their opinions on promotion
activity by pharmaceutical industries, segmentsukhonot change dramatically over time
(stability). Segments can be easily reached bysgtighs (accessibility) and their characteristics
immediately suggest marketing strategies (actiditghi revealing which aspects of the
promotional activity are considered most importaptdoctors. For what concerns responsiveness,
in the next section, a method is proposed to etalvaich specific aspects of promotional activity
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may directly influence the quantity of prescribedditines.

. What influences prescriptions?

In order to verify if the various aspects of prormpal activity considered in our survey may
significantly influence prescriptions, latent classgression models have been estimated. The
dependent variable is the percentage of drugs peatllby a certain pharmaceutical industry
prescribed by the practitioners, predictors arejukdgments expressed by the doctors on the seven
aspects of the activity of pharmaceutical repredergs described in section 2.

In a LC regression model, the latent variable ipredictor that interacts with observed
predictors. The LC regression model provides sewvasaful functions. First, it can be used to
weaken standard regression assumptions about thee rid the effects and the error term. It makes
it possible to identify and corrects for sourcesinbbserved heterogeneity. It can be used to detect
outliers. An important application area for LC reggion modelling is clustering or segmentation
(Popper et al., 2004; Wedel & Kamakura, 2000).

The most general probability structure for a LC esgion takes on the following form:

K Ti
Fy 127,27 = 2 POXTZ)[] T I X 2™)  (3)
x=1 t=1

wherey, is the value of the dependent variable observeahin at occasior;
T. is a the number of replications for unit

1
Ccov

Zi
zP* is a vector of predictors;
Xis single nominal latent variable wikhcategories, or classes.

is a vector of covariates;

Table 3. LC regression model — estimation results.

Class 1 Class 2 Overall
Size 0,5532 0,4468
R? 0,0082 0,0114 0,1528
z-values z-values

I nter cept 0,1965 8,9577 0,2870 4,9765

Predictors

ATT 0,0006 0,1740 0,0093 1,0600
FRE 0,0076 2,2224 0,0016 0,1719
ASS -0,0059 -1,7539 -0,0098 -1,1719
ESP 0,0032 1,1385 -0,0014 -0,1711
QUA -0,0019 -0,5132 -0,0077 -0,7410
INF 0,0037 1,5619 0,0081 1,3485
PRO -0,0014 -0,3401 0,0128 1,2182

A two-class solution provided the best fit to thetaj with an unsatisfactory’Rf 0,1528
tough. Table 3 contains estimated parameters anddiresponding value of the z-statistic. As it
can be seen in the estimated regression modeldss &, which contains 55% of doctors, only the
intercept and importance assigned to the frequeanay regularity of visits are significant in
explaining percentage of prescription. In the regi@ model estimated for class 2 (45% of
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practitioners) only the intercept is statisticadlignificant, no aspects of the promotional activity
affect doctors’ prescribing behaviour. Doctors’ idweristics were inserted in the model as active
covariates but they resulted non significant.

This results is for sure interesting, tough not veogitive, for pharmaceutical industries. It
confirms the difficulties in identifying factors finencing doctors’ prescribing behaviour. This
result indicates that other factors than thoseesid® may be important in affecting prescription of
drugs; either other aspects of the promotionaligtior, hopefully, intrinsic characteristics dfet
products like quality or performance in curing ddsrs.

5. Conclusive remarks

The results presented above deserve some summadsingients into two directions:
regarding the evidences about the Italian pharnteatumarket that emerged and regarding the
models estimated.

From our analysis it emerges that the ltalian plaaentical market, at least looking at
general practitioners, is a segmented market. Fbstinct segments of doctors emerge with
different attitudes towards promotional activityjs reasonable for industries to contact these fou
groups with diversified and appropriate strategi@se group appears very interested in all aspects
considered, another group is composed by doctotsinterested at all, possibly disturbed by
promotional activity, other two groups are in betwewith doctors moderately interested and
concerned only with specific aspects of pharmacelitepresentatives work.

For what concerns prescription behaviour, two sedsé the market are identified. For
one group of doctors only the importance assigoefieiquency and regularity of the visits of the
pharmaceutical representatives is significant, anth a positive effects, in determining the
percentage of prescriptions of the various brafadghe other group none of the aspects considered
affects prescription behaviour. This topic desefeesure further attention and research.

From our analysis it emerges also that LC model$ their recent extensions deserve
attention form researchers involved in market asialyAt is has already been pointed out, the LC
approach may help in answering to many questionsnamketing analysis, with reference to
segmentation but not only.
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