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Abstract. Pharmaceutical manufacturers need deeper and deeper market information 
they can rely on to make the right decisions and to identify the most promising 
opportunities. They can receive great benefits from understanding physicians’ 
preferences and opinions, as these are the key people in prescribing medical 
treatments. Conjoint analysis represents a remarkable tool to explore physicians’ 
preference structure; among the various conjoint models, particularly interesting is the 
allocation-based model which is ideal to explore physicians' preferences in prescribing 
medical treatments. We present a new way to estimate individual level utilities in the 
allocation-based framework through a hierarchical Bayes model. A real world 
application exploring treatment preferences for End-Stage Renal Disease is presented. 
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1. INTRODUCTION 

Nowadays, pharmaceutical manufacturers need deeper and deeper market 
information they can rely on to make the right decisions and to identify the 
most promising opportunities. They can obtain great benefits from 
understanding physicians’ prescription preferences and opinions, as these are 
the key people in prescribing medical treatments. Consequently, conjoint 
analysis (CA) research projects might represent a remarkable tool for 
pharmaceutical companies during the development of new drugs as CA is 
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particularly suited to explore physicians’ preference structure and, if properly 
conducted, it can allow the estimation of product sales and market shares.  

CA is a multivariate statistical technique often used in surveys. Based on 
the joint effects of the elements that characterize a product or service on the 
respondent preferences, it allows eliciting the relative importance of such 
elements. CA can assess the relationships between the product attributes and 
the respondent preference structure by observing how different levels of one 
feature are traded-off against levels of another through a series of hypothetical 
choices involving a number of product profiles. Once these relationships have 
been estimated, an additive model is used to estimate the total preference for 
any product profile and, consequently, it allows the identification of the optimal 
configuration for a new or existing product or service. CA was first developed 
in the early 1970s by Green and Rao (1971), helped by Addelman’s efforts to 
develop methods for determining fractional factorial designs (Addelman, 
1962a,b). Since then, CA has received increasing academic and private sector 
attention (Green et al., 2001; Gustafsson et al., 2007). As a result, after Green 
and Rao’s initial presentation, lots of material on CA has appeared in the 
literature and several computer packages implementing a number of CA models 
have been developed. In the literature, one can find numerous healthcare 
conjoint studies focusing on patients’ preferences. For example, for a study 
involving cataract surgery options, Ross et al. (2003) used a full profile data 
collection model in combination with a main-effect-only fractional factorial 
design evaluated by a ranking approach. A rating approach was instead 
preferred by van der Pol and Ryan (1995) in a project evaluating consumption 
of fruit and vegetables related to the links between food and health. Sometimes, 
while focusing on patients’ preferences, researchers prefer models that are 
easier for respondents. A full profile data collection model in combination with 
a short paired comparison of profiles design has been used by Sculpher et al. 
(2004); they worked on an exercise split up in two parts during a study 
investigating non-metastatic prostate cancer. In contrast, a conjoint choice 
design was applied by Chakraborty et al. (1994) during a study investigating 
how customers choose health insurance. These models are adequate when 
respondents’ evaluations apply to products or services to be used by 
themselves, that is the case of patients choosing their medical treatment, their 
medical insurance, or healthcare related services.  

However, as mentioned earlier, the main interlocutors of pharmaceutical 
manufacturers are physicians, as they are the key decision makers in the 
prescribing process. Unfortunately, investigating physicians’ preferences 
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requires non-standard statistical tools, as their choices and preferences do not 
involve directly themselves but rather a large group of patients. A CA approach 
particularly suitable to explore physicians’ preferences in prescribing medical 
treatments is the allocation-based conjoint (ABC) model (Furlan and Corradetti, 
2006a,b). ABC allows a deep understanding of the relationships between the 
current medical treatments for a particular medical condition and different 
definitions for the treatment to be launched. In this paper, we present the 
hierarchical bayes allocation model, an alternative and robust way to estimate 
individual-level utilities for the ABC model. 

A real world application in the end-stage renal disease therapy area is 
presented to better illustrate the ABC framework and individual utilities 
estimation aspects.  

 

2. AN OVERVIEW OF THE ALLOCATION-BASED MODEL 

As previously mentioned, traditional CA models are adequate when 
respondents’ evaluations apply to products or services to be used directly by 
themselves. However, in some circumstances, research needs demand that 
respondents provide evaluations for products or services to be used by a group 
of people, that is the case of physicians with respect to their patients, when they 
are asked to assess the preference for a new or existing medical treatment 
(Furlan and Corradetti, 2006a). By medical treatment we indicate any drug, 
physical therapy, device, or service concerned with maintaining or restoring 
human health and prescribed, recommended, or delivered to a group of patients. 
In fact, the healthcare researcher needs to assess what physicians will do for 
their patients in terms of prescription or recommendation. More precisely, the 
researcher intends to elicit the preference for a new treatment and to accurately 
estimate the related preference share that eventually will lead to the estimation 
of the market share for such a treatment. Consequently, an ABC model seems 
to be an appropriate tool for this research situation. The ABC exercise consists 
in exposing physicians to several treatment profiles at-a-time, with all currently 
available treatments for the specific medical condition listed along with the new 
treatment. Each set of treatments is referred to as an allocation task or, simply, 
as a task. Physicians are then asked to assign a score to each treatment outlined 
in the task based on the percentage of patients likely to receive the treatment. 
Typically, in an ABC exercise respondents are asked to think of the next 100 
patients with the relevant medical condition and to record the number of 
prescriptions that they would prescribe for each of the treatments outlined in the 
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task presented. Consequently, all treatment assignments in the task add up to at 
least 100. More than 100 treatments are assigned when treatments could be co-
prescribed. By co-prescription we mean the prescription of two or more 
products to be used together to offset side effects or improve efficacy when 
treating a specific medical condition. 
 

                           Table 1 -  Typical appearance of an ABC task 

Treatments % for 100 patients 

Current Treatment 1 _ _ _ 

Current Treatment 2 _ _ _ 

Current Treatment … _ _ _ 

Current Treatment P _ _ _ 
New Treatment A:               Attribute 1, level 

... 
Attribute 2, level ... 

... 
Attribute F, level ... 

_ _ _ 

 
A typical ABC exercise is characterized by several allocation tasks: the 

new treatment profile, characterized by a particular combination of features, 
varies from task to task, while the existing treatments are fixed across all tasks 
(see Table 1). However, more complex frameworks can be designed, for 
example by including more than one varying treatment in the allocation task 
(future new entries could be modelled) or by asking physicians to repeat the 
allocation exercise for different patient targets (e.g., mild, moderate, severe). 
Given its flexibility, the ABC model allows the evaluation of the new product 
uptake in an almost real market situation, adequately reflecting the day-to-day 
reality of prescribing in any given therapy area. 

 

3. THE PURE INDIVIDUAL  

Furlan and Corradetti (2006a) emphasized the importance to estimate conjoint 
utilities at the individual level rather than at the overall level and presented the 
pure individual model (PIM) as a potential approach. For the benefit of the 
reader, we summarize the PIM here. 

The index t = 1, …, T denotes the allocation tasks to be evaluated by the 
respondent, where T is the total number of tasks in the design. The index j = 0, 
1, …, P identifies the (P + 1) treatments presented on each task. j = 0 identifies 
the new treatment A, while the other indexes identify the existing treatments 

Table 1 -  Typical appearance of an ABC task
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which are fixed across all tasks. As evaluations in each task are influenced by 
the profile for the new treatment A, which is characterized by a particular 
combination of levels of the possible attributes, it is necessary to include in the 
model the information about this structure. This is obtained by defining a 
design matrix , whose T rows contain the description of the new treatment A 
across the T tasks. This design matrix contains exclusively the information on 
the new treatment A and not also the information relating to the other 
treatments. In fact, as the other treatments are fixed across all tasks because 
they are already available on the market, they are excluded from the design 
matrix. However, as all treatments prescriptions potentially depend on the 
definition of treatment A, the model needs to allow estimating all treatments 
prescriptions based on any definition for the treatment A. This is accomplished 
by the PIM that can be written as: 

 
 
 

(1) 

where we have the following: 

 j = (yj1, …, yjt, …, yjT)' is a T-dimensional vector of responses, whose 
generic yjt element contains the rescaled evaluation of treatment j in task t. 
yjt is a random variable that can assume values in the range [0, 1]. It 
represents the proportion of patients to which the physician is willing to 
prescribe treatment j. The higher its value, the stronger is the preference for 
treatment j. As the evaluations are provided by physicians on a scale 0:100, 
it is necessary to divide them by 100 to obtain the correct input for the 
model; 

  is a design matrix of size (T x Q), whose creation based on the idea of 
pseudo-attributes is extensively explained in Furlan and Corradetti (2006a). 
Q is the number of parameters in the mean model; 

 j is a Q-dimensional vector of parameters for treatment j; 

 j is the systematic component of the model for treatment j, and it is 
referred to as the linear predictor; 
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important and it strongly limits the adoption of the ABC model as most 
research project would require the estimation of complex treatment profiles 
(lots of CA parameters) through a short CA exercise (few tasks) to limit 
respondents fatigue and contain survey costs. In the following section, we 
propose an alternative estimation approach to overcome this limitation and thus 
to allow individual-level estimation of the ABC utilities. 

 

4. THE HIERARCHICAL BAYES ALLOCATION MODEL 

The typical tool used to estimate the utilities in a CA project since its origins is 
the regression analysis conducted at the individual level, which usually is a 
GLM model characterized by a binomial or gaussian family. This class of 
models is quite weak in estimating the coefficients when there are just a few 
degrees of freedom available because too many coefficients have to be 
estimated with respect to the number of product profiles for which the 
information at the individual level is available. In other words, the low number 
of degrees of freedom causes over-fitting, namely the model fits too well the 
data. The consequence is that a single small inaccuracy in the respondent’s 
answers causes the coefficients to change dramatically. This is not an extreme 
situation, rather it is a quite typical one, as the researcher tends to include as 
many attributes and levels in the CA design as possible. In reality, the 
researcher often needs a design with so many coefficients to be estimated and 
so few product profiles per respondent that it would be impossible to elicit 
individual utilities, at least with conventional methods, as the design matrix 
does not have full rank. Usually, a CA based on such a design is analyzed only 
at the overall level or at most by significant subgroups, and not at the individual 
level. This is a common problem across all CA frameworks, and the allocation-
based one is not immune, as anticipated in the previous section. 

A first solution to this problem arrived in the late 1980s, when remarkable 
developments were made regarding Hierarchical Bayes (HB) models. However, 
only in the early 1990s HB models started to be successfully applied to market 
research projects. In fact, previously it was very difficult to implement these 
models in all but the simplest situations because computational limits involving 
resolution of high dimension integrals. The situation dramatically changed only 
when Markov Chain Monte Carlo approach was developed, a real revolution in 
statistical computing. Markov chain is a mathematical tool that allows 
identification of an optimal region of the parameter space in a way that the 
integration is performed efficiently. It generates random draws of the joint and 
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5.2 THE EXPERIMENTAL DESIGN 

In the design planning, four attributes were included to describe treatment A, 
with a total of 2 2 2 3 possible product profiles (Table 2). Treatment L was 
the market leader when the survey was conducted. Treatment L, as well as 10 
other existing treatments, was included in the fixed part of the allocation-based 
design, together with a category named OTHERS to gather all other possible 
treatments’ preferences (for a total of 12 existing treatments). 

 
            Table 2 -  Attributes and levels included in the ESRD study 

Attributes # Levels Levels Description 

INDICATION   2 indication A,  indication B 

EFFICACY 2 25% improvement, 50% improvement 

DAILY DOSE 2 same number of tablets as L, less tablets than L 

PRICE PER DAY 3 same as L, 15% less than L, 30% less than L 

 
Regarding the experimental design for treatment A, we adopted a full 

profile experiment based on a fractional factorial design. In a full profile 
design, physicians evaluate product profiles configured in such a way that all 
the attributes involved in the study appear at the same time on each product 
profile. Consequently, the product profiles are described by all 4 attributes 
jointly, each attribute with one of its possible levels. In a typical full factorial 
design, each respondent evaluates all possible product profiles, whose number 
is given by multiplying together the number of levels for each attribute included 
in the design. Consequently, for the present study, a full design would have 
required 2³ 3¹ = 24 product profiles to be evaluated by each physician. Despite 
the opportunity offered by this design to estimate the main effects as well as all 
possible factor interactions, we decided to adopt a main-effect-only fractional 
factorial design, in order to deal with a more manageable number of profiles. In 
fact, it would have been unfeasible to ask physicians their preferences for so 
many product profiles. As this design does not allow to estimate any attribute 
interactions, we had to assume that they have no significant influence on 
preference, therefore we limited our analysis to the estimate of only the main 
effects of the attributes. The main-effect-only fractional factorial design for this 
study required only 8 product profiles. Disregarding factor interactions is an 
acceptable and common choice when they are not expected to significantly 
affect preference.  

Table 2 -  Attributes and levels included in the ESRD study
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In order to provide the best estimates, a CA design should be as much 
orthogonal and balanced as possible. The minimal orthogonal design with 8 
profiles required for this study does not satisfy the balance property. Therefore, 
we developed the 9-profile design reported in Table 3 which is still orthogonal 
and also slightly more balanced. The next orthogonal design would have 
required 16 product profiles. As we considered presenting 16 scenarios to the 
respondents to be unfeasible for the current project, we decided to use the 9-
profile orthogonal design. It can be easily seen from Table 3 that the balance 
property is not satisfied because the first level in each of the first three 
attributes occurs twice as often as the second level. 

 
                                  Table 3 -  Description of the profiles  

Profile # INDICATION EFFICACY DAILY DOSE PRICE PER DAY 

1 1 1 2 1 

2 2 1 2 2 

3 1 1 1 2 

4 2 1 1 3 

5 1 2 1 2 

6 1 1 1 3 

7 2 2 1 1 

8 1 2 2 3 

9 1 1 1 1 

 
Each of the 9 allocation tasks of the CA exercise presented a different 

profile for treatment A in addition to the 12 treatments fixed across all tasks. 
Each respondent was exposed to the same existing treatments but they were 
presented in a different order to avoid order bias (the treatments at the top 
might draw the physician’s attention). Not only the existing treatments were 
rotated from respondent to respondent, but also the conjoint attributes were 
rotated, except INDICATION and PRICE PER DAY that were always 
presented respectively at the top and at the bottom of the description for 
treatment A. Conjoint evaluations were provided by physicians through a score 
on a scale 0:100 assigned to each treatment in each task. More precisely, they 
were asked to record the number of prescriptions that they would write for each 
of the treatments for raised serum levels of phosphorus in patients with ESRD 
receiving dialysis, based on the assumption that co-prescribing was allowed as 
a standard practice for that condition. To illustrate the type of collected data, 
Table 4 reports the prescriptions allocated by respondent #1 in all 9 tasks; the 

Table 3 -  Description of the profiles
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number of prescriptions assigned to each treatment are fully reported, except 
those for treatment OTHERS (treatment #12) which did not receive any 
evaluation over the whole sample. 

 
            Table 4 -  Prescriptions allocated to treatments in all tasks - resp. #1  

Task Treatment Total 

# A 1 2 3 4 5 6 7 8 9 10 11  

1 15 10 15 0 5 50 5 30 10 0 0 0 140 

2 20 10 10 0 5 50 10 35 10 0 0 0 150 

3 20 10 10 0 5 50 5 35 10 0 0 0 145 

4 25 10 15 0 5 45 10 35 10 0 0 0 155 

5 20 10 10 0 5 45 10 35 10 0 0 0 145 

6 20 10 20 0 5 50 10 35 10 0 0 0 160 

7 15 10 15 0 5 50 10 35 10 0 0 0 150 

8 20 10 10 0 5 50 10 35 10 0 0 0 150 

9 15 10 15 0 5 50 10 35 10 0 0 0 150 

 
 

5.3 THE EXPERIMENTAL DESIGN 

The ESRD study is characterized by T = 9 tasks and F = 4 attributes. Attributes 
INDICATION, EFFICACY and DAILY DOSE were considered as qualitative; 
hence, only one pseudo-attribute was created for each of them (Furlan and 
Corradetti, 2006a). On the other hand, the attribute PRICE PER DAY was 
considered as a quantitative quadratic attribute in order to make the most out of 
its three levels, hence two pseudo-attributes were derived for it. As a result, the 
design matrix has Q = 6 columns, including the intercept term (Table 5). The 
notation X0 identifies the column for the intercept, while Xf,l identifies the lth 
column created for attribute f. 

Firstly, we estimated the coefficients based on the PIM for treatment A and 
the other P = 11 treatments. Treatment OTHERS did not receive any preference 
by the physicians, therefore we did not included it in the analysis. As co-
prescribing is commonplace in this therapy area, more than 100 prescriptions 
could be allocated to each task; in fact, prescriptions came out to be on average 
164.9 per task. Coefficients estimation was possible because assumptions (a), 
(b), and (c) on model defined in (1) were satisfied. We obtained 12 sets of 6 
coefficients for each respondent. The PIM allowed estimating the coefficients 
for all treatments and not only those related to treatment A. This is particularly 

Table 4 -  Prescriptions allocated to treatments in all tasks - resp. #1
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                                        Table 5 -  The Design Matrix 

X0 X1,1 X2,1 X3,1 X4,1 X4,2 

1 1 1 -1 15 225 

1 -1 1 -1 0 0 

1 1 1 1 0 0 

1 -1 1 1 -15 225 

1 1 -1 1 0 0 

1 1 1 1 -15 225 

1 -1 -1 1 15 225 

1 1 -1 -1 -15 225 

1 1 1 1 15 225 

 
important, as preference for any treatment listed in the exercise potentially 
depends on the definition of treatment A. Table 6 reports the values of the full 
set of coefficients for respondent #1. *ˆ  identifies the intercept terms mean, 
while *

,
ˆ

lf  identifies the coefficients mean associated with the lth pseudo-
attribute created for attribute f in the design matrix. 

Secondly, we estimated the coefficients based on the HBAM for the same 
12 treatments. A total of 20,000 iterations of the Markov chain were performed 
and 1 draw out of 20 was retained for the analysis. Similarly to the PIM, also 
the HBAM allowed the estimation of the coefficients for all treatments, thus 
leading to 12 sets of 6 coefficients per respondent. Table 7 reports the values of 
the full set of HBAM coefficients for respondent #1. 

By comparing the PIM and the HBAM coefficients for respondent #1 
reported in Table 6 and 7, one can easily notice how the values are not very 
dissimilar, except those for treatment 3, 9, 10, and 11 to which respondent #1 
did not allocate any scores. These dissimilarities can easily be explained by the 
fact that the HBAM is based on random draws from a distribution, therefore 
extreme values like those computed by the PIM for such treatments are 
avoided. 
From the individual coefficients estimates we computed the unscaled individual 
utilities (UIU), which are the raw CA individual utilities for the attributes 
levels, by using the approach described by Furlan and Corradetti (2006a). In 
CA the researcher assumes that the overall individual utility (OIU) of a product 
for a particular respondent can be obtained by additivity from the individual 
utilities of the different elements characterizing the product. The same does 
hold true in the ABC model, only that is necessary to transform back the overall 
utility to the scale of the evaluations yij. Consequently, given a product defined 

Table 5 -  The Design Matrix
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by the vector of levels l*, the OIU *
ˆ

lU  is obtained firstly by adding together the 
UIUs of the levels describing such product and then by applying the inverse of 
the logit function. 

             Table 6 -  Coefficient estimates for each treatment (PIM) - resp. #1 

 Intercept INDICATION EFFICACY DAILY DOSE PRICE PER DAY 

 
*ˆ  

*
1,1

ˆ  
*

1,2
ˆ  

*
1,3

ˆ  
*

1,4
ˆ  

*
2,4

ˆ  

Tr.A -1.386 -0.053 0.022 0.028 -0.01494 -0.00055 

Tr.1 -2.197 0.000 0.000 0.000 0.00000 0.00000 

Tr.2 -2.273 0.003 0.106 0.107 0.00033 0.00204 

Tr.3 -31.566 0.000 0.000 0.000 0.00000 0.00000 

Tr.4 -2.944 0.000 0.000 0.000 0.00000 0.00000 

Tr.5 -0.067 0.017 0.017 -0.033 0.00222 0.00015 

Tr.6 -2.350 -0.101 -0.105 0.053 -0.00731 0.00041 

Tr.7 -0.619 -0.019 -0.019 0.037 -0.00249 -0.00017 

Tr.8 -2.197 0.000 0.000 0.000 0.00000 0.00000 

Tr.9 -31.566 0.000 0.000 0.000 0.00000 0.00000 

Tr.10 -31.566 0.000 0.000 0.000 0.00000 0.00000 

Tr.11 -31.566 0.000 0.000 0.000 0.00000 0.00000 

 
 
      Table 7 -  Coefficient estimates for each treatment (HBAM) - resp. #1 

 Intercept INDICATION EFFICACY DAILY DOSE PRICE PER DAY 

 
*ˆ  

*
1,1

ˆ  
*

1,2
ˆ  

*
1,3

ˆ  
*

1,4
ˆ  

*
2,4

ˆ  

Tr.A -1.364 -0.064 0.035 0.022 -0.01420 -0.00060 

Tr.1 -2.194 -0.011 0.006 -0.002 -0.00120 -0.00010 

Tr.2 -2.305 0.001 0.104 0.114 0.00040 0.00220 

Tr.3 -5.909 0.285 -0.068 0.104 0.00700 -0.00250 

Tr.4 -2.981 -0.015 0.012 0.050 -0.00120 0.00010 

Tr.5 -0.073 0.015 0.018 -0.028 0.00220 0.00020 

Tr.6 -2.436 -0.117 -0.121 0.092 -0.00870 0.00060 

Tr.7 -0.623 -0.016 -0.017 0.044 -0.00270 -0.00020 

Tr.8 -2.184 -0.010 0.001 0.003 -0.00030 0.00000 

Tr.9 -6.077 -0.152 -0.167 -0.054 -0.00080 0.00040 

Tr.10 -5.579 -0.104 -0.218 -0.179 0.02440 -0.00260 

Tr.11 -6.192 -0.221 0.016 0.136 0.01460 -0.00080 

 

Table 6 -  Coefficient estimates for each treatment (PIM) - resp. #1

Table 7 -  Coefficient estimates for each treatment (HBAM) - resp. #1
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By comparing the PIM and the HBAM coefficients for respondent #1 
reported in Table 6 and 7, one can easily notice how the values are not very 
dissimilar, except those for treatment 3, 9, 10, and 11 to which respondent #1 
did not allocate any scores. These dissimilarities can easily be explained by the 
fact that the HBAM is based on random draws from a distribution, therefore 
extreme values like those computed by the PIM for such treatments are 
avoided. 

In most traditional CA frameworks the scaling of the utilities is arbitrary, 
and therefore a particular utility score has no meaning by itself. Consequently, 
the OIU for a particular product is meaningful only on a comparison basis with 
the OIUs of other products. In the ABC framework, the OIU of a treatment has 
a very strong and useful interpretation. In fact, the OIU of a particular treatment 
can be interpreted as the individual conjoint prescription share of such 
treatment, that is, the number of prescriptions that it is expected to receive with 
respect to 100 patients. What we are particularly interested in is computing, for 
each treatment, the average of the OIUs over all respondents, average that 
represents the overall conjoint prescription share (OCPS) for the treatment. 
The OCPSs will be close to the actual prescription shares if the CA project has 
been properly conducted in all its steps (included a representative and large 
enough sample), if the treatments available on the market are those included in 
the CA exercise, and if we assume full information and availability on the 
market of the treatments. 

Any variation in the definition of treatment A would result in a different 
OCPS for such treatment and potentially for the other treatments as well, 
realistically reflecting what occurs in the real market, where a change in a 
product tends to affect the uptake of the other products in the same market. 
Table 8 reports the OIUs obtained by the two models, for all treatments and 
respondent #1 assuming that treatment A is characterized by INDICATION = 
indication A, EFFICACY = 50% improvement, DAILY DOSE = same number 
of tablets than L, PRICE PER DAY = 15% less than L. Table 9 reports the 
OCPSs computed by averaging the OIUs of all respondents based on the same 
assumption for treatment A. 

 
Table 8 - Individual conjoint prescription shares for all treatments - resp. #1 (%) 

Model Treatment Total 

 A  1 2 3 4 5 6 7 8 9 10 11  

PIM  19.3 10.0 9.4 0.0 5.0 47.5 9.2 35.8 10.0 0.0  0.0  0.0 146.2

 HBAM  19.1  9.9 9.2 0.4 4.9 47.4 8.8 35.9 10.1 0.2 0.4 0.2 146.5

Table 8 - Individual conjoint prescription shares for all treatments - resp. #1 (%)
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           Table 9 -  Overall conjoint prescription share for all treatments (%)  

Model Treatment Total 

 A  1 2 3 4 5 6 7 8 9 10 11  

 PIM   22.5  7.6  7.1  5.1  12.1  60.1  5.0  35.1  2.4  0.6  2.1  4.9  164.5  

HBAM  19.1  6.5  6.5  4.5  11.1  59.1  4.8  33.4  2.4  0.8  2.0  4.6  154.8  

 
The OIUs obtained by the HBAM are very similar to those obtained by the 

PIM, at least for respondent #1 (Table 8). This is not necessarily true for all 
respondents; in fact, it is likely that the shares are different for respondents 
whose answers excessively deviate from the average distribution. In addition, 
the treatments that did not receive any allocation point during the CA exercise 
do show a share of 0% in the PIM, but show a small positive share in the 
HBAM (Table 8). This is due to the fact that the HBAM borrows information 
from other respondents in the estimation process. As a final note, the OCPSs 
tend to be slightly more conservative in the HBAM than in the PIM (Table 9), 
leading to a lower total share (154.8% versus 164.5%). 

 
5.4 GOODNESS-OF-FIT 

The goodness-of-fit evaluation of the PIM and HBAM has to be based on the 
divergence between the fitted respondents’ evaluations and the actual 
evaluations. As both models are defined at the individual level, this divergence 
should be measured at the individual level. 

Therefore, let us define the index individual error (IE) as the mean, over 
all nine tasks, of the absolute differences between the fitted and the actual 
respondents’ evaluations of each treatment. Hence, the whole set of IE indexes 
can be gathered in a matrix of size (n  (P + 1)), where n = 53 is the number of 
respondents in the sample. The content of this matrix can be easily summarized 
by some simple descriptive statistics computed, treatment by treatment, over all 
sample. Tables 10 and 11 report the IEs mean and coefficient of variation (CV) 
for each treatment computed over all respondents.  

 
Table 10 - Model estimation error for each treatment (PIM) 

 Treatment 

 A  1 2 3 4 5 6 7 8 9 10 11 

Mean  3.12  0.72  0.81  0.46  1.37  2.09  0.50  1.51  0.19  0.00  0.21  0.25 

CV     1.52   2.20   1.68   2.70   2.59   2.24  3.51  1.70  3.69  9.20  3.76  2.71 

 

Table 9 -  Overall conjoint prescription share for all treatments (%)

Table 10 - Model estimation error for each treatment (PIM)



300 Furlan R., Corradetti R.

Table 11 -  Model estimation error for each treatment (HBAM) 

 Treatment 

 A  1 2 3 4 5 6 7 8 9 10 11 

Mean  6.15  1.58  1.27  0.91  2.19  3.16  1.66  3.39  0.73  0.20  0.44  0.56 

CV     1.48   2.23   2.03   2.36   3.28   2.61  4.38  2.23  5.89  2.24  2.59  2.40 

Figure 1 -  Distributions of Spearman’s rank correlations for each treatment (PIM)

In addition to such metrics, we wanted to evaluate the goodness-of-fit of the
models by considering, for each respondent and for each treatment, the correlation
between the fitted and the actual evaluations related to the nine tasks. We decided
to adopt Spearman’s rank correlation, which is calculated by applying Pearson
correlation to the ranks of the data rather than to the actual data values themselves.
In this way, many of the distortions that affect the Pearson correlation are reduced
considerably. Histograms in Figures 1 and 2 show the distribution of such coefficients
for each treatment. An high correlation score implies a very good fit of the
associated model, while a low score reflects a poor fit. Tables 12 and 13 report the
Spearman’s rank correlations means and coefficients of variation for each treatment
computed over all respondents.

The fit for the PIM can be considered quite good, in particular for treatment
A which has one of the best fits among the treatments. The fit in the HBAM is
sensibly worse than the fit in the PIM. This result was expected because in the PIM
an individual’s coefficients are determined exclusively by his own responses, while
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Figure 2 -  Distributions of Spearman’s rank correlations for each treatment (HBAM)

in the HBAM they are also determined by the responses of other similar respondents.
This apparently negative result shows how the HBAM allows to derive more robust
individual estimates. In fact, a HB approach reduces the magnitude of mistakes and
outliers by incorporating information from other respondents, an effect referred to
as borrowing strength. In other words, we could say that the PIM overfits the little
data available, while the HBAM is more conservative.
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 Treatment 

 A  1 2 3 4 5 6 7 8 9 10 11 

Mean  0.88  0.85  0.85  0.88  0.85  0.84  0.84  0.85  0.92  0.98  0.94  0.91 

CV     0.11   0.17   0.22   0.21   0.21   0.25  0.24  0.21  0.16  0.10  0.18  0.18 

 Treatment 

 A  1 2 3 4 5 6 7 8 9 10 11 

Mean  0.81  0.83  0.83  0.85  0.83  0.81  0.83  0.81  0.91  0.97  0.94  0.90 

CV     0.18   0.20   0.25   0.28   0.25   0.31  0.26  0.28  0.19  0.12  0.19  0.20 

Table 12 - Spearman’s rank correlations for Each treatment (PIM)

Table 13 -  Spearman’s rank correlations for each treatment (HBAM)

Table 12 - Spearman’s rank correlations for Each treatment (PIM)

Table 13 -  Spearman’s rank correlations for each treatment (HBAM)
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6 CONCLUSIONS

Furlan and Corradetti (2006a) presented ABC, an innovative conjoint model
particularly suitable to estimate physicians preferences when recommending or
prescribing a medical treatment. So far, the only available individual estimation
approach was the PIM which unfortunately has two important limitations. When
the number of allocation tasks is too low with respect to the number of parameters
to be estimated, the design matrix does not have full rank, hence the allocation
conjoint utilities cannot be estimated. Moreover, even when the utilities can be
estimated, the low number of degrees of freedom causes overfitting, therefore a
single small inaccuracy in the respondent’s evaluations causes the coefficients to
change dramatically (lack of robustness of the model).

In this paper we presented the HBAM, a valid modelling alternative to the PIM
in the area of ABC research. The HBAM allows overcoming the above limitations
of the PIM, thus enabling the researcher to adopt the ABC framework even for
preference studies where many attributes needs to be included in the experimental
design. On the one hand, it allows estimating individual level utilities when
conventional methods (GLM regression) fail, on the other hand it provides
estimates which tend to be more robust to evaluation errors. This has been possible
through the adoption of a HB linear model (Rossi et al., 2005) and its adaptation
to the framework of the ABC model.

After a theoretical presentation of the HBAM, we presented a real world
application in the area of ESRD that enabled us to empirically compare the
performance of the two models (PIM and HBAM). Utilities have been estimated
using both models and appropriate comparisons have been carried out, including
goodness-of-fit evaluations. The PIM apparently performs better than the HBAM,
however it overfits the data and its estimates are not as robust as the HBAM ones.
On the contrary, the HBAM performs slightly less well than the PIM when
considering the individual level deviations of the fitted evaluations from the actual
evaluations, but it provides more reliable and more robust overall estimates. The
ESRD case study suggests that the HBAM not only should be chosen when the PIM
cannot be run (i.e., when there are too many attributes with respect to the number
of tasks), but it should also be considered for projects where the design matrix is
simple enough to allow PIM estimation. In fact, the HBAM can be considered a
better alternative to the PIM when the allocation exercise is characterized by a low
number of tasks (low information at the individual level), when we expect the
evaluations to be affected by respondent error (poor information), or when it is
reasonable to assume that respondents are to some extent homogeneous. Therefore,
our findings suggest that any researcher currently using the PIM model to analyze
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ABC data should replace it with the HBAM as it offers clear and definite benefits.
The HBAM is likely to be very welcomed not only by academics, but above

all by market research institutions and has the potential to revolutionize conjoint
research in healthcare. Ultimately, the ABC framework could be regarded as a
remarkable tool to better satisfy the market information needs of pharmaceutical
manufacturers and to support them with the development of more appropriate
treatments for their patient targets that should be the ultimate beneficiaries of our
efforts. Moreover, the ABC framework could be extended also to fields other than
the pharmaceutical industry, wherever there is a mediation between the product
whose potential performance needs to be assessed and the final user. For instance,
the ABC model could be adopted to investigate the decision making process of
financial advisors when assessing a new investment fund for retail clients.

We believe there is the opportunity for more work to be carried out in the ABC
area. Future work could be dedicated to developing further methods to estimate
individual utilities and to better understanding how the characteristics of the design
influence the evaluations and therefore the utilities estimates (fractional factorial
design resolution, number of attributes and their levels, number of treatments,
number of tasks, attributes and treatments rotation, etc.). Last, but not least, there
is the opportunity and the need to write an R package (R Development Core Team,
2013) to allow easy and quick analysis of ABC data. In fact, it is unlikely that,
considering the algorithm complexity, the HBAM model will ever become popular
among practitioners without its implementation in a ready-to-use software.
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