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Context 
 

Worldwide there is an increasing burden of chronic disease in healthcare (WHO, 2005). In France, the 

National Health Insurance Fund for Salaried Workers (Caisse Nationale d’Assurance Maladie des 

Travailleurs Salariés, CNAMTS), which covers almost 50 million people, registered 9 million people 

with long-term disease in 2004 against 3.7 in 1994 (Païta & Weil, 2009) and this number could rise to 

12 million in 2015. The increase of chronic diseases reinforces the issue of priority setting in 

healthcare in the context of resources scarcity. In 2007, in France, the patients identified as suffering 

from long-term disease by the CNAMTS represented 65% of the reimbursements i.e.80 billion Euros 

(Vallier et al, 2006, 2007). In the USA the rapid increase in the proportion of chronic patients is an 

even greater challenge. In 2005 nearly 133 million people had a chronic disease and in 2030 the 

estimated chronically ill population will be of 171 million (Wu & Green, 2000). Chronic diseases cause 

about 70% of deaths in the USA and are estimated to represent about 75% of health care costs each 

year. Ninety percent of seniors have at least one chronic disease, and 77% have two or more chronic 

conditions (Anderson, 2004). 

 

In response to this change in the healthcare demand several initiatives have emerged since the early 

1990s in the form of disease management and case management programs. These programs are 

based on three main principles (Bras et al, 2006). First, it is to segment the population of chronically 

ill patients according to their level of clinical risk. Then the management programs are partially (or by 

segment) tailored to the needs of the patients. Second, to increase the participation of allied health 

professionals (e.g. nurse) which in some circumstances are able to substitute or complement the 
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physicians. The third principle is to bring the patient to actively participate in the management of its 

chronic health problems. Thus these initiatives are essentially focused on and supported by the 

healthcare demand. Later on, this has been completed by changes at the healthcare supply level in 

the form of an integrated care model. The most famous initiative of this kind is the Chronic Care 

Model (CCM) (Wagner et al, 1996, 2001, Bodenheimer et al, 2002) and more recently the Guided 

Care Model (GCM) (Boult et al, 2008, 2011). As before, these models aim on the one hand to 

promote the patient participation (e.g. self-management, shared decision making) and on theother 

hand to develop a proactive care (e.g. medical cooperation, increasing use of computer records). 

Today these initiatives are used as reference framework for designing overall response to the 

increasing burden of chronic diseases at the health system level. In France, the CNAMTS has recently 

implemented an experimental program of disease management (called SOPHIA) focused on 143 000 

type 1 & 2 diabetic patients. In United Kingdom, many initiatives have been implemented since the 

early 2000s to improve health care delivery towards chronically ill patients (e.g. Quality Outcome 

Framework, Expert Patient Program, and Community Matron). 

 

These relatively new initiatives lead to significant changes in the patient's role in the healthcare and 

in the doctor-patient relationship. In the international literature some studies show that patients can 

be reluctant to some of these changes. For example older patients are less likely to engage actively in 

the medical decision making (Vick & Scott, 1998). Many studies are devoted to patients' preferences 

for organizational aspects of the general practice (GP) care (Cheraghi-Sohi et al, 2008, Hjelmgren & 

Anell, 2007, Porteous et al, 2006, Rubin et al, 2006, Gerard & Lattimer, 2005, Ryan & Watson, 2006, 

Gerard et al, 2006), but few analyze the patients preferences for these “improvements” of the GP 

care. Longo et al (2006) and Davison et al (2010) study patient preferences for aspects of the doctor-

patient relationship relative to shared decision making and information exchange. 

 

In this study, we analyze the patients’ preferences for attributes of the CCM directly related to the 

patients’ role in the GP care. To do this we use two stated preferences method that are the Best-

Worst Scaling (BWS) method and the Discrete Choice Experiment (DCE) method. Our objective is 

twofold. First to identify the recommendations of the CCM that are the most likely to encourage 

chronically ill patients to accept changes in the current GP care supply. We assume that all the CCM 

attributes are of importance for chronically ill patients (hypothesis n°1) and that these attributes 

positively influence the utility gained from the general practice care (hypothesis n°2). Second, it is to 

compare from a methodological point of view the results of both stated preferences methods. We 

assume that BWS and DCE methods are both stated preferences methods that lead to similar results 

up to a scale (hypothesis n°3). 

 

The rest of this paper is organized in three parts. First we present the BWS and DCE methods with an 

emphasis on this latter due to its relatively innovative nature in health studies. We also present the 

sampling strategy and data collection process. Second we describe the sample of respondents, the 

results of each method and we finally compare these results. Third we discuss our findings.  
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Method 
 

1/ Best-Worst Scaling (BWS) method 

 

1.1/ Theoretical presentation 

 

This method has been developed by Louviere & Woodworth (1990) and used for the first time in 

1992 (Finn & Louviere, 1992). The “scaling” refers to the process of assigning numerical values that 

reflect position of item on a scale. The core principle of this method is to select at least two “items” 

among a set (or subset) of 3 or more “items”. An “item” could be defined by the level of a feature, a 

feature itself, or a collection of levels of features (i.e. a product). Each of these definitions is a variant 

of the BWS method: 

 

- Case 1 (i.e. object case) (table 1). People have to choose the best and worst items among 

subsets of features (or attributes). 

 

 

 

- Case 2 (i.e. profile case) (table 2). People have to choose the best and worst items’ levels 

among an option. 

 

 

  

GPs' attributes Best Worst

Cost X

Waiting time X

Amiability

Geographical proximity

Table 1. Case 1 BWS task example.

GPs' attributes levels Best Worst

Cost: 20 euros X

Waiting time: 15 min

Amiability: Yes

Geographical proximity: 5 Km X

Table 2. Case 2 BWS task example.
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- Case 3 (i.e. multi-profile case) (table 3). People have to choose the best and worst 

options/products among a subset of options/products. 

 

 
 

As originally conceived the BWS tasks require individuals to select the two farthest items on a latent 

scale which describes a dimension of interest (e.g. importance, utility). These items are then refereed 

as “best” and “worst” items. This approach of the human choice within a set of items is one among 

several others (e.g. to choose the best, then the 2nd best and so on). 

 

The psychological model underpinning this choice process can be described in three steps: 

 First people “list” all the best-worst (BW) and worst-best (WB) couples (or pairs). 

 Second they “value” the magnitude of the distance between the two items on the latent scale of 

interest (e.g. utility differential). 

 Third they choose the pair which maximizes the gap on the latent scale (to select the farthest 

items on the scale). 

 

At this stage an important assumption is that people choose both the best and worst items 

simultaneously and independently. Then the probabilities of choosing the best and worst items 

among the common set of items are independent. 

 

Moreover the “true” utility that people obtain from the selected pair is not fully recoverable. Some 

information could not be accessed by the researcher and/or people can choose with some 

uncertainty or inconsistency. This suggests the use of an error component in the modeling of the 

individuals BW/WB pairs’ choices. 

 

The components of the observable difference are the values of the best and worst items (also called 

“level scale values”). 

 

Due to the stochastic nature of the choice process, the individual decision is modeled as a 

probability. Therefore an additional assumption about the nature of the error/stochastic component 

is necessary to determine the model of probability. In practice the errors are generally supposed to 

GPs' profiles Best Worst

Cost: 20 euros; Waiting time: 15 min; 

Amiability: Yes Geographical proximity: 5 Km
X

Cost: 15 euros; Waiting time: 15 min; 

Amiability: No; Geographical proximity: 10 

Km

X

Cost: 10 euros; Waiting time: 10 min; 

Amiability: Yes Geographical proximity: 5 Km

Table 3. Case 3 BWS task example.
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be independently and identically (i.e. iiD) distributed as an extreme value of type 1 (i.e. EV1) with a 

zero mean and a constant variance (
  

 
). According to this specification the probability to choose a 

particular pair of items can be predicted with a conditional logistic model (i.e. CLM) (McFadden, 

1974). The proportional distance between two items on a latent scale represents the relative choice 

probability of that pair of items. The larger the distance between the two items, the higher is the 

probability to select this particular pair. 

 

Among a subset of K=3 items        , there are K(K-1)=6 possible pairs:                    . 

The observed choice is the pair “AB”. 

 

              

 

          

 

                     

 

           
         

                    
 

 

Where: 

-         represents the “true” difference between the best item (a) and the worst item (b) 

on the latent scale 

- (   ) represents the systematic/observable part of the “true” difference (a-b) 

- (   ) represents the stochastic/unobservable part of the “true” difference (a-b) 

- (  ) indicates the value of the best item (a) on the latent scale 

- (  ) indicates the value of the worst item (b) on the latent scale 

 

One of the position parameter (  ) is omitted from the estimation to avoid saturated model. This 

omitted item constitutes a reference point for the other estimates and then it can be interpreted as 

an “origin point” of the latent scale on which the positions of (K-1) items are estimated. Then the 

BWS method allows estimating the relative position of several items on a common latent scale. 

According to the ratio scale properties, the BWS estimates of the items can be directly compared and 

the gaps can be quantified and interpreted. 

 

As in most stated preferences studies, respondents generally provide several observations. Then the 

data can be correlated within individuals. In practice to take into account this possibility an additional 

error component is added to the choice model in specifying a random intercept. 
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In BWS model the intercept has no particular interest. This parameter has no clear theoretical 

foundations and therefore it is constrained to be zero (     ). So the final model to estimate is for 

an individual (i) and a task (t): 

 

                                   

 

The BWS data can also be analyzed via “counts” or “frequencies”. According to Marley & Louviere 

(2005) the simple score of the BW pairs is a closed approximation of the conditional logit estimates. 

However this relationship is true when people tend to consistently respond. If people are perfectly 

able to discriminate among items and to rank them in terms of dimension of interest (e.g. 

importance, utility), then the best and worst frequencies of the items are inversely related with one 

constant (C) (graphic 1) : 

 

          
 

          
        

 

 
 

If this relationship is verified then the square root of the BW ratio is a ratio scale of the best 

frequencies and can be used as a substitute to the logit estimates. In practice previous empirical 

verifications (Flynn, Louviere & Peters, 2008) showed that these different estimates are very close. 

 

In the count analysis, “Simple score” (= Best-Worst) posits the items on a interval scale and “Relative 

score” (= 
    

     
) posits the items on a ratio scale. 

 

The BWS method has many comparative advantages over rating, ranking and choice methods. 

Relative to rating task (e.g. scoring on an X-point Likert scale), the BWS method avoids the “scalar 

inequivalence problem” (Cohen & Neira, 2003) that occurs when people use rating scale in a 

Constant =100
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heterogeneous way. Also respondents are constrained to discriminate among items, unlike rating 

tasks they do not have the ability to specify multiple items as being of utmost importance. Relative to 

ranking tasks, the BWS method provides cardinal information about the items, it allows to rank the 

items (as with ranking task) and to interpret the differences between the rows (unlike ranking task). 

Relative to choosing tasks (e.g. DCE method), the BWS is supposed to be easier for respondents (or 

less cognitively demanding) because it requires to choose the ends of the utility space. The BWS 

method provides more information at the individual level. According to the exact nature of the BWS 

task it allows either a “partial” preference ordering (PPO) (e.g. A ≻ B, C ≻ D) or a “full preference 

ordering (FPO) (e.g. A ≻ B ≻ C ≻ D). Then this method allows individual-level modeling without 

questionable assumptions on the distribution of preferences. 

 

1.2/ Use of the method 

 

In this study we analyze the patients’ preferences for attributes of the CCM directly related to the 

patients’ role in the GP care (e.g. self-management, shared decision making). According to standard 

practice in the international stated preferences literature, the pool of candidate attributes have been 

identified through a literature review and then adjusted in a sequential piloting study with 10 

chronically ill patients. This process has reduced the number of attributes from 25, mainly from the 

Patient Assessment of Care for Chronic Conditions (PACIC) questionnaire (Glasgow et al, 2005), to 10 

(table 4). 

 

 
 

The variant of the BWS method used in this study is the object case approach. The BWS tasks were 

generated from design desirable properties such as item balance (i.e. each item occurs the same 

number of times), pair balance (i.e. each BW/WB pair occurs the same number of time) and 

orthogonality (i.e. the items occur independently of each other through the tasks). The published 

Abbreviation Attribute Detail

SDM Shared decision making
The GP asks for my ideas when we made a treatment plan and he gives choices 

about treatment to think about

INF Informational continuity The GP contacts me after visit to see how things were going

VRF Regular care The GP verifies regularly that my treatment plan is appropriated

CAL Planned care The GP gives to me a copy of my treatment plan

TEL Possibility to access by phone The GP gives to me the possibility to call him directly by phone or email

NUR Cooperation with nurse The GP works with a nonmedical professional (e.g. nurse) to improve my care

HYG Health habit The GP asks questions, either directly or not, about my health habits

AUT Self-management
The GP helps me to self-manage my condition (e.g. He makes a treatment plan 

that I could carry out in my daily life)

PSY Socio-psychological perspective The GP asks how my chronic condition affects my life

RSP Coordinated care The GP is responsible of the organization of my care (e.g. GP “coordinator”)

GP: General Physician

Table 4. List of selected attributes
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literature on the BWS studies is still limited, and then some design choices are partly arbitrary. The 

evidence on the relationship between task size (i.e. number of items) and responses consistency is 

sparse. Orme (2006) recommends no more than 6 items per task and by construction the minimum 

number is3. In this study we use a 5-items size. On this basis the full factorial design leads to 252 

possible tasks. To obtain a number of tasks manageable for respondents, we use a partially balanced 

incomplete block design (P-BIBD). With an item frequency of 3, it’s possible to identify 6 tasks (via 

OPTEX procedure of SAS) (table 5). 

 

 
 

This design verifies the item balance and partially the property of pair balance. Each BW/WB pair (i.e. 

90 possibilities) is available for selection, but 30 pairs have a frequency of 2 whereas 60 pairs appear 

only once. The orthogonality property is checked with an exam of coefficients correlation matrix 

which shows no coefficient significantly different from zero. 

 

For each task the respondents are asked to choose both the “most” (i.e. best) and “least” (i.e. worst) 

important items. Then with this design each item has a bounded score [-3; +3], with (-3) when it is 

always selected as “least important” and (+3) as “most important”. 

 

First a count analysis is performed on the BWS data at both the sample (or aggregated) level and 

individual level to briefly explore the issue of preferences heterogeneity among respondents. This is 

appreciated in calculating for each attribute the mean individual score and the standard deviation 

around this mean (Sackett et al, 2011). Second the BWS data are analyzed with probability model as 

described in the theoretical presentation above. According to the literature, in the BWS models the 

attribute “NUR” (i.e. cooperation between general practitioner and allied health professional, 

especially nurse) is omitted to avoid saturated model. The database is structured as following: 

- The unit of analysis is the BW/WB pair 

- For each task each respondent chooses one pair among 20 

- The chosen pair is coded “1” and the remaining “0” 

- For each pair, the “best” attribute is coded “+1” and the “worst” attribute is coded “-1”, the 

remaining are coded “0” 

 

  

Task n°1 Task n°2 Task n°3 Task n°4 Task n°5 Task n°6

RSP SDM SDM TEL CAL AUT

NUR VRF VRF RSP PSY SDM

HYG RSP CAL VRF AUT INF

CAL NUR INF PSY TEL PSY

INF AUT TEL HYG NUR HYG

Table 5. Design of BWS tasks
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2/ Discrete Choice Experiment (DCE) method 

 

2.1/ Theoretical presentation 

 

The use of this method is constantly increasing with 40 references in the early 2000s to nearly 260 

references in 2011. This method is largely described in the books of Ryan et al (2008) and Louviere et 

al (2000). In this section we detail two methodological points of our study that affect the format of 

choice task and the design of the tasks. 

 

First we use a “simple choice format” (i.e. options are presented to respondents one by one and for 

each of them there is a binary response possibility: acceptance or rejection). This DCE task format has 

implications for the modeling. 

            

 

            
 
    (*) 

 

                               

 

                               

 

Under the hypothesis of iid EV1 errors: 

 

         
                 

                                 
 

 

By assumption:                            

 

Then the probability model becomes (i.e. binary “unconditional” logit model): 

 

         
 

         
 

(*) Exactly of the form: 
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In limited dependent variables model (LDV) such as discrete choice model, the parameter estimates 

are not means, they are perfect confound of means and variances on the latent scale (Flynn, 2010). 

The variance is represented by an error scale parameter (i.e. EV1 scale parameter) which is inversely 

related to the dispersion (variance or standard deviation) of the error component. 

    
 

         
 

 

Where (
 

  
) corresponds to the variance of standard Gumbel (or EV1) distribution. 

 

In practice the influence of this parameter on the estimates is neutralized in normalizing them to the 

unit ( =1). Implicitly this means that the errors are constant within the respondents (i.e. the 

respondents perform equally the different tasks whatever their number) and constant across the 

respondents (i.e. all the respondents are equal in terms of capacity to perform the tasks). The 

implication of this result is that estimates from different LDV model cannot be directly compared due 

to potential differences in scale parameters. 

 

In the discrete choice part of this study we use the same 10 attributes as in the BWS study. Due to 

this relatively high number of attributes (K=10) the DCE tasks are designed following an “attribute 

blocked design” strategy (Witt et al, 2009). This kind of design consists in the purposive or random 

distribution of the attributes among two separate versions of the choice questionnaire (i.e. two DCE 

are carried out in parallel). However at least one attribute (preferably two) is (are) kept in the two 

versions to check the possibility of data pooling. This approach is based on a strong assumption that 

individuals value the attributes in the same way regardless of their presentation (i.e. together or by 

block). To assist this assumption it’s generally asked respondents to imagine that options in 

comparison in the choice task are “equivalent all things being equal”. However according to the 

choice format used in this study this vignette is not relevant since only one option is included in the 

choice tasks. 

 

To allow data pooling without missing values on the attributes, we use three imputation scenarii: 

- “Pessimism”: In each choice questionnaire, all the omitted attributes are considered as not 

realized by the respondents. 

- “Optimism”: In each choice questionnaire, all the omitted attributes are considered as realized 

by the respondents. 

- “Random”: In each choice questionnaire, all the omitted attributes are considered randomly as 

realized or not realized by the respondents. 

 

Under these scenarii we are able to pool the data and to verify the validity of the attribute block 

design approach in testing the null hypothesis of no difference between estimates of separate model 

and estimates of pooled model. The validity of this approach is also checked by comparative analysis 

(i.e. Chi-2 test) of some descriptive statistics (e.g. easiness, success to [apparent] rationality test). 
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2.2/ Use of the method  

 

In this study, the DCE is based on the 10 CCM attributes previously identified. Each attribute has two 

extreme levels (i.e. realized versus not realized). This format facilitates the reading (i.e. information 

acquiring) of tasks by respondents, but has potential to reinforce lexicographic preferences (Howard 

& Salkeld, 2009, Kjaer et al, 2006, Scheibehenne et al, 2007). The distribution of the attributes across 

the two choice questionnaires is random with 2 common and 4 specific attributes (table 6). 

 

 
 

In each version, the full factorial combination of attributes’ levels leads to 64 options. To obtain a 

more manageable number of options for respondents we use an orthogonal main effects plan 

(OMEP) generated with NGENE software. The final DCE design contains 8 tasks/options (table 7). 

 

 

 

This design verifies the properties of orthogonality and level balance (attribute frequency = 4). 

According to the task format (i.e. simple choice), the condition of minimal overlap does not appear to 

be appropriate. 

 

Finally this design is marginally revised by including an additional task to test the response stability 

(i.e. the task n°2 is repeated at the end of the questionnaire) and the task n°1 is posited at the 2nd 

place in the questionnaire because its particular nature (i.e. all the attributes are not realized) seems 

to be too confusing for respondents when placed on 1st position. Moreover this task is used to test 

the reversed hypothesis of monotonicity in preferences (i.e. individuals always prefer more to less). 

Then a “consistent” respondent is supposed to reject the task n°1 and to respond in the same way at 

the tasks n°2 and n°9. 

 

Version n°1 Version n°2

SDM SDM

INF INF

CAL HYG

VRF PSY

TEL AUT

NUR RSP

Common

Specific

Table 6. Distribution of CCM attributes across the two choice questionnaires.

Task n° SDM INF CAL or HYG VRF or PSY TEL or AUT NUR or RSP

1 No No No No No No

2 Yes No Yes No Yes No

3 Yes Yes No Yes No No

4 No Yes Yes Yes Yes No

5 Yes Yes Yes No No Yes

6 No Yes No No Yes Yes

7 No No Yes Yes No Yes

8 Yes No No Yes Yes Yes

Table 7. DCE design



12 
 

The DCE data are analyzed with a multilevel approach (i.e. random intercept model) to account for 

potential correlation of observations within respondents. 

 

3/ Sample 

 

The participants have been consecutively recruited between October 2010 and June 2011 in a 

hospital department of respiratory medicine (Saint Antoine Hospital, Paris). Patients are deemed 

eligible when they satisfy four criteria: 

- To come for a sleep apnea syndrome (SAS) follow-up visit 

- To be treated for at least 1 year and to be compliant 

- To have consulted at least once a GP in the last 6 months 

- To suffer from at least two chronic diseases 

 

The SAS has been selected to recruit chronically ill patients because it is frequently associated with a 

lot of comorbidities, such as diabetes and high blood pressure (Chung et al, 2002). Moreover the 

effect of the SAS treatment on the GP-patient relationship is in large part controlled by the high level 

of treatment efficacy (near than 90%) when patients are compliant. That’s why we recruit patients 

with a treatment length no shorter than 1 year. Moreover we assume that only patients who 

frequently consult their GP are able to value improvements in the GP care, because they have 

sufficient care experience. Moreover we focus more specifically on patients with multiple long-term 

diseases because they are patients who may benefit the most from improvements in the GP care. 

 

Given the complexity of the stated preferences (i.e. BWS and DCE) tasks for the respondents we use 

a face-to-face assisted process of questionnaire distribution and completion. To define the sample 

size we use the same formula as Aspinall et al (2008) based on the parameters of the discrete choice 

task (i.e. number of tasks [T], choice format [F], maximum number of levels per attribute [L]). 

            
     

   
 

 

According to this formula a minimal sample size of 125 individuals is required. Next, we anticipate a 

net response rate (i.e. response rate after deletion of responses with a lot of missing values or which 

are inconsistent) of 83%1. Then 150 individuals have to be recruited for this study. It was necessary to 

contact 159 patients to obtain 150 respondents (response rate of 94%). 

  

                                                           
1
 Statistic calculated from 39 health DCE using assisted completion of the questionnaire. 
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Results 
 

1/ Sample 

 

The 150 chronically ill patients recruited suffer an average of 3.3 chronic diseases (SD: 1.02, Min: 2, 

Max: 7) that are mainly high blood pressure (27.7%), diabetes (17.5%), and cardiovascular disorder 

(12.5%). These patients are mostly men (72%) and are 63.4 years old on average (SD: 9.25). Their SAS 

appear to be controlled for several years (table 8). 

 

 
 

2/ BWS 

 

Therefore with 150 respondents, 6 BWS tasks, and 20 pairs per task, the database for econometric 

analysis contains 18 000 rows. 

 

The attribute that is selected most often as the best is the continuity of medical information among 

health professionals (i.e. INF). It was designed as such in 51.1% of the cases (230/450). At the 

opposite, the attribute related to the cooperation between GP and allied health professional (i.e. 

NUR) has been selected in 69.6% of the cases (313/450) as the least important (i.e. worst). 

 

The count analysis identifies a ranking of the attributes in three distinct groups (table 9): 

 

%

Less than 60 years 30

Between 60 and 65 years 32,7

More than 65 years 37,3

2 disease 22

3 diseases 39,3

4 or more diseases 38,7

Excellent, Very good, Good 47,3

Acceptable, Bad 52,7

Man 72

Woman 28

1 to 5 years 36,7

6 to 10 years 24

More than 10 years 39,3

Length of SAS treatment

Characteristic

Table 8. Individual characteristics of respondents (n=150).

Age

Number of chronic disease

Perceived health

Gender
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- Informational continuity (INF) and coordinated care (RSP) that are clearly identified as the most 

important attributes of the GP care for chronically ill patients. The second important attribute 

(RSP) is about 3.5 times higher than the attribute in third position (PSY). 

 

- Planned care (CAL) and professional cooperation (NUR) that are clearly identified as the least 

important attributes of the GP care for chronically ill patients. The “best” attribute (INF) is about 

33 times higher than the “worst” attribute (NUR). 

 

- Remaining attributes. Despite a ranking of these 6 attributes at different positions of the cardinal 

scale of importance, they appear to be broadly of similar importance. The attribute in third 

position (PSY) is 2.1 times higher than the attribute in seventh position (SDM). 

 

 

 

The relationship between the BW ratio and the best counts appear to be linear with a R² close to 90% 

(graphic 2). This result confirms the possibility of using the BW ratio as an estimate of the position 

attributes on the scale of importance. This is consistent with the international literature on the BWS 

method. 

 

 

 

Attribute Best Worst Best-Worst Sqrt(Best/Worst)

INF 230 8 222 5,36

RSP 184 8 176 4,80

PSY 119 65 54 1,35

AUT 70 46 24 1,23

HYG 88 60 28 1,21

VRF 85 86 -1 0,99

TEL 66 99 -33 0,82

SDM 40 102 -62 0,63

CAL 10 113 -103 0,30

NUR 8 313 -305 0,16

Table 9. BWS results - Sample-level count analysis.

Y = 0,0244.X - 0,5125
R² = 0,902
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Graphic 2. Sqrt(BW ratio) versus Best counts
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A similar count analysis at the individual level leads to the same results in terms of attributes 

importance (table 10). The mean score of importance for the informational continuity (i.e. INF), 

which is bounded to [-3; +3], is around 1.5. Moreover this disaggregated analysis highlights a 

complementary result about the level of preferences heterogeneity in these mean scores. The 

attributes with a moderate score of importance (i.e. score close to zero) show larger standard 

deviation. This result indicates the coexistence of different groups of patients with different 

preferences among the respondents. 

 

 

 

The conditional logit estimates (table 11) indicate the importance of each attribute relative to the 

origin point of this ratio that is defined by the omitted attribute (i.e. NUR). To make the 

interpretation easier these estimates can be converted in a probability scale2 (Jaeger & Cardello, 

2009). Thus the likelihood of the attribute “informational continuity” (INF) being chosen in 

preference to the attribute “professional cooperation” (NUR) is approximately 19:1. These odds 

(versus NUR) are of 14:1 for RSP, 8:1 for PSY and HYG, 5:1 for AUT and VRF, 4:1 for TEL and SDM, and 

3:1 for CAL. 

 

                                                           
2
 Probability= 100.

        

         
 

Item Mean SD

INF 1,48 1,19 1,29 1,67

RSP 1,17 1,30 0,96 1,38

PSY 0,36 1,56 0,11 0,61

HYG 0,19 1,45 -0,05 0,42

AUT 0,16 1,14 -0,02 0,34

VRF -0,01 1,56 -0,26 0,24

TEL -0,22 1,49 -0,46 0,02

SDM -0,41 1,30 -0,62 -0,20

CAL -0,69 1,12 -0,87 -0,51

NUR -2,03 1,29 -2,24 -1,83

CI 95%

Table 10. Individual-level count analysis (n=150).
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The strong linear relationship between the conditional Logit (CL) estimates and the (Best-Worst) 

score confirms that the count analysis is a valid approach to posit all the attributes on a same ratio 

scale of importance (graphic 3). 

 

 

 

3/ DCE 

 

Among the 150 respondents only 7 (4.7%) have not accepted any GP care option. However the 

objective of this analysis is to obtain results at the population (or sample) level, then these 

respondents were maintained in the choice data analysis. On average the chronically ill patients have 

accepted 3 options among 8. 

 

Attribute Estimate SE P-value

INF 2,94 0,11 0,000 2,71 3,16

RSP 2,61 0,11 0,000 2,40 2,82

PSY 2,03 0,11 0,000 1,81 2,26

HYG 2,02 0,11 0,000 1,80 2,24

AUT 1,67 0,10 0,000 1,47 1,88

VRF 1,66 0,11 0,000 1,45 1,88

TEL 1,38 0,11 0,000 1,17 1,59

SDM 1,31 0,10 0,000 1,11 1,52

CAL 0,94 0,10 0,000 0,75 1,13

NUR

Table 11. BWS results - Conditional Logit estimates *

95% CI

* Log Likelihood = -3430.4; Nbr observations = 18 000

(omitted)

R² = 0,97

-150

-100

-50

0

50

100

150

200

250

0,00 0,50 1,00 1,50 2,00 2,50 3,00 3,50

Graphic 3. (Best-Worst) versus CL estimates
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The responses largely satisfy the monotonicity and stability assumptions with respectively 0.7% and 

12% of respondents who fail the tests. In addition, nearly 70% of respondents felt the DCE 

questionnaire as easy or very easy and 94% as interesting or very interesting. 

 

In the first choice questionnaire, the acceptance rate of the GP care options is around 37.7%. The 

results confirm the theoretical validity of the model, all but one of the estimates are significantly 

different from zero and of positive sign (table). The only not significant attribute is the professional 

cooperation (i.e. NUR). This indicates that achieving the “NUR” attribute does not improve the utility 

gained from the GP care offer. These logit estimates can be exponentiated to obtain results in terms 

of probability3. For example when a GP is continuously informed of the changes in the medical 

condition of his patients (i.e. INF) then he is 15 times more likely to be accepted by chronically ill 

patients than a GP without informational continuity, all things being equal. 

 

According to the effect coding of the DCE data, the model intercept can be interpreted as a general 

tendency (i.e. inclination) to accept or reject the GP care options. In both DCE questionnaires the 

intercept estimates are of negative sign thus indicating a tendency to reject the choice options. 

 

In the second version of the DCE questionnaire, the acceptance rate of the GP care options is around 

36.8%. As in the first version the results confirm the theoretical validity of the model, all the 

attributes are significant and of expected signs (table 12). All things being equal the informational 

continuity (i.e. INF) is still the attribute with the larger effect on the acceptance probability of the GP 

care options. In this version of the questionnaire this attribute increases the chances of option 

selection by 10. The second attributes with the larger effect are the care coordination (i.e. RSP) and 

the socio-psychological perspective (i.e. PSY) that increases the chances by 4. The model intercept is 

also of negative sign. 

 

In both discrete choice models the variance of the random effect around the model intercept is 

significant4 thus justifying the multi-level approach to account for intra-individual correlation. 

 

                                                           
3
 Odds Ratio = exp(2.  ) 

4
 Version n°1: β=0.37 (SE: 0.22) and in version n°2: β=1.15 (SE: 0.39). 
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To check the validity of the attribute blocked design approach we first compare statistics between 

the 2 choice questionnaires (table 13). This analysis shows no significant difference at the 5% level 

and indicates similar respondents’ profiles in the two versions. 

 

 

 

The estimates obtained from the different imputation scenarii show 2 main results (table 14). First, 

the “pessimism” and “optimism” scenarii lead to similar estimates for the CCM attributes, unlike the 

“random” scenario that causes important changes in the estimates values and in the attributes order. 

Thus this last scenario was abandoned. Second, the “pessimism” and “optimism” scenarii show 

opposite estimates for the model intercept. In the first scenario the intercept value indicates a 

positive inclination of chronically ill patients to accept GP care options, whereas in the “optimism” 

scenario the estimated intercept is of negative sign and therefore indicates a global trend to reject 

the GP care options. According to these results and those obtained previously on the separate 

models the “optimism” scenario was used to test the validity of choice data pooling. 

 

Attribute Estimate SE P-value Estimate SE P-value

Intercept -0,97 0,15 <0,0001 -1,01 0,18 <0,0001

SDM 0,76 0,14 <0,0001 0,44 0,13 <0,0001

INF 1,35 0,15 <0,0001 1,16 0,14 <0,0001

VRF 0,85 0,13 <0,0001 - - -

CAL 0,48 0,13 <0,0001 - - -

IDE 0,03 0,12 0,797 - - -

TEL 0,62 0,14 <0,0001 - - -

HYG - - - 0,6 0,12 <0,0001

PSY - - - 0,7 0,13 <0,0001

AUT - - - 0,31 0,12 0,012

RSP - - - 0,74 0,13 <0,0001

Version n°1 * Version n°2 **

Table 12. DCE results - Binary Logit estimates

* Log Likelihood = -293,5; Pseudo-R²=26,2%

** Log Likelihood = -311,2; Pseudo-R²=20%

Characteristic DF Chi-2 P-value

Age 2 0,51 0,776

Nbr of chronic disease 2 3,43 0,180

Nbr of annual medical visit 1 0,67 0,413

Length of doctor-patient relationship 1 3,15 0,076

Medical facility 1 0,03 0,870

Perceived health 1 1,31 0,252

Length of SAS treatment 2 5,23 0,073

Gender 1 1,19 0,275

Table 13. Comparisons of individual characteristics between the two versions of the DCE questionnaire.
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The likelihood ratio tests between the pooled model and the separated model fail to reject the null 

hypothesis of no difference between parameter estimates (    
                   ) at the 5% 

level. So the final CCM results indicate that only the professional cooperation (i.e. NUR) is not valued 

by chronically ill patients to improve the GP care. 

4/ BWS versus DCE 

 

With the BWS approach the conditional logit estimates indicate the importance of each CCM 

attribute relative to an omitted attributed that is the professional cooperation (i.e. NUR). With the 

DCE “pooled” approach the binary logit estimates indicate the impact of each CCM attribute on the 

choice decision. According to the format of the attributes’ levels (i.e. two extremes levels), we can 

suppose that the marginal estimate from moving to “not realized” level to “realized” level is a fair 

proxy of the attribute “importance” for respondents. Then a simple linear regression of the DCE 

estimates against the BWS estimates (graphic 4) shows a moderate linear relationship (R²=44%). This 

result suggests a lack of correspondence between these two stated preferences methods to study 

the importance of attribute (i.e. case 1 BWS) in the choice decision. 

 

  

Estimate P-value Estimate P-value Estimate P-value

Intercept 1,17 < 0,0001 -3,14 < 0,0001 -0,74 < 0,0001

SDM 0,6 < 0,0001 0,6 < 0,0001 0,32 < 0,0001

INF 1,25 < 0,0001 1,26 < 0,0001 1 < 0,0001

VRF 0,91 < 0,0001 0,89 < 0,0001 0,45 < 0,0001

CAL 0,53 < 0,0001 0,51 < 0,0001 -0,05 0,53

IDE 0,04 0,66 0,03 0,80 -0,46 < 0,0001

TEL 0,61 < 0,0001 0,59 < 0,0001 0,13 0,15

HYG 0,55 < 0,0001 0,57 < 0,0001 0,11 0,20

PSY 0,68 < 0,0001 0,71 < 0,0001 0,27 0,00

AUT 0,27 0,01 0,3 0,01 -0,17 0,04

RSP 0,68 < 0,0001 0,72 < 0,0001 0,21 0,01

Table 14. DCE results - Binary Logit estimates according imputation scenarii

Attribute
"Pessimism" "Optimism" "Random"

 DCE = 0,28. BWS + 0,16

R² = 0,44

0,00

0,20

0,40

0,60

0,80

1,00

1,20

1,40

0,00 0,50 1,00 1,50 2,00 2,50 3,00 3,50

Graphic 4. DCE Pooled estimates versus BWS CL estimates
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Discussion 
 

This study shows that patients value the different recommendations of the Chronic Care Model to 

improve the GP care towards chronic disease management. Thus our first hypothesis seems to be 

verified and the CCM appears to be an appropriate framework to rethink the GP care delivery. 

Moreover we show that patients value highly changes that do not require much involvement in their 

care. The CCM attributes relative to shared decision making (SDM) or self-management (AUT) appear 

to be relatively less important both in the DCE and BWS results. At the opposite, the informational 

continuity of the physician (INF) and the coordination of care by the physician (RSP) are of particular 

importance in the care options assessment. This result seems consistent with the international 

literature that identifies “coordination” and “patient engagement” as the two main areas to improve 

the quality of care for chronically ill patients (WHO, 2005, Rijken et al, 2008). 

 

Our 2nd hypothesis is also in large part verified. The chronically ill patients perceive all but one CCM 

attributes as a useful way to improve the GP care delivery. The only no significant attribute concerns 

the professional cooperation (NUR) between the general practitioner and allied health professionals, 

mainly nurse. The literature on patients’ preferences for GP care highlights the effect of experience 

and severity of ailments (Turner et al, 2007, Porteous et al, 2006, Caldow et al, 2007). Initially 

patients prefer to consult a physician rather than a nurse, but acquiring medical experience of nurse 

consultation or a large improvement of GP care attributes (e.g. strong reduction of waiting times) 

allows changes in patients’ preferences. In this study the respondents do not usually experience the 

intervention of a nurse in their GP care, then they may have difficulties to perceive the benefits of 

such professional cooperation in the management of their chronic diseases. Further research needs 

to take into account the current medical situation of patients to better understand their preferences 

for care improvements as identified by stated preferences methods. Also, he DCE results show a 

general tendency of chronically ill patients to reject the GP care options. In the literature this pattern 

of response is generally identified as a “statu quo” bias (i.e. conservative response) (Salkeld et al, 

2000). According to this psychological process we can posit that individuals value the benefit or 

utility of a choice option according to an “anchor” (or reference comparator) which can be explicitly 

defined in the choice task (i.e. “constant comparator task format”) or internally identified in the 

respondent experience. 

 

From a methodological point of view we use BWS and DCE results to compare the usefulness of 

theses stated preferences methods in identifying the “importance” of attributes in the decision 

making process. The third hypothesis can be rejected with confidence, the two sets of estimates are 

not similar (up to scale). In a recent paper (not published), Flynn et al (2011) also investigate the 

relationship between BWS and DCE results in a case 2 (or profile case) BWS study and show a strong 

linear relationship (R²=81%). This result suggests that BWS approach can be used as an alternative to 

traditional DCE to identify preferences. Moreover the estimated slope (i.e. scale factor) of this linear 

relationship seems to indicate that BWS method has potential to identify similar results to the DCE 

method but with smaller sample size. In this study we are not able to confirm this result. This could 
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be explained first by differences in the modeling framework. Unlike Flynn et al (2010), our BWS and 

DCE logit models do not have the same structure and consequently the estimated effects are not 

strictly the same. However the DCE format of the CCM attributes in this study allows estimates 

closed to the (unobservable) attribute “importance”. Potoglu et al (2011) in a similar attempts show 

also differences between (rescaled) BWS and DCE results. A second potential explanation of this 

discrepancy between DCE and BWS results could be that these two methods are inherently not 

equivalent. With a case 2 BW approach, the BWS and DCE tasks are associated within a same task, 

and then we can assume that the two sets of estimates are not fully independent of each other. The 

completion of the BWS task in first could encourage respondents to adopt particular heuristic when 

completing the DCE task. For example a choice option with a large distance between the best and 

worst attributes may have a higher probability of acceptance than an option for which the extremes 

attributes are closed. Thus this process tends to align the BWS and DCE results. 

 

This study leaves some unexplored issues. First as in usual discrete choice modeling we do not take 

into account a potential effect of heteroskedastic error among respondents. This could be 

problematic in comparing BWS and DCE results while the first method is supposed easier for 

respondents than the second stated preferences method. Then a track for future research could be 

to analyze if the BWS method is easier for all respondents or only for a part of them. Moreover it is 

unclear in which circumstances the BWS method is easier than the DCE method. The respondents 

seem to be very sensitive to the framing of the BWS tasks (e.g. wording of “best”/”worst” scale). 

Initially we sought to use the case 2 BWS approach, but it appeared too confusing for respondents to 

identify for example the “best” item when all the attributes’ levels were of negative value. Further 

research on this topic is needed. The second unexplored issue is related to the heterogeneity of 

patients’ preferences. In this study we used a basic approach to quantify the magnitude of this 

phenomenon, but more sophisticated methods are available such as latent class analysis (LCA). The 

aggregated (or sample-level) analysis could be misleading while a same importance score may 

combine individuals with opposing preferences. 

 

Conclusion 
 

This study shows that the Best-Worst Scaling (BWS) method is an appropriate method to identify the 

importance of GP care attributes for chronically ill patients. Among the many recommendations of 

the CCM, those relative to the general practitioners’ tasks seem to take precedence over a higher 

engagement of patients in the care management. 
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