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Abstract 
 

The revealed-preferences of yogurt consumption in Catalonia was analyzed in order to identify 

the attributes affecting the purchase behavior and to suggest reliable marketing strategies for 

the yogurt industry. The Discrete Choice Modelling was applied using the Generalized 

Multinomial Logit Model (G-MNL) calibrated on 52 weeks of yogurt purchases by 987 

households that belongs to the home-scan database of ©Kantar World panel during 2012. 

Eight different yogurt categories were created within the four main supermarket chains in 

Catalonia (Mercadona, Dia, Carrefour and Lidl) using the following attributes: brand, added 

ingredients, fat content and the price which was differentiated by two monthly dynamic price 

indicators. Results showed that the price was the major driving factor. Consumers were more 

sensitive to the price per product unit than for the price per kilogram showing that yogurt 

industry could take advantage of this tendency by producing smaller yogurt units with lower 

weight and cheaper price per unit rather than introducing products with greater volume and 

cheaper price per kilogram. There was also a clear tendency to consume more private label, 

especially within the consumers belonging to the lower social class, large families, immigrant 

populations and individuals aged less than 65 years old. Finally higher levels of randomness 

related to scale heterogeneity were more significant in the sale points where consumers face 

a broader variety of products.  

 

Keywords: Yogurt preferences, Revealed choice experiment, home-scanner data, 

Generalized Multinomial Logit Model, Scale Heterogeneity, private label. 
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1. Introduction 

Understanding consumers and what drives their purchasing behavior is a basic tool for 

developing a successful marketing strategy and efficient food policies. The proliferation of 

new information resources and technologies has stimulated the development of new and 

different marketing research methodologies. Marketing researchers handle a variety of 

approaches to study the consumers that may relies on the Stated (SP) or the Revealed (RP) 

preferences analysis. Each approach shows a different data origin and collection technique 

and presents advantages and drawbacks. The former involves questionnaires or hypothetical 

treatment by which respondents are asked to make choices or state their preferences in an 

experimental or questionnaire framework, while the latter is based on consumers' observed 

and actual behavior revealing implicitly their preferences among a number of available 

choices that are made in real decision contexts (Ryan and Farrar, 2000). 

An important development within marketing research appeared when the companies 

store started to use data on the purchase behavior of their customers in databases providing 

managers great opportunities for improving sales results (Verhoef and Hoekstra, 1999; 

Winer, 2001) and for guiding marketers to establish more effective strategies (Peter and 

Olson, 2010). This type of data is normally collected by the mean of devices that scan the 

bar codes at checkout lines of retail stores obtaining electronic records of transactions as 

part of the operation of their businesses (Robert and Matthew, 2003). The data provide 

detailed information about quantities, characteristics and values of goods sold as well as 

their prices (OECD, 2004). In some cases, where the sales are associated with the discount 

grocery cards, consumers’ profiles and their socio demographic are also identified. During 

the past two decades, food marketing research has accelerated considerably, and the use of 

the scanner data is becoming widespread, it has provided better opportunities for economic 

research and marketing decision making to deeply investigate the real food consumption 

behavior (Nayga, 1992). 

A large literature of preference studies is based on SP by dint of its low cost of data 

collection and their ability to analyze future not existing products while RP analysis permit the 

work on actually made real choices. The strengths of RP methods are the weaknesses of the 

SP techniques and vice versa (McFadden, 1994; Whitehead et al., 2008). Notwithstanding 

their extensive use in the literature, considerable challenges subsist concerning the Stated-

preferences methods employing self-reported results as to whether respondents are 

providing responses that are consistent with their true preferences apart (Ossa et al., 2007). 

Thus, individuals' SP may not match with their actual preferences, they may diverge because 

of systematic bias in SP responses (Bonsall, 1983). The experimental environment itself is 
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considered as a central element in the consumer behavior studies, since the researcher must 

create an atmosphere similar to real purchasing environment in which participants consider 

choice alternatives seriously to be able to extract better-quality data (Ossa et al., 2007). 

Whereas the revealed preferences techniques avoid such effects through keeping track of 

actual behavior of their customers by collecting revealed preference data when behaving in a 

proper purchasing environment. It took some time for agricultural economists and economic 

researchers before they have started using scanner data in investigation. Indeed, only since 

1979 that these data have been used for application in economic research (Jourdan, 1981). 

The use of this type of data is becoming more prevalent, it has provided huge opportunities 

for economic research and marketing decision making in one hand, and a managerial tool for 

supermarkets in the other (Nayga, 1992). 

While utilization of scanner data for food preference investigation has become 

widespread in the United States, few food preference studies have been conducted using 

scanner data in Spain such as; (Martinez et al. ,2005; Labeaga et al. ,2006; Albisu, 2007; 

Resano, 2008). In 2009, Labeaga et al. used a multinomial Logit model including the loyalty 

variable of Guandani and Little (1983) on an ACNielsen Spanish household scanner panel 

data to analyze how different forms of heterogeneity help to explain consumers’ decisions on 

non-fine laundry detergents. Even though scanner data revolution in the food marketing and 

consumption investigation is gaining relevance, there in only few studies in Spain addressing 

consumer behavior using supermarket or households scanner data. Therefore, there is a 

need for updated knowledge about consumer preferences using revealed preferences in 

Spain. According to the scare literature on the yogurt industry, it is revealed to be a worthy 

area to investigate. 

Thus the foremost aim of this study is to analyze the consumption behavior of yogurt in 

Catalonia (Spain) in order to provide the policy makers with reliable patterns in marketing 

strategy research and to suggest recommendations to improve profitability in the yogurt 

industry. To fulfill the abovementioned main objective we planned different secondary 

objectives, among which, to first, explore the determinant factors influencing the purchase of 

private labeled yogurts. Second, to investigate the both sources of unobserved heterogeneity 

among consumers in each point of purchase and finally to calculate the willingness to pay of 

the major attributes that define consumers preference for yogurt in Catalonia (Spain). 

To achieve this objective, we carried out a real choice experiment analysis using 

homescan data in order to better understand yogurt consumers and the actual tendencies 

driving their purchasing behavior. Considering that utility of a product is compound of 

separable utilities for their characteristics or attributes, we applied the recently developed 

Generalized Multinomial Logit (G-MNL) model. The attributes included were, the label, the 
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presence of added ingredients, the fat content and the price. In a second stage we 

performed a random effects probit model to determine factors influencing the purchase of 

private label yogurts. Our investigation relies on a households’ purchase scanner data that 

belong to ©Kantar World Panel which involves a representative sample of Catalan 

households that scan and transmit their store-bought food and beverage purchases on a 

daily basis through the use of bar codes and during the period extending between January 

and December 2012. 

From one hand, at the empirical level, this study is the first paper that analyses 

consumers’ preferences toward yogurt using Homescan data in Spain. On the other hand, at 

the methodological level, this paper contributes to the literature of the Discrete Choice 

Modelling (DCM) using the recently developed Generalized Multinomial Logit Model (GMNL) 

of Fiebig et al. (2010). In this context to our knowledge, this research is the first application, 

in the literature of yogurt preferences studies that analyses the impact of attributes’ 

preferences on real yogurt purchase and how the scale and the preference heterogeneity 

vary among supermarkets in Spain. 

 

2. Materials and methods 

2.1. Database 

The data used includes a stratified representative sample of the Catalan households 

that scan and transmit their store-bought food and beverage purchases on a daily basis 

through the use of bar codes and during the period extending between January and 

December 2012. A database involving only the purchases of yogurt has been isolated from 

the original database representing the households that realized at least one purchase of a 

yogurt product.  

During the preparation of the data set, we dropped out from the dataset the liquid or 

drinkable yogurts, the dual-compartment format, special yogurts for children under 2 years 

old. Such filters were applied to retain only data concerning the most common and ordinary 

yogurt consumption. The panel provides extensive information about every single act of 

purchase with detailed socio-demographic variables of each household, the product acquired 

and its attributes and the place of purchase. 

 

2.2. Empirical Application 

Before starting the construction of the choice scenarios, we restricted the research to 

the four most important supermarkets in terms of market share, specifically, Mercadona, Dia, 
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Carrefour and Lidl. These latter, together represent over 59% of the total revenue from the 

purchase of yogurt by the individuals in the sample during the year 2012. The final sample 

size was 987 households. 

Several strides have been made before the database was able to fit the Real Choice 

Experiment. First concerning the product identification, a distinct product was defined on the 

basis of its own characteristics; label (private or producer brands), sub−brand (specific name 

of the producer or retailer), added ingredients, fat content (regular, semi-skimmed and 

skimmed), biological information (bifidus or normal), and packaging (plastic cup or crystal) 

 

Table 1: References and Observations by Supermarket 

Mercadona Carrefour Dia Lidl Total 

Number of References 97 128 80 43 348 

Number of Observations 11.050 3.157 7.684 2.160 24.051 

 

Since the variables representative of added ingredients, packaging, biological 

information and sub-brands present each an important number of levels, this led to a large 

number of alternatives (i.e. yogurt product) for each purchase occasion obtaining too many 

references by retailer as can be seen in Table 1. In order to remedy this situation we decided 

to perform a series of aggregations that were basically based upon the different levels of; 

packaging, sub-brands, added ingredients and biological information. All the attributes were 

coded with effect coding as discrete variables except for the price. The base levels were; 

semi-skimmed and skimmed, with added ingredients and private label respectively. 

Regarding the price, since the yogurt units have different weights and forms, we decided to 

construct two price indices for every yogurt category; the price per unit and the price per 

kilogram, where the price per unit was calculated by dividing the reference price by the 

number of units in each package and by the weight (kg) for the price per kilogram. In 

addition, due to the aggregation of different product reference in each category, we 

calculated the monthly-fluctuating average prices per yogurt alternative for each purchase 

occasion.  

Finally, the choice set construction lies in transforming every purchasing record in the 

database into a purchasing situation that belong to the different alternatives identified as 

shown in Table 2.  To identify the choice sets, we first determined the number of alternatives 

to be included. Due to the aggregation, we finally considered 8 alternatives in order to ensure 

the availability with all the recorded purchases in all the points of purchase analyzed. The 

DCE calibrated on the homescan data, would be as the consumer was confronted to a 
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situation when he/she is in a point of purchase aiming to buy yogurt, faced to eight different 

yogurt categories and has to choose one in every purchasing occasion.  

 

 

Table 2: The choice sets 

The eight alternatives within each purchase occasion 
Price 
/kg 

Price
/unit 

Private-label, regular in fat, without added ingredients 1,65 0,17 

Private-label, regular in fat, with added ingredients 1,90 0,36 

private-label, semi or fully skimmed, without added ingredients 1,12 0,14 

Private-label, semi or fully skimmed, with added ingredients 1,78 0,23 

Producer brand, regular in fat, without added ingredients 3,40 0,42 

Producer brand, regular in fat, with added ingredients 3,95 0,49 

Producer brand, semi or fully skimmed, without added ingredients 2,61 0,32 

Producer brand, semi or fully skimmed, with added ingredients 3,66 0,46 

 

 
2.3. Theoretical foundation of the Discrete Choice Experiment 

2.3.1. Utility theory 

As it is well known, the DCE rely on Lancaster’s Theory of Value which proposes that 

utility of a product is decomposed into separable utilities for their attributes and the Random 

Utility Theory (RUT) which assumes that subjects choose among alternatives according to a 

utility function with an observable component and a random error term: 

( , )jn jn j n jnU V X S            (1) 

where    is the utility of alternative j to subject	 , is the systematic component of 

the utility,  is the vector of attributes of alternative j,  is the vector of socio-economic 

characteristics of the subject  and	   is the random term. 

McFadden (1974) developed the multinomial logit (MNL) model which is the base model for 

to predict the subjects’ preferences for attributes (k). it estimates the “probability of choice” 

that an individual n chooses the alternative	   rather than the alternative   within choice sets 

). According to this model the utility is given by: 

1,  ,   1,  ,   1,  ,  njt njt njt n n N j J tU x T           (2) 

Where,	  is a vector of mean of the observed attributes ( ) and 	  is the 

“idiosyncratic” error term or the residual heterogeneity for the unobserved latent attributes 

(Fiebig et al., 2010). This term follows a Type 1 extreme value distribution with scale 
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parameter 	  which is normalized to one for identification. The probability that an individual  

will choose alternative  among other alternative of an array of choice set  is formulated as 

follows: 

   

1

exp( )
( )

exp( )

njt
j nt J

njt
j

x
P X

x









     j T    (3) 

However, this model imposes homogeneity in preferences as it only allows for the 

average attributes’ utilities which is often unrealistic as consumers’ preferences are, by 

nature, heterogeneous. Therefore, the mixed or heterogeneous logit models (MIXL) has 

been introduced. 

The Mixed, Heterogeneous Logit models (MIXL) or Random Parameter Logit model 

(RPL) allows for unobserved heterogeneity by introducing random coefficients on attributes 

(Ben-Akiva et al., 1997). However, it still assumed that the scale parameter is one for 

identification. The utility in this case is specified by a vector of  specific deviations ( ) from 

the mean value of attributes  and follows a continuous distribution defined by the 

researcher. In most applications the multivariate normal distribution is used.  

Recently Louviere & Mayer (2007), Louviere et al. (2008) argued that much of the 

preference heterogeneity captured by random parameters can be better captured by the 

scale term. Besides, the normal distributions of the random attributed do not appear to be 

very close to it. Thus, this model turns to be likely a poor approximation to data if scale 

heterogeneity is not accounted for (Fiebig et al., 2010). In this context, the analysis of the 

scale heterogeneity is important, where consumers may have varying levels of attention paid 

to the purchasing situation they are facing, as well as the level of certainty in their choice 

(Train & Weeks, 2005). Thus, it would be expected that the scale of the error term could be 

greater for some consumers than for others and accounting for tend to be highly relevant.  

Feibig et al. (2010) developed the Generalized Multinomial Logit model (GMNL) that mainly 

account for the scale heterogeneity. Within this approach, the utility to person  from 

choosing alternative  on choice set   is given by:  

   [ γ (1 γ) ]njt n n n n njt njtU X             (4) 

where  is a mixing parameter between 0 and 1 that determines the level of interaction 

between the scale heterogeneity coefficient  and the parameter heterogeneity coefficient 

. 

Finally, the GMNL model is specified by default to consider the n  as uncorrelated. 

However,  the repeated choice situations containing the same attributes and levels may have 
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unobserved effects that are correlated among alternatives in a given choice situation and the 

correlation would be estimated (Hensher et al., 2005).  

In our case study, we used a GMNL model with correlated random parameters as it 

showed the best goodness of fit compared to other specification in terms of Pseudo-R2, AIC 

and improvement in the Likelihood functions. We used the GMXLOGIT procedure in NLOGIT 

5. 

Once parameters are estimated, the implicit price (willingness to pay) of the attributes 

are determined as follows: 

  
Product_attribute

Product _ attribute
monetary_attribute

IP



 
   

 
   (5) 

The implicit price to move from the base level of each attribute to the analyzed level is 

multiplied by 2. 

 

3. Results and discussion 

3.1 Impact of attributes’ preferences on yogurt purchase 

Focusing on how the concerned attributes present within the offered yogurt categories, 

the G-MNL model results affords, in the table below, detailed information allowing deeply 

analyze the households’ preference of yogurt in each point of purchase. Marginal utilities of 

the attributes, the attributes heterogeneity terms and the scale parameters resulting from the 

G-MNL models with correlated random parameters were provided separately for every point 

of purchase and with both price per unit and price per kilo. As can be seen, at a 99% 

confidence level, we can reject the null hypothesis that all coefficients are jointly equal to 

zero with a Log-Likelihood ratio test highly significant for all the supermarkets. The goodness 

of fit is assessed through the McFadden’s pseudo-R2 (0.30 and 0.43) considered as highly 

accepted values. 
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Table 1. The Generalized Multinomial model (G-MNL) results 

Random parameters in the utility function () 
 Mercadona Día Carrefour Lidl 
 €/kg €/unit €/kg €/unit €/kg €/unit €/kg €/unit 

Regular fat content 0.26*** 0.53*** 0.34*** 0.15*** 0.02 0.26*** -0.06 0.32*** 
Private label 0.41*** 0.41*** 0.64*** 0.21*** 0.31** 0.06 0.56*** 0.69*** 

With added ingredient 0.32*** 0.07** -0.21*** -0.31*** -0.31*** -0.12*** -0.36*** -0.34*** 
Price -1.82*** -6.91*** -0.70*** -4.38*** -0.33** -4.81*** -0.82*** -2.92*** 

Covariances of Random Parameters 
Producer brand: Regular fat content -0.35*** 0.13*** -0.72*** -1.34*** 1.58*** 0.47*** -0.52*** 0.36*** 
Without added ingredients: Regular 

fat content 0.57*** 0.01 0.32*** 0.29*** -0.28*** -0.30*** 0.19*** -0.06* 

Without added ingredients: Producer 
brand 0.09* 0.28*** -1.03*** -0.12 0.10 -0.10 -0.13 0.38*** 

Price : Regular fat content -0.97*** 0.33 -0.02 1.40* 0.47*** 0.10 1.11 1.41*** 
Price : Producer brand -0.32*** 0.07 0.49*** -0.63 -0.17 -2.80*** -0.10 5.31 

Price : Without added ingredients -1.27*** -0.01 0.61*** -2.13*** -0.44*** 0.37 0.40 -0.18 
Variance parameter tau in G-MNL scale parameter 

TauScale (τ) 0.19*** 0.31*** 0.14*** 0.07*** 0.27*** 0.35*** 0.12*** 0.14*** 
Weighting parameter gamma in G-MNL model 

Gamma in G-MNL ( ) 0.10 0.10*** 0.09 0.11*** 0.10 0.09 0.09 0.08 
Standard deviations of parameter distributions 

Fat content 1.39*** 1.33*** 1.08*** 1.12*** 0.91*** 0.84*** 0.70*** 0.73*** 
Label 0.59*** 1.30*** 1.83*** 2.07*** 2.04*** 1.62*** 0.75*** 1.42*** 

Added ingredients 1.36*** 0.89*** 1.17*** 1.10*** 0.90*** 0.90*** 1.26*** 1.15*** 
Price 1.27*** 0.29 0.83*** 3.33*** 1.24*** 2.55*** 1.50*** 3.92*** 

Model adjustment 
LL ratio test 18,004*** 18,136*** 13,346*** 13,480*** 4,017*** 3,949*** 3,615*** 3,863*** 

McFadden Pseudo R2 0.39 0.39 0.42 0.41 0.31 0.30 0.40 0.43 
Observations 713 713 460 460 376 376 292 292 

***, ** and * refer respectively to the rejection of the null hypothesis at 1%, 5% and 10% significance level  
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To better understand the attributes preferences, the utilities of each attribute from 

the G-MNL estimation were obtained and organized in the table above. The 

positive/negative sign of the coefficient implies higher/lower levels of utility associated 

with these attributes’ levels. In this context, the model estimates showed that the price 

attribute is statistically significant for all the supermarkets analyzed. As expected, 

results show negative signs on the statistically significant marginal utilities of the price 

which implies that an increase in the price attribute will decrease the utility of the yogurt 

presented to consumers. It is relevant mentioning also that the price is the most 

important attribute in both Mercadona and Carrefour supermarkets which means that 

the consumers buying yogurt from these points of purchase focus more on the price 

than any other attribute when choosing between the offered yogurt products.  

In addition, when comparing both specifications of the price: per kilo and per unit 

price’ marginal utilities, we notice that the latter shows remarkably higher magnitudes 

than the former in all the points of purchase with the highest difference in Mercadona. 

This trend implies that the consumers accord more importance to the price per unit 

than to the price per kilo when making the purchase of yogurt. Such tendency could be 

emphasized when deciding in marketing strategies in a way to make it profitable, by 

producing smaller yogurt units, with lower content and cheaper price rather than 

introducing products with greater volume and cheaper price per kilo.  

Concerning, the fat content attribute preference, the G-MNL outcomes show 

positive signs and statistically significant marginal utilities in the different points of 

purchase for the regular fat content level. These results are in accordance with the 

univariate analysis where in all the points of purchase, the most bought yogurts are 

regular in fat.  

Despite of the approval in the literature implying that indications of health claims 

on food packaging favorably influence the purchase intentions (Viana et al., 2014; 

Wagner et al., 2015), regular fat yogurt showed to be the most preferred in our case. 

These results are in accordance to what Kähkönen and Tuorila (1999) claimed in their 

research about consumers preferences stating that reduced-fat information decreased 

consumers’ pleasantness of yogurt and chocolate.  

Focusing on the label attribute preference, results display positive signs on all the 

statistically significant marginal utilities in the different models, which refer to the 

consumption of retailer-labeled yogurts. This implies that, households show a 

preference for the private labels rather than the manufacturer brands.  
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The point of purchase with the highest magnitude on the label attribute utility is 

Lidl and this could be explained by the fact that the own-branded yogurts purchased 

from Lidl by the households in the sample represent 92% of the total yogurts in terms 

of purchasing occasions against only 8% for the other brands in this point of purchase.  

Regarding the added ingredients attribute preference, the G-MNL results show 

highly statistically significant and negative signs for all the points of purchase except for 

Mercadona where the signs on the marginal utilities for the added ingredients’  attribute 

are positive. This means that Mercadona’s customers reveal a preference for the 

added ingredients in the yogurts they purchase, unlike for the other points of purchase, 

specifically, Día, Carrefour and Lidl where the households show a preference for the 

yogurt without added ingredients.  

As commented, the scale parameter from the G-MNL describes the potential 

level of uncertainty with respect to the consumers’ choices. We base our analysis on 

the hypothesis which consists that the more variety of products is offered; the more 

there is an increasing level of uncertainty in the decision making. In other words, if the 

consumer, when making the purchase of yogurt, finds himself in front of a large variety 

of products facing, the levels of choice randomness in the final decision would be 

higher. Interpreting the tau parameter ( ) that captures the scale heterogeneity, results 

showed a significant scale heterogeneity in the data in all the points of purchase. High 

values of  parameter are shown for each of Mercadona and Carrefour against less 

important ones for Día and Lidl which could be explained by the broader variety of 

products that the consumers would face when trying to choose a yogurt type in 

Mercadona and Carrefour against the relatively fewer variety of products provided by 

the others. While comparing between the tau parameter for both price specification 

(€/kg and €/unit) we realized that there is a tendency to have higher tau scale values 

on price per unit than price per kilo. This could be explained by the fact that the 

consumer may be more uncertain when comparing unit prices of two different products 

than doing the same with price per Kg. 

Regarding the unobserved preference heterogeneity, the estimated models 

showed statistically significant results. Thus, as mentioned by Lenk (2011), when the 

estimated standard deviation of parameters distribution are close to zero, then the 

unobserved heterogeneity is mostly due to heterogeneity in the scale parameter and 

not preference. In our results the values are far from zero and thus there is a mixture 

between both sources of heterogeneities. This can be verified analyzing the gamma 
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mixing estimate. Results showed that in both model are relatively close to zero. This 

implies that both heterogeneity sources are not independent. 

For the economic interpretation, the implicit prices of the attributes levels were 

calculated. Since these estimates are stochastic we used the Krinsky & Robb (1986) 

simulation to calculate their confidence intervals through 1,000 random repetitions. To 

avoid any misinterpretation, results must be considered as the willingness to pay (€/kg 

and €/unit) to shift preference from the base level of the attribute to the evaluated one. 

Results showed positive and statistically significant values of willingness to pay 

for almost all the attributes in all points of purchase. For instance, in Mercadona 

consumers who made their purchase of yogurt were willing to pay 0.34 €/kg or 0.02 

€/unit to make the purchase of yogurt with added content (added ingredients) and to 

pay an 0.28 €/kg or 0.16 €/unit for regular fat yogurt. 

Since descriptive analysis shows that private-Label represents 48% of the yogurt 

purchases in Cataluña and since the results of the real DCE reveals that the label is 

one of the most important attributes entering in the purchase decision of Yogurt, we 

decided to investigate the factors influencing the purchase of private-label yogurts.  

 



14 

Table 4. The willingness to pay from the GMNL Model 

 
***, ** and * refer respectively to the rejection of the null hypothesis at 1%, 5% and 10% significance level  
 

Willing to pay for yogurt’ attributes and levels 
 Mercadona Día Carrefour Lidl 

 €/kg €/unit €/kg €/unit €/kg €/unit €/kg €/unit 

Regular fat content 0.28*** 
(0.16; 0.30)

0.16*** 

(0.14; 0.17) 
0.96*** 

(0.76; 1.14) 
0.06*** 

(0.04; 0.08) 
0.14 

(-0.18; 0.44) 
0.10*** 

(0.08; 0.14) 
-0.14 

(-0.26; -0.02) 
0.21*** 

(0.30; 1.06) 

Private label 0.44*** 
(0.15; 0.85)

0.12*** 
(0.08; 0.14) 

1.80*** 
(0.74; 2.88) 

0.10*** 
(0.04; 0.14) 

1.88 
(-1.24; 3.53) 

0.02 
(-0.02; 0.06) 

1.36*** 

(0.22; 4.14) 
0.47*** 

(0.09; 2.06) 

With added 
ingredient 

0.34*** 
(0.28; 0.42)

0.02*** 
(0.02; 0.04) 

-0.60** 
(-0.96; -0.22)

-0.14*** 
(-0.18; -0.10) 

-1.87 
(-4.09; 0.44) 

-0.06** 
(-0.10; -0.01) 

-0.87*** 
(-1.6; -0.22) 

-0.23** 
(-1.20; -0.08) 
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3.2 Factors influencing the purchase of private yogurt brand 

A panel probit model has been carried out in order to identify the possible 

variables influencing the purchasing behavior of the private labeled yogurts. 

∗ =  + + …+     1 ∗ 0   (9) 

The dependent variable is a dummy created from the panel data, which equals 

one if the household purchases private labeled yogurts and equals zero when the 

yogurt purchase recorded by the scanner concern a producer branded product. The 

independent variables included in the panel probit model comprise, a dummy from the 

legal status variable indicating if the individual is a Spanish or immigrant, a dummy 

from social class variable specifying if the household belongs to the higher and middle 

higher class, a dummy from the age range variable describes if the individual is older 

than 65 years old, and other variables from each, family size, yogurt budget, habitat 

and the EGM class. A continuous independent variable denotes the weight in value of 

yogurt in the shopping basket. 

The panel probit model output shows, as displayed in the Table 5, statistically 

significant coefficients (p-value < 0.05) on the independent variables. Positive signs 

appear on two variables, specifically, the “immigrant” and “large family” which mean 

that immigrants in Spain have more probability to purchase private labeled yogurts 

rather than the branded ones; besides, large-size households tend more to buy yogurts 

with private labels.  

 
Table 5. Determinants factor for private label preference 

Variables Coefficient P-value 

Immigrant 0.63*** 0.006 

Higher and middle higher class -0.25* 0.085 

Age range 65+ -0.39*** 0.016 

Large families 0.26** 0.028 

High yogurt budget -1.27*** 0.000 

Habitat 200,000+ -0.23** 0.050 

Yogurt weight in the shopping basket -0.15*** 0.000 

High EGM class -0.34*** 0.007 

Constant 0.96*** 0.000 

Likelihood-ratio test of rho=0: chibar2(01) =  1.9e+04 Prob >= chibar2 = 0.000  
***, ** and * refer respectively to the rejection of the null hypothesis at 1%, 5% and 10% significance level  
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Negative signs show up at the coefficients of the remaining explanatory variables, 

which are, the higher and higher middle class, high yogurt budget, habitat 200,000+, 

weight of the yogurt in the shopping basket and high EGM class. In other words, 

households belonging to the higher and higher middle class are less likely to consume 

private labeled yogurts. Furthermore, the older the homemaker is, the less probability it 

has to consume private labeled yogurts rather than other brands’ yogurts which could 

be explained by their willing to care about their health and opting for a healthier diet, 

so, better quality of yogurt. 

As expected, households with higher yogurt budget during a purchase occasion 

are more likely to buy other brands rather than private labels as they have the 

perception that these latter are cheaper. Moreover, results show that households living 

in highly populated areas are less likely to buy supermarkets’ own branded yogurts.  

Individuals, who have a greater yogurt weight in the shopping basket, have more 

probability to make the purchase of a white label. And finally, the household with higher 

EGM class, are less likely to consume private labeled yogurts, which may be related to 

the influence of the mass media and advertising on their purchasing decisions. 

Once the results of the panel probit discussed we decided to profile the private-

label yogurt’ consumers via a cluster analysis in order to highlight possible consumers’ 

profiles based on sample segmentations according to some purchasing data which we 

generated from the database and that we took into consideration in our analysis. 

 

4. Conclusions 

The foremost aim of this thesis is to investigate the consumption behavior of 

Catalan households while making the purchase of yogurt in four different supermarket 

chains located in the province of Catalonia, with the intention of proposing trustworthy 

patterns in marketing strategy research and suggesting recommendations to improve 

the profitability of the yogurt industry. 

To achieve this objective, we carried out a real choice analysis using homescan 

data in order to better understand yogurt consumers and the actual tendencies driving 

their purchasing behavior. Considering that utility of a product is compound of 

separable utilities for their characteristics or attributes, we performed first recently 

developed Generalized Multinomial Logit (G-MNL) model calibrated on homescan data. 

The attributes included in the model were, the label, the presence of added ingredients 

and the fat content in one hand and the price specification in the other. Then we 
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applied a random effects probit model to determine factors influencing the purchase of 

distributor brand yogurts. 

During the choice design construction, we faced several issues concerning the 

number of alternatives and the price construction process, and hence the model didn’t 

converge. Therefore, we rearranged the different yogurt products obtained in a way to 

have a single choice set with different purchase occasion so we could later compare 

between the four supermarkets with the highest importance in terms of markets share 

in the database which we will consider in our research. Finally, we aggregated the 

resulting products into eight final yogurts categories that fit in all the supermarkets. In 

the other hand, the yogurt prices are flexible and are likely to vary during the year, we 

calculated monthly different prices for every category in every point of purchase. 

As in any investigation, we are aware that this research has some limitations, 

among-which we recognize, first the issue of aggregation decision where the existence 

of different products within the same category would have been investigated by 

defining a different strategy like the one followed in the study of (Keane et al., 2012) 

involving 100 different alternatives of pizza types, proposing to use a random subset of 

alternatives among the full choice. Another limitation related to the study of the 

observed heterogeneity would have been considered through the introduction of the 

socio-demographic variables into the G-MNL model due to the slowness of the 

iterations and the huge size of the data. 

As a future line of the research, we suggest including a wider set of product 

categories within the dairy sector to be able to study the difference between the 

attributes perceptions that could appear between the different products, for instance 

the fat content for the milk and the health attributes for the cheese compared to the 

yogurt. More attributes and more alternatives would provide a better understanding of 

the sector, and more reliable outcomes. A second line would be to incorporate the 

observed heterogeneities in the study for a more complete research. Finally, we 

suggest to, carry out a hypothetical discrete choice experiment covering the same 

dimensions and objectives and comparing the both approaches in order to be able to 

evaluate any possible gap between the revealed and the stated preferences methods 

and propose thus possible corrections to improve the stated preferences approach. 
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