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Abstract 

 

This paper estimates the strength and heterogeneity across households in state dependence 
associated with breakfast cereal consumption, where positive state dependence implies habit 
persistence and negative state dependence implies variety-seeking in consumption. The 
analysis relies on a discrete choice model and finds that breakfast cereal consumption is 
generally highly habitual, but the degree of habit persistence exhibits heterogeneity across 
households. In addition, some households can be characterized as variety-seeking. The 
strength of habit persistence is similar across income and educational groups. The strength of 
habit persistence seems to be weaker for households with several adults and children 
compared to one-adult-households.  
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1. Introduction 

 

Recently, modern diets have become a major concern among researchers, public health 

experts and policy makers. The modern diet, often characterized by a poor nutritional content 

and a high amount of so called “empty calories,” has contributed to the increased prevalence 

of a number of serious illnesses and subsequent costs for individuals and society.1 A high 

consumption of empty calories means frequent sharp rises in blood glucose (sugar) 

concentrations, which is associated with an increased risk for type 2 diabetes (Salmeron et al., 

1997a and 1997b) and cardiovascular disease (Liu et al., 2000). In contrast, a high intake of 

whole grain products has several health-promoting effects. For example, it has been shown to 

reduce the risk of obesity (Liu et al., 2003), itself a major risk factor for type 2 diabetes, 

cardiovascular disease, and colorectal cancer (Schatzkin et al., 2007).  

 

Launching information campaigns that make consumers aware of the positive health effects 

from choosing food that is rich in whole grain may be of interest to policy makers and 

producers. Some health advocates have suggested incentives for redirecting food 

consumption, such as food taxes. However, the efficiency of both information campaigns and 

economic policies will be affected by the degree of habit persistence in food consumption.  

 

This paper examines the strength and heterogeneity in the habit persistence associated with 

breakfast cereal consumption. Studies show (e.g. Jenkins et al., 1982, and Liljeberg et al., 

1999) that the choice of breakfast affects the blood glucose response not only to the morning 

meal itself, but also to subsequent meals during that day. The choice of breakfast is, therefore, 

an important decision for those in charge of household purchases. Nilsson et al. (2008) 

analyze the health benefits from consuming different types of breakfast cereals specifically. 

Using a breakfast containing white-wheat bread as the baseline, they show that whole-grain 

cereal products for breakfast notably increase the glucose tolerance, i.e. stabilizes the blood 

                                                 
1 Direct costs on health care (costs of in- and outpatient care and pharmaceutical therapy) from poor nutrition 
and too little exercising are estimated to account for 7 percent of personal health care expenditures in the U.S. 
(Kenkel and Manning, 1999). In Sweden, the direct costs on the public health care system of obesity and 
overweight alone has been estimated to be SEK 3.6 billion (Persson et al. 2004), and the corresponding indirect 
costs (the value of lost production, due to sick leave, disability pension and early deaths) to be SEK 12.4 billion 
(Persson and Ödegaard, 2005), amounting to about 3 percent of total indirect and direct costs of all illnesses 
(Socialstyrelsen, 2003). Diet-related costs on society are likely to increase even further, due to the time lag 
between poor dieting and the development of severe illnesses. These developments have put pressure on policy 
makers to consider policies that encourage healthier food consumption.  
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glucose levels throughout the day. Therefore, a regular diet of whole-grain cereal products for 

breakfast reduces the risk of type 2 diabetes and cardiovascular disease. 

  

To analyze habit persistence in breakfast cereal consumption, a mixed multinomial logit 

model (also known as the random parameters logit model) is applied to Swedish household 

panel data on breakfast cereal purchases. The model allows for state dependence, where a 

positive state dependence implies habit persistence in consumption, whereas a negative state 

dependence implies variety-seeking.  

 

Pollack (1970) notes that goods are associated with habit persistence if current preferences 

depend on past consumption.2 Thus, habit persistence means that past consumption reinforces 

the propensity to consume the same good over time. If food consumption is habitual, short 

and long term responses to income and price changes, and possibly also information 

campaigns, will differ (even if the underlying decision problem lacks other intertemporal 

aspects). If consumption is associated with habit persistence, price changes or information 

campaigns will lead to changes in consumption, which will lead to changes in tastes, which, 

in turn, will lead to further changes in consumption. In other words, in the short run, 

consumption is sticky, and adjusts less by comparison with the long run response (which also 

reflects adjustments of habits). If the habit persistence is strong, policies designed to affect 

consumption will, therefore, be more costly, and price changes will have little effect in the 

short run, compared to cases where the habit persistence is weak. A negative state 

dependence, on the other hand, implies variety-seeking. Consumers that seek variety in food 

consumption experience satiety over time from the attributes associated with a good, which 

creates incentives to change the consumption behavior. The short and long term effects on 

consumption of information campaigns and price instruments may, therefore, depend on 

whether or not consumption is driven by habit persistence or by variety-seeking.  

 

Research on habits in food consumption has largely been based on aggregate data. The reason 

for this might be lack of access to adequate micro level data (Carrasco et al., 2005, and 

Browning and Collado, 2007). A few studies have focused on habit persistence in 

consumption, using micro level data (e.g. Alessie and Kapteyn, 1991, Meghir and Weber, 

1996, Dynan, 2000, Carrasco et al., 2005, and Browning and Collado, 2007). Evidence of 

                                                 
2 We choose to use the term ‘habit persistence’ instead of ‘habit formation’, since we do not address the 
formation of habits as such.   
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habit persistence in food consumption from these studies is mixed. Carrasco et al. (2005) find 

evidence of habit persistence in aggregate food consumption, whereas Alessie and Kapteyn 

(1991), Meghir and Weber (1996) and Dynan (2000) do not. Browning and Collado (2007) 

find that aggregate food consumed away from home exhibits habit persistence, whereas food 

consumed at home does not. However, the level of product aggregation in these studies is 

high, which makes the results less useful as a basis for policy design -- particularly if the 

policy instruments are designed to target consumption of certain food categories. By 

aggregating the consumption of food categories associated with varying degrees of habit 

persistence, habits may be difficult to detect.  

 

Studies on detailed product data that contain measures of state dependence and use discrete 

choice models are mainly found in the marketing literature on brand choice; see Chintagunta 

(1993), Erdem (1996), Ailawadi and Neslin (1998), Sun et al. (2003) and Seetharaman 

(2004). These studies analyze brand choice on (mainly region-specific) US micro level data, 

containing selected brands. The food product categories covered by these studies are 

margarine, peanut butter, ketchup and yoghurt. Seetharaman defines the influence of the 

previous purchase on the propensity to purchase the same brand as “structural habit 

persistence”. The results from the above mentioned studies suggest habit persistence 

associated with brands or attributes in the consumption of all food groups mentioned.  

 

A few recent studies use mixed multinomial logit models to analyze unobserved preference 

heterogeneity in food demand; Nevo (2001) and Chidmi and Lopez (2007) estimate mixed 

multinomial logit models on breakfast cereal scanner data, whereas Andersen (2006) estimate 

a mixed multinomial logit model using household panel data on the demand for eggs. Neither 

of the studies allows for habit persistence, but all find evidence of heterogeneity in consumer 

preferences over breakfast cereals.  

 

The present study contributes to the literature in two ways. It is the first study exploring habit 

persistence on data where healthy and unhealthy food products are identified. Second, it is the 

first study allowing for heterogeneity in habit persistence on data that contains both detailed 

product information and background information on consumers. Therefore, we are able to 

explore the extent to which household characteristics explain the heterogeneity in state 

dependence, i.e. we identify differences in state dependence over household groups. 

Knowledge on variations in habit persistence over household groups is valuable to 
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policymakers who wish to give priority to certain households in the design or implementation 

of policy.3 The results generated by this study may help in identifying the Swedish consumer 

groups that are likely to be most responsive – in the short run – to policies designed to 

influence the nutritional value of breakfasts. 

 

The structure of the paper is as follows. Section 2 presents the data, Section 3 describes the 

empirical method, and Section 4 provides the estimation results. Section 5 contains 

concluding remarks. 

 

2. Data 
 
The study relies on household panel data for daily breakfast cereal consumption during year 

2003, obtained from the market research institute GfK Sweden4. One member of each 

household in the panel is assigned the responsibility of reporting food purchases on a detailed 

level. Product characteristics of the breakfast cereals are reported by the sample households, 

and include the price of the product purchased, date of purchase, brand, package size and the 

number of packages bought. The number of breakfast cereal products in the sample amounts 

to 181. The detailed data allow us to match each product with its nutritional content, by using 

the database maintained by the Swedish National Food Administration (SLV). Each product is 

matched with its content of fat, saturated fat, fibre, salt, sugar and added sugar (measured per 

100 grams of product).  

 

To simplify the analysis of choice determinants for different cereals, we group the 181 

breakfast cereals into 5 categories, based on product content and characteristics: flakes, 

Keyhole labelled (particularly healthy) breakfast cereals, muesli, sweet breakfast cereals and 

others.5 The main variation of characteristics between these groups is in sugar and fibre 

                                                 
3 For instance, Nordström and Thunström (2008) show that households with children have a lower consumption 
share of healthy bread and breakfast cereals than households without children. Encouraging families with 
children to improve their diets might therefore be a priority. Another reason for giving priority to families with 
children emerges if habits are formed at an early age and are likely to stick over the life cycle. 
4 GfK (‘Growth from Knowledge’) is a private market research company. 
5 The Keyhole is a nutrition symbol certified by the Swedish National Food Administration (SLV) that identifies 
healthy food alternatives. In 2003, breakfast cereals obtained a Keyhole symbol if they fulfilled the following 
criteria: sugar max 13g/100g and fibre min 9g/100g (SLVFS,1989:2). In our sample, the products included in the 
Keyhole group are those breakfast cereals that fullfil these criteria (mainly flakes and muesli). The flakes group 
contains flakes (other than Keyhole labelled) that are non-sweet (e.g. cornflakes and bran flakes), whereas the 
sweet flakes (e.g. frosties) are included in the sweet breakfast cereal group. The latter group also contains all 
breakfast cereals that are primarily marketed as kids cereals. The products in the muesli group (i.e. the muesli 
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contents. Table 1 shows summary statistics (min, mean and max values) of the product 

characteristics for the products in each category. For example, the price of the cheapest 

Keyhole-labelled product purchased (by all households in the sample) was SEK 3.45 per 100 

gram, whereas the price of the most expensive Keyhole-labelled product was SEK 6.95 per 

100 gram. The mean price over the year for Keyhole-labelled cereals was SEK 5.21.6 The 

average fibre content is higher in the muesli category than in Keyhole-labelled breakfast 

cereals. However, the fibre-rich products in the muesli category did not meet the Keyhole 

label criteria for sugar content. The product content is used to divide the breakfast cereals into 

their respective groups but, as will be shown later, the product content is not used in the 

econometric analysis, due to too little variation in the fibre and sugar content within the 

groups.  

 

Table 1. Breakfast cereal characteristics 

   Breakfast cereal type 

Characteristic  Flakes Keyhole 
labelled Muesli Sweet 

cereals Others 

Price in SEK per 100 gram 
min 

mean 
max 

4.17 
4.72 
5.21 

3.45 
5.21 
6.95 

2.69 
3.50 
3.89 

4.56 
5.28 
6.23 

3.84 
5.28 

11.29 

Grams of fibre per 100 gram 
min 

mean 
max 

1.8 
3.4 

14.7 

9.7 
10.5 
11.0 

6.8 
10.7 
14.7 

1.2 
2.6 
4.0 

0.8 
5.9 
7.7 

Grams of sugar per 100 gram 
 

min 
mean 
max 

9.3 
13.6 
38.0 

1.8 
7.2 

11.0 

17.0 
23.4 
24.8 

9.4 
38.5 
45.9 

0.4 
24.3 
38.0 

 
 
     
Household characteristics in the sample include the level of education and gender of the 

household member mainly responsible for food purchases, the pre-tax labour income7 of the 

household, the number of household members and the number of children age 16 or younger. 

The measure of household income refers to the pre-tax labor income in 2003 and is presented 

in such a way that the households are divided into income groups. Households with a 

                                                                                                                                                         
without the Keyhole label) range from very basic muesli to different types of muesli with both berries and fruit 
and roasted ingredients.  
6 Keyhole labelled muesli is relatively cheap, whereas Keyhole labelled flakes are relatively expensive. 
7 Reported in 2003 years prices. 
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maximum income of SEK 199,999 belong to income group 1, whereas households in income 

groups 2, 3 and 4 have an income of SEK 200,000-299,999, SEK 300,000-499,999 and 

minimum SEK 500,000 respectively. Households are divided into three educational groups, 

based on the highest level of education of the person in charge of household purchases; 

elementary schooling, high school education and higher education (university/college).8 Also, 

households are divided into household types; single adult (man or woman) with no children, 

single adult with children, two adults with no children, two adults with one child, two adults 

with two or more children, and three or more adults (with or without children), where adult is 

defined as above 16 years old. Table A1, Appendix A, provides an overview of the variable 

definitions. 

 

In 2003, 1,336 households in the GfK panel purchased grain products for the full year, of 

which 926 purchased breakfast cereals. These households purchasing breakfast cereals 

constitute our population and the basis for our analysis. The panel is highly unbalanced, with 

the frequency of reported annual household breakfast cereal purchases ranging between 1 to 

123, with the highest numbers representing extreme cases. The average number of purchases 

made by the sample households over the year is 12. All in all, the panel used in the analysis 

consists of 11,109 observations.  

 

Following previous studies (e.g. Erdem, 1996, Seetharaman, 2004, and Andersen, 2006), we 

choose not to include a zero-purchase option, meaning that we exclude households who do 

not purchase breakfast cereals during the study period. Households always have the choice 

not to make a purchase, so choice occasions for a zero-purchase option are difficult to define. 

It is unlikely that households who are breakfast cereal consumers purchase breakfast cereals 

less frequently than once a year. The selection bias created by excluding households who have 

not purchased breakfast cereals during 2003 is therefore likely to be small. Even though we 

make no attempt to generalize our findings beyond breakfast cereal consumers, Appendix A 

contains a comparison of the relative shares of the household types in our sample, to the 

relative share of the same household types in the grain consumer panel as a whole (see Table 

A2, in Appendix A). The demographic profile of the households included in our analysis is 

similar to the profile of households in the full grain consumer GfK panel. The share of 
                                                 
8 Note that the level of education is reported by the households. In the questionnaire, it is not specified whether, 
for instance, “higher education” means having taken courses at the university or having a degree from a 
university. To be more specific, the households were asked to mark their “highest ongoing or finished 
education”, among the alternatives summarized by the dummy variables representing educational levels. 
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households with children, and the share of households belonging to the higher income groups, 

are, however, slightly higher in our sample during the study period.9  

 

Table 2 shows descriptive statistics of the shares purchased of different types of breakfast 

cereals by each household type. The numbers refer to the share of respective cereal types out 

of the total cereal consumption (in grams) for each household type. Of all breakfast cereals 

purchased by our sample in 2003, 39 percent were muesli, 33 percent were flakes, 15 percent 

were sweet cereals and 8 percent were Keyhole-labelled breakfast cereals. Dividing the 

households by income group, Table 2 shows that the two lowest income groups have a 

slightly higher percentage of Keyhole-labelled purchases (9 percent), as part of their total 

breakfast cereal purchases during the year than do the two higher income groups (7 percent).  

 

Grouping the sample households by educational level of the household member mainly 

responsible for food purchases, we find that the consumption share of Keyhole-labelled 

breakfast cereals is higher in households where the purchaser has at least a high school 

education (9 percent), compared to households where the purchaser has an elementary school 

education (6 percent). Also, the consumption share of muesli is higher for the sample 

households belonging to the higher educational groups, whereas the opposite is true for flakes. 

The consumption share of sweet cereals is the highest for households with a high school 

education, compared to households belonging to both the higher and lower educational group. 

 

Dividing the sample households by household type (i.e. combination of adults and children), 

Table 2 shows that the relative share of sweet cereals for households with children is sizeable 

(for a single adult with children, as high as 35 percent), whereas it is low (6 percent) for single 

adults with no children. Households consisting of a single adult without children also 

purchase the highest share of Keyhole-labelled breakfast cereals (12 percent) of all household 

types.  

 

                                                 
9 We have also estimated a probit model based on the full grain GfK panel, where the decision to purchase/not to 
purchase breakfast cereals is a function of breakfast cereal prices and household characteristics. Compared to a 
model with no regressors (i.e. with only a constant), the probit model is statistically significant (LR value = 112, 
p-value = 0.000). The explanatory power of the model is relatively modest, though, with an R-squared value of 
0.08. Commenting on the statistically significant (at the 5 percent level) variables only, the probit results imply 
that the probability of purchasing breakfast cereals increases with the number of children and with income.  
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Table 2. Relative shares of breakfast cereal purchases by household groups 

   Breakfast cereal type 
 

  Flakes Keyhole-
labelled Muesli Sweet 

cereals Others Sum 

Relative market shares, all households 0.33 0.08 0.39 0.15 0.05 1.00 
   

Relative market shares by income per 
household       

Income group 1 (lowest)  0.31 0.09 0.43 0.13 0.04 1.00 
Income group 2   0.35 0.09 0.38 0.11 0.06 1.00 
Income group 3   0.34 0.07 0.37 0.16 0.05 1.00 
Income group 4 (highest)  0.31 0.07 0.43 0.16 0.03 1.00 

        
Relative market shares by level of 
education for household member 
responsible for food purchases       

Elementary schooling   0.42 0.06 0.35 0.13 0.06 1.00 
High school education   0.32 0.09 0.39 0.17 0.04 1.00 
Higher education   0.30 0.09 0.43 0.13 0.05 1.00 
Educational level  n.a.  0.33 0.02 0.45 0.16 0.03 1.00 

        
Relative market shares by household 
type       

Single adult, no children  0.32 0.12 0.46 0.06 0.04 1.00 
Single adult with children  0.15 0.08 0.37 0.35 0.05 1.00 
Two adults, no children  0.41 0.07 0.43 0.06 0.04 1.00 
Two adults with one child  0.27 0.06 0.43 0.19 0.06 1.00 
Two adults with two or more 
children  0.30 0.08 0.31 0.24 0.06 1.00 
Three or more adults  0.33 0.07 0.36 0.20 0.05 1.00 
Note: n.a. = not available, meaning that households did not report the category they belong to. 
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3. An Empirical Approach to Consumer Choice 
 

The mixed multinomial logit model (MMNL) is well suited for our purposes due to the 

flexibility provided by the model and its ability to handle panel data. The MMNL shares some 

of the features of the more commonly used, but also more restrictive, multinomial logit model 

(MNL). 

 

The MMNL, as well as other models in the family of multinomial logit models, are derived 

from the theoretical framework provided by the random utility model (RUM). In the RUM, 

the utility of a choice alternative, j, for household n in period t, is determined by factors that 

are observed by the researcher, njtx , and factors that are unobserved by the researcher, njtε . 

The unobserved part of utility, njtε , is defined as a random variable. It should be noted that njtε  

is assumed to be known to the household. The utility that the household associates with a 

particular choice alternative is, therefore, not subject to randomness. The household chooses 

among J options the alternative from which it derives the highest utility.10  

 

In a MNL, the unobserved part of the utility mentioned above (i.e. the error term) is assumed 

to be extreme value as well as identically and independently distributed (iid). The iid 

assumption means no correlation between error terms over alternatives, i.e. the unobserved 

utility component associated with alternative j, njtε , does not affect the utility of any other 

choice alternative, and there is no correlation of error terms over time. The iid assumption, in 

turn, gives rise to the Independence of Irrelevant Alternatives (IIA) property, which states that 

the ratio of probabilities of any two alternatives in the model will remain unchanged, 

regardless of whether new alternatives are introduced or existing alternatives are excluded 

from the choice set. Assume, for instance, that Keyhole-labelled muesli was removed from 

the market. From the IIA property it then follows that the households that previously 

purchased Keyhole-labelled breakfast cereals would divide themselves over the other 

breakfast cereal types in proportion to the relative shares of these breakfast cereals, such that 

the probability ratios are kept constant. However, households that previously purchased 

Keyhole-labelled breakfast cereals might differ from the general population and exclusively 

buy muesli and flakes (and no sweet cereals), if Keyhole-labelled breakfast cereals were not 

                                                 
10 Here, it is assumed that the choice made by the household is the choice that gives the highest joint utility for 
all household members. 
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available. The IIA associated with the MNL, therefore, imposes unnecessary and often 

implausible restrictions on the substitution patterns of households. A more flexible model that 

relaxes the iid assumption (and, as a consequence, the IIA) is desirable. 

 

The MMNL fully relaxes the iid assumption, and hence lacks the restrictions imposed by the 

IIA property.11 Depending on the specification, the MMNL allows the unobserved part of the 

utility to be correlated over time and over alternatives. Another appealing feature of the 

MMNL, as demonstrated below, is that it allows for heterogeneity in preferences over 

consumers. MMNL calculations are very computer intense, which explains their limited use 

until relatively recently.  Applications of MMNL models on panel data include Erdem (1996), 

Bath (1997), Revelt and Train (1998), and Johannesson and Lundin (2002).  

 

The behavioural specification of the MMNL can vary extensively and, depending on the 

specification of the model, the MMNL can approximate any discrete choice model 

(McFadden and Train, 2000). For instance, a MMNL where all parameters are fixed collapses 

to a MNL and Hensher et al. (2007) show that a MMNL defined as an error components 

model approximates the nested logit model.  

 

In the MMNL, household n’s indirect utility of purchasing breakfast cereal type j at time t is 

defined as 

 
' ' ' ' '( )njt n njt njt n njt njt njt n njt njtU x x x xε β μ ε β μ εβ + = + + = + +=   (1) 

 

where the parameter vector nβ  is assumed to be household specific, i.e. the preferences may 

be heterogeneous over households. The parameter vector nβ  consists of two parts:β , which is 

common to all households and equal to the mean of the distribution of all individual nβ s, and 

a household-specific error term, nμ , with zero mean.12 The parameter nβ  is distributed in the 

population with density ( )nf θβ , where θ  represents the parameters of the distribution for 

                                                 
11 Andersen (2006) provides analytical proof of a single random coefficient being sufficient for the IIA property 
not to hold. 
12 Here, we assume that taste is stable over time (i.e. year 2003), but varies over individuals, such that the 
random taste parameter nβ  varies over households, and not over time. It should also be noted that the 

parameters contained in nβ  may be either alternative specific or generic over alternatives. 
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nβ  (i.e. the mean and the variance). The functional form, ( )f ⋅ , is specified by the researcher. 

Note that in the MMNL, the unobserved part of utility consists of '
njt n njt njtxξ μ +ε= . As in the 

MNL, the error term jntε  is assumed to be iid extreme value. The distribution of nμ , on the 

other hand, may differ from iid extreme value.  

 

Suppose that the household faces a sequence of repeated choices over time. Let i denote the 

observed choice by household n at time t. Conditional on nβ , the probability of household n 

choosing alternative i at time t is the standard logit formula, ''( ) n njtn nit xx
nit n

j
L e eβββ = ∑  (i.e. 

the MNL choice probability, see McFadden, 1981). The conditional choice probability of 

household n’s sequence of observed choices over time is then the product of the individual 

logit formulas from each choice occasion t=1,…,T. By integrating the conditional choice 

probability over all possible values of nβ , we have the unconditional choice probability of 

household n making the observed choice sequence  

 

( ) ( )
'

'

1 1

( , ) ( )
n nit

n njtn n

xT T

n n n nit nx
t t

j

eP y x d L d
e

f f
β

ββ β n nθ θ β β θ ββ β
= =

⎛ ⎞
⎜ ⎟

= =⎜ ⎟
⎜ ⎟⎜ ⎟
⎝ ⎠

∏ ∏∫ ∫∑
 (2) 

 

Given the purpose of our study, there are a couple of particularly appealing features of the 

MMNL. First, lagged dependent variables can enter the model without revising the estimation 

procedure. As highlighted by Train (2002), conditional on nβ , the remaining error terms, jntε , 

are iid extreme value distributed, i.e. independent over time. A lagged dependent variable in 

the utility function will, therefore, be uncorrelated with the error terms jntε at time t and the 

unconditional MMNL choice probabilities remain as stated in equation (2). Second, the 

MMNL makes it possible to control for unobserved preference heterogeneity, which is 

important from the point of view of identifying “true state dependence”.13  

 

                                                 
13 Heckman (1981) stresses that choice persistence may be a result of both state dependence and preference 
heterogeneity. Specific characteristics (for instance, having diabetes) may result in a consumer repeatedly 
choosing non-sweet breakfast cereals. In this case, the choice of non-sweet breakfast cereals is not reinforced by 
previous choices (i.e. “true state dependence”), but would merely be a result of consumer background variables. 
In order to identify state dependence, it is therefore important to control for preference heterogeneity. 
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The household-specific likelihood functions are assumed to be independent, such that the 

likelihood function to be maximized in the MMNL is the product of all household specific 

likelihood functions, defined as 

 

( )
1 1

( )
n

N T

nit n n n
n t

L L df
β

β θ ββ
= =

=∏ ∏∫    (3) 

 

Our aim is to use maximum likelihood estimation to estimate θ , the parameters describing the 

distribution of individual nβ  in the population. The integral in equation (3) has no closed 

form solution, i.e. cannot be calculated analytically, and hence the choice probabilities are 

approximated through simulation. For further details on the procedure and properties of the 

simulated choice probabilities, see e.g. Revelt and Train, 1998, Hensher and Greene, 2003,  

and Hensher et al., 2005. 14  

 

 

4. Estimation and results  
 

The utility of each choice alternative (flakes, Keyhole-labelled breakfast cereals, muesli, 

sweet breakfast cereals and others) is assumed to be affected by the price of the particular 

choice alternative and state dependence, where state dependence is represented by dummy 

variables for the purchases of the previous and second-previous choice occasions.  

 

To explore the data prior to model specification, we start by estimating an MNL with 

alternative specific fixed parameters. Of particular interest is whether there is a difference in 

parameters associated with state dependence for the healthy (Keyhole-labelled) alternative 

and the unhealthy (sweet) alternative, compared to other breakfast cereal types. We conduct 

Wald tests with the null hypotheses that the parameters for (i) the dummy variable indicating 

the previous purchase and (ii) the dummy variable indicating the second-previous purchase 
                                                 
14 In brief, nβ  is drawn repeatedly (R times) from its distribution ( )nf β θ . Each value drawn is labelled rβ , 

where r = 1,…,R, and inserted in the following  simulated mixed logit choice probability 

1 1

1
P̂( , ) ( )

TR
n r t

y x L
R nit rθ β

= =
= ∑ ∏ . As stated by Revelt and Train (1998), P̂( , )ny x θ  is an unbiased estimator of 

P( , )ny x θ . The parameters are estimated by simulated maximum likelihood. This is done by inserting 

P̂( , )ny x θ  into equation (3), instead of the exact choice probability.  
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are different between Keyhole-labelled and sweet breakfast cereals, respectively, and other 

breakfast cereal types. In all cases, we reject the null hypotheses and conclude that, at the 95 

percent confidence level, the point estimates of the parameters associated with the dummy 

variable are equal across alternatives. We therefore estimate generic parameters for all 

alternatives. 

 

We estimate the following model: 

 
' ' '

, 1 , 2njt nj n ppj t n ppj t jt njtD PU D δ ψ εα γ − −+ + + +=         t = 1,…,T                (4) 

 

where  is the indirect utility of alternative j ( j = flakes, Keyhole-labelled breakfast 

cereals, muesli, sweet breakfast cereals or others), for household n at choice occasion t. The 

parameter 

njtU

njα  is the alternative specific constant; , 1ppj tD − is a dummy variable that takes the 

value 1 if alternative j was purchased on the previous choice occasion and zero 

otherwise; is a corresponding dummy variable for having purchased j on the second 

previous choice occasion, and 

, 2ppj tD −

jtP  is the price of alternative j.15  

 

The household specific parameters, nα , nγ  and nδ , consist of two parts; a mean value that is 

common to all households, and a household specific deviation from the mean. The price 

parameter is assumed to be fixed over both households and alternatives. Equation (4) can, 

therefore, be rewritten: 

 
' ' '

, 1 , 2

' ' ' ' '
, 1 , 2 , 1 , 2

Unobserved part of utility

) ( ) ( )(njt j nj n ppj t n ppj t jt njt

j ppj t ppj t jt nj n ppj t n ppj t njt

D P

D P D

U D
D D

ω γ δ μ ψ ε

γ δ ψ ω μ

α η

α η
− −

− − − −

+ + + + + +

+ + + + + +

= +

+ ε

=
    t = 1,…,T            (5) 

 

                                                 
15 Most of the previous studies using a similar methodology to capture state dependence (e.g. Chintagunta, 1993, 
Erdem, 1996, Ailawadi, 1998, and Sun et al., 2003) include in the model the most recent lagged choice only. 
However, Seetharaman (2004) shows that restricting the number of lags to only one may lead to biased estimates 
of the parameters associated with state dependence. Therefore, we choose to include two lags in the model. It 
should also be noted that the state dependence modelled here means that households could be referred to as 
“naïve”, in the sense that, when making the choice of breakfast cereal at time t, they consider their consumption 
history, but do not recognize the impact of present consumption on future tastes.   
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Each of the parameters njω , nη  and nμ  are assumed to be normally distributed with zero 

mean and constant variance. McFadden and Train (2000) suggest a Lagrange Multiplier test 

to establish random versus fixed parameters. As noted by Hensher and Greene (2003), another 

way of testing for random parameters is to use a t-test on each estimated standard deviation, 

as is done here. Note that the distributional assumptions allow the parameters representing 

habits to take any sign. Household consumption can either be driven by habits or by variety-

seeking behaviour (or none of them), such that the sign of these parameters is a matter of 

empirical investigation. 16

 

Each day a household makes a breakfast cereal purchase constitutes a choice occasion. On 

each choice occasion, the households face prices of both the alternative purchased and the 

remaining choice alternatives. It is, therefore, necessary to measure the prices associated with 

all choice alternatives. Unfortunately, we only know the price at which the product purchased 

was bought, but not the prices of all alternatives faced by the household at that particular 

choice occasion. As a proxy for the price of the alternatives we use the average weekly price 

of each alternative that was not purchased.17 Note that the price variable will, therefore, be 

affected by the composition of products purchased by the panel households in a particular 

week. Due to the potential measurement error in the prices associated with the alternatives not 

purchased, the estimates of the price parameter should be interpreted with caution.18

                                                 
16 The choice of distribution is not evident; normal, as well as triangular and uniform, distributions allow the 
estimated parameters to take any sign. Hensher and Greene (2003) note that small differences in estimated 
moments (for models that assume parameters are normally, uniformly and triangularly distributed) have 
generally been found in empirical applications of MMNL models, which could imply that the choice among 
these three distributions may be of little importance. We also estimate the model assuming triangular and 
uniform distributions. The mean values of the estimated parameters are very similar over the different types of 
distributions, whereas the value of the estimated standard deviations is generally larger for the uniform (almost 
double) and triangular distributions (slightly more than double), and highly statistically significant, compared to 
the estimated standard deviations under the assumption that the parameters follow a normal distribution.  
17 Not all products have been purchased all days of the year. Therefore, average prices are calculated for each 
week, instead of average daily prices. Because the average prices are used for the alternatives that were not 
purchased and the actual prices are used for the alternative that was purchased, a relatively large price 
differences sometimes arises between the alternative chosen and the other alternatives. For example, an 
expensive product purchased in a convenience store is likely to be matched by relatively expensive alternatives – 
this will not be reflected by the average prices. Therefore, we have also estimated a variant of the model where 
the price of the observed choice is the average weekly price, instead of the observed price. The parameter 
estimates associated with the state dependence variables and constants are almost identical to the model 
described in the text. Even the estimate of the price parameter is similar to that presented in the text (which is 
based on the observed price) and highly statistically significant. 
18 The measurement error associated with the price variable could potentially affect the other parameter estimates 
from the model. However, we find that the parameter values of the lagged choice variables are stable over a 
range of estimated model specifications, containing average or actual prices and different scale factors of the 
price variable. We interpret this to mean that the parameters for the lagged choice variables are little, if any, 
affected by the measurement error in the price variable. 
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The model is estimated using NLOGIT, which is an extension of the econometrics computer 

program Limdep, and is especially developed to handle discrete choice models. Restrictions in 

NLOGIT allow a series of maximum 24 purchases for each household to be included in our 

model. In our sample, a relatively small share of the households (13 percent) made more than 

24 purchases during 2003, i.e. are heavy breakfast consumers. Limiting the sample series of 

observations to a maximum of 24 for the heavy breakfast cereal consumers means running a 

risk of neglecting potential seasonal effects (structural changes) in breakfast cereal 

consumption. Therefore, to proceed with NLOGIT, we need to ensure that the risk of seasonal 

consumption for heavy breakfast cereal consumers is small, i.e. that the results will not 

depend on our sample of 24 observations chosen for these households. To do so, we consider 

two different samples; one based on the first 24 purchases during the year for the heavy 

breakfast consumers and one based on the last 24 purchases. The results show that the 

parameter estimates are very similar, which imply little or no seasonal variation in breakfast 

cereal purchases. Formal tests of structural change in consumption over time will be weak due 

to dependency between the sub samples. Observations in series of either the first 24 or the last 

24 purchases overlap for many heavy breakfast cereal consumers, and for those where there is 

no overlap of observations, the lags in the model cause dependency between the samples in 

the regressions. To decrease the dependency between the regressions, we estimated a model 

based on the first 12 observations, for the heavy breakfast cereal consumers, and another 

model based on the last 12 observations, for the same households. Thereafter, we perform a 

Wald-test for structural change, where the null hypothesis is that there is no difference in the 

parameters estimated by the two regressions. We cannot reject the null hypothesis. We 

conclude that the risk of seasonal effects in breakfast cereal consumption for heavy breakfast 

cereal consumers is small, and therefore choose to carry on the analysis by using NLOGIT. 

The results reported below are based on a sample series of the first 24 purchases during the 

year, for those households who purchased breakfast cereals more than 24 times during the 

study period. 
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The estimation results from the MMNL are shown in Columns 2-3 of Table 3,19 and t-values 

are shown within brackets.20 For the random parameters, we estimated both the mean and 

standard deviations. The parameter estimates of the MMNL model in Table 3 provide 

information on the population profile, i.e. the distribution of parameter values across 

households purchasing breakfast cereals. Due to the statistically significant estimates of the 

standard deviations for both the alternative specific constants and the parameters associated 

with state dependence, our results imply heterogeneity in preferences over consumers. This is 

in line with the findings of several previous studies; e.g. Andersen (2006) Chidmi and Lopez 

(2007) Nevo (2001) and Chintaguanta (1993) all report heterogeneity in preferences, and 

heterogeneity in state dependence, specifically, is found by e.g. Erdem (1996). A positive 

parameter estimate implies that utility increases as the corresponding variable increases and, 

thus, the probability of the household purchasing the product. Noteworthy is the pseudo-R2 

adjusted value of 0.40, suggesting a decent explanatory power. 

 

The point estimate of the price parameter is negative and statistically significant, suggesting 

that the typical household in the sample experiences a decrease in utility (and hence a 

negative effect on the probability of purchasing a breakfast cereal) from a marginal increase 

in the price of this particular breakfast cereal.21 Also, the results show that, on average, 

having purchased the particular breakfast cereal type on the previous or second previous 

choice occasion positively affects the utility of the particular breakfast cereal, implying habit 

persistence in breakfast cereal consumption. We also find statistically significant 

                                                 
19 The simulated maximum likelihood estimation was performed using the Standard Halton Sequence (SHS), 
which is a draw method that, compared to random draws, reduces the risk of drawing parameter values from a 
limited part of the specified distribution, and thereby reduces the number of draws needed for estimation (for 
details, see e.g. Train, 1999) . Here, we make 100 Halton draws of nβ  from its distribution ( nf )β θ . The 

number of iterations needed for model convergence is 61. To determine the overall statistical significance of the 
model, an LL-ratio test was performed, where the estimated model was compared to a model that includes the 
alternative specific constants only. The resulting 2χ  statistic equals 11,881 with 79 degrees of freedom, and the 
p-value is zero, implying that the estimated model significantly improves the log-likelihood function, compared 
to a model containing constants only.  
20 For comparison, we also report the results from a MNL model in the table, see column 1. The parameter 
values produced by the MNL are used as starting values for the simulated maximum likelihood estimation of the 
parameters of the MMNL model. The parameter estimates from the MNL model could also be regarded as a 
robustness test of the results. As shown, the qualitative results are the same in the MNL and the MMNL models.  
21 Our results imply that a SEK 10 increase in the price per 100 gram of flakes reduces the choice probability of 
flakes by 0.1 percentage points. Correspondingly, a SEK 10 increase in the price of Keyhole labelled cereals 
reduces the choice probability for Keyhole labelled cereals by 0.04 percentage points; a SEK 10 increase in the 
price of muesli reduces the choice probability for muesli by 0.07 percentage points, a SEK 10 increase in the 
price of sweet cereals reduces the choice probability for sweet cereals by 0.05 percentage points, and, finally; a 
SEK 10 increase in the price of “others” reduces the choice probability for “others” by 0.03 percentage points.   
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heterogeneity in the response of households, suggesting that households differ from the 

population mean.  

 

Based on the results in columns 2-3, we calculate the marginal utility effects of having chosen 

this particular cereal on the previous and second previous choice occasions. The sample 

distributions of marginal effects from the previous choices are presented in Figure 1B and 2B 

in Appendix B.22 Figure 1B shows that the consumption by the majority of households is 

associated with habit persistence (the marginal utility of having purchased a breakfast cereal 

type on the previous choice occasion is positive), but that there are households that value 

variety as well, i.e. for whom the marginal utility of having purchased a breakfast cereal on 

previous choice occasions is negative. As shown by Figure 2B, the marginal effects of having 

purchased a product two choice occasions ago are very similar to those of having purchased 

the product on the previous choice occasion. 

 

The finding of relatively strong habit persistence is in line with previous studies based on 

disaggregate product data. The absolute value of the parameter estimates found here are, 

however, not directly comparable to results in previous studies, both because previous studies 

only include one lag of the choice variable, and because model specifications are slightly 

different. For instance, Sun et al., 2003, include a dummy for the most recent lagged choice 

and, depending on the model specification, find estimates of structural state dependence 

ranging between 1.76 and 2.40 for ketchup, which is higher than the mean estimates presented 

here for the previous choice occasion.  

 

We also attempt to explain (at least part of) the variation in state dependence across 

consumers, and to distinguish observed differences in state dependence from other sources of 

preference heterogeneity. We do so by interacting both the constant and the state dependence 

variables with observed household characteristics (income, education, as well as number of 

children and adults). More specifically, we try to identify the household types with 

characteristics that affect the utility associated with the particular breakfast cereal, as well as 

the household types whose consumption exhibits particularly strong habit persistence. We 

thereby allow for different mean parameters over household groups. The omitted groups are 

Lowest income, Elementary schooling and Single. The results are shown in columns 2-3 of 
                                                 
22  The formula used for calculating the marginal utility is Nβ σ+ × , where β   is the mean estimate, σ is the 
standard deviation and N has a standard normal distribution.  
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Table 3 below. Parameter estimates that are not statistically significant at the 10 percent level 

are not reported here.  

 

The parameter estimates associated with the interaction terms between the measures of state 

dependence and household characteristics are generally not statistically significant. The 

exception is that the utility of choosing a breakfast cereal seems to be less affected by having 

purchased the cereal on previous choice occasions if the household consists of two adults with 

children (both one child and two or more children) than if the household consists of a single 

adult with no children. Also, households with high school education and higher education 

seem to be less affected by the purchase on previous choice occasions, compared to 

households with the lowest education. The strength of the habit persistence does not seem to 

be affected by income.  

 

Regarding the interaction terms between the alternative specific constants and the household 

characteristics, the results suggest that the utility from sweet breakfast cereals is positively 

affected if the household includes children. Adding more adults to the household seems to 

have a negative effect on the utility derived from Keyhole-labelled breakfast cereals. For 

muesli, the qualitative findings are the same as for Keyhole-labelled breakfast cereals. In 

addition, it seems that the utility of choosing muesli is positively affected if the person 

responsible for food purchases has a high school or higher education. Also, households 

belonging to the highest income group derive a higher utility from choosing muesli than low-

income households.  
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Table 3. Utility parameter estimates 
 Model 

Variable Multinomial 
logit model 

Mixed multinomial logit model with 
household characteristics 

 
Estimated 
parameters 

Estimated mean 
value 

Estimated 
std dev 

P  
-1.227*** 
(-7.891) 

-1.425*** 
(-24.481)  

, 1ppj tD −  
1.013*** 
(40.020) 

0.853*** 
(6.828) 

0.588*** 
(11.154) 

, 2ppj tD −  
1.132*** 
(45.277) 

0.826*** 
(6.591) 

0.515*** 
(10.838) 

Alternative specific constants    

Keyholeα  
-0.782*** 
(-16.804) 

-1.709*** 
(-6.530) 

1.923*** 
(16.429)    

musliα  
-0.062* 
(-1.767) 

-0.327* 
(-1.893) 

1.424*** 
(21.589)    

othersα  
-1.170*** 
(-20.730) 

-2.218*** 
(-7.812) 

1.314*** 
(12.983)    

sweetα  
-0.467*** 
(-10.414) 

-2.072*** 
(-7.530) 

1.648*** 
(17.563)       

Interactions with household characteristics    

3 AdultsKeyholeα ×   
-0.778** 
(-2.265)     

2 AdultsKeyholeα ×   
-0.620** 
(-2.292)           

Income gr 3musliα ×   
0.429** 
(2.087)            

3 Adultsmusliα ×   
-0.583*** 
(-2.631)     

2 Adultsmusliα ×   
-0.392** 
(-2.110)         

2 Adults, 2 Cmusliα ×   
-0.670*** 
(-3.172)           

Education2musliα ×   
0.352*** 
(2.618)            

Education3musliα ×   
0.324*** 
(2.236)            

Income gr 4othersα ×   
-0.719* 
(-1.855)           

2 Adult, 1 Cothersα ×   
1.120***        
(3.128)     

2 Adult, 2 Cothersα ×   
0.739**        
(2.422)  

3 Adultssweetα ×   
1.269*** 
(3.984)  

2 Adults, 1 Csweetα ×   
1.814*** 
(4.647)  

2 Adults, 2 Csweetα ×   
2.312*** 
(6.921)  

1 Adult w Csweetα ×   
2.590*** 
(7.185)  

1 2 Adults, 2 CppD ×   
-0.353*** 
(-2.171)  

1 Education2ppD ×   
-0.231** 
(-2.205)  
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Table 3 continued:    

2 2 Adults, 2 CppD ×   
-0.291* 
(-1.707)  

2 1 Adult w CppD ×   
-0.459** 
(-2.158)  

2 Education2ppD ×   
-0.188* 
(-1.864)  

2 Education3ppD ×   
-0.256** 
(-2.312)  

Pseudo R-squared adjusted 0.23 0.40  
Superscripts ***, ** and * imply statistical significance at the 1, 5 and 10 percent level, respectively.  
 
 
A range of alternative models were also estimated, where the alternative specific constants are 

fixed and the parameters associated with state dependence are random (with and without 

being interacted with household characteristics), and models where the alternative specific 

constants are random and the parameters associated with state dependence are fixed (with and 

without being interacted with household characteristics). The comparable qualitative findings 

remain, and we conclude that the findings reported in Table 3 appear to be robust.  

 
 

5. Discussion 
 
We estimate the strength and heterogeneity over households in state dependence associated 

with breakfast cereal consumption, where positive state dependence implies habit persistence 

and negative state dependence implies variety-seeking in breakfast cereal consumption. Our 

results suggest that habits are a very important determinant of breakfast cereal choices. There 

seems to be a strong element of habit persistence in breakfast cereal choices for all breakfast 

cereal types. In addition, our results suggest that there is a significant variation across 

households in the strength of habit persistence, meaning that single (mean) parameters 

representing state dependence are insufficient in representing household behavior. 

Consumption by the average household is strongly habitual, but there are households where 

consumption is better described as variety-seeking.  

 

The relative shares of consumption of the breakfast cereal types seem to be similar over 

income and educational groups. However, households with many children have a higher 

consumption of sweet cereals and lower consumption of Keyhole-labelled breakfast cereals 

than households with no children. If aiming at improving the nutritional quality of breakfasts, 

households with many children might therefore be a target group.  
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We also add interaction variables between the measure of state dependence and observed 

household characteristics, such as income, education and the number of children and adults in 

the household. The idea is to examine (as far as the data allow) whether differences in state 

dependence can be attributed to observed characteristics. In general, these interaction effects 

have little influence on the choice of breakfast cereals, suggesting that it may be necessary to 

look beyond these characteristics in order to explain differences in the strength of state 

dependence. Habit persistence appears to be the weakest for two-adult households with 

children compared to single-adult households without children. This could be an indicator of 

habit persistence being weaker for households with children, compared to those without. 

However, the comparison of relative strength of habit persistence over household types should 

be interpreted with caution. Habit persistence as defined here may also reflect a greater 

preference heterogeneity within households with more individuals and both adults and 

children (relative to households consisting of adults only), and not necessarily weaker habit 

persistence for single individuals in the household.  

 

Our results support the literature that finds habit persistence in food consumption. Typically, 

habit persistence is found in data sets containing disaggregated product data and, to a lesser 

extent, when habit persistence is analyzed using more aggregate product data. Our results 

imply that the “stickiness” of consumption (habit persistence) should be taken into account 

when developing policies to address consumption of certain food categories. For instance, 

consumer response to tax reforms (e.g. subsidizing Keyhole-labelled foods), or information 

campaigns aimed at encouraging a healthier food consumption, will be affected by the degree 

of habit persistence associated with both the Keyhole-labelled foods and the less healthy 

substitutes. The higher the degree of habit persistence, the larger the difference between short 

and long term consumer responses to permanent relative price changes, and the more forceful 

the policy instruments need to be in order to redirect consumption in the short run.  

 

The estimated price parameter is relatively small, implying that the probability of purchasing 

breakfast cereals is little affected by price changes. This might be due to breakfast cereals 

being a relatively inexpensive product that represents only a small  budget share (see 

Nordström and Thunström, 2008), such that households pay little attention to price increases 

in breakfast cereals.  
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Important issues for future research are to extend the analysis to include a wider range of food 

groups, in order to gain information on differences in habit persistence associated with 

consumption of particularly healthy food products and unhealthy food products. Here, the 

analysis could be based both on habit persistence in consumption of specific nutrients, as well 

as in products. It would also be of interest to analyze the extent to which habits stick over the 

consumer’s life cycle. Finally, it would be valuable to gain information on what policies (i.e. 

price or information mechanisms) are most effective in influencing consumption associated 

with habit persistence. Here, experimental methods (e.g. choice experiments) may be helpful. 

All these issues are important for policy makers to understand when designing policies aimed 

at encouraging a healthier food consumption. 
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Appendix A 
 
Table A1. Variable definitions  
Variable name 

 Definition 

Price  

Price per 100 gram of the product purchased for the 
observed choice, average weekly price per 100 gram for 
the alternatives. Prices are in SEK (expressed in units of 
SEK divided by 10)* 
 

, 1ppj tD −   
1 if the breakfast cereal type was purchased on the last 
consecutive choice occasion, zero otherwise 
 

, 2ppj tD −   
1 if the breakfast cereal type was purchased on the second 
last consecutive choice occasion, zero otherwise 
 

Single  
1 for households consisting of a single adult without 
children, zero otherwise 
 

2 Adults  
1 for households consisting of two adults without 
children, zero otherwise 
 

Single with Children  
1 for households consisting of a single adult with one or 
more children, zero otherwise 
 

2 Adults, 1 Child   
1 for households consisting of two adults with one child, 
zero otherwise 
 

2 Adults, 2 Children  
1 for households consisting of two adults and two or 
more children, zero otherwise 
 

3 Adults  
1 for households consisting of three or more adults, zero 
otherwise 
 

Elementary schooling  
1 for households where the maximum level of education 
for the person mainly responsible for food purchases is 
elementary schooling, zero otherwise 
 

High school education  
1 for households where the maximum level of education 
for the person mainly responsible for food purchases is 
high school education, zero otherwise 
 

Higher education  
1 for households where the maximum level of education 
for the person mainly responsible for food purchases is 
university education, zero otherwise 
 

Education,na  
1 if household has not reported the level of education, 
zero otherwise 
 

Income group 1 (lowest)  
1 for households with maximum yearly income of SEK 
199,999, zero otherwise 
 

Income group 2   
1 for households with yearly income SEK  200,000-
299,999, zero otherwise 
 

Income group 3   
1 for households with yearly income SEK 300,000-
499,999, zero otherwise 
 

Income group 4 (highest)  
1 for households with yearly income of minimum  SEK 
500,000, zero otherwise 
 

* On January 10th 2008, USD/SEK = 6.36. Prices are calculated as the average price of all products, in each of 
the five categories, purchased by the households in the sample in a given week. 
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Table A2. Relative share of household types in the sample, compared to the sample in the full 
GfK panel of grain consumers (who stayed in the panel for the full year) 

Variable name Relative share of those 
purchasing breakfast cereals 

Relative share of the full GfK 
panel for 2003 

Single 0.29 0.36 

2 Adults 0.37 0.36 

Single with Children 0.04 0.03 

2 Adults, 1 Child 0.06 0.06 

2 Adults, 2 Children 0.11 0.08 

3 Adults 0.13 0.11 

Sum 1.00 1.00 

Elementary schooling 0.28 0.33 

High school education 0.43 0.40 

Higher education 0.29 0.26 

Education,na 0.01 0.01 

Sum 1.00 1.00 

Income group 1 (lowest) 0.25 0.30 

Income group 2 (2nd lowest) 0.26 0.26 

Income group 3 (2nd highest) 0.35 0.29 

Income group 4 (highest) 0.14 0.11 

Sum 1.00 1.00 
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Appendix B 
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Figure 1B. Estimated distribution of the coefficient for purchase on the previous choice 
occasion 
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Figure 2B. Estimated distribution of the coefficient for purchase on the second previous 
choice occasion 
 


