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Introduction and summary

If information provision to consumers is to be used as an instrument of environmental
regulation, it is important to know whether consumers react to this kind of information, and if
so, how the reaction varies within the population. The consumer is generally unable to
observe the environmental impact of goods neither in the purchase situation, nor during
consumption. Information about environmental effects of specific goods may therefore
influence or trigger consumers’ preferences for this attribute. The purpose of this thesis has

therefore been to investigate preferences for different characteristics of goods.

The thesis consists of four papers. Three papers are empirical (paper 1, 2 and 4) and one
(paper 3) is methodological. Paper 1 and 2 concern preferences for the organic label and
attempt to reveal which motives for purchasing organic goods make a difference at the
counter, and which motives do not. The estimations in these two papers are conducted by
Mixed Multinomial Logit (McFadden and Train, 2000). During the work with these two
papers I encountered substantial problems estimating this model, which turned out to be
caused by the standard simulation techniques I used. Paper 3 is methodological and describes
the solution to these problems, and ought therefore to be of interest for almost anyone
planning on using the Mixed Multinomial Logit. The solution is of course incorporated in the
final estimations presented in paper 1 and 2. The last paper (paper 4) is joint work with
another PhD student, Sinne Smed from AKF, Danish Institute of Governmental Research.
This paper is empirical and uses a Tobit model with two-sided censoring. The focus of this
paper is to estimate preferences for nutritional characteristics of milk, primarily fat, and not
least to investigate how information influences these preferences. The main methodological
difference between this last paper and the others is that paper 1, 2 and 3 deal with the discrete
choices made in each single purchasing situation, whereas paper 4 models aggregated

monthly demand, which is continuous in nature.

The three empirical papers are all based on the characteristics model, and the paper 1 and 2
investigate altruistic motives for purchasing organic goods. The structure of this introduction
is the following: Section 0.1 introduces the characteristics model and section 0.2 introduces
altruistic preferences. Section 0.3 presents the data used in the estimations, section 0.4

summarises the results and section 0.5 concludes.



0.1. Characteristics model

The characteristics model was developed by Gorman (published in 1980) and Lancaster
(1966). The model assumes that goods are bundles of characteristics, and that consumers
derive utility from these characteristics rather than from the goods themselves. The goods are
seen as linear combinations of characteristics, and a given characteristic may appear in
different goods. The connection between goods and characteristics can therefore be described
through the technology matrix which indicates the level of specific characteristics in a number

of different goods. The characteristics are sometimes called attributes of the goods.

Variation in utility of goods may thus originate from at least two different sources: Different
perceptions of the nature and amount of characteristics of the goods or different valuation of
the characteristics of the goods. The organic attribute is a credence good (Giannakas, 2002),
which means that consumers cannot observe the organic characteristic directly, and must rely
on information about the organic attribute, e.g. the organic label, instead. It is therefore
possible to have different perceptions of the organic attribute, and the data used in this paper
indicate that this is the case. Some consumers expect to get improvements for their own or
their family’s health, some expect to get environmental improvements and some expect to
increase the level of animal welfare when purchasing organic goods. But others do not, and
the technology matrix therefore varies from individual to individual depending on their
perception of the organic label. On the other hand, variations in utility between different
socio-demographic groups which are not related to (measurable) differences in the perception

of the goods might reasonably be perceived as differences in preferences.

0.2. Altruism

A priori, one may be sceptical of the idea that environmental regulation can be done by
information provision. Signalling a public good attribute may not be expected to have a
significant effect on consumer purchase decisions because of the inherent free-rider problem
associated with public goods. Free-riding means enjoying the benefits of goods without
paying, e.g by enjoying the environmental effects of organic production without purchasing
organic goods. However, early economic contributions (e.g. Sen, 1973) provide a basis for a
more optimistic view. Consumers may, in addition to self-interest, be motivated by what Sen
called “sympathy” or “commitment” (and others refer to as “altruism”, e.g. Andreoni, 1990)
or by the fear of acting socially irresponsibly (non-instrumental or symbolic behaviour). A

number of recent contributions discuss the implications of altruistic preferences for
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environmental regulation in different areas (see e.g. Johansson, 1997; McConnell, 1997;

Nyborg, 2000).

Only a handful of econometric demand studies have until now investigated the significance of
altruistic demand effects: Teisl et al. (2002) investigate the effect of the dolphin-safe label
using aggregate time series data, Bennett et al. (2001) and Blamey and Bennett (2001)
investigate the effect of claimed (but not certified) environmental attributes on demand for
toilet paper using micro level cross-section data, and Bjerner et al. (2004) investigate the
effect of the Nordic Swan label on Danish demand for detergent, toilet paper and paper towels
using micro level panel data. All find evidence of consumer reactions that may indicate

altruistic behaviour.

When it comes to organic goods, several studies have investigated the motives for purchasing
these. Most studies are based on relatively few respondents (Makatouni, 2002; McEachern
and McClean, 2002; Thompson and Kidwell, 1998; Wolf, 2002) and/or stated consumption of
organic goods (Fotopoulos and Krystallis, 2002; Magnusson et al., 2001 and 2003;
Makatouni, 2002; McEachern and McClean, 2002; Wandel and Bugge, 1997). Stated
consumption has several disadvantages. First of all, it is stated and is therefore to some extent
also a measure of intention to buy, and secondly — and perhaps more importantly — it provides
no information about the prices facing the respondents in the actual purchase situation. It is
therefore impossible to separate the effect of prices from the effect of socio-demographics and
attitudes. This thesis distinguishes itself by combining information about actual purchases
(including prices of the purchased goods), socio-demographics and perception of organic

goods for each of the households in the sample.

The papers presented in this thesis show that people mainly derive utility from improvements
in their own or their family’s health, but also from improving the environment or increasing
the level of animal welfare in the production. Health is a classical private good, only the one
who consumes the healthy food benefits (apart from the obvious positive externalities
provided by e.g. reducing the cost of public health care). Environment and animal welfare, on
the other hand, are public goods — no one can be excluded from enjoying the improved
environment, or the knowledge that animals in organic production have a higher level of
animal welfare, and they are therefore prone to free-riding. The fact that consumers are
observed to purchase goods in order to improve either the environment or the level of animal

welfare therefore indicates that altruistic behaviour is not just a theoretical phenomenon.



0.3. Data

The data used in this thesis come from the GfK-Denmark household grocery consumption
panel which consists of more than 2,000 households dating back to 1997 (average
participation time during the period 1997 to 2001 is 95 weeks) including background
characteristics and detailed data from weekly purchasing diaries with price and quantity
information on a very disaggregated good level (close to bar code). The “diary keeper” of
each household (typically the person responsible for most of the shopping) fills in information
about all types of food and groceries purchased by family members and sends a weekly diary
report to GfK. For each purchased good on each shopping trip the following information is

recorded:

e Type of Good. The commodities are separated into approximately 100 groups, most of
these are further disaggregated at a very detailed level. Each year more than 4,500

different goods are purchased.

e Good characteristics (these vary in number and type between goods, e.g. for milk

indicators for fat content and type (chocolate milk, buttermilk etc.)).
e Organic/conventional (this is recorded for all goods that can possibly be organic).
e Number of units.
e Price per unit.
e  Whether the good was on sale or not.
e Name/type of store (Kvickly, SuperBrugsen, Bilka, Irma ...).
e The day of the week and time of day of the shopping trip.
e Participants in the shopping trip.
e The total value of the goods purchased on the shopping trip.

In addition, households annually supply information on socio-demographics such as
education, income, club membership and media use etc. Single authored papers in this thesis
have only had access to the data from 1997 to 2001, and the co-authored paper 4 has had
access to data from 1997 to 2004.

In 2002 AKF issued a large questionnaire on organic food to the GfK panel. The purpose of
the questionnaire was to obtain information about knowledge of and attitudes towards organic
foods in general at household level. It is therefore possible to combine actual purchases with

7



socio-demographics, attitudes and perception of specific organic goods and thereby entangle
the effects of different motives for purchasing organic goods from each other, and to estimate
the impact of these different motives on the propensity to buy specific organic goods. For

more on the GfK data see Andersen (2006) and Smed (forthcoming).

0.4. Summary of papers

Paper 1 —’Organic Milk — Who and Why?’ — uses information about purchases of milk during
the last six months of 2000 combined with stated perception of general environmental and
health effects of organic goods. 51 per cent believes that organic production has a positive
effect on the environment and 41 per cent believes in a positive effect on their own health.
The number of households used is 1,022, and the number of purchases is 33,993. Data are
analysed by Mixed Multinomial Logit, mixing a general organic attribute and varying the
mean utility by type of milk, perception of organic goods and the socio-demographics
education, urbanisation, income, age and presence of children 0-6 years or 7-14 years old in

the household.

The results indicate that consumption of organic milk increases significantly with level of
education, urbanisation and income. Age and presence of children in the household have no
significant effects. Combining the purchase data with a questionnaire about attitudes towards
organic production issued to the same panel shows that 51 per cent believes that organic
production has a positive effect on the environment and 41 per cent believes in a positive
effect on their own health. The level of trust in organic products generally increases with level
of education, urbanisation and income. Including perception of organic goods in the
estimation therefore reduces the effects of these socio-demographics, and thereby

demonstrates the strength of this type of data combination.

It turns out that both trust in effect on environment and on health increases the probability of
choosing organic milk significantly. The effect of trust in health is more than twice as big as

the effect of trust in environment.

Paper 2 — *Animal Welfare and Eggs — Cheap Talk or Money on the Counter?’ — uses
purchases of eggs during the one year period from July 1999 to June 2000." The number of
households included in the analysis is 844, and the number of purchases is 10,800. The data is

! This is the only period in which the panel members reported whether the eggs were barn or free-range. In the
rest of the period only the distinction organic/non-organic eggs is reported. This is problematic because the level
of animal welfare related to barn and free-range eggs is higher than for battery eggs.
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again analysed by a Mixed Multinomial Logit, but this time the utility of the three types of
non-battery eggs (barn-, free-range- and organic eggs) is assumed to follow a three-
dimensional normal distribution, allowing for correlation between the utility of the three types

of eggs.

The purpose of the paper is to identify actual willingness to pay for animal welfare, again by
combining actual purchases with stated perception of organic goods. In paper 1 the questions
concerning perceptions were related to organic goods in general, but in paper 2 the questions
regard organic broilers and egg laying hens. The households are asked whether they expect
organic broilers to be less likely to cause a bacterial infection (food safety, used as an
indicator of health effects) and whether they expect the animal welfare to be better for hens
laying organic eggs. The result shows that consumers perceiving a stronger connection
between animal welfare and the organic label have higher willingness to pay for organic eggs,
even when controlling for private good attributes such as food safety also connected to the
label. The results suggest that altruistic motives may play an important role in the demand for

agricultural products.

The use of the Mixed Multinomial Logit model in paper 1 and 2 turned out to be quite a
challenge. The estimated log-likelihood values were often highly dependent on the starting
values, although the estimated parameters were often very similar. In some cases the problem
was small enough to be ignored, but in other cases it ruled out usable likelihood ratio tests. In
one case the log-likelihood value of a restricted model was higher than the one estimated in
an unrestricted model, which means that the likelihood ratio test statistic became negative,

something which ought to be impossible.

The solution to the problem is presented in paper 3 — ‘Comparable Likelihood Values —
Antithetic Halton Draws in Mixed Multinomial Logit’. The paper explains how Mixed
Multinomial Logit models are typically estimated using quasi-Monte Carlo integration, often
by Halton draws. However, characteristics known to apply to the likelihood function are only
ensured in the limit — i.e. as the number of draws goes to infinity — and in actual estimations
the number of draws is limited by lack of computational power and not least limited amounts
of time. The paper shows that using asymmetric draws to estimate the integral of a likelihood
function — which is symmetric by definition — leads to large differences in the maximum log-
likelihood value between different quadrants (depending on the signs of the estimated

parameters for the Choleski decomposition of the covariance matrix). The standard estimation



procedures used today use asymmetric Halton draws and the paper shows that this may result
in substantial estimation and inference errors within the span of draws typically applied. A
similar type of problem occurs if the relationship between primes and mixed parameters is not
maintained when testing mixing of parameters, again something which is typically not done

with standard estimation procedures.

Even when the problems created by asymmetric draws are eliminated, the data may still not
be informative enough to allow for the most sophisticated models. The data on eggs used in
paper 2 allow for a three dimensional mixing with correlation, whereas the data on milk used
in paper 1 only allows for a one dimensional mixing. Trying to increase the level of
complexity leads to multiple maxima in the milk case, even when using antithetic Halton
draws. It is therefore extremely important always to check the stability of the estimated Mixed

Multinomial Logit models by varying the starting values.

The last paper (paper 4) — ‘A Censored Structural Characteristics Model for Milk’ — is joint
work with Sinne Smed, also from AKF — Danish Institute of Governmental Research. In this
paper we investigate preferences for fat in milk through a structural characteristics model.
Contrary to the usual hedonic model, consumers’ preferences over certain characteristics are
here allowed to vary non-systematically through an error term placed directly in the utility
function. The functional form used is the quadratic form allowing the marginal utility of
characteristics to become negative. In the empirical estimations we use information about
daily purchases from the individual households in the GfK panel spanning the period from
1997 to 2004, combined with information about social and demographic characteristics of the
households. The purchasing data have been combined with the number of articles mentioning
a link between the intake of fat and health in Danish newspapers for each time period. The
panel structure of these data is exploited fully since the final two-sided censored Tobit model
is estimated household by household, allowing for the maximum degree of individual
heterogeneity. We find that there has been a significant decrease in the consumption of fat
from milk generated by systematic changes in preferences due to information and due to a
general trend. In the discussion of whether to use price policy or information as an instrument
to decrease the consumption of fat from milk, the price policy seems the most effective.
Consumers who prefer milk with a very high fat content can be reached both by information
and prices, while consumers who prefer milk with a moderate to high fat share are not
influenced by information, but are rather price sensitive. The latter is of great importance

since households who drink a lot of milk prefer milk with a moderate to high fat share.
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0.5. Conclusion

The results presented in this thesis indicate that it is possible to change consumer behaviour
by providing information, and therefore perhaps also to include information provision as a
tool for environmental regulation. The information may either change the perception of goods
by adding new characteristics, or change the preferences for characteristics already known to
be part of the goods. In paper 1, the perceived characteristics of organic milk vary between
consumers based on different evaluations of information about environmental effects of
organic products, and in paper 4 consumers are expected to agree on the content of fat in the
different types of milk, but the preferences for fat are observed to change over time due to

information about negative effects of fat consumption.

Paper 1 and 2 show that consumers have a significant utility and thereby willingness to pay
for public goods such as environmental improvements and animal welfare. In other words, the
consumers exhibit altruistic behaviour, not only when they are talking to researchers (as in
studies using stated behaviour), but also when they purchase actual goods in actual stores.
When it comes to the effects of the more conventional socio-demographics, the results in
these two papers indicate that urbanisation and income are the most important factors in

explaining consumption of organic goods.

Turning to the more technical outcome of the thesis, the characteristics model developed by
Gorman and Lancaster proved to be a powerful tool both when estimating on discrete choices
and continuous good space. The three empirical papers all confirm that the degree of
heterogeneity among consumers is substantial. Paper 1 and 2 show that part of this
heterogeneity can be eliminated by including information about perceptions of goods for the
individual households and paper 4 shows that if the data are good enough, it is possible to
allow for the maximum degree of individual heterogeneity by estimating on data from each

household separately.

Paper 3 shows that antithetic Halton draws eliminate part of the variance of the log-likelihood
functions of Mixed Multinomial Logit models, namely the part that arises from asymmetric

draws.
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Organic Milk — Who and Why?”

Laura Merch Andersen’

June 2008

Abstract

Using a unique data set where an unbalanced panel of more than 1,000 households have
reported their purchases of groceries in great detail over a period of six months it is shown
that consumption of organic milk increases significantly with level of education, urbanisation

and income. Age and presence of children in the household have no significant effects.

Combining the purchase data with a questionnaire about attitudes towards organic
production issued to the same panel shows that 51 per cent believes that organic production
has a positive effect on the environment and 41 per cent believes in a positive effect on their
own health. The level of trust in organic products generally increases with level of education,
urbanisation and income. Including perception of organic goods in the estimation therefore
reduces the effects of these socio-demographics, and thereby demonstrates the strength of this

type of data combination.

1t turns out that both trusts in effect on environment and on health increases the probability of
choosing organic milk significantly. The effect of trust in health is more than twice as big as

the effect of trust in environment.

Key words: Heterogeneity of preferences, panel mixed multinomial logit, MMNL, MXL,

market data, labelling, characteristics model, health, environment, organic
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1.1. Introduction

The growing interest in organic agriculture has inspired numerous scientists to investigate the
motives for purchasing organic goods. Most studies are based on relatively few respondents
(Makatouni, 2002; McEachern and McClean, 2002; Thompson and Kidwell, 1998; Wollf,
2002) and/or stated consumption of organic goods (Fotopoulos and Krystallis, 2002;
Magnusson et al., 2001 and 2003; Makatouni, 2002; McEachern and McClean, 2002; Wandel
and Bugge, 1997). Stated consumption has several disadvantages. First of all it is stated and is
therefore to some extent also a measure of intention to buy, and secondly — and perhaps more
importantly — it provides no information about the prices facing the respondents in the actual
purchase situation. It is therefore impossible to separate the effect of prices and budget
restrictions from the effect of socio-demographics and attitudes. This paper distinguishes
itself by using information about actual purchases (including prices of the purchased goods),
socio-demographics and answers to a questionnaire about perception of organic goods for

each of the 1,022 households in the sample.

The data on prices available for the present study means that it is possible to investigate
whether the lack of income effect in stated behaviour studies (e.g. Wolf, 2002) might be due
to the absence of budget restriction in the hypothetical settings. The data used for this analysis
also make it possible to entangle the effects of attitudes from the effects of socio-
demographics. It is therefore possible to investigate whether attitudes are correlated with
socio-demographics and to what extent the effect of socio-demographics observed in studies
without information about perception of organic products could be ascribed to attitudes rather

than socio-demographics.

Methodology: Data on actual purchases of milk during a six-month period from 1,022
households are combined with information about the perception of environmental and health
effects of organic goods for each individual household along with information about income,
urbanisation, education, age and presence of children in the household. A Lancaster
characteristics model (Lancaster, 1966) is estimated as a discrete choice model, using mixed
multinomial logit (McFadden and Train, 2000). A model including only purchases and socio-
demographics is compared to a model which also includes questionnaire responses. The result
is that socio-demographics and attitudes are correlated, and that the effects of soci-
demographics may be exaggerated in estimations where individual perceptions of the organic

label are not available. Using a discrete model means that the data is investigated as close as

15



possible to the actual purchase situation, which involves discrete choices between

alternatives.

The purpose of this paper is twofold: To separate the effects of different motives for
purchasing organic milk and to give an introduction to the mixed logit model. Readers who

are not interested in estimation technique may skip section 1.6 and 1.7.

The structure of the paper is as follows: Section 1.2 presents the data which combine
information about actual purchases with information about not only conventional socio-
demographics, but also attitudes towards the organic label. Section 1.3 discusses the different
types of milk. Section 1.4 motivates the choice of purchase motives and socio-demographics
used in the paper. Section 1.5 explains how the model is related to Lancaster’s characteristics
model and section 1.6 introduces the Mixed Multinomial Logit model (MMNL). Section 1.7
presents the empirical specification of the utility function. Section 1.8 provides the main

results of estimations and section 1.9 concludes.’

1.2. Data

The data are collected by GfK ConsumerScan Denmark (GfK). Each week households in the
panel report the values and volumes of their actual purchases to the GfK in a ‘diary’. Among
other attributes, the households report whether the goods are organic or conventional, and for
milk the #ype of milk is reported which means that the approximate fat contents and taste are
known. All data are self-reported by the households. GfK recommends that the diaries are
filled in immediately after each shopping trip to avoid problems with forgotten purchases.
Once a year the households answer a questionnaire about household attributes such as e.g.

level of education for father and mother, and household income.

The data on milk” used in this paper cover the period from 1 July 2000 to 31 December 2000
and are combined with results from a questionnaire about attitudes towards organic
production issued to the panel in the summer of 2002 by AKF and GfK. 1,771 households

reported purchases of milk during the six months in the data period, and 1,022 of these also

' Appendix A gives a more thorough definition of the socio-demographics, Appendix B provides information
about prices and market shares, Appendix C shows the relationship between socio-demographics, Appendix D
shows the relationship between trust and socio-demographics and Appendix E provides a list of tables, both in
the paper and in the appendixes.

? GfK has collected purchases of all types of food, and since 1997 it has been recorded whether the food was

organic. For more on the GfK data see Andersen (2006).
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answered the questions used in this paper. The number of observed purchases from these
households was between 1,033 and 1,596 per week, with a median of 1,321. 10 per cent of the
households reported less than 6 purchases, but half of the households reported more than 28
purchases of milk and 25 per cent reported more than 46 purchases (for more on the GfK

purchase data see Andersen, 2006).

As mentioned above, the data include answers to a questionnaire on attitudes towards organic
production. The questionnaire was issued to the households participating in the panel during
the summer of 2002. Many of the respondents also participated during the last six months of
2000, and for these households it is possible to combine stated preferences with observed
purchasing behaviour. This means that it is possible to entangle the effects of trust in an
organic effect on environment and on health from each other, and to estimate the impact of
these different types of trust on the propensity to buy organic milk. The relationship between
the questionnaire and the purchase data is based on the assumption that the perception of
organic goods has been unchanged from 2000 to 2002, something which might not be entirely
true. If the perception of organic good has changed it means that distinction between the
group of households perceiving no effect and the ones expecting environmental or health

improvements will be less precise, and that the effects of trust may be underestimated.

The degree of trust in the organic label is determined from the question: ‘To what extent do
you agree with the following statements? ... I think that the rules regarding organic

production are good enough to create improvements for ...’
e Nature, e.g. wild animals and plants
e My and my family’s health

The respondents were allowed to answer on a five-point scale ranging from ‘Totally disagree’

to ‘Totally agree’.

In Table 1, the ‘totally disagree’ category is merged with the ‘disagree’ category and the
‘agree’ category with the ‘totally agree’ category. This leads to nine possible combinations of
the attitudes towards environment and health. Trust in positive effects on environment seems
to be a precondition for trust in positive effects on health, as only 46 households have trust in
health but not the environment. On the other hand, health is not a precondition for
environment, as 152 households trust in environmental effects, but not in health effects. This

indicates that many people believe that their own health is related to the ‘health’ of the
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surrounding environment, and thereby supports the results found by Makatouni (2002).
Makatouni reported results from qualitative interviews with 40 British parents, and found that
health (personal or for their families) was the most important factor when trying to explain
stated organic consumption. Environment and animal welfare were also important, but mainly

through their impact on the health factor.

Table 1 Relationship between trust in organic effect on environment and health

Number of households/ Health
Number of purchases/ Disagree Uncertain Agree | Total
Disagree 106 18 8 132
3,043 656 146 ! 3,845
& | Uncertain 15 313 38 366
£ 537 10,679 1,202 | 12,418
2 | Agree 20 132 372 | 524
L% 545 4,437 12,748 | 17,730
Total 141 463 418 | 1,022
4125 15,772 14,096 | 33,993

Source: AKF/GfK questionnaire data from 2002.

Table 2 shows the relationship between the organic purchase share and the different
combinations of the answers to questions on environment and health. Households who believe
in none of the effects still purchase organic milk in 8 per cent of the cases, so environment
and health are not the only attributes of organic products that matter. They are, however, very
important. Trust in just one of the two practically doubles the purchase share, and trust in both

health and environment leads to a purchase share of 43 per cent.

Table 2 Organic purchase shares by perception of organic goods

Organic purchase share Health
Disagree Uncertain Agree | Total
, Disaaree 7.8% 17.8% 20.6% |  10.0%
S £ | Uncertain 12.1% 13.0% 28.7% |  14.5%
2 £ | Aaree 27.2% 21.1% 43.4% |  37.3%
. Total 10.9% 15.5% 41.9% . 25.9%

Source: GfK purchase data for milk June to December 2000 combined with questionnaire data from 2002. Only whole, semi-
skimmed and skimmed milk.

1.3. Milk

During the last six months of 2000 three main types of milk were available with different
contents of fat:
e  Whole milk (Sedmalk): 3.5 per cent fat
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e Semi-skimmed milk (Letmalk): 1.5 per cent fat
e Skimmed milk (Skummetmelk): Between 0.1 per cent and 0.5 per cent fat

The conventional versions of these types were always homogenised and the organic versions
were un-homogenised.’ Note that the effect of homogenisation is perfectly correlated with the

organic label in these types of milk and therefore not identified.

The nature of the data means that only the price of the chosen alternative is recorded. The
prices and availability of the different types of milk in each choice situation are imputed from
purchases made (in the same chain of stores, within the same week) by other panel members.
If nobody purchased a given type of milk in a given chain of stores in a given week it is
perceived as rationed, and not included as an alternative in the specific purchase situation.
Figure 1 and Figure 2 show the absolute imputed prices and price differences. To avoid
systematic differences in the measurement errors of the price all prices are imputed, including

the one for the type that was actually chosen.

Figure 1 Figure 2
Absolute prices of different types of milk over time Absolute difference in prices, org. comp. to conv.
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Org. Skimmed milk (skummet) Conv. Skimmed milk ‘—Whole milk (sgd) semi-skimmed (let) Skimmed (skummet)

Source: GfK purchase data for milk June to December 2000, only whole, semi-skimmed and skimmed milk.

It is clear that the prices of all types of conventional milk for some reason were increased mid
September 2000. As can be seen in Figure 3 the change in relative prices did not affect the

organic volume share.

3 Buttermilk (keernemazelk) and chocolate milk (kakaomazlk) are excluded because they taste very different

compared to the other types, and are used for different purposes.
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Figure 3 Organic volume share
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Source: GfK purchase data for milk June to December 2000, only whole, semi-skimmed and skimmed milk.

Figure 4 shows that the consumption of different types of milk has remained practically
unchanged during the data period, and the propensity to buy the three different types of milk

is therefore assumed to be constant.

Figure 4 Distribution of the milk market on different types of milk, volume shares*
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Source: GfK purchase data for milk June to December 2000, only whole, semi-skimmed and skimmed.

The propensity to buy the organic version varies between the different types of milk, as can
be seen from Figure 5. The organic share of skimmed milk is much higher than the share of
semi-skimmed and whole milk. Skimmed milk has a low fat content and might appeal more to
people who are very health conscious. People who are more health conscious may also be
more interested in organic products because these are often regarded as healthier. The low fat
contents of skimmed milk make the effect of homogenisation smaller compared to semi-

skimmed or whole milk. Many people dislike the ‘lumpiness’ of un-homogenised milk, and

* The peak on whole milk corresponds with Christmas where Danes eat various traditional dishes based on

pudding rice and whole milk. This peak is clear in each of the five years in the original data.
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this negative effect is likely to be smaller for skimmed milk. None of these correlations can be

tested using the data at hand, so this is mere hypothesis.

Figure 5 Organic volume share, whole, semi-skimmed and skimmed®
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Source: GfK purchase data for milk June to December 2000, only whole, semi-skimmed and skimmed milk.

Whole Semi-skimmed = = = = = Skimmed ‘

As for the propensity to purchase milk with different levels of fat, the propensity to buy the
organic version is invariant during the data period. It is therefore assumed to vary between

milk types, but to be constant over time.

1.4. Motives and socio-demographics

Many studies have investigated the motives for purchasing organic goods (e.g. Fotopoulos
and Krystallis, 2002, Makatouni, 2002, Magnusson et al., 2003, McEachern and McClean,
2002), and some of the most important motives appear to be environmental and health
improvements (Makatouni, 2002, Magnusson et al., 2003). As mentioned before the data used
in this paper includes household perception of environmental and health benefits from
purchasing organic products. The relationship between the perception of environmental and
health effects was presented in Table 1 on page 18, and it is evident that distrust in effect on
environment and health is closely related. This means that the effect of distrust in health
effects and distrust in environmental effects therefore cannot be identified separably. It is
therefore chosen to compare the utility of the organic characteristic for households which
agree in a positive effect with the utility for those who either disagree or are uncertain about

the effect. The organic purchase shares for these groups are reported in Table 3 below.

When it comes to socio-demographics, this paper focuses on the effect of income,

urbanisation, education, age and presence of children in the household.® These characteristics

> The discrete choice model used in this paper disregards the volumes and focuses on the probability of choosing
the different types of milk in a given purchase. The difference between volume shares and purchase shares is not

substantial in this case.
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do not vary over the period used in the estimations, so in that sense the data are treated as
cross-sectional. However, the utility function is assumed to be constant for each household
during the estimation period, but to vary between households, thereby utilising the panel

dimension of the data.

A quick look at the highest level of education within the household shows that it has a vast
effect on the propensity to buy organic milk. The effect ranges from an organic purchase
share of 20 per cent for households with no further education to 42 per cent for households
with a long further education (Table 3). The question is whether the effect of education is an
expression of something else. From Table 10 and Table 11 in Appendix C it is clear that there
is a relationship between education and urbanisation and income. A high level of education
seems to be associated with having a relatively high income and living in the capital area. It is

therefore important to include these explanatory variables in the estimation.

Children (especially young children) are expected to have a positive effect on the propensity
to choose organic products because the health of young children may be more important for
parents than their own health. Even if the parents are not convinced that organic products are
healthier, they may buy them as insurance just in case. Looking at data, it seems that children
most likely result in a negative effect (the organic purchase share is 27 per cent for
households with no young children and 16 per cent for households with young children where
the effect was expected to be the largest, see Table 3). Data indicate that the effect of children
may vary with level of education, but the number of families with children is too small to
estimate the effect. The presence of children in the household is strongly correlated with age,

and it is therefore important to control for this effect too.

The perceptions of environmental and health effects of organic goods mentioned above are
related to the socio-demographics. The relationship between trust and socio-demographics is
described in Table 25 to Table 36 in Appendix D. Trust in positive effects of organic products
is more likely to be present when either income or level of education is high, and when the
household is living in the capital area. In many studies information about attitudes is not
available for the estimation, and the effect of these socio-demographics may therefore be

overestimated. The question is by how much.

% See Appendix A for a detailed definition of these, and Table 3 for descriptive statistics on the relationship

between these variables and the organic purchase share.
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Table 3 sums up the information about perception of organic goods and socio-demographic
characteristics used in the estimations and provides the organic purchase share for each group.
Table 3 also indicates which sub-groups constitute the control group in the estimations. The
utility of the organic characteristic in the other groups is measured relative to this group. The
estimated utility in the capital area is therefore the difference between the mean utility in
households in the capital area and those in the rural municipalities. If the parameter for capital
area is significant, it means that the difference between the utility in the capital area and in the

rural municipalities is significantly different from zero.

Table 3 Perceptions and socio-demographic data used in estimations

Number of Share of Control Organic
Variable Sub-groups households households group® purchase share
Environment® Disagree or not sure 498 49 X 13
Positive effect on environment 524 51 37
Health® Disagree or not sure 604 59 X 15
Pos. effect on own or family’s health 418 41 42
Income® Lowest 25 % 283 28 X 22
Middle 50 % 462 45 23
Highest 25 % 277 27 36
Degree of urbanisation® Rural municipality 338 33 X 19
Urban municipality 468 46 25
Capital area (Copenhagen) 216 21 42
Level of education’ No further education stated 277 27 X 20
Vocationally oriented high-school 347 34 21
Short further education 172 17 34
Medium further education 176 17 32
Long further education 50 5 42
Age’ 18-29 years 44 4 17
30-44 years 218 21 24
45-59 years 363 36 27
60 years or more 397 39 X 27
Children 0-6 years" No 937 92 X 27
Yes 85 8 16
Children 7-14 years" No 902 88 X 27
Yes 120 12 23

Data source: GfK purchase data for milk June to December 2000 combined with background data covering 2000 and
questionnaire data from 2002. Only whole, semi-skimmed and skimmed milk. The total number of households is 1,022 and the
organic purchase share for all households is 26 per cent.

a: Utility of the organic characteristics in the other groups is measured relative to this group.

b: To what extent do you agree with the following statement: “I think that the rules regarding organic production are good
enough to create improvements for nature, e.g. wild animals and plants”.

c: To what extent do you agree with the following statement: “I think that the rules regarding organic production are good
enough to create improvements for my and my family’s health”.

d: Income is recorded in brackets of DKK 50,000 (~€6,700). These brackets are divided by the number of persons in the
household, weighted by the OECD-modified scale i.e. 1 for the first adult, 0.5 for the next adults and 0.3 for children (OECD).
Income is split into three categories indicating relative levels of income.

e: GfK divides the 275 Danish municipalities (2002) into categories depending on how urbanised they are and on their
geographical location. The geographical location is ignored here, and the sample is split into rural, urban and capital area
municipalities.

f: Highest level of education within the household.

g: Age is defined by the age of the oldest person in the household.

h: Indicates whether children in a specific age group are present in the household.
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1.5. Characteristics of milk

As in Lancaster (1966) it is assumed that goods are bundles of characteristics and that
consumers derive utility from these characteristics rather than from the goods themselves. ’
The goods are linear combinations of characteristics and the connection between goods ¢ and

characteristics z can therefore be described through the technology matrix A:

Characteristics

1 J J
1 _all a,; au_
' (1.1)
Goods <i |a, - a; - a,| =A
I |a, a; ay |

which means that the relationship between goods purchased and characteristics obtained can

be written as z=A'g.

In the case of milk the consumer can choose between an organic and a conventional version
of three different types of milk, leading to six goods, each constituting a different combination

of characteristics. The goods are presented in Table 4:

Table 4 Definition of choice set

Organic Conventional
Whole (3.5% fat) Alternative 1 Alternative 2
Semi-skimmed (1.5% fat) Alternative 3  Alternative 4
Skimmed (0.1-0.5% fat)  Alternative 5 Alternative 6

The three types of milk (whole, semi-skimmed and skimmed) all share a set of ‘milkiness’
characteristics which differentiate the product from other goods which also consists of fat,
protein, calcium etc. Milk can be used for drinking, coffee and other things where e.g. butter
would be inapplicable. The fat percentages of different types of milk leads to differences in
taste and other sensory characteristics of the milk, but not necessarily as a linear function of
the fat percentage. It is therefore also necessary to include ‘whole-milkiness’, ‘semi-
skimmedness’ and ‘skimmedness’ as characteristics of the goods. The organic attribute is also
assumed to consist of a general part, and a part which is allowed to depend on the type of
milk, mainly because the effect of the non-homogenisation is likely to vary a great deal

depending on the fat percentage.

7 Characteristics are the same as attributes.
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characteristics

[ : org(w):  whole:  org(ss):  semi: org(s): skim: org: milk:_
Tommme L1 1 0 0 0 0 1 1
cmmoe 101 0 0 0 0 0 1
wots 3| o swsios 1 001 1 0 0 1 1|=A (1.2)
convfsem,»s;a»m;i 0 0 0O 1 0 0 0 1
org Skimmed: | 0 0 0 0 1 1 1 1
| Conv_Skimmed: i 0 0 0 0 0 1 0 1 |

The general organic attributes is a credence good (Giannakas, 2002), which means that
consumers cannot observe the organic characteristic neither in the purchase situation, nor at
the point of consumption. Consumers must therefore rely on the organic labelling. It is
therefore possible to have different perceptions of the organic attribute, and the data used in
this paper show that some consumers expect to get a positive effect on the environment when
purchasing organic goods, whereas others do not, just as some expect to get a positive health
effect (Table 1). This leads to an individual specific technology matrix A; indicating that the
households receive different sets of characteristics when consuming organic goods. In the

case of milk the matrix becomes:

characteristics

I environment: health:
" org Wil i, , N
Org_Whole: | {Env,trust} {Health ,trust}
|
Conv_Whole: : O 0
|
| = A’
goods Org _ SemiSkim: | “{Env.trust} l{Health,tmst} = Ai (1 . 3)
|
Conv _ SemiSkim: : O 0
l
Org _Skimmed: : {Env,trust} 1 {Health trust}
|
Conv_ Skimmed: | O 0

Household who neither believes in environmental nor health effects receive only the
characteristics of the common technology matrix A, whereas those who trust in environmental
or health effects also benefits from these when they purchase organic products. The

characteristics obtained from a bundle of goods can therefore be described as:
z,(q)=A'q+Alq (1.4)

The technology matrix in (1.2) means that if a household with no trust in environmental or

health effects purchases a litre of organic whole milk it gets (see equation (1.2)) one unit of
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whole-organic-ness, one unit of whole-milkiness, one unit of general-organic-ness and one
unit of milkiness. A household who believes in positive effects on both the environment and
own or family’s health gets the same, but also one unit of environmental improvements and

one unit of improved health.®

Variation in utility of goods may thus originate from at least two different sources: Different
perceptions of the characteristics of the goods or different preferences for the characteristics
of the goods. In this example, the perception of environmental and health effects of organic
goods varies between households, and thus results in different perceptions of the
characteristics related to organic goods, whereas the difference in utility of the general
organic attribute between socio-demographic groups is interpreted as differences in
preferences. The preferences for environment and health are assumed to be the same for all

households.’

1.6. Mixed logit

When dealing with discrete choices, the parameters of the utility function are often estimated
using a conventional multinomial logit model (e.g. Greene 1997) which means that the

household likelihood function is

Ljonv (ﬂ) — ﬁ eXp(Uit (]))

- (1.5)
A Y exp(U, (k))

where £ is a vector containing all of the parameters of the utility function,'® J is the number
of alternatives in the choice set (in this case six) and U, (k) is the utility for household i from

choosing alternative & from the choice set in period .

However, the conventional multinomial logit model suffers from the assumption of
Independence of Irrelevant Alternatives (IIA). Imagine that organic skimmed milk leaves the
market. Then the ITA in the multinomial logit model would imply that the people who used to
buy organic skimmed milk would distribute themselves between the rest of the five

combinations of organic/conventional and milk type according to the market share of these

¥ The value of these units is likely to vary between different food categories, so this is actually one unit of e.g.
organic-milk-healthiness.

? The utility of environment and health is assumed to be independent of socio-demographics (a simplifying
assumption which could be relaxed in further research).

' The details of the empirical specification of the utility function is given in section 1.7.
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other combinations. But people who buy organic skimmed milk may very well have a higher
propensity to buy either organic semi-skimmed milk or conventional skimmed milk than the
population in general and, in particular, have a lower propensity to buy conventional whole

milk. ITA is therefore not reasonable in this case.

Investigating data shows that some households buy e.g. organic milk more frequently than
others, which contradicts the theory that all households have the same utility of the organic
attribute. As in e.g. McFadden and Train (2000), Revelt and Train (1998), Train (1998) or
Train (1999) it is therefore assumed that (part of) the household utility is drawn from a
distribution (i.e. the household utility is known to the household, but only the distribution is
observable to the econometrician). The household likelihood function then becomes the
likelihood function in the conventional multinomial logit model integrated over all possible

values of £
L(0)=[L™(B) s (B16)dp (1.6)

where @ are the parameters determining the distribution of the utility £, and f ( p |6’) is the
density of B given €. The likelihood function is maximised over & instead of f. This is
known as the Mixed MultiNomial Logit (MMNL or MXL) model (McFadden and Train
2000). As will be seen in the following the MMNL model does not suffer from IIA (as long as
at least one parameter is assumed to be drawn from a common distribution (i.e. to be
‘mixed’)):

Under the conventional multinomial logit the utility function is assumed to be
U,(j)=FB"x, +eg, (1.7)

with identical s for all households and i.i.d. extreme value error terms ¢, . The fact that the
error terms are independent over households 7, milk types j and time ¢ creates IIA. As in Train
(1998) the utility function in the Random Utility Model underlying the MMNL model can be

written as

U,(j)=Bx,+&, =(b'+n])x,

_ ! '
ivijt tjt+gljt_bx[jt+77ix'

it

+é,, (1.8)

where the household-specific S is decomposed into a part, b, that is common for all
households (the mean of the distribution of household £,’s) and an individual part, 7,, that
differs between households and has mean zero in order to separate the effect of b from the

effect of7,.
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The common part, b, can be estimated by the econometrician, but the individual part 7,
remains unobserved by everyone except the household itself. The econometrician will,

therefore, observe the error terms

95[/‘ =1X; & (1.9)

which are correlated over alternatives (j) and time (¢) for household i because of the common
influence of7,. This means that the differences in taste make the probability of choosing
different types of milk correlated for household i. The households that have tastes different
from the mean of the population (77, # 0) will therefore not distribute their consumption
according to the average distribution and thus not substitute according to this average
distribution, but according to their own conventional multinomial logit model. The fact the
errors are correlated over possible alternatives therefore eliminates IIA, and means that a

mixed multinomial logit is more flexible than the conventional multinomial logit model.

1.7. Empirical specification of the model

The utility of the characteristics is assumed to follow a Random Utility Model (RUM) in
which the household utility is not perfectly observed by the econometrician. The utility
function is assumed to have a simple linear form, depending on the prices of the different
alternatives of milk and the characteristics of the alternatives. The linear form of the utility
function means that the marginal willingness to pay is simply the utility of the attribute
divided by the utility of money, just as in Hanemann (1984)."" The relationship between
goods and characteristics (z = A'q ) means that the utility of the characteristics inherent in the

goods is

U(z)=p'(A'q+Alq) (1.10)

" Marginal willingness to pay is the amount of money a person is willing to pay in order to receive an extra unit
of the good in question. It implies that the person is assumed to be at a given level of utility when he is offered
an extra unit of the good. If the consumer is faced with a unit price for the good, he will only accept the purchase
if it leaves him with at least the initial level of utility. The point of interest is the unit price that will lead to the
same level of utility regardless of whether the person chooses to buy the good or not, since this is the maximum
amount the person will be willing to pay. Actually, this is ‘marginal maximum willingness to pay’, but it is often
simply referred to as ‘marginal willingness to pay’ or ‘wtp’.
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where A and A; are the technology matrixes are defined in (1.2) and (1.3), and £ measures

the utility of the characteristics. The utility of the characteristics is defined in Table 5:

Table 5 Utility of characteristics of organic and conventional milk

Characteristic _ Utility Description

Common characteristics of milk:

Org(w) B.. Organic, whole

Whole B.. Whole-milkiness

Org(ss) B Organic, semi-skimmed

Semi B Semi-skimmedness

Org(s) B, Organic, skimmed

Skim B Skimmedness

Org B, General organic, mixed with the normal distribution, E(/,.) = f,

Milk B, Milkiness
Household specific characteristics of organic milk:
Positive environmental effects of organic goods

Environment ﬂoEnveroanr

Health Borioaiints Positive health effects of organic goods

In a discrete choice model the absolute utility of a given alternative is never observed, only
which alternative yields the highest utility. This limits the identification in two dimensions.
First of all, only the difference between the utility of two alternatives can be estimated, and
secondly all parameters are only defined up to a scale. If the utility of all alternatives is
multiplied with the same number it will have no effect on the choices observed. This is
usually solved by normalising the variance of the utility in the RUM model, but it is crucial to
remember that the absolute values of estimated parameters cannot be compared with results
from other estimations. Only ratios such as the willingness to pay are identified. It is,
however, possible to use the estimated parameters to tell whether the utility of one attribute is

higher than the utility of another attribute, within the same estimation.

It is not possible to identify the utility of all eight characteristics in Table 5 and it is therefore
chosen to restrict the utility of milkiness, semi-skimmednes and organic semi-skimmed to
zero and measure the utility of the other characteristics relative to this. This means that the
utility of the conventional version of the two other milk types is compared to semi-skimmed
milk, and that the utility of the organic version is compared to the conventional version for
each of the three types of milk, whole, semi-skimmed and skimmed. The utility of the part of
the organic characteristic which depends on the type of milk is assumed to be the same for all
households, whereas the utility of the part that is common for all types of milk is assumed to

vary between different groups of the population, depending on relative income, degree of
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urbanisation, the highest level of education, age and presence of children in the household.
The utility of environmental and health improvements related to organic milk is also assumed

to be the same for all households.

The utility of choosing alternative j therefore becomes:

Uit (-]) = IBppjt + 1{j=orgam'c} ﬂa,i + 1{j=organic} U:t:f (xi)
—

price individual specific part Variation in preferences for
of utility of common the organic characteristic
organic characteristic beween socio-demogr. groups
— —r
1{j=1,0rg7Whnle}
1{j=2,Conv7Whole} (11 1)

l{j =3,0rg _ SemiSkim}

+ A,U(Z) +A;U(Zenvﬂzhealth)

{j :4,Conv75'em1Sklm} characteristics of individual specific
goods common characteristics of
1 {j:S Org _ Skimme d} Sfor all consumers organic goods

1

L {j:6,Conv7Skimmed}

where (—-f,) is the utility of money, p; is the imputed price of alternative j at time ¢,

1 is a dummy/indicator function indicating that ; is an organic good, A, is the

{ j=organic}

individual specific deviation from the average utility of the organic attribute (mixed with the
normal distribution), U”¢ is the part of the utility of the organic attribute which varies with

soc

socio-demographics and 1{ }is a dummy indicating that j equals alternative 1, i.e.

Jj=1,0rg _Whole
organic whole milk. A is the technology matrix for common characteristics defined in (1.2),
A; is the individual specific technology matrix defined in (1.3), indicating whether households

trust in positive environmental or health effects.

The utility of the common characteristics of milk is given by the common technology matrix

and the parameters defined in Table 5:

i D org(w):  whole:  org(ss): , o kim: R ﬂ”w
S | gy wholer _ors(y semi oreloy s orst ik B..
Org _Whole: : 1 1 0 0 O O 1 1 ,B _ 0
Cmwiee 101 0 0 0 0 0 1["™"
: ﬂcw =0
A,U(Z) = | Org_SemiSkim: : 0 0 1 1 0 0 1 1 ﬂ (112)
Com_senisiin: 1 000 1 0 0 0 1 ﬂ”
Org _ Skimmed: i O O O 0 1 1 1 1 ﬂm
_Conv_Skimmed: : O O O 0 0 1 O 1 ] ? _ 0
characteristics of goods L
common for all consumers utility, common

Sfor all consumers
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The utility of the individual specific characteristics (environment and health) is given by the

individual technology matrix and the remaining parameters of Table 5:

! —
AiU (Zenv ’ Zhealth ) -

!

{Env,trust} L ﬂoEnviroanr

\—W—J

trust

utility

l{Env,notrust} |:ﬂoEnvir()nmN1)Tr = 0:| + I{Health,notrust}

l{Health ,trust}
- 7

!

|:IHoHealthNoTr = 0:|

ﬂ oHealthTr

trust utility

environment

+1

{Env trust} IB oEnveronmTr

health

{Health,trust} ﬂ oHealthTr 1{ Jj=organic}
%/_/

environment health

where 1 (

Env,notrust

only for
organic
goods

{j:organic} -
%{_/
only for
organic
goods

(1.13)

}indicates no trust in positive environmental effects of organic goods and

Bormironor 15 the level of utility obtained without environmental effects. This utility is

assumed to be zero, meaning that S

EnvironmTr

actually measures the difference in utility

between believers and non-believers. Trust in positive health effects is treated the same way.

1

{ j=organic

\ indicates that the utility is only obtained by purchasing organic types of milk.

The socio-demographic differences in the utility of the organic characteristic are:

ﬂ07N0 = 0
ﬂoiVocal
ﬂoiShort

ﬁoiMedium

ﬁoiLong

, , Lo
g |[B, 1 e=0] Ny | [B, g =0] | e
Usuorf = I{Miinc} ﬂ07M7[IIC + l{City} o_City + l{Short}
I{H_inc} Bo 1t ine | I{Capital} o_Capital l{Medium}
income urbanisation _1 { Long}
_1{60+} U ﬂa = 0 | '
1 - {NoCh) ﬂoiNoCh =0
{45-59 ﬂ074559 1
+ 1 | Licnos o_Cho6
{30-44} ﬂ073044 |
o_Ch714
1 ﬂ0_29 , {ch7-14) -
- e-29) - children
age

education

(1.14)

where 1{ L ind] indicates relatively low income, 1{ Rural) indicates living in a rural municipality,

1
1

{18-29}

indicates that the oldest adult is between 18 and 29 and 1

{NoCh
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children younger than 15 in the household. The control groups in (1.13) and (1.14) are defined
in Table 3. Neither the socio-demographics, nor the perception of organic goods varies within
the estimation period, and all parameters are assumed to be constant. The price of milk is

therefore the only variable which varies from observation to observation.

For a household in the control group (i.e. trusting neither of the positive effects of organic
production, with relatively low income, living in a rural municipality, no further education,
aged 60 or more with no children younger than 15 years), the utility of e.g. organic whole

milk (j=1) compared to conventional semi-skimmed milk is:
Uit(jzl):ﬂpplt+ﬂo,i+ﬂow+ﬁcw+ﬂo (115)

The interpretation of this utility function is that the utility is composed of disutility of paying
money for the milk (£, p,, ), plus the individual specific utility of the general organic attribute
(/3,,) plus the utility of the fact that the organic attribute comes from whole milk ( 3,,), plus

the utility of the whole attribute compared to the semi-skimmed attribute (S

cw

), plus the
average utility of the general organic attribute (£, ). Note that semi-skimmed milk is used as
base for both the conventional and the organic attribute which means that the utility of the
general organic attribute is actually the utility of organic semi-skimmed milk. The utility of

conventional skimmed milk is therefore 3, , whereas the utility of organic skimmed milk is
pr + ﬂo,i + ﬂo :

The interpretation of U_* is that households with different levels of education, income,
urbanity, age and children have different levels of utility of organic milk in general,
independent of milk type. The difference between the utility of organic or whole or skimmed
milk and the utility of organic semi-skimmed milk is therefore assumed to be the same for all
types of households, just as the difference in utility of different fat levels of conventional milk

is assumed to be independent of socio-demographics.

This specification of the utility function means that it is assumed, that the utility of the
organic attribute depends on the type of milk, that it varies between households and that it
follows a normal distribution. As a further restriction, it is also assumed that the variance is

identical for all three types of organic milk, i.e. the level of heterogeneity is the same.'? The

"2 Estimations allowing the three types of organic milk to have different levels of variance proved to be highly
unstable (lots of local maxima, even with Antithetic draws), thus the restriction of one common level of

heterogeneity.
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utility of the organic attribute is assumed to be a combination of a general utility of the
organic attribute and a part which is allowed to vary with the type of milk and with various
socio-demographics and perception of the organic good. By mixing only the general utility of
the organic attribute it is therefore possible to achieve a multitude of mixed distributions with

different means of the utility of the organic attribute.

The structure of the covariance matrix is thus assumed to be:

Organic whole Conv. whole Org. semi-skim. Conv. semi-skim. Org. skimmed Conv. skimmed
2 2 2
O " +0 ow =0 "
2
0 ., =0
0 O 2 2 _ 2
Q: O-o +O_c’ss =O-o (116)
2
0 0 0 o2 =0
2 2 2
0 0 0 o,+0., =0,
2
0 0 0 0 o2 =0

This means that the estimated variance of the organic types is actually the extra variance

induced by the organic attribute, compared to the variance of the conventional version.

The parameters for the utility of environmental and health effects, the parameters which
measure the difference in the mean utility of the organic attribute between groups of
households and the parameter for the utility of the general organic characteristic are assumed
to follow a distribution where the mean varies between groups of households and the standard
deviation is common for all groups. It is important to keep in mind that this approach implies
that the variation in utility of the organic attribute for a given type of milk is assumed to be
independent of socio-demographics and milk type, only the mean is allowed to vary. It is
therefore not possible to make statements about whether the degree of heterogeneity differs
between groups of households or types of milk, or whether the utility of the organic

characteristic is correlated between different types of milk.

1.8. Estimation results

Table 6 presents the results of estimations using only socio-demographics (model 1 in Table
6) and including both socio-demographics and perception of organic goods (model 2 in Table
6). As mentioned in section 1.6, the scaling of a discrete choice model depends on the
magnitude of the variance of the utility, and the results of two different estimations are

therefore not directly comparable. In this specific case, however, the utility of money (the
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parameter for price) is the same in both estimations which means that the sign of the
difference in willingness to pay (which is a ratio and therefore can be compared between

estimations) can be elicited directly from the differences in the non-price parameters.

The definition of the utility function in (1.11) means that if perception of organic goods
matters, the difference between the two estimated models should affect only the mean of the
mixed organic attribute (because the control group becomes even more restrictive in the
model including perception of organic goods) and the parameters of the socio-demographics
(if socio-demographics are correlated with perceptions as indicated in Table 25 to Table 36 in
Appendix D). It turns out that this is exactly the case. The parameters for price, type of milk,
standard deviation of the utility of the general organic characteristic and the differences

between the different types of organic milk are identical in the two models.
Distribution of utility:

In the model without perceptions of the organic attribute (model 1) the mean utility of the
general organic characteristic is -5.29 and the parameter has a standard error of 0.486, which
means that it is significantly different from zero at the 1 per cent level. The standard deviation
of the mixing distribution of the utility of the general organic characteristic is 4.68. This
parameter has a standard error of 0.167 which means that it is also significantly different from
zero at the 1 per cent level. Together the two parameters show that in the control group (low
income, rural municipality, no further education, 60 years old or more and no children) 13 per
cent have a positive utility of the general organic characteristic as long as it is provided in
organic semi-skimmed milk. The probability can be calculated from the estimated normal
distribution: P(x > 0| x~N (—5.29,4.68)) =12.9%. If the organic characteristic is provided in
skimmed milk instead the share with positive utility changes to 17 per cent because the mean
utility is increased by 0.81: P(x>0[x~N(-5.29+0.81,4.68))=16.9%. Note that the
negative mean of a mixed parameter is thus not synonymous with negative utility as it would
have been in a conventional logit which assumes that everyone has the same utility. In a
mixed logit a negative mean merely indicates that less than 50 per cent have a positive utility.

This is an important difference between conventional and mixed logit.
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Table 6 Estimation results

Model 1: Model 2:
Without perceptions With perceptions LR test, only model
Estimate St. err. Estimate St. err. with perceptions
By Price -0.24 (0.068) *** -0.24 (0.068) ***
Type of milk
Pew Whole -0.82 (0.101) *** -0.82 (0.101) ***
Pess Semi-skimmed
Bes Skimmed -0.86 (0.079) *** -0.86 (0.079) ***
Mixed organic attribute
E(B,) Mean -5.29 (0.486) *** -6.39 (0.489) ***
o, Standard deviation 4.68 (0.178) *** 4.36 (0.172) ***
Type of organic milk
Pow Organic whole milk -0.02 (0.167) -0.02 (0.167)
Poss Org. semi-skimmed milk
Pos Organic skimmed milk 0.81 (0.141) *** 0.80 (0.141) ***
Positive effect on
environment
ﬂoEnvimmnNoTr Disagree or not sure 2 _
ﬂnEnviroanr Agree 100 (0400) *x I' (594)_0015
Positive effect on own
or family’s health
Poteatinnotr Negative or no difference ; B
Potteatnr Agree 245 (0.401) *** 4 (35'96)—0-000
Income
/))o_L_inc Lowest 25%
Bo_v_ine Mid 50% 0.19 (0.441) 0.28 (0.411) > B
Bo i inc Highest 25% 157 (0.574) ** 1.48 (0.551) ** Z (9'40)_0'009
Urbanisation
Bo_rural Rural municipality
Po_civv Urban municipality 1.36 (0.411) *** 0.98 (0.417) ** 2 _
Po_cCapital Capital area 3.09 (0.509) *** 2.57 (0.461) *** Za (33'51)_0'000
Education
Bovo No further educ. stated
Bo_vocal Voc.-oriented high-school -0.06 (0.500) -0.25 (0.439)
Bo_Short Short further education 1.66 (0.601) ** 1.33 (0.541) ** > _
Bo_Medium Medium further education 1.15 (0.574) ** 0.85 (0.529) X (16'68) = 0.002
Bo_Long Long further education 2.34 (0.859) ** 1.74 (0.775) **
Age
Bo 60 60+
Po 4559 45-59 years -1.31 (0.463) ** -1.13 (0.440) ** 2 _
Bo_3044 30-44 years -0.53 (0.637) -0.39 (0.575) e (7‘48)_0’058
Bo 29 18-29 years -1.01 (0.886) -0.76 (0.794)
Children
Po_Noch No children
Bo_chos Children 0-6 years -0.91 (0.681) -0.95 (0.621) 2 B
Bo ciris Children 7-14 years 0.49 (0.655) 0.36 (0.639) x.(242) = 0298
Number of observations 33,993 33,993
Number of households 1,022 1,022
Number of parameters 20 22
Log-likelihood value -39,930.4 -39,882.8

a: Parameter labels are defined in equations (1.12), (1.13) and (1.14).
Italics means that the parameter is restricted to zero (control group).

Mixed logit with one normally distributed parameter using 2,500 Antithetic Halton draws based in the prime 2, and a
convergence criterion of 10-4. Data source: GfK purchase data for milk June to December 2000 combined with background data
covering 2000 and questionnaire data from 2002. Only whole, semi-skimmed and skimmed milk. ***' is significant at the 1%
level, **" at the 5% level and “*' at the 10% level. The LR tests show the results of comparing the complete model with a model

excluding variables group by group.

When perception of organic goods is included in the estimation (Model 2), it means that the

control group is restricted to households who expect no positive effects on either environment
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or health and are part of the control group in Model 1). The result is that the share with
positive utility drops from 13 per cent to 7 per cent because the new mean and standard
deviation lead to P(x >0)x~N (—6.39,4.36)) =7.1% . The standard deviation of the utility of
the organic attribute decreases a bit when perceptions are introduced into the model, again a

natural effect since the difference in perceptions explain part of the variation in utility.
Comparing the two models:

The data used for this analysis make it possible to entangle the effects of attitudes from socio-
demographics. When comparing the results of the two estimations it becomes clear that the
utility of the organic characteristic which could easily be seen as a result of living in the
capital area or having a long education, partly arises from the fact that these groups generally
are more positive towards organic products than the rest of the population. The remaining
extra utility of the organic characteristic for households in the capital area must either come
from other attitudes not included in the estimation or from structural differences such as easier
access to organic goods. This supports the hypothesis that attitudes are correlated with socio-
demographics and indicates that part of the effect of socio-demographics observed in studies
without information about perception of organic products ought to be ascribed to attitudes

rather than socio-demographics.
Likelihood ratio tests on the most sophisticated model:

The likelihood ratio (LR) tests presented in the last column of Table 6 show the results of
comparing the full model 2 with models where sets of parameters are restricted to zero. As an
example, looking at the parameters for age shows that the difference in utility of the general
organic characteristic is not significant between the groups 18-29 and 30-44 compared to
those who are 60 years old or more. However, the difference between the group of 45-59 and
the 60+ is significant at the 5 per cent level. The LR test shows that the effect of the dummies
for the different age groups can be ignored without significant loss of explanatory power (the
probability that the model without dummies for age is just as good as the model including age
1s 5.8 per cent). The effect of children is even less important as the probability of the LR test
is 29.8 per cent, which clearly accepts the restricted model without children. The effect of
trust in environment is close to being tested out of the model at the 1 per cent level, but the

effects of health, income, urbanisation and education are all significant.
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Comparing with other studies:

As mentioned in the introduction, several studies have investigated the motives for purchasing
organic goods. Bonti-Ankomah and Yiridoe (2006) provide an excellent review of the
literature including more theoretical contributions about the nature of organic goods. Most
studies are based on relatively few respondents and/or stated consumption of organic goods.
This paper distinguishes itself by using information about actual purchases (including prices
of the purchased goods), socio-demographics and perception of organic goods for each of the
1,022 households in the sample. The results therefore yield information about the final result
of the attitudes and purchase intentions reported in many other studies — namely the actual

money put on the counter at the end of the day.

In the present study, the effect of trust in positive effects on health is bigger and more
significant than the effect of trust in positive environmental effects. This corresponds with
findings in Makatouni (2002)"> and Magnusson et al. (2003)."* As mentioned above,
Makatouni (2002) found that health (personal or for their families) was the most important
factor when trying to explain stated organic consumption. Environment and animal welfare
were also important, but mainly through their impact on the health factor. Magnusson et al.
(2003) found that health was the most important predictor of both attitudes towards organic
products and purchase intention of these, and that the health factor also was an important
predictor of the stated purchase frequency of the four target foods (organic milk, meat,
potatoes, and bread). Magnusson et al. also found that perception of the environmental effects
of organic foods contributed to the prediction of attitude towards the specific foods, but not to
the prediction of stated purchase. The actual purchases under actual budget constraints and
prices in this study therefore confirm the findings in studies using stated motives for purchase
of organic goods, health seems to be more important than the environment, but environmental
improvements are likely to be perceived as related to better human health, and therefore

influence the purchase decision positively in a more indirect way than health.

The results on income vary. Some studies find a positive correlation between income and

propensity to purchase organic products (e.g. Fotopoulos and Krystallis, 2002)" others find no

13 Makatouni (2002): Results of qualitative interviews with 40 British parents, stated motives for purchasing
organic foods.

'* Magnusson et al. 2001 & 2003: Mail survey, 1,154 Norwegian respondents, stated consumption.

"> Fotopoulos and Krystallis, 2002: Face to face interviews, 1,612 Greek respondents, stated purchasing

behaviour.
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significant differences (e.g. Wolf, 2002)."® The present study finds a strong positive and
significant effect of income, indicating that the lack of effect in stated behaviour studies might

be due to the lack of budget restriction in the hypothetical settings.

The effect of urbanisation is rarely investigated, perhaps because many studies focus on
specific geographical locations, without much variation in urbanity. However, this study
proves that urbanisation is a crucial factor in explaining consumption of organic goods. Part
of the effect of urbanisation can be ascribed to a positive correlation between trust in positive
environmental and health effects of the organic attribute and degree of urbanisation, but even
when controlling for the perception of organic goods, the effect of urbanisation is still very
strong. The positive effect of urbanisation may partly be caused by structural differences
between rural and urban municipalities, leading to a better supply of organic goods in
urbanised municipalities. Another possible explanation is a “neighbouring” effect. The trust in
positive effects of organic goods is more common in urbanised municipalities and may lead
people to purchase organic goods simply because everybody else do so, independent of their

own faith in organic products.

The effect of education also varies from study to study, but most studies find either an
insignificant or a positive effect. One example is Magnusson et al. (2003) who find a positive
and significant effect on stated purchase of organic milk, but not on meat, potatoes and bread.
Some studies, however, find a negative effect of education on willingness to pay (e.g.
Thompson and Kidwell 1998)." In the present study, the effect of education is positive, but
not as significant as the effect of urbanisation. The organic purchase share is 20 per cent for
households with no further education (control group) and between 34 and 42 per cent for
households with short, medium or long further education (see Table 3). The difference
between the control group and the non-control groups is therefore just as big as for the degree
of urbanisation (20 per cent in the control group, 42 per cent in the capital area, see Table 3),
but the likelihood ratio test of urbanisation (0.000) is stronger than the test for education
(0.002). This might be because income seems to be more closely associated with education

than with urbanisation.'® Part of the difference in organic purchase share between educational

' Wolf, 2002: Personal interview of 342 randomly selected respondents at food stores in May 2001 in San Luis
Obispo County, California, stated willingness to pay.
"7 Thompson and Kidwell 1998: Actual purchases and actual prices, 340 consumers, one shopping trip each,
Tucson, Arizona, April 1994.
'8 Table 10 and Table 11 in Appendix C.
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levels which is observed in simple one-way tables like Table 3 may therefore be caused by

differences in income.

In the present study, age has no significant effect on the utility of the organic attribute,
however, there is a significant difference between households aged 45-49 and households
aged 60 years or more, in favour of the oldest households. This is surprising, because the
organic purchase share is the same for the two groups (27 per cent, see Table 3). Again, the
relationship between income and other socio-demographics becomes important. According to
Table 12 in Appendix C the probability of belonging to the high income group is 48 per cent
for the households aged 45-59, but only 10 per cent for the ones aged 60 or more. This means
that the elderly households purchase organic goods to the same extent as the somewhat
younger households in spite of the fact that they have considerably less money. Their utility
of the organic attribute is therefore higher. The higher utility of elderly households might be
explained by the findings in Wandel and Bugge (1997)."° Based on stated purchasing motives
Wandel and Bugge (1997) find that the importance of environmental effects was decreasing
with age whereas the importance of health was increasing. In the present study the effect of
trust in positive effects on environment and health is assumed to be the same for all
households, and differences will therefore turn up as differences between socio-demographic

groups e.g. depending on age. This could be worth exploring further in future research.

Most studies find a positive or insignificant effect of children in the household. McEachern
and McClean (2002)*° find that committed consumers who claim that they always buy
organic products are more likely to have children, and Thompson and Kidwell (1998) find
that children below 18 years old in the household increase the probability of choosing the
organic version of certain vegetables. Magnusson et al. (2001) find no significant differences
between respondents with and without children. In the present study both the observed
difference in organic purchase shares (Table 3) and the estimated effect of children indicate
that especially young children between 0 and 6 years have a negative effect on the propensity
to purchase organic milk. The estimated effect on utility is not significantly different from
zero, but the probability that the utility of the organic characteristic is higher for households
with young children is only 6 per cent. The positive results of children in other studies can

therefore not be confirmed here.

' Wandel and Bugge (1997): Personal interviews, 1,103 Norwegian respondents, stated willingness to pay and
stated purchasing motives.
2 McEachern and McClean (2002): Questionnaires answered by 200 Scottish consumers, stated consumption.
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1.9. Conclusion

It appears that higher income, further education and especially living in an urban area has a
significant positive effect on the probability of choosing organic milk over conventional. Age
and presence of children do not have a significant effect. Compared to other studies it is

interesting that the effect of young children is highly unlikely to be positive (6 per cent).

Believing that organic production has an effect on the environment increases the utility of the
organic characteristic of organic milk, but not as much as believing in an effect on health.
This corresponds with findings in other studies which indicate that the positive environmental
effects of organic goods are perceived as an indicator of possible improvements in human

health.

The effect of organic production on the environment and especially on human health is still
being debated. This study shows that a considerable share of the population derives utility
from environmentally friendly and especially healthy production. Proving these effects
scientifically and thus making more people trust in them could be a fertile way of increasing

the sale of organic goods.
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Appendix A: Data definitions

The variables used in the estimations are:

Trust in effect on environment and health:

The question was: ‘To what extent do you agree with the following statements? ... I think that

the rules regarding organic production are good enough to create improvements for ...’
e Nature, e.g. wild animals and plants
e My and my family’s health

The respondents were allowed to answer on a five-point scale ranging from ‘Totally disagree’
to ‘Totally agree’. The scales are transformed into two-point scales ‘disagree or uncertain’

and ‘agree’. See Table 1 for more details.

Income:

The household income is stated in categories of 50,000 DKK between 0-99,999 DKK and
450,000+. These categories are equalised by the OECD-modified scale (OECD) (1 for first
adult, 0.5 for next adult and 0.3 for all others). The result is split into three categories so that
the lowest 25 per cent of the whole sample from 1997 to 2001 is labelled ‘Low income’, the
middle 50 per cent is labelled ‘Medium income’ and the highest 25 per cent is labelled ‘High
income’. The measure is thus relative and has no meaning in an absolute sense, e.g. in
relationship to poverty. For the sample in the last six months of 2000, 28 per cent of the
households have ‘Low income’, 45 per cent have ‘Medium income’ and 27 per cent have

‘High income”’.

Urbanisation:

In 2000, Denmark was divided into 275 municipalities (‘Kommuner’). GfK who collected the
data has divided these municipalities into categories by degree of urbanisation. The categories
are ‘Capital area’, ‘City municipalities’ and ‘Rural municipalities’. For more on the

urbanisation see Appendix F in Andersen (2006).
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Education:

Highest level of further education after primary and lower secondary school for 7- to 16-year-

olds (‘folkeskolen”) for the father or the mother. Separated into:

Age:

None stated (27 per cent of the households)
Vocationally oriented high school (34 per cent of the households)

0 Examples: Basic vocational courses (‘EFG’), trainee (‘elev’), apprentice
(‘leerling’), laboratory technician (‘laborant’), nursing aide (‘sygehjelper’),

‘social- og sundhedsassistent’
Short further education (17 per cent of the households)

0 Examples: Policeman, kindergarten teacher (‘padagogiske uddannelser’),

technical school ("tekniske uddannelser’)
Medium further education (17 per cent of the households)

0 Examples: Teacher in the ‘folkeskole’, nurse (both of these are not university

educations, but requires upper-secondary school (‘gymnasium’)), Bachelor
Long further education (5 per cent of the households)

0 Examples: Various Master degrees (at least 5 years at the university after

upper-secondary school)

Age is defined by the age of the oldest person in the household.

Children:

A dummy for children between 0 and 6 years in the household and a dummy for children

between 7 and 14 years in the household.
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Appendix B: Prices and market shares

Table 7 Imputed milk prices from June to December 2000

Whole Semi-skimmed Skimmed
Organic Convent. Organic Convent. Organic Convent.
Minimum 4.95 2.75 5.00 2.99 5.00 3.33
Mean 7.40 6.36 6.54 5.45 6.27 5.29
Median 7.32 6.36 6.50 5.43 6.25 5.32
Maximum 10.50 14.00 10.50 8.38 10.00 12.00

Source: GfK purchase data for milk June to December 2000. Only whole, semi-skimmed and skimmed milk.

Table 8 Purchase shares for different types of milk

Number of observed

Share of purchases

purchases
Whole 5,791 18.04
Semi-skimmed 16,948 52.78
Skimmed 9,370 29.98
Total 32,109 100.00

Source: GfK purchase data for milk June to December 2000. Only households who purchased whole, semi-skimmed and
skimmed milk during July to December 2000 and answered the AKF questionnaire in 2002.

Table 9 Organic purch. shares for diff. types of milk, and distribution of the org. market

Share of milk type/
Share of the organic market

Whole

19.98
13.71

Semi-skimmed

21.04
42.26

Skimmed

39.66
44.03

Total

26.28
100.00

Source: GfK purchase data for milk June to December 2000. Only households who purchased whole, semi-skimmed and
skimmed milk during July to December 2000 and answered the AKF questionnaire in 2002.

45




Appendix C: Relationship between socio-demographics

Table 10 Relationship between income and urbanisation

Income Urbanisation Total

Frequency Capital U_rpan_ F\’_u_ral_

Per cent area | municipality | municipality

Row Pct

Col Pct

Low 61 138 84 283
5.97 13.50 822 | 27.69
21.55 48.76 29.68
28.24 29.49 24.85

Medium 80 207 175 462
7.83 20.25 17.12 | 45.21
17.32 44.81 37.88
37.04 44.23 51.78

High 75 123 79 2717
7.34 12.04 7.73 | 27.10
27.08 44.40 28.52
34.72 26.28 23.37

Total 216 468 338 1022
21.14 45.79 33.07 | 100.00

Source: GfK background data covering 2000 and questionnaire data from 2002. Only households who purchased whole, semi-

skimmed and skimmed milk during July to December 2000 and answered the AKF questionnaire in 2002.

Table 11 Relationship between income and education

Income Highest level of education within the household Total
Frequency No further Vocationally- Short Medium long Long
Per cent education stated | oriented high school further further studies further
Row Pct studies studies
Col Pct
Low 143 95 28 13 4 283
13.99 9.30 2.74 1.27 039 | 27.69
50.53 33.57 9.89 4.59 1.41
51.62 27.38 16.28 7.39 8.00
Medium 110 165 93 81 13 462
10.76 16.14 9.10 7.93 1.27 | 4521
23.81 35.71 20.13 17.53 2.81
39.71 47.55 54.07 46.02 26.00
High 24 87 51 82 33 277
2.35 8.51 4.99 8.02 323 | 27.10
8.66 31.41 18.41 29.60 11.91
8.66 25.07 29.65 46.59 66.00
Total 277 347 172 176 50 1022
27.10 33.95 16.83 17.22 4.89 | 100.00

Source: GfK background data covering 2000 and questionnaire data from 2002. Only households who purchased whole, semi-

skimmed and skimmed milk during July to December 2000 and answered the AKF questionnaire in 2002.
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Table 12 Relationship between income and age

Income Highest age within the household Total
Frequency | 18-29 years | 30-44 years | 45-59 years | 60 years or more
Per cent
Row Pct
Col Pct
Low 17 22 43 201 283
1.66 2.15 421 19.67 | 27.69
6.01 7.77 15.19 71.02
38.64 10.09 11.85 50.63
Medium 18 140 146 158 462
1.76 13.70 14.29 1546 | 45.21
3.90 30.30 31.60 34.20
40.91 64.22 40.22 39.80
High 9 56 174 38 277
0.88 5.48 17.03 3.72 ) 27.10
3.25 20.22 62.82 13.72
20.45 25.69 47.93 9.57
Total 44 218 363 397 1022
431 21.33 35.52 38.85 | 100.00

Source: GfK background data covering 2000 and questionnaire data from 2002. Only households who purchased whole, semi-
skimmed and skimmed milk during July to December 2000 and answered the AKF questionnaire in 2002.

Table 13 Relationship between income and children 0-6 years old

Income Children between 0 and 6 years | Total

Frequency No Yes

Per cent

Row Pct

Col Pct

Low 274 9 283
26.81 0.88 | 27.69
96.82 3.18
29.24 10.59

Medium 397 65 462
38.85 6.36 | 4521
85.93 14.07
42.37 76.47

High 266 11 277
26.03 1.08 | 27.10
96.03 3.97
28.39 12.94

Total 937 85 1022
91.68 8.32 | 100.00

Source: GfK background data covering 2000 and questionnaire data from 2002. Only households who purchased whole, semi-
skimmed and skimmed milk during July to December 2000 and answered the AKF questionnaire in 2002.
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Table 14 Relationship between income and children 7-14 years old

Income Children between 7 and 14 years | Total

Frequency No Yes

Per cent

Row Pct

Col Pct

Low 262 21 283
25.64 2.05| 27.69
92.58 7.42
29.05 17.50

Medium 371 91 462
36.30 890 | 45.21
80.30 19.70
41.13 75.83

High 269 8 277
26.32 0.78 | 27.10
97.11 2.89
29.82 6.67

Total 902 120 1022
88.26 11.74 | 100.00

Source: GfK background data covering 2000 and questionnaire data from 2002. Only households who purchased whole, semi-

skimmed and skimmed milk during July to December 2000 and answered the AKF questionnaire in 2002.

Table 15 Relationship between urbanisation and education

Urbanisation Highest level of education within the household Total
Frequency No further Vocationally- Short Medium long Long
Per cent education oriented high further further studies further
Row Pct stated school studies studies
Col Pct
Capital area 47 75 39 43 12 216
4.60 7.34 3.82 421 1.17 ]| 21.14
21.76 34.72 18.06 19.91 5.56
16.97 21.61 22.67 24.43 24.00
Urban 126 155 81 80 26 468
municipality 12.33 15.17 7.93 7.83 254 4579
26.92 33.12 17.31 17.09 5.56
45.49 44.67 47.09 45.45 52.00
Rural 104 117 52 53 12 338
municipality 10.18 11.45 5.09 5.19 1.17 | 33.07
30.77 34.62 15.38 15.68 3.55
37.55 33.72 30.23 30.11 24.00
Total 2717 347 172 176 50 1022
27.10 33.95 16.83 17.22 4.89 | 100.00

Source: GfK background data covering 2000 and questionnaire data from 2002. Only households who purchased whole, semi-

skimmed and skimmed milk during July to December 2000 and answered the AKF questionnaire in 2002.
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Table 16 Relationship between urbanisation and age

Urbanisation Highest age within the household Total
Frequency 18-29 years | 30-44 years | 4559 years | 60 years or more
Per cent
Row Pct
Col Pct
Capital area 10 42 71 93 216
0.98 4.11 6.95 9.10 ]| 21.14
4.63 19.44 32.87 43.06
22.73 19.27 19.56 23.43
Urban municipality 22 100 167 179 468
2.15 9.78 16.34 17.51 ] 45.79
4.70 21.37 35.68 38.25
50.00 45.87 46.01 45.09
Rural municipality 12 76 125 125 338
1.17 7.44 12.23 1223 | 33.07
3.55 22.49 36.98 36.98
27.27 34.86 34.44 31.49
Total 44 218 363 397 1022
431 21.33 35.52 38.85 | 100.00

Source: GfK background data covering 2000 and questionnaire data from 2002. Only households who purchased whole, semi-
skimmed and skimmed milk during July to December 2000 and answered the AKF questionnaire in 2002.

Table 17 Relationship between urbanisation and children 0-6 years old

Urbanisation Children between 0 and 6 years | Total

Frequency No Yes

Per cent

Row Pct

Col Pct

Capital area 206 10 216
20.16 098] 21.14
95.37 4.63
21.99 11.76

Urban municipality 432 36 468
42.27 3.52 | 45.79
92.31 7.69
46.10 42.35

Rural municipality 299 39 338
29.26 3.82 | 33.07
88.46 11.54
31.91 45.88

Total 937 85 1022
91.68 8.32 | 100.00

Source: GfK background data covering 2000 and questionnaire data from 2002. Only households who purchased whole, semi-
skimmed and skimmed milk during July to December 2000 and answered the AKF questionnaire in 2002.
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Table 18 Relationship between urbanisation and children 7-14 years old

Urbanisation Children between 7 and 14 years | Total

Frequency No Yes

Per cent

Row Pct

Col Pct

Capital area 197 19 216
19.28 1.86 | 21.14
91.20 8.80
21.84 15.83

Urban municipality 418 50 468
40.90 4891 45.79
89.32 10.68
46.34 41.67

Rural municipality 287 51 338
28.08 4991 33.07
84.91 15.09
31.82 42.50

Total 902 120 1022
88.26 11.74 | 100.00

Source: GfK background data covering 2000 and questionnaire data from 2002. Only households who purchased whole, semi-
skimmed and skimmed milk during July to December 2000 and answered the AKF questionnaire in 2002.

50



Table 19 Relationship between education and age

Highest level of education within the Highest age within the household Total
household
Frequency 18-29 30-44 45-59 60 years or
Per cent years years years more
Row Pct
Col Pct
No further education stated 13 28 68 168 277
1.27 2.74 6.65 16.44 | 27.10
4.69 10.11 24.55 60.65
29.55 12.84 18.73 42.32
Vocationally-oriented high school 19 90 125 113 347
1.86 8.81 12.23 11.06 | 33.95
5.48 25.94 36.02 32.56
43.18 41.28 34.44 28.46
Short further studies 7 49 74 42 172
0.68 4.79 7.24 4.11] 16.83
4.07 28.49 43.02 24.42
15.91 22.48 20.39 10.58
Medium long further studies 4 38 73 61 176
0.39 3.72 7.14 5971 17.22
2.27 21.59 41.48 34.66
9.09 17.43 20.11 15.37
Long further studies 1 13 23 13 50
0.10 1.27 2.25 1.27 4.89
2.00 26.00 46.00 26.00
2.27 5.96 6.34 3.27
Total 44 218 363 397 1022
431 21.33 35.52 38.85 | 100.00

Source: GfK background data covering 2000 and questionnaire data from 2002. Only households who purchased whole, semi-
skimmed and skimmed milk during July to December 2000 and answered the AKF questionnaire in 2002.
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Table 20 Relationship between education and children 0-6 years old

Highest level of education within the household | Children between 0 and 6 years | Total

Frequency No Yes

Per cent

Row Pct

Col Pct

No further education stated 272 5 277
26.61 0.49 ] 27.10
98.19 1.81
29.03 5.88

Vocationally-oriented high school 310 37 347
30.33 3.62 | 3395
89.34 10.66
33.08 43.53

Short further studies 148 24 172
14.48 235| 16.83
86.05 13.95
15.80 28.24

Medium long further studies 159 17 176
15.56 1.66 | 17.22
90.34 9.66
16.97 20.00

Long further studies 48 2 50

4.70 0.20 4.89
96.00 4.00
5.12 2.35

Total 937 85 1022

91.68 8.32 | 100.00

Source: GfK background data covering 2000 and questionnaire data from 2002. Only households who purchased whole, semi-
skimmed and skimmed milk during July to December 2000 and answered the AKF questionnaire in 2002.
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Table 21 Relationship between education and children 7-14 years old

Highest level of education within the household | Children between 7 and 14 years | Total

Frequency No Yes

Per cent

Row Pct

Col Pct

No further education stated 260 17 277
25.44 1.66 | 27.10
93.86 6.14
28.82 14.17

Vocationally-oriented high school 295 52 347
28.86 509 | 3395
85.01 14.99
32.71 43.33

Short further studies 146 26 172
14.29 254 | 16.83
84.88 15.12
16.19 21.67

Medium long further studies 155 21 176
15.17 205 17.22
88.07 11.93
17.18 17.50

Long further studies 46 4 50

4.50 0.39 4.89
92.00 8.00
5.10 3.33

Total 902 120 1022

88.26 11.74 | 100.00

Source: GfK background data covering 2000 and questionnaire data from 2002. Only households who purchased whole, semi-
skimmed and skimmed milk during July to December 2000 and answered the AKF questionnaire in 2002.
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Table 22 Relationship between age and children 0-6 years old

Highest age within the household | Children between 0 and 6 years | Total
Frequency No Yes
Per cent
Row Pct
Col Pct
18- 29 years 35 9 44
3.42 0.88 431
79.55 20.45
3.74 10.59
30-44 years 147 71 218
14.38 695 | 2133
67.43 32.57
15.69 83.53
45-59 years 358 5 363
35.03 049 ] 3552
98.62 1.38
38.21 5.88
60 years or more 397 0 397
38.85 0.00 | 38.85
100.00 0.00
42.37 0.00
Total 937 85 1022
91.68 8.32 | 100.00

Source: GfK background data covering 2000 and questionnaire data from 2002. Only households who purchased whole, semi-
skimmed and skimmed milk during July to December 2000 and answered the AKF questionnaire in 2002.

Table 23 Relationship between age and children 7-14 years old

Highest age within the household | Children between 7 and 14 years | Total
Frequency No Yes
Per cent
Row Pct
Col Pct
18- 29 years 44 0 44
431 0.00 431
100.00 0.00
4.88 0.00
30-44 years 142 76 218
13.89 7.44 | 2133
65.14 34.86
15.74 63.33
45-59 years 320 43 363
31.31 421 ] 3552
88.15 11.85
35.48 35.83
60 years or more 396 1 397
38.75 0.10 | 38.85
99.75 0.25
43.90 0.83
Total 902 120 1022
88.26 11.74 | 100.00

Source: GfK background data covering 2000 and questionnaire data from 2002. Only households who purchased whole, semi-
skimmed and skimmed milk during July to December 2000 and answered the AKF questionnaire in 2002.
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Table 24 Relationship between children 0-6 years and children 7-14 years old

Children between 0 and 6 years | Children between 7 and 14 years | Total
Frequency No Yes
Per cent
Row Pct
Col Pct
No 848 89 937
82.97 871 | 91.68
90.50 9.50
94.01 74.17
Yes 54 31 85
5.28 3.03 8.32
63.53 36.47
5.99 25.83
Total 902 120 1022
88.26 11.74 | 100.00

Source: GfK background data covering 2000 and questionnaire data from 2002. Only households who purchased whole, semi-
skimmed and skimmed milk during July to December 2000 and answered the AKF questionnaire in 2002.
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Appendix D: Relationship between trust and socio-demographics

Question about Environment: “I think that the rules regarding organic production are good enough
to create improvements for nature, e.g., wild animals and plants”

Table 25 Relationship between perception of effect on environment and income

Environment Income Total
Frequency Low | Medium | High
Per cent
Row Pct
Col Pct
Uncertain or disagree 132 246 120 498

12.92 24.07 | 11.74 | 48.73
26.51 49.40 | 24.10
46.64 53.25 | 43.32

Agree 151 216 157 524
14.77 21.14 | 1536 | 51.27
28.82 41.22 | 29.96
53.36 46.75 | 56.68

Total 283 462 277 1022
27.69 45.21 | 27.10 | 100.00

Source: GfK background data covering 2000 and questionnaire data from 2002. Only households who purchased whole, semi-
skimmed and skimmed milk during July to December 2000 and answered the AKF questionnaire in 2002.

Table 26 Relationship between perception of effect on environment and urbanisation

Environment Urbanisation Total
Frequency Capital Urban Rural
Per cent area | municipality | municipality
Row Pct
Col Pct
Uncertain or disagree 90 223 185 498
8.81 21.82 18.10 | 48.73
18.07 44.78 37.15
41.67 47.65 54.73
Agree 126 245 153 524
12.33 23.97 1497 | 51.27
24.05 46.76 29.20
58.33 52.35 45.27
Total 216 468 338 1022
21.14 45.79 33.07 | 100.00

Source: GfK background data covering 2000 and questionnaire data from 2002. Only households who purchased whole, semi-
skimmed and skimmed milk during July to December 2000 and answered the AKF questionnaire in 2002.
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Table 27 Relationship between perception of effect on environment and education

Environment Highest level of education within the household Total

Frequency No further Vocationally Short Medium long Long

Per cent education oriented high further further studies further

Row Pct stated school studies studies

Col Pct

Uncertain or 148 158 89 86 17 498

disagree 14.48 15.46 8.71 8.41 1.66 | 48.73
29.72 31.73 17.87 17.27 3.41
53.43 45.53 51.74 48.86 34.00

Agree 129 189 83 90 33 524
12.62 18.49 8.12 8.81 323 51.27
24.62 36.07 15.84 17.18 6.30
46.57 54.47 48.26 51.14 66.00

Total 277 347 172 176 50 1022
27.10 33.95 16.83 17.22 4.89 | 100.00

Source: GfK background data covering 2000 and questionnaire data from 2002. Only households who purchased whole, semi-
skimmed and skimmed milk during July to December 2000 and answered the AKF questionnaire in 2002.

Table 28 Relationship between perception of effect on environment and age

Environment Highest age within the household Total
Frequency 18-29 years | 30-44 years | 45-59 years | 60 years or more
Per cent
Row Pct
Col Pct
Uncertain or disagree 19 106 186 187 498
1.86 10.37 18.20 18.30 | 48.73
3.82 21.29 37.35 37.55
43.18 48.62 51.24 47.10
Agree 25 112 177 210 524
2.45 10.96 17.32 20.55 | 51.27
4.77 21.37 33.78 40.08
56.82 51.38 48.76 52.90
Total 44 218 363 397 1022
431 21.33 35.52 38.85 ] 100.00

Source: GfK background data covering 2000 and questionnaire data from 2002. Only households who purchased whole, semi-
skimmed and skimmed milk during July to December 2000 and answered the AKF questionnaire in 2002.
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Table 29 Relationship betw. Percept. of effect on environment and children 0-6 yrs old

Environment Children between 0 and 6 years | Total

Frequency No Yes

Per cent

Row Pct

Col Pct

Uncertain or disagree 453 45 498
44.32 440 ] 48.73
90.96 9.04
48.35 52.94

Agree 484 40 524
47.36 391 | 51.27
92.37 7.63
51.65 47.06

Total 937 85 1022
91.68 8.32 ] 100.00

Source: GfK background data covering 2000 and questionnaire data from 2002. Only households who purchased whole, semi-
skimmed and skimmed milk during July to December 2000 and answered the AKF questionnaire in 2002.

Table 30 Relationship betw. Percept. of effect on environment and children 7-14 yrs old

Environment Children between 7 and 14 years | Total

Frequency No Yes

Per cent

Row Pct

Col Pct

Uncertain or disagree 434 64 498
42.47 6.26 | 48.73
87.15 12.85
48.12 53.33

Agree 468 56 524
45.79 548 | 51.27
89.31 10.69
51.88 46.67

Total 902 120 1022
88.26 11.74 | 100.00
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Question about health: “I think that the rules regarding organic production are good enough to
create improvements for my and my family’s health”

Table 31 Relationship between perception of effect on health and income

Health Income Total
Frequency Low | Medium | High
Per cent
Row Pct
Col Pct
Uncertain or disagree 171 279 154 604

16.73 27.30 | 15.07 | 59.10
28.31 46.19 | 25.50
60.42 60.39 | 55.60

Agree 112 183 123 418
10.96 1791 | 12.04 | 40.90
26.79 43.78 | 29.43
39.58 39.61 | 44.40

Total 283 462 277 1022
27.69 45.21 | 27.10 | 100.00

Source: GfK background data covering 2000 and questionnaire data from 2002. Only households who purchased whole, semi-
skimmed and skimmed milk during July to December 2000 and answered the AKF questionnaire in 2002.

Table 32 Relationship between perception of effect on health and urbanisation

Health Urbanisation Total

Frequency Capital Urban Rural

Per cent area | municipality | municipality

Row Pct

Col Pct

Uncertain or disagree 112 264 228 604
10.96 25.83 2231 | 59.10
18.54 43.71 37.75
51.85 56.41 67.46

Agree 104 204 110 418
10.18 19.96 10.76 | 40.90
24.88 48.80 26.32
48.15 43.59 32.54

Total 216 468 338 1022
21.14 45.79 33.07 | 100.00

Source: GfK background data covering 2000 and questionnaire data from 2002. Only households who purchased whole, semi-
skimmed and skimmed milk during July to December 2000 and answered the AKF questionnaire in 2002.
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Table 33 Relationship between perception of effect on health and education

Health Highest level of education within the household Total
Frequency No further Vocationally- Short Medium long Long
Per cent education oriented high school further further studies further
Row Pct stated studies studies
Col Pct
Uncertain or 181 205 94 99 25 604
disagree 17.71 20.06 9.20 9.69 2451 59.10
29.97 33.94 15.56 16.39 4.14
65.34 59.08 54.65 56.25 50.00
Agree 96 142 78 77 25 418
9.39 13.89 7.63 7.53 2451 4090
22.97 33.97 18.66 18.42 5.98
34.66 40.92 4535 43.75 50.00
Total 277 347 172 176 50 1022
27.10 33.95 16.83 17.22 4.89 | 100.00

Source: GfK background data covering 2000 and questionnaire data from 2002. Only households who purchased whole, semi-
skimmed and skimmed milk during July to December 2000 and answered the AKF questionnaire in 2002.

Table 34 Relationship between perception of effect on health and age

Health Highest age within the household Total
Frequency 18-29 years | 30-44 years | 45-59 years | 60 years or more
Per cent
Row Pct
Col Pct
Uncertain or disagree 27 130 213 234 604
2.64 12.72 20.84 2290 | 59.10
4.47 21.52 35.26 38.74
61.36 59.63 58.68 58.94
Agree 17 88 150 163 418
1.66 8.61 14.68 15.95 | 40.90
4.07 21.05 35.89 39.00
38.64 40.37 41.32 41.06
Total 44 218 363 397 1022
431 21.33 35.52 38.85 ] 100.00

Source: GfK background data covering 2000 and questionnaire data from 2002. Only households who purchased whole, semi-
skimmed and skimmed milk during July to December 2000 and answered the AKF questionnaire in 2002.
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Table 35 Relationship between perception of effect on health and children 0-6 years old

Health Children between 0 and 6 years | Total

Frequency No Yes

Per cent

Row Pct

Col Pct

Uncertain or disagree 553 51 604
54.11 4991 59.10
91.56 8.44
59.02 60.00

Agree 384 34 418
37.57 333 | 40.90
91.87 8.13
40.98 40.00

Total 937 85 1022
91.68 8.32 | 100.00

Source: GfK background data covering 2000 and questionnaire data from 2002. Only households who purchased whole, semi-
skimmed and skimmed milk during July to December 2000 and answered the AKF questionnaire in 2002.

Table 36 Relationship between perception of effect on health and children 7-14 years old

Health Children between 7 and 14 years | Total

Frequency No Yes

Per cent

Row Pct

Col Pct

Uncertain or disagree 533 71 604
52.15 6.95] 59.10
88.25 11.75
59.09 59.17

Agree 369 49 418
36.11 479 1 40.90
88.28 11.72
4091 40.83

Total 902 120 1022
88.26 11.74 | 100.00
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Animal Welfare and Eggs
— Cheap Talk or Money on the Counter?”

Laura Merch Andersen’
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Abstract

In this paper we utilize a unique combination of household level real purchase panel data and
survey data on perceived public and private good attributes of different types of eggs to
identify real willingness to pay for animal welfare using a mixed logit model. We find that
consumers perceiving a stronger connection between animal welfare and the organic label
have higher willingness to pay for organic eggs, even when we control for private good
attributes such as food safety also connected to the label. Our results suggest that altruistic

motives may play an important role in the demand for agricultural products.

Key words: Animal welfare, MMNL, market data, labelling, willingness to pay, altruism

2.1. Introduction

Do consumers really care about animal welfare, and are they willing to pay for increased
animal welfare? The results in this paper suggest that consumers are willing to put money on
the counter, and that the stated willingness to pay observed in opinion polls, hypothetical

discrete choice experiments or contingent valuation studies is not just cheap talk.

According to the Eurobarometer Survey conducted in the beginning of 2005, 74% of
European citizens believe that they can to some degree have a positive impact on the welfare
of farm animals by buying animal-friendly products, and more than 60% state that they are

willing to pay an additional price premium in order to do so (Eurobarometer 2005). The aim

" I thank Kenneth Train, David Revelt and Paul Ruud for allowing me to use their MMNL software, and for
allowing me to use a later version, which allows for correlation between mixed parameters. I also thank
Kenneth Train for his clear and speedy answers to my questions. I also thank Martin Browning and Wim
Verbeke for useful comments on an earlier version of this paper.
The research was funded by the Danish Social Science Research Council (FSE).
T Contact information: Laura Merch Andersen, AKF - Danish Institute of Governmental Research, www.akf.dk
e-mail: LMA@akf.dk
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of this paper is to estimate actual willingness to pay from observed purchases, in order to

separate actual willingness to pay from cheap talk.

Interest in animal welfare has been increasing, both within the population in general and
among the legislators who try to frame laws to match these new concerns. One example of
this concern is the EU Action Plan to improve animal welfare (IP/05/698), which was adopted
by the European Union in 2006. If society wishes to improve the level of animal welfare it
may either prohibit production methods that lead to unacceptably low levels of animal welfare
or it may improve market conditions for producers who use more animal-friendly production
methods. Provision of information using labelling allows the more dedicated producers to
signal that their production has a higher level of animal welfare than the standard production.
Thereby, labelling offers a way of allowing consumers who actually gain utility from
improved animal welfare to achieve this increase in utility without decreasing the utility of
less caring consumers. The labelling of eggs described in section 2 is aimed at improving

animal welfare.

However, since it is not possible to exclude others from enjoying the improved animal
welfare induced by one’s own purchase of a certified product this attribute is a public good,
and therefore prone to free-riding which might undermine the effectiveness of labelling
schemes. This potential problem has been addressed in two strands of literature both
suggesting that there is a willingness to pay for animal welfare despite the potential free-rider
problem. First of all, a number of contingent valuation studies (such as Rolfe (1999) and
Bennet (1997)) find a positive stated willingness to pay for eggs with improved animal
welfare. Though encouraging, these studies cannot distinguish real willingness to pay from
cheap talk and there is a lingering suspicion that when consumers are put to the real market

test free-riding kicks in.

Other studies such as Teisl et al. (2002) and Baltzer (2002) use market data. Both studies find
positive (revealed) willingness to pay for animal welfare. Teisl et al. find positive willingness
to pay for a label indicating dolphin-safe tuna catching and Baltzer finds positive willingness
to pay for eggs carrying labels indicating improved animal welfare (non-battery eggs, see
below). However, the suspicion here is that other ‘private good’ attributes like
healthiness/safety of the product that consumers perceive as correlated with animal welfare

may be driving behaviour.
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Though the previous literature suggests this to be the case it is still not clear that consumers
are willing to pay higher market prices for increased animal welfare even though it is a public
good. The aim of this paper is to estimate actual willingness to pay for the animal welfare
attribute from observed purchases. We utilise a unique dataset combining time series of actual
purchase data for 2000 households with survey data on the same households with background
information about the individual households along with information on the household
perception of the organic label with respect to animal welfare and food safety. This allows us
to compare willingness to pay between different socio-demographic groups as well as
between groups with different perceptions of animal welfare in relation to organic eggs and
food safety in relation to organic broilers. This means that we can establish whether the
willingness to pay originates solely from ‘private good’ attributes, such as lower risk of
falling ill, or if there is also willingness to pay for ‘public good’ attributes like animal welfare

implying altruistic motives

The results in this paper suggest that consumers are willing to put money on the counter for
animal welfare, and that the stated willingness to pay observed in opinion polls, hypothetical

discrete choice experiments or contingent valuation studies is not just cheap talk.

The remainder of this paper is structured as follows. Section 2.2 presents the main differences
between the egg labels applied in Denmark. In section 2.3 the data are described, while
section 2.4 presents an introduction to the theory behind willingness to pay and the mixed
multinomial logit model applied in the estimation of the model. Section 2.5 describes the
practical problems of using market data at household level, and explains the solutions chosen.

The results of the estimations are presented in section 2.6.

2.2. The Egg Labels

The Danish egg market is dominated by four different labels indicating production methods
with different implications for animal welfare. In order to be allowed to bear a given label the
production has to meet certain minimum standards, as described in various EU regulations.
Table 1 shows the most important differences between the egg labels, and Figure 1 shows the
distribution of price premiums compared to the price of battery eggs (the price of a battery
egg is close to 1 DKK). For more details of the rules for different production types, see

Andersen (2006).

65



Table 1 Main points of the rules for different production types

Egg label Conditions for the egg-laying hens
Battery eggs ¢ Live in cages with 4 hens in each cage
e 16 hens per m?

Barn eggs ¢ Live in open barns
e 7 hens per m?

Free-range eggs e Indoors: As for barn hens
e Access to outdoor areas
« 10 m? per hen on outdoor areas

Organic eggs « 6 hens per m? indoors
e Access to outdoor areas
e 4 m? per hen on outdoor areas
¢ Organic feed
o No beak trimming

Source: The Danish Poultry Council.

Figure 1 Kernel density of imputed price premiums
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5% /
0% 2
-0.50 0.00 0.50 1.00 1.50 2.00

Price premium compared to Battery eggs, DKK

Density

Barn - ---- Free-range Organic

Estimations using GfK purchase data on eggs from 26 June 1999 to 30 June 2000. Only households with answers to
guestionnaire. Nadaraya-Watson kernel regression estimator using the Gaussian kernel. Purchases made directly from farms
excluded. Imputed prices are means of all observed prices within a given chain of stores and a given week. More information on
this is provided in Section 5, ‘Implementation of the model'.

Battery hens are usually considered to have the lowest level of animal welfare, because they
are kept in small cages. Barn hens are allowed to move more freely, but do not have access to
outdoor areas, and are therefore usually considered to be better off than battery hens, but
worse off than free-range and organic hens. One of the differences between organic hens and
free-range hens is that free-range hens may have their beaks trimmed, which is known to
cause immediate and subsequent pain. The problem is that in extensive egg production
systems, the risk of severe welfare problems such as injurious pecking and cannibalism is
much greater in non-trimmed hens (ADAS/IGER/University of Bristol, 2001). Whether
organic hens have a better quality of life than free-range hens is therefore sometimes debated,
but apart from the differences in rules for production, organic eggs have the advantage of
using a familiar label that is used on many different food products (the Danish ‘@-label’,

which identifies organically-produced goods). Consumers have a generalised image of goods
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bearing the @-label, and do not have to spend time and energy studying new labels such as
‘barn eggs’ or ‘free-range eggs’. In this paper it is therefore expected that willingness to pay
for the different egg labels can be ranked as battery, barn, free-range and organic, where
battery eggs are expected to yield the lowest willingness to pay and organic eggs are expected
to yield the highest willingness to pay. As can be seen in Figure 1, the observed prices of the

different types of eggs support this ranking.

2.3. Data

The data are from a Danish panel of approximately 2,000 households reporting all food
purchases (GfK ConsumerScan Denmark, GfK). The panel is unbalanced and started in 1997.
A substantial number of socio-demographics are collected once a year, and in 2002 a large
questionnaire on organic food was issued to the panel. The purpose of the questionnaire was
to obtain information about knowledge of and attitudes towards organic foods in general at
household level. It is therefore possible to combine actual purchases with socio-
demographics, attitudes and perception of specific organic goods. For more on the GfK data

see Andersen (2006).

The data on eggs used in this paper cover the period from 26 June 1999 to 30 June 2000. In
the analysis, the observed purchases in the GfK data are combined with the results of the 2002
questionnaire. If perceptions about eggs are assumed to be stable over time, the questionnaire
makes it possible to use the information about household perceptions of the level of animal
welfare and food safety in organic eggs, even though there is a time gap between the purchase
data (1999-2000) and the questionnaire (2002). It is therefore possible not only to estimate
willingness to pay for labels, but also to allow for different perceptions of the labels, and
thereby for different purchasing motives. Among the 1,834 families who reported purchases
of eggs during the period from June 1999 to June 2000, 878 families also answered the 2002
questionnaire, and 844 of these answered the questions used in this paper. As can be seen in
Table 2, the households who answered the questionnaire represent the sample almost

perfectly, at least as far as the overall distribution on types of eggs is concerned.
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Table 2 Aggregate consumption of four different types of eggs

Households: All With answers to With answers to both animal
questionnaire in general welfare and food safety

Purchase shares:

Battery eggs 47 47 47

Barn eggs 17 17 17

Free-range eggs 10 10 10

Organic eggs 27 26 26

Total 100 100 100

No. of purchases 20,676 11,178 10,800

No. of households 1,834 878 844

Source: GfK purchase data on eggs from 26 June 1999 to 30 June 2000. Purchases made directly from farms excluded, see

section 2.5.

Two of the questions in the questionnaire regarded perception of animal welfare related to
eggs and food safety related to broilers. As can be seen in Table 3, very few households
believe that organic production has a negative impact on animal welfare related to eggs or
food safety related to broilers, but a substantial number of households believe it has positive
effects. It also appears that trust in better animal welfare and improved food safety are
correlated. It is, however, still possible to identify the effects on willingness to pay separately
for animal welfare and food safety, as the correlation is not perfect. The answers to the two
questions enter separately in the estimation, and the grey cross tabulation in Table 3 is merely
included to illustrate the level of correlation. Willingness to pay among households with
different perceptions of animal welfare and food safety is measured relative to the groups of

households who perceive ‘no difference’ (control groups).

Table 3 Answers to questionnaire on perception of animal welfare and food safety*

How do you perceive the risk of falling ill with bacteria when you
eat organic chicken?

No. of households (share of households): ' Higher Lower
i (Negative organic (Positive organic
Total | food safety) No difference food safety)
______________________________________ Total 844 (100%) | 27.(3%) .. ... 571(68%) . . 246.(29%) ____
Worse :
) (Negative organic 23 (3%) 6 (1%) 9 (1%) 8 (1%)
HOW dO yOU perCe|Ve an|ma| We|fare) E
ﬁg'r?;"’wﬁgagfggi o | Nodifference 385 (42%) | 15 (2%) 294 (35%) 46 (5%)
eggs? Better 1
(Positive organic 466 (55%) 6 (1%) 268 (32%) 192 (23%)
animal welfare)

Source: AKF/GfK questionnaire from 2002.

Bold means Control group: Willingness to pay in the other groups is measured relative to this group. The estimated
willingness to pay for households who perceive animal welfare to be better is the difference between the mean willingness to
pay among households with perceived positive effect and households with no perceived effect.

! Note that the question about food safety is not related directly to organic eggs, but rather to organic chickens.
However, the origin of food safety problems is the same in chickens and eggs (mainly salmonella during the
period in question) and the answers are therefore used as a general indication of perception of food safety
related to organic poultry, acknowledging that the signal cannot be expected to be as strong as for animal

welfare.
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One of the attractions of the GfK data is that it is possible to link actual purchases directly to
socio-demographic information about individual households. This paper investigates how
income, age, degree of urbanisation and level of education influence the willingness to pay for
the different types of eggs. Each of the socio-demographic variables is split into sub-groups,

and the willingness to pay within each sub-group is estimated relative to the control group

indicated in Table 4.
Table 4 Socio-demographic data used in estimations
Number of Share of Control
Variable Sub-groups households households group?
Income” Lowest 25% 254 30 X
Middle 50% 400 47
Highest 25% 190 23
Total 844 100
Age° 18 to 44 years 230 27
45 to 59 years 304 36
60 years or more 310 37 X
Total 844 100
Degree of urbanisation® Rural municipality 247 29 X
Urban municipality 390 46
Capital area (Copenhagen) 207 25
Total 844 100
Level of education® No further education stated 206 24 X
Vocationally oriented high-school 304 36
Short further education 138 16
Medium further education 150 18
Long further education 46 5
Total 844 100

a: Willingness to pay in the other groups is measured relative to this group. The estimated willingness to pay in the Capital area
is the difference between the mean willingness to pay in households in the Capital area and those in the rural municipalities. If
the parameter for Capital area is significant, it means that the difference between the utility in the Capital area and that in the
rural municipalities is significantly different from zero.

b: Income is recorded in brackets of DKK 50,000 (~€6,700). These brackets are divided by the number of persons in the
household, weighted as 1 for the first adult, 0.5 for the next adults and 0.3 for children. Income is split into three categories
indicating relative levels of income.

c: Age is defined by the age of the oldest person in the household.

d: GfK divides the 270 Danish municipalities into categories depending on how urbanised they are and on their geographical
location. The geographical location is ignored here, and the sample is split into rural, urban and Capital area municipalities.

e: Highest level of education within the household.

2.4. Theory

Marginal willingness to pay is the amount of money a person is willing to pay in order to
receive an extra unit of the good in question. The utility of household i from purchasing an
egg of type j at time t is assumed to depend on the label j ( 3’, constant over time, varies with
household and type of egg). The vector of labels of the eggs purchased by household i at
purchase 1 to T; is called e;. The utility also depends on the money spent purchasing the egg
(B°Pp;;). The price vector p is allowed to depend on the egg label and the purchase, but the

utility of money A° is assumed to be constant over time, households and type of egg. The
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utility is not perfectly observed by the econometrician, and the utility therefore also depends
on an unobserved error term &, . This is a Random Utility Model (RUM).

As in Hanemann (1984), the utility function is assumed to have the simple linear form

T

(8. 0) = (B +Bpy +5y) 2.1)

t=1

and as in Hanemann (1984), the marginal willingness to pay is therefore the utility of the egg

divided by the utility of money:

,_ u/olesg’)  p
b ~0U/o(money) —p° @2)

The error terms &, in (2.1) are assumed to be extreme value distributed, which means that the

it
parameters can be estimated using a multinomial logit model.

However, the conventional multinomial logit model suffers from the assumption of
Independence of Irrelevant Alternatives (IIA). In this application, IIA means that the
probability of choosing a free-range egg versus the probability of choosing a battery egg
should be independent of the presence of, for example, organic eggs on the market. This is
very unlikely. Imagine that organic eggs left the market. Then the ITA in the multinomial logit
model would imply that people who used to buy organic eggs would distribute themselves
across the remainder of the egg labels according to the market share of those other egg labels.
But people who buy organic eggs may very well have a higher propensity to buy free-range
eggs, for example, than the population in general, and particularly to have a lower propensity

to buy battery eggs. IIA is therefore not reasonable in this case.

Data show that some households buy organic eggs more frequently than others, which
suggests variation in the household utility of organic eggs. To capture this variation and to
avoid IIA it is therefore assumed that the household utility is drawn from a distribution (i.e.
the household utility is known to the household, but only the distribution is observable to the
econometrician). The household likelihood function then becomes the likelihood function in

the conventional multinomial logit model integrated over all possible values of £

L (6,e,p)= jL°°“V(/3, .p)f(Bl0)dp (2.3)
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where f ( ,H| 9) is the density of £ given the parameters €. The parameters € of the
distribution of the utility S are therefore estimated, instead of £ itself. This is known as the
Mixed MultiNomial Logit (MMNL) model (McFadden and Train, 2000). For applications of
this model see for example McFadden and Train (2000), Revelt and Train (1998), Train
(1998) or Train (1999). The MMNL model does not suffer from IIA, as long as at least one
parameter is assumed to be drawn from a common distribution (mixed); see for example Train

(1998).

In this paper it is assumed that the utility of the four types of eggs follows a multivariate

normal distribution

1
H | |0 O O Oy

B
B ﬁz N H, ’ O, Oy Oy Oy 2.4)
it

Hy | | O3 Oy Oz3 Oy

4
Hy | | O O Oz Oy

where 1 is battery eggs, 2 is barn eggs, 3 is free-range eggs and 4 is organic eggs.

As usual in a discrete model, we can only estimate relative utility, which means that we
estimate differences in utility (between types of eggs) and must choose an arbitrary
normalisation to identify the scale. In order to estimate willingness to pay for eggs carrying
labels indicating higher levels of animal welfare, the differences between the utility of battery

eggs ( ,81) and the utilities of all other types of eggs ( BB, ﬂ“) are estimated.

In the simplest version of the model the utility depends only on the type of egg purchased and
the price paid:

—

T

U, (e, p)-U, (battery, p) = (,6"+ﬂp|0,t+€m) (ﬂ +ﬁppu+5.n)
i = 2.5)

DB+ B (P - i)+ )

= T

,_.
1
—_

where €; is the vector of labels of the eggs purchased by household i at purchases 1 to Ti, A°
is the utility of money, ' is the utility of an egg of type j for household i, and ﬁij is the
difference in utility between type j and battery eggs. As in the conventional logit, the problem
of the scale is solved by normalising the variance of the extreme value distributed error terms

(theg’s) to 7°/6.

The estimated parameters of the distribution of differences in utility are
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Because the utility of each type of egg is assumed to be normally distributed, the differences
between the utilities are also normally distributed since X ~N ( ,u,Z) =
g(X)~N(g(u).(V9)Z(Vy )' . This means that the relationship between the estimated

parameters from (2.6) and the structural parameters of the utility function (2.4) is

2 1

B =B =t || 0y t+o, =20, 0y, t0,, -0 -0, 0y,+0,-0,-0,
3 1

B =B |~N|| - |,|0ps+t0,—0,-0; 0y+0,-20, O3, +0,—0,,—0, | |(2.7)
4 1

B =B U=t | |Oyt+o,—0,—0, O0y+0,-0,-0, O0,+0,-20,

It is important to note that the structural parameters are not identified, only the relative
parameters in (2.6). The estimated variances and covariances do not describe the utility of the

different types of eggs, but rather the ‘utility premium’ compared to battery eggs.

In Table 3 and Table 4 the sample was divided into sub-groups on the basis of perception of
eggs and socio-demographic factors. Each household belongs to one of the sub-groups for
each of the two questionnaire answers and for each of the four socio-demographic variables.
The effect of the background variables is estimated non-parametrically by including a dummy
for each sub-group. Disregarding the six control groups, the number of dummies is two for
perception of animal welfare, two for perception of food safety, two for income, two for age,
two for degree of urbanisation and four for education, i.e. a total of 14. See also Table 2 and

4. The simple utility function in (2.5) then becomes

C

T

N

(e, p)-U;, (battery, p) =

. 1 .
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1
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i (ﬁul +zl[iek]ﬂli +p° P +8i1tj = (2.8)
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,_,
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—

l[iek]lgkj +B° ( Pj = Pt ) + gijtj
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where l[iek] is an indicator function indicating whether household i belongs to socio-
demographic group k. Note that £’ is the household specific utility of type j (for the control
group). The individual value is drawn from a normal distribution. Only the mean and the
standard deviation of the distribution is estimated, not the individual betas. The estimated

parameters for socio-demographics therefore describe the mean difference between the utility
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of households in socio-demographic group k and the control group. This is illustrated in

Figure 3 on page 82.

The utility of barn and free-range eggs is assumed to depend only on socio-demographics. For
a household with a high income (inc=H), aged 45 to 59 (age=45-59), living in the Capital area
(urb=Cap) and having a long further education (edu=long) the utility of purchasing a barn egg
(j=2) at time t is:*

U, (organic, p, ) -U, (battery, p,) = 09)

b b b b b ~

ﬁi o + inir:nH + ag?er245—59 + ur?)r:Cap + edaurzlong +ﬂp ( p2t - plt ) + 8i2t
As described in table 3 we have answers to questions about perception of animal welfare
related to organic eggs and food safety related to organic broilers. This means that we can
separate private utility (food safety) from altruistic utility (animal welfare) when it comes to
organic eggs. It is therefore possible to determine whether altruistic motives actually play a

significant role in the willingness to pay for organic eggs.

It 1s assumed that the effect of trust in animal welfare or food safety is the same for all socio-
demographic groups, and the utility of the public good (animal welfare) and the private good
(food safety) is therefore added to the utility function without any interaction terms with
socio-demographics. No perceived difference is used as control group. If a household with the
same characteristics as in (2.9) perceives the animal welfare as better for organic eggs and the
food safety as worse the utility is therefore modelled as:

U, (organic, p,)—U, (battery, p,) =

ﬂiorg +ﬂ~org + norg + norg + norg + norg + norg +ﬂp(p4t _ plt)+§i4t

animal + safety+ inc=H age=45-59 urb=Cap edu=long

(2.10)

This definition of the utility function means that the variance of utility is assumed to be the

same in all subsets of the population; only the mean is allowed to vary between groups of

households.

? Note that ,B’ibam is the household specific utility of barn eggs (for the control group). The individual value is
drawn from a normal distribution. Only the mean and the standard deviation of the distribution is estimated,
not the individual betas.
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2.5. Implementation of the Model

Only the price of the chosen egg is observed, not the price of the alternatives, nor which
alternatives are present in the purchase situation. The prices are therefore imputed as the mean
of all observed prices of eggs with a given label within a given week in the chain of stores in

which the purchase was actually made.

There are many unknown attributes of the purchased egg. The size of the egg is not recorded,
and the store in which the purchase was made is only recorded at chain level. The freshness of
the eggs is also unknown. These factors all contribute to unobserved heterogeneity in the
prices. Using the observed price as an estimate of the price of the egg that was purchased, and
comparing this price to mean prices for the types of eggs that were not purchased (by this
household on this occasion) would mean that one was comparing the price of an egg of a
given size, purchased in a given store and having a given freshness, with the price of an egg
with a mixture of sizes, a mixture of stores and a mixture of different degrees of freshness.
This would disturb the estimated effect of the prices, and thereby the estimated effect of the
labels and other variables entering the model. It was therefore decided to impute all of the

prices, including the price of the egg that was purchased.

The definition of the choice set is also important. It may not be reasonable to expect eggs with
all labels to be present in all purchase situations.” If eggs with a given label are not present,
the label is said to be rationed. If rationing occurs, but is not revealed, it might mean that a
person is perceived as choosing not to buy eggs with a specific label even though this label
might have been preferred if it had been present. This will lead to a lower estimate of
marginal willingness to pay for this label. This is an important fact to keep in mind when
interpreting the results of the estimations, especially for barn and free-range eggs that have
relatively low purchase shares. In this application, eggs with a specific label are assumed to
be rationed if nobody purchased eggs with this label in the relevant group of stores during the

week in question.

The mixed multinomial logit models are estimated using a modified version of a programme
developed by Kenneth Train, David Revelt, and Paul Ruud. This is an extension of the
programme used in for example Revelt and Train (1998) and Train (1998). The extension

allows estimation of correlations between normally distributed parameters. One of the virtues

* In some purchase situations the labels are not necessarily certified and/or no alternative can be expected to be
available. This is e.g. the case for purchases directly from farms. These purchases are therefore excluded from

the analysis, along with purchases where the price of battery eggs cannot be imputed.
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of this programme is that it takes account of the panel structure of the data. In this paper the
simple Halton draws used in the extended programme by Train, Revelt and Ruud are replaced
by antithetic Halton draws. This practically eliminates the noise in the log-likelihood values

of different models, and thereby improves the reliability of the Likelihood Ratio tests.

The utility of money is assumed to be the same for all households, whereas the utility of eggs
with different labels is assumed to follow a multivariate normal distribution. This implies that
the estimated marginal willingness to pay is also assumed to be normally distributed. In
MMNL language this means that the price parameter is fixed, and the reactions to egg labels
are mixed. The utility of money is probably not the same for everyone, but in this case it is a
question of semantics. It is not possible to tell whether the difference in willingness to pay
origins from differences in utility of money or from utility of non-battery labels. The
assumption that everyone has the same utility of money whereas the utility of labels is
normally distributed is merely a convenient way of assuming that the willingness to pay is

normally distributed.

2.6. Results

First, the model is estimated using only the price and the type of egg as explanatory variables.
This version illustrates the results that could be obtained from data with no information on
socio-demographics. To illustrate the difference between a conventional and a mixed logit,
the results of a conventional model are compared with a mixed version of the same model.
The conventional model is rejected, and information about socio-demographic factors and
perception of animal welfare and food safety is then included in the mixed model and the

results are discussed.

The mixed multinomial logit estimates a distribution of the mixed parameters. The standard
deviation of the normal distribution can be used as a measure of the degree of heterogeneity
related to the utility of a given type of egg compared to battery eggs, and thereby also to the
degree of heterogeneity of willingness to pay. The estimated correlations indicate the extent to
which a high willingness to pay for e.g. organic eggs compared to battery eggs is correlated

with a high willingness to pay for other types of eggs compared to battery eggs.

The main hypotheses are:
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the ranking of willingness to pay for organic, free-range and barn eggs compared to battery
eggs follows the animal welfare ranking, which means that willingness to pay is highest for

organic eggs and lowest for barn eggs

the correlation between willingness to pay for different types of eggs is highest between
organic and free-range eggs, because the production methods are very similar, and lowest

between organic and barn eggs (but the correlation is still expected to be positive)

the organic label is familiar from other goods and to some people it also includes a health
aspect. This means that there are more potential sources of willingness to pay for organic eggs
than for free-range and barn eggs, which only differ from battery eggs in terms of animal
welfare. (The variance of a sum is the sum of the variances plus twice the covariance). The
different sources of willingness to pay are expected to be positively correlated (people who
believe that organic products are healthier are more familiar with the organic label). The

degree of heterogeneity is therefore expected to be greater for organic eggs than for the other
types

households which perceive animal welfare as better for hens laying organic eggs are willing
to pay more for them even when perception of food safety is controlled for. (Perception of
food safety is observed to be positively correlated with perception of animal welfare, but is a

private attribute (non-altruistic)).

Table 5 compares the result of the conventional logit with the results of the simplest mixed
logit. In all of the estimated models the utility of price is negative and significantly different
from zero, which means that the utility of money is positive, as expected. In the conventional
logit the ranking of willingness to pay comes directly from the estimated parameters of the
utility function. These are all negative, which means that the willingness to pay for non-
battery eggs is lower than the willingness to pay for battery eggs. As an example, the
willingness to pay for organic eggs compared to battery eggs is —0.21/ —(—0.45) =—0.47. The
conventional logit thus suggests that all households prefer to buy battery eggs unless the
organic eggs are DKK 0.47 cheaper. At a first glance this is somewhat contra intuitive, as the
price of non-battery eggs is usually higher than the price of battery eggs. But what it actually
means is that the price difference is not enough to explain the low purchase shares of non-
battery eggs. The logit model therefore estimates negative utility of the labels. The
willingness to pay is higher for organic eggs than for barn eggs, as expected, but the

willingness to pay for free-range eggs is lower than for barn eggs.
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Table 5 Results of estimations based on all households, including only type of egg and price (Model 1)

Conventional logit Mixed logit
Estimate SD Signific. Estimate SD Signific.
Price -0.45 0.032 ok -0.39 0.122 ok

Type of egg, utility relative to utility of battery eggs

Means: Organic -0.21 0.026 il -1.72  (0.200) bl
Free-range -1.17 0.024 ok -1.40 (0.134) ok
Barn -0.77 0.013 ok -0.80 (0.094) ik

Variance: Organic 20.73 (1.819) ok
Free-range 7.56 (0.706) ok
Barn 431 (0.395) ok

Correlation:  (Organic, free-range) 0.84
(Organic, barn) 0.66
(Free-range, barn) 0.79

Log-likelihood -12,950 -8,385

No. of households 844 844

No. of observations 10,800 10,800

Estimations using GfK purchase data on eggs from 26 June 1999 to 30 June 2000. Purchases made directly from farms
excluded. Rationing is allowed. Number of antithetic Halton Draws is 7,500. ***' is significant at the 1% level.

This does not correspond with the expectation that willingness to pay for free-range eggs
should lie between the willingness to pay for barn eggs and that for organic eggs. On the other
hand, it fits well with the fact that free-range eggs have the lowest market share (see Table 2).
One explanation is that households may find it difficult to distinguish free-range eggs from
barn and organic eggs. If a household believes that there is no difference between barn and
free-range eggs, barn eggs will be chosen because they are cheaper. If a household believes
that there is almost no difference between free-range and organic eggs, organic eggs are more
likely to be chosen, because organic eggs have a familiar label and may even be perceived as
healthier, and are often not more expensive than free-range eggs. Baltzer (2002), who used
scanner data from individual COOP stores, also found that the willingness to pay for free-

range eggs was lower than for organic and barn eggs.

A conventional logit can be seen as the special case of a mixed logit in which all standard
deviations are zero. It is therefore possible to test the need for mixing by a likelihood ratio test
with degrees of freedom equal to the number of mixed parameters. In the example in Table 5
the likelihood ratio test becomes —2-(—12, 950+8,385) =9,130. The degrees of freedom are
equal to the number of parameters in the variance covariance matrix in the mixed model i.e.
six in this case. The conventional logit is therefore strongly rejected. The estimated negative
willingness to pay underlines the fact that the conventional logit does a very poor job of
explaining the willingness to pay, because it estimates one willingness to pay for all

households. The rest of the paper therefore focuses on the mixed model.

In a mixed multinomial logit model both the mean and the variance-covariance matrix of the
willingness to pay are estimated, so the ranking of willingness to pay now depends on the
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share of the population who are willing to pay a given percentage extra, compared to the cost
of a battery egg. The expectation is that the share of the population with a given willingness to

pay for non-battery eggs is largest for organic eggs and smallest for barn eggs.

The mean willingness to pay in the mixed logit in Table 5 becomes negative for all three
types of eggs, but now this simply means that the share of households with positive
willingness to pay is less than 50%, and this does not seem unreasonable given the market
shares presented in Table 2 (between 10% and 26%). The estimated share of households with
positive willingness to pay is 35% for organic as well as barn eggs, and 31% for free-range
eggs. The densities of willingness to pay are illustrated in Figure 2. This is a very clear
illustration of the importance of standard deviations in a mixed logit. As soon as the price
premium becomes positive the share of households who are willing to pay the premium is
larger for organic eggs than for barn eggs, even though the mean willingness to pay is lowest

for organic eggs.

Figure 2 lllustration of the importance of the standard deviation of willingness to pay (WTP) for different

types
Density of normally distributed WTP Share with WTP higher than x DKK
8% 100%
% 80%
60%
4% .
. 40% Y
2% 20% \
0% = 0% -
-15 0 15 -15 0 15
DKK DKK
Barn - ---- Free-range Organic ‘ ‘ Barn ----- Free range Organic ‘

The willingness to pay for organic eggs has the lowest mean, but the highest standard deviation. In this case the bigger
standard deviation implies that the share of the population with willingness to pay higher than a given positive amount is bigger
for organic eggs, even though the mean was lower than for the other types. In this specific case the share with willingness to
pay higher than zero is exactly the same as for barn eggs, but that is mere coincidence.

The mixing changes not only the magnitude, but also the ranking of the means. However, as
illustrated in Figure 2, the ranking of the means is not necessarily the same as the ranking of
willingness to pay. This difference between conventional and mixed logit is important to keep

in mind whenever one tries to interpret results of a mixed logit.

The standard deviation of the willingness to pay for organic eggs is 4.6 (20.73") and the
standard deviations for free-range and barn eggs are 2.7 and 2.1. This supports the hypothesis
that the organic label suggests other attributes in addition to animal welfare. As expected, the
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estimated correlation between organic eggs and free-range eggs is larger than the other
correlations, which might indicate that households know that free-range and organic eggs are
very close substitutes. The correlation between barn and free-range eggs is also higher than
the correlation between barn and organic eggs, confirming that barn eggs and free-range eggs

are closer substitutes than barn eggs and organic eggs.

The simple mixed model in Table 5 thus confirms the hypothesis that some share of the
population has positive willingness to pay for non-battery eggs, that willingness to pay for
barn eggs is lower than for organic eggs, and that the variation in willingness to pay for

organic eggs is higher than the willingness to pay for barn and free-range eggs.

The mixed model from Table 5 is repeated in Table 6, together with a model where socio-
demographics and perceptions of animal welfare and food safety are included. This model
splits the sample into sub-samples with different willingness to pay, as explained in
equation(2.8). The new variables are allowed to influence the mean utility of each type of egg,
but not the standard deviations. That means that the model estimates differences in mean
willingness to pay between households with different perceptions of eggs, and between
different socio-demographic groups. The effect of perceptions of animal welfare and food
safety is only allowed to influence the willingness to pay for organic eggs, whereas the socio-
demographics are allowed to influence the willingness to pay differently for each of the three

types of non-battery eggs.
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Table 6 Summary of mixing results

Model 1: Model 2:
Only types With perceptions and socio-demographics

Explanatory variable: Estimate st. dev. Estimate  st. dev. LR test
Price -0.39 (0.122)*** -0.38  (0.122) ***
Types of eggs, measured relative to battery eggs
Means: Organic -1.72  (0.200)*** -4.00  (0.512) ***

Free-range -1.40 (0.134)*** -2.43  (0.333) ***

Barn -0.80 (0.094)*** -0.84  (0.241) ***
Variance: Organic 20.73 (1.819)*** 17.16 (1.552)***

Free-range 7.56 (0.706)*** 6.77  (0.687) ***

Barn 4.31 (0.395)*** 4.17  (0.383) ***
Correlation: (Organic, free-range) 0.84 0.81

(Organic, barn) 0.66 0.67

(Free-range, barn) 0.79 0.71
Perception of animal welfare in organic eggs, no difference is control group
Organic Negative organic animal welfare -0.17  (0.727) 2 _

Positive organic animal welfare 0.99 (0285 ** 42 (15‘24) = 0.000
Perception of food safety in organic chickens, no difference is control group
Organic Negative organic food safety -0.55  (0.697) 2 (12 21) 0,002

Positive organic food safety 0.91 (0.274) *** X A
Income, lowest 25% is control group
Organic Mid 50% 0.24  (0.329) 2

Highest 25% 0.71  (0.393) * %, (5.56) = 0.062
Free-range Mid 50% 0.08  (0.230) 2

Highest 25% 049 (0278) * 7, (4.95) =0.084
Barn Mid 50% 0.10 (0.189) 2

Highest 25% 0.18  (0.239) 7, (0.68) = 0.712
Age, 60+ is control group
Organic Age 18 to 44 -0.88  (0.392) ** 2

Age 45 to 59 053 (0.305) * %, (527) = 0.072
Free-range Age 18 to 44 -0.49 (0.276)* 2

Age 45 to 59 0.47  (0.248) * %, (453) =0.104
Barn Age 18 to 44 -0.70 (0.213)*** 2

Age 45 to 59 -0.43  (0.205) ** 7, (10.18) = 0.006
Urbanisation, rural municipalities is control group
Organic Capital area 2.64  (0.438) *** 2

Urban municipality 0.72  (0.368) * 7, (39.84) = 0.000
Free-range Capital area 1.21 (0.292)*** 2

Urban municipality 0.64  (0.270) ** x, (17.42) = 0.000
Barn Capital area 0.09 (0.240) 2

Urban municipality -0.04  (0.209) %, (035) =0839
Highest level of education, no further education stated is control group
Organic Voc.-oriented high-school 0.51 (0.462)

Short further education 0.77  (0.530)

Medium further education 1.12  (0.493) ** 2

Long further education 1.69 (0.852) ** ‘ (7'14) =0.128
Free-range Voc.-oriented high-school 0.58 (0.287)**

Short further education 0.82 (0.357) **

Medium further education 0.80 (0.337) ** 2

Long further education 1.09  (0.692) X4 (7'92) =0.095
Barn Voc.-oriented high-school 0.37 (0.229)

Short further education 0.26  (0.276)

Medium further education 0.59 (0.271) ** 2

Long further education -0.03  (0.499) iz (5‘48) =0.241
Log-likelihood -8,384.65 -8,305.71
No. of households 844 844
No. of observations 10,800 10,800

Estimations using GfK purchase data on eggs from 26 June 1999 to 30 June 2000 combined with answers to AKF/GfK
guestionnaire from 2002. Purchases made directly from farms excluded. Rationing is allowed. Number of antithetic Halton
Draws is 7,500. “*** is significant at the 1% level, ** at the 5% level and *' at the 10% level. The LR tests show the results of

comparing model 2 with a model excluding variables group by group.
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One way of interpreting the results in Table 6 is to look at the predicted share of the
population with positive willingness to pay for organic eggs. The utility of money is 0.38 per
DDK, and is thus practically unchanged compared to the model based only on prices and
types. If a household believes in a positive effect on animal welfare (+0.99), has no trust in
organic effect on food safety (+0.00, control group), has a high income (+0.71), has a member
who is 60 years old or more (control group), lives in an urban municipality (+0.72) and has a
long further education (+1.69), then the distribution of the utility of organic eggs has a mean
0f0.11 (=-4.00 +0.99 + 0+ 0.71 + 0+ 0.72 + 1.69) and a spread (5,,, see equation (2.6)) of
17.16” = 4.14, which means that the willingness to pay has the mean -p*/p° =-0.11/(-0.38)
= 0.29 and standard deviation _g,/g» = -4.14/(-0.38) = 10.89 (see equation (2.2)). The
model therefore predicts that half of the group are willing to pay at least DKK 0.29 more for
an organic egg than for a battery egg, and that 51%(= P(X > 0‘X~ N (0.29,10.89))) of the

households in the group have positive willingness to pay for organic eggs compared to battery
eggs.

It is important to understand that the parameters for types cannot be compared directly
between the two models (and not only because of the change in scale mentioned in the theory
section). When socio-demographic factors and perception of organic eggs are included, it
means that the estimated means no longer relate to the entire sample, but only to the control
group. The mean will therefore change to fit the mean of the control group. The utility of
organic eggs is allowed to be influenced not only by socio-demographic factors, but also by
perception of organic eggs. The result is that the mean utility drops from -1.72 to -4.00. The
estimations show that age is the only socio—demographic factor which influences the utility of

barn eggs significantly, and the utility of barn eggs only drops from -0.80 to -0.84.

Introducing socio-demographic factors reduces the estimated variation a little because some
of the variation is now captured in the socio-demographics, but the effect is not dramatic. The

correlations remain practically the same as in the simple model.

The utility of organic eggs increases significantly when the household trusts that organic
production has positive effects on either animal welfare or food safety. The response to the
two effects is of approximately the same magnitude. However, the question of food safety is
not related directly to eggs, so the effect might be underestimated. This means that purchases
of organic eggs are not solely driven by private motives (health), but also by altruistic motives

(animal welfare).
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Figure 3 illustrates the difference in willingness to pay for households who believe that there
is no difference between the animal welfare of the hens used in production of organic and
battery eggs (the grey line, mean -4.00, see Table 6) and the households who believe in a
positive effect (the dark line, mean -4.00 + 0.99 = -3.01, see Table 6). This illustrates the
effect of different means, given same standard deviations of willingness to pay. When the
standard deviation is the same for the two groups, the group with the highest mean always has
the highest willingness to pay, although the difference decreases with the price. Figure 2 and
Figure 3 illustrate the importance of knowing the standard deviations when comparing means

of a mixed logit.

Figure 3 Households with different perceptions of animal welfare related to organic eggs

Density of normally distributed WTP Share with WTP higher than x DKK
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—— Positive effect —— No difference —— Positive effect —— No difference ‘

lllustration of the effect of different means, given same standard deviations of willingness to pay (WTP): The willingness to pay
for the grey type has the lowest mean, but the same standard deviation as the dark type. This means that the share of the
population with willingness to pay higher than a given amount is always bigger for the dark type, although the difference
decreases.

The LR tests in Table 6 show the results of comparing the model with perception and socio-
demographics with a model excluding variables group by group. The difference between the
log-likelihood of model 2 and a model without perception of organic animal welfare is
15.24/2, which means that the LR test rejects that animal welfare can be excluded. At the
other end of the scale, the test for the effect of income on barn eggs (probability 0.712) shows

that income has no significant effect on barn eggs.

The effect of socio-demographics is very similar for organic and free-range eggs. Income is
barely significant, and neither is age. However, urbanisation and to some degree education
has a positive effect on the utility of these types of eggs. The picture is somewhat different for

barn eggs, where only age seems to make a difference.
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2.7. Conclusion

Expressed concern for animal welfare is not just cheap talk. A significant share of the
population is willing to put money on the counter in order to increase animal welfare, even

when we control for the private attribute food safety.

Willingness to pay for free-range and organic eggs is higher in urbanised municipalities and
for households with relatively high incomes. Higher levels of education also influence the
willingness to pay positively. The willingness to pay for barn eggs is mainly influenced by

age; the older the household, the greater the willingness to pay.

As expected, the willingness to pay for organic eggs displayed more heterogeneity than was
the case for barn or free-range eggs (multiple sources of value, e.g. familiar label and health),
and the willingness to pay for organic eggs was generally higher than for barn eggs. Contrary
to expectation, the willingness to pay was lowest for free-range eggs. However, this result has
been seen in at least one other study using completely different methods. A plausible
explanation could be that people either confuse barn eggs with free-range and prefer the
cheaper barn eggs, or realise that free-range eggs are close to organic both in attributes and
price and therefore prefer organic eggs, which yield both a familiar label and perhaps also an

expectation of better health.
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Antithetic Halton Draws in Mixed Multinomial
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Abstract

Mixed logit models are typically estimated using Quasi-Monte Carlo integration and recent
developments in sampling algorithms have increased precision substantially. However,
characteristics known to apply to the likelihood function are only ensured in the limit — i.e as
the number of draws goes to infinity. This paper shows that there are substantial gains to be
reaped by a priory imposing the symmetry characteristic that applies to likelihood function
dimensions describing standard deviations of mixed parameters. This is not done in the
standard estimation procedures used today and this paper shows that this may result in
substantial estimation- and inference errors within the span of draws typically applied. A
similar type of problem occurs if the relationship between primes and mixed parameters is not
maintained when testing mixing of parameters, again something which is typically not done

with standard estimation procedures.

Key words: Antithethic Halton draws, panel mixed multinomial logit, MMNL, MXL, Quasi-

Monte Carlo integration, Likelihood Ratio tests, simulated likelihood

3.1. Introduction

With improved computing capacity and simulation techniques the Mixed multinomial logit
(MMNL, McFadden and Train, 2000) is becoming an attractive way for researchers to
introduce heterogeneity into discrete models. Clearly, reliable estimation, validation and

inference techniques are a prerequisite for sound models and analysis. At the core of MMNL

" I thank Kenneth Train, David Revelt and Paul Ruud for making their MMNL software available at Train’s
MMNL homepage: elsa.berkeley.edu/software/abstracts/train0296.html, and for allowing me to use a later
version, which allows for correlation between mixed parameters.

The research was funded by The Danish Social Science Research Council (‘FSE”)

¥ Contact information: Laura Merch Andersen, AKF - Danish Institute of Governmental Research, www.akf.dk

e-mail: LMA@akf.dk
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estimation and inference is of course the likelihood function. MMNL models are estimated by

simulated maximum likelihood, and restrictions easily tested with likelihood ratios.

The use of simulated likelihoods are of course bound to induce some approximation error, and
it is therefore important to validate the results, e.g. by varying the starting values and
checking the stability of the results. After working with mixed logit models for a while, one
(almost inevitably) realizes that simulated likelihoods are not always trustworthy. When
working with real data the estimated log-likelihood values are often highly dependent on the
starting values, even when the estimated parameters are very similar. In some cases the
problem is small enough to be ignored, but in other cases it rules out usable likelihood ratio
tests, e.g. when likelihood ratio test statistics of restrictions become negative. This has been

observed on real data, but is theoretically impossible.

The purpose of this paper is to investigate the problem systematically. Using simulated data
we are able to understand how approximation error causes the observed types of simulated
likelihood function instability, its implications for estimation and inference and to propose
solutions that dramatically reduce the implications of approximation error for estimation and
inference. We show that the same mechanisms appear in a real data set with invalidating

implications for LR-inference tests.

The result is, that the asymmetric halton draws used in most standard estimation procedures
gives rise to two types inference problems: 1) The asymmetry of the draws can generate
substantial variation in likelihood values between quadrants in dimensions describing
standard deviations of mixed parameters that by definition should be identical. 2) Another
type of variation of the likelihood value is generated if the relationship between primes and

mixed parameters is not maintained when testing mixing of parameters.

Erroneous variation in the simulated values of the log-likelihood function may first of all lead
to falsely accepted or rejected hypotheses. Secondly it may also falsely indicate that data is
not informative enough to support the model, and therefore lead to unnecessary reductions in
model complexity. The problem is of course reduced when approximation error is reduced by
increasing the number of Halton draws. However, the problem remains critical within the
span of draws that is feasible today. This paper shows that the problem is completely removed
when one uses antithetic instead of conventional Halton draws and maintains the relationship

between primes and mixed parameters when testing mixing of parameters.
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The structure of the paper is: Section 3.1 presented the problems associated with likelihood
ratio tests performed on simulated log-likelihood values. Section 3.2 describes the mixed logit
model for panels, section 3.3 explains how the likelihood function of mixed logit can be
simulated by Quasi-Monte Carlo integration and section 3.4 briefly presents the concept of
likelihood ratio tests. Section 3.5 investigates the lack of symmetry of the simulated log-
likelihood function on artificial data, comparing results in the optimum and using
conventional Halton draws and section 3.6 investigates the effect of the lack of symmetry
outside the optimum. Section 3.7 illustrates the problem using real data and section 3.8
introduces antithetic Halton draws. Section 3.9 presents the results of using this type of draws.
Section 3.10 discusses the problems related to restrictions on the number of mixed parameters

and section 3.11 concludes.'

3.2. Panel Mixed logit

Discrete choice models are based on the assumption that individuals derive different levels of
utility from different alternatives. The utility is assumed to depend on the characteristics of
the alternative, and perhaps also of the individual making the choice. The utility is assumed to
vary randomly from choice to choice. The decision-maker knows the exact utility in each
period, but the econometrician can only estimate the non-random part of the utility function.

The utility function for individual i at time t can therefore be written as
Uit(j|ﬂi’xijt)zxijtﬂi+gijt (3.1)

where £, is an mx1 vector of parameters giving the utility of the variables in the 1xm vector
of attributes x;, for individual i. If the error terms are assumed to follow the extreme value
distribution, it is possible to estimate the parameters of the utility function using a
conventional multinomial logit model (McFadden 1973) which means that the likelihood

function is:

! Appendix A explains how to draw from a distribution, Appendix B presents the artificial data used in this paper
and Appendix C defines the eight quadrants of R*. Appendix D illustrates the differences in log-likelihood
values in optimum in different quadrants. Appendix E compares the log-likelihood functions of different
quadrants outside the optimum and Appendix F illustrates the degree of symmetry of conventional Haltons by

picturing the skewness coefficients for different primes and different numbers of draws.
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(3.2)

where J i1s the number of alternatives available, T; is the number of choices made by
individual 1, yj is a T, x1 vector of choices actually made by individual i, £, is a mx1 vector
containing all of the parameters, X; is a T, xm-J matrix of attributes of the alternatives and
U, (k| ,Bi,xikt) is the utility for household i from choosing element k from the choice set in

period t given the parameters A and the attributes X, . In a conventional logit it is assumed

it
that all individuals have the same utility function, i.e. that £ is the same for all individuals.

In a Mixed MultiNomial Logit (MMNL or MXL) model* (McFadden and Train 2000), it is
assumed that (part of) the individual utility is drawn from a distribution (i.e. the individual
utility is known to the individual, but only the distribution is observable to the
econometrician). The individual likelihood functions then become the likelihood function of

the conventional multinomial logit model integrated over all possible values of £ :
| |
L(0)=TTL(0)=T1(J r(v|B.x)(8l6)dA) (3.3)
i=l i=l1

where & are the parameters determining the distribution of the parameter £, and f ( yij | 9) is

the density of £ given 8. The likelihood function is maximised over & instead of £.

3.3. Quasi-Monte Carlo integration

Calculating the likelihood function in (3.3) is very cumbersome, especially if 6 describes a
multivariate distribution. The problem can be reduced significantly by using Monte Carlo
integration (see e.g. Morokoff and Caflisch (1995) for asymptotic properties). Monte Carlo
integration generally means drawing a set of values of £ from the distribution given by &,
calculating the value of the integral for each draw, and taking the mean of these values.’
Quasi-Monte Carlo integration means that the values of £ are drawn quasi randomly from the

distribution, instead of randomly. Halton draws are one type of quasi random draws.*

* Also known as Random Parameter Logit (RPL).

3 Appendix A explains how to draw from any given distribution, and illustrates the difference between random
and Halton draws.

* Halton draws are drawn from a Halton sequence. Halton sequences were first presented by Hammersley (1960)
and Halton (1960). Halton ascribes the idea to Hammersley and talks about Hammersley sequences, but the
name Halton sequences seem to have stuck. The efficiency of Halton sequences is discussed in detail in both
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In a panel mixed logit the S ’s are assumed to be drawn from a common distribution, but to
be constant for each individual. The #’s therefore vary over individuals, not over
observations from the same individual. For each of the | individuals one must therefore draw
R sets of #’s. For each individual, the value of the likelihood function of the conventional
likelihood is then calculated for each of the randomly drawn f’s and the mean is an
approximation of the integral in equation (3.3). This means that the likelihood function for the

entire sample is:
L(y.6,x) IL[ (¥:,6,%)
(J(p(wlB.x)T(8l0))d5) (3.4)

[ > (p(3lA .))J

.5_ i

Q

where the R-I £, ’s are drawn from the mixing distribution. According to Hensher and
Greene (2003), there is no standard for the number of draws needed, but they find that 100
draws appears to be a “good” number. In order to validate the model Hensher and Greene

suggest that the models are estimated over a range of draws from 25 to 2,000.

3.4. Likelihood ratio tests on simulated log-likelihood values

In many cases the purpose of estimating a likelihood function is twofold: Maximising the
likelihood function leads to the set of parameters which fit the data best, and comparing the
best likelihood values of different models makes it possible to determine whether the models
are significantly different. The latter is done by Likelihood Ratio (LR) tests. Twice the
difference in logs of the likelihood values of the unrestricted (Ly) and the restricted (Lg)
model is chi-square distributed with degrees of freedom equal to the number of restrictions

imposed (Greene 1997), as described in equation (3.5):
LR =-2(In(Lgy)-In(Ly))~ 7 (3.5)

If the difference between the restricted and the unrestricted likelihood is very small, the LR

test will be unable to reject that the two models have the same explanatory power. The critical

Train (1999) and Baht (2001). Both find that Halton sequences greatly improve accuracy with far fewer draws
and faster computation.
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difference in log-likelihood value depends on the number of restricted parameters (degrees of
freedom) and the level of statistical significance. Table 1 shows the critical difference
between log-likelihood values, given the degrees of freedom and significance level. Note that
the numbers should be multiplied by two to give the value of the likelihood ratio test statistic

in (3.5).

Table 1 Critical differences in log-likelihood values (In(Ly)-In(Lg))

log-likelihoods significantly different at:

Degrees of freedom 1% level 5% level 10% level
1 3.32 1.92 1.35
2 4.61 3.00 2.30
3 5.67 3.91 3.13
4 6.64 4.74 3.89
5 7.54 5.54 4.62
6 8.41 6.30 5.32

If the difference between the restricted and the unrestricted log-likelihood function is 3.32 — and only one parameter is restricted
— the values of the LR test becomes y (2-3.32) = y (6.63) = 1% which means that the probability that the models have the
same explanatory power is one per cent, which usually leads to the conclusion that the two models are significantly different. If
the difference is only 1.35 the probability of equal explanatory power is ten per cent, since z, (2-1.35) = y (2.71) = 10% .

From Table 1 it is clear that even rather small variations in the log-likelihood value can have a
significant impact on the results. The absolute level of the log-likelihood function is of no
interest, but if the standard deviation of the simulated log-likelihood is above e.g. one, testing
hypotheses may easily lead to false conclusions. Sometimes the LR value becomes too small,
other times too big, and in very unfortunate cases it may have the wrong sign if the log-
likelihood value of the restricted model becomes higher than the log-likelihood value of the
unrestricted model. The varying values of the log-likelihood function may first of all lead to
falsely accepted or rejected hypotheses. Secondly, it may also falsely indicate that data are not
informative enough to support the model, and therefore lead to unnecessary reductions in

model complexity.

3.5. Symmetry of simulated log-likelihood, artificial data

If a logit model is mixed with e.g. the normal distribution, each mixed parameter leads to two
mixing parameters, a mean and a standard deviation. Both of these parameters are maximised
over the entire real axis R . The distribution actually depends on the mean and the variance,
and since the standard deviation is the square of the variance there is no mathematical
problem in a negative standard deviation. As illustrated in Figure 1, the true likelihood
function will be symmetric around zero, when focusing on one dimension relating to a

parameter for a standard deviation.
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Figure 1 True symmetric likelihood function, one dimension

Likelihood function

-2.5 -2.0 -1.5 -1.0 -0.5 0.0 0.5 1.0 15 20 25

Value of parameter for standard deviation

Hypothetical log-likelihood function on a one dimensional parameter space.

When simulating a likelihood function by Monte Carlo integration the likelihood value is
calculated in a number of points (draws). If these draws are not symmetric around zero the
result is not likely to be symmetric either. In a mixed multinomial logit model the likelihood
function is an integral over the likelihood function of a conventional logit model (see equation
(3.4)), which means that the likelihood function depends on the area below the simulated
likelihood function presented in Figure 2. As illustrated in Figure 2, the lack of symmetry
may lead to some variation in the optimal parameter, and especially to different absolute

values of the likelihood optimum.

Figure 2 Lack of symmetry of simulated likelihood function, one dimension

Likelihood function
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-25 -2.0 -1.5 -1.0 -0.5 0.0 0.5 1.0 15 2.0 25

Value of parameter for standard deviation
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True and simulated hypothetical log-likelihood function on a one dimensional parameter space.

In order to investigate the magnitude of the problem under controlled conditions, an artificial
data set has been created. The data are panel data with 1,000 individuals each choosing 20
times between 4 alternatives. The utility of the alternative specific constant is zero for the
alternative which is used as base (the base alternative has no alternative specific constant in
the estimation). The utility of the three other alternatives follows a three-dimensional normal

distribution with no correlation. For more on the definition of the artificial data, se Appendix
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B. One of the virtues of artificial data is that the true parameters are known.” In the following,
there will be no optimisation on the artificial data. Instead the likelihood values calculated
from the true parameters will be compared for different quadrants. This illustrates the
magnitude of the problems that may potentially arise from actual estimations, but it does not
tell much about the probability of encountering these problems. The probability of ending up
in a given quadrant may well vary in actual estimations, and the calculations without

optimisation treats all quadrants as equal.®

In the case of three mixings, the parameters are estimated in R®, which means that the
number of different quadrants is 2° = 8, and the likelihood function must therefore be
symmetric in all eight quadrants. Figure 3 shows the difference between the likelihood values
of the optimal parameters calculated in different quadrants (see definition of quadrants in
Appendix C) using 100 conventional Halton draws. Note that 100 is the number of draws per
individual, i.e. in a model with 1,000 individuals the total number of draws is 100,000. The
difference between the log-likelihood values in Q2 and Q7 is 9.26 which is definitely not

Z€10.

Figure 3 Log likelihood in optimum by quadrant, 100 conventional Halton draws
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The lowest estimated log-likelihood value (-17,265.14 from quadrant 2) is normalised to zero. Simulated log-likelihood in a
model with 4 alternatives and 3 mixed alternative specific constants. Artificial data, 1,000 individuals, 20 observations per
individual. Data is defined in Appendix B. Calculations conducted in the MMNL GAUSS programme developed by Train, Revelt
and Ruud, using standard Halton draws.

Table 2 compares the results of the eight quadrants for increasing numbers of draws. The

approximation error decreases as the number of draws increases, simply because the distance

> When simulating data, the empirical mean and standard deviation of the mixed parameters differ slightly from
the parameters used in the simulation of the data (when the number of observations is finite). The ‘true
parameters’ are the actual parameters which are the result of the data simulation. See Appendix B for the
difference.

6 As will be illustrated later, estimations on actual data lead to results in all eight quadrants, so the problem also
exists when parameters are optimised rather than known a priory.
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between draws is reduced, but it does not disappear within a feasible span of draws, and

certainly not for the low number of draws recommended in Hensher and Greene (2003).

As mentioned above, one of the problems caused by the difference between the values of the
log-likelihood function evaluated at different quadrants is that it influences the results of
likelihood ratio tests. Table 2 also reports the results of calculations of the likelihood values
for a restricted model where the mean of the utility of one of the non-base alternatives is

restricted to zero. Again the results vary from quadrant to quadrant.

Table 2 Variation in simulated log-likelihood, by number of draws, artificial data’

Number of draws per individual

100 500 1,000 1,500 5,000 7,500

Unrestricted model:
Highest absolute difference in simulated log-likelih. 926 444 109 088 047 0.19
Standard deviation of simulated log-likelihood 3.771 1.657 0.345 0.352 0.180 0.073

Restricted model:
Highest absolute difference in simulated log-likelih.  10.02 510 141 102 048 0.22
Standard deviation of simulated log-likelihood 3.949 1.884 0.474 0.384 0.187 0.074

Simulated log-likelihood in a model with 4 alternatives and 3 mixed alternative specific constants. Artificial data, 1,000
individuals, 20 observations per individual. Data is defined in Appendix B. Calculations conducted in the MMNL GAUSS
programme developed by Train, Revelt and Ruud, using standard Halton draws. The restricted model assumes that the mean
utility of alternative B is zero.

The utility of alternative B has a mean of 0.0834 and a standard deviation of 0.9934
(Appendix B). The restricted model assumes that the mean is zero, and places no bounds on
the standard deviation. Testing away the mean is therefore not the same as testing whether the
utility of alternative B is the same as the utility of the base alternative A. Comparing the
choices made in the artificial data set from appendix B with the choices made in an identical
data set except that the mean is restricted to zero shows that 99.16 per cent of the 20,000

choices are identical in the two data sets.® The restricted model should therefore be accepted.

The large variation in the value of the log-likelihood function means that the value of the
restricted model in one quadrant may be higher than the value of the unrestricted model in
another quadrant, but never within quadrants. Figure 4 shows the log-likelihood values for the
unrestricted and the restricted model using 100 Halton draws. | shows the relationship

between the two models in each quadrant and Il ignores the quadrants and sorts the values by

7 Note that the standard deviation of the likelihood values is based on the eight results from the different
quadrant, and might change if the estimations were optimised which would allow the probability of the
quadrants to vary.

¥ The random extreme value distributed noise added to the utilities is the same in the two datasets, only the mean

utility varies.
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size. Especially from 11 it is evident that the value of the restricted model will sometimes be
higher than the value of the unrestricted model, leading to negative values of the LR test

statistic.

Figure 4 Likelihood values of unrestricted and restricted model, 100 conventional Halton draws
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Simulated log-likelihood in a model with 4 alternatives and 3 mixed alternative specific constants. Artificial data, 1,000
individuals, 20 observations per individual. Data is defined in Appendix B. Calculations conducted in the MMNL GAUSS
programme developed by Train, Revelt and Ruud, using standard Halton draws. The restricted model assumes that the mean
utility of alternative B is zero.

Table 3 shows that for 100 conventional Halton draws, the LR test statistic will become
negative in 20 of the 64 different combinations of restricted and unrestricted log-likelihood
values, corresponding to 31 per cent of the cases. The problem decreases with the number of
draws, but is still present at 1,000 draws. Appendix D illustrates the log-likelihood values for

all the different numbers of draws presented in Table 3.

Table 3 Testing away one mean using conventional Halton draws

Number of draws per individual:

100 500 1,000 1,500 5,000 7,500
Share of negative LR values 31 31 .05 .00 .00 .00
Results of positive LR values
Lowest test probability .00 .00 .03 .05 .08 A2
Highest test probability .64 .66 a7 .65 27 .20
Standard deviation of test prob. .13 .16 15 13 .05 .02

Simulated log-likelihood in a model with 4 alternatives and 3 mixed alternative specific constants. Artificial data, 1,000
individuals, 20 observations per individual. Data is defined in Appendix B. Calculations conducted in the MMNL GAUSS
programme developed by Train, Revelt and Ruud, using standard Halton draws. The restricted model assumes that the mean
utility of alternative B is zero.

Table 3 also summarises the results of the likelihood ratio tests that can be performed on the
positive LR tests statistics. The test probabilities vary from zero to 64 per cent for 100 draws
leading to a standard deviation of 13 per cent. This is of course deeply problematic. The
problem decreases as the number of draws increases but even for 5,000 draws the restricted
model will sometimes be accepted at the 10 per cent level, and other times rejected. Table 4

shows the probability of rejecting the restricted model at different significance levels.
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Table 4 Probability of rejecting the restricted model

Number of draws per individual:
100 500 1,000 1,500 5,000 7,500

At the 1 per cent level .55 .25 .00 .00 .00 .00
At the 5 per cent level .89 .45 .07 .05 .00 .00
At the 10 per cent level 91 .59 .28 .30 17 .00

Simulated log-likelihood in a model with 4 alternatives and 3 mixed alternative specific constants. Artificial data, 1,000
individuals, 20 observations per individual. Data is defined in Appendix B. Calculations conducted in the MMNL GAUSS
programme developed by Train, Revelt and Ruud, using standard Halton draws. The restricted model assumes that the mean
utility of alternative B is zero.

Using 100 draws, 55 per cent of the 64 combinations of unrestricted and restricted log-
likelihood values rejects the restricted model at the 1 per cent significance level, indicating
that in 55 per cent of the cases the probability that the restricted model has the same
explanatory power as the unrestricted model is less than one per cent. In 91 per cent of the
cases the restricted model is rejected at the 10 per cent level. Using 7,500 draws, the model is

never rejected.

3.6. Comparing likelihood values outside the optimum

In the discussion of symmetry above, focus has been on differences in optimum, i.e. in the
true parameters of the artificial data. During the search for optimum the optimisation routine

has to perform outside the optimum, and it is therefore important to know what happens there.

Figure 5 illustrates the difference between the values of the log-likelihood function in the
eight different quadrants when the parameters for the standard deviations vary from zero to
the true value (obtained in the point 50). The difference between the highest and the lowest
value in optimum is the 9.26 presented in Table 2. Appendix E presents the differences for

higher numbers of draws.

Figure 5 Comparing the likelihood values of different quadrants outside the optimum

100 Halton draws

20 30 40 50
Zero = no variance, 50 = True vector of standard deviations

Artificial data (see Appendix B). Difference between the value of the log-likelihood function evaluated in different quadrants. The
set of standard deviations varies linearly from a vector of zeros to a vector of true standard deviations. The mean is always the
true mean and the log-likelihood function is therefore evaluated in the points: True mean, s*(true std)/50, s=0, 1, ...,50 on the
positive quadrant (Q1) and true mean, s*(-(true std))/50, s=0, 1, ...,50 on the negative quadrant (Q8, see Appendix C).
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The difference decreases as the vector of standard deviations approaches the true value (the
point 50 in Figure 5), but it does not disappear. The difference is likely to arise because the
Halton draws are asymmetric. If the support for the Monte Carlo integration is different on
each side of the real axis, the simulated integral will also be different. This problem ought to
decrease with the number of draws, and as illustrated in Figure 6 this is to some extent true,
but even with 7,500 draws the difference still does not disappear, and the problem is

sometimes smaller for 5,000 draws than for 7,500 draws.

Figure 6 Comparing the likelihood values, increasing the number of draws

Highest difference between quadrants

12

10 A

—— 100 Draws
—--500 Draws
----- 1000 Draws
----1500 Draws
—— 5000 Draws
- -~ 7500 Draws

Zero = no variance, 50 = True vector of standard deviations

Artificial data (see Appendix B). Difference between the value of the log-likelihood function evaluated in different quadrants. The
set of standard deviations varies linearly from a vector of zeros to a vector of true standard deviations. The mean is always the
true mean and the log-likelihood function is therefore evaluated in the points: True mean, s*(true std)/50, s=0, 1, ...,50 on the
positive quadrant (Q1) and true mean, s*(-(true std))/50, s=0, 1, ...,50 on the negative quadrant (Q8, see Appendix C).

This has to do with the symmetry of the Halton draws. As illustrated in Appendix F, the
degree of symmetry increases as the number of draws increases, but not monotonically.
Increasing the number of draws by a few thousand may therefore lead to set of draws with a

lower degree of symmetry.

3.7. An example using real data

The problems described above have also been experienced on real data. The example below is
based on 10,971 observations from 848 individuals, choosing between four different
alternatives. The utility of the non-base alternatives is assumed to follow a tree-dimensional
normal distribution with correlation. In this example the true parameter values are not known,

and the model is therefore optimised using different sets of starting values.

Figure 7 shows the actual distribution of the optimised simulated log-likelihood values for a
model with four alternatives and three mixed alternative specific constants (on real data). It is
clear that increasing the number of draws reduces the scale of the problem, but it does not

solve the problem. The maximal log-likelihood values of 52 different sets of starting values
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have been sorted by the sign of the Choleski parameters.” As can be seen in Figure 7, the
estimated log-likelihood values differ significantly between the eight quadrants, but not
within quadrants. The number of starting values varies between quadrants, so the figure
cannot tell whether the optimised result is more likely to be found in one quadrant than in
another. Comparing the quadrants of the starting values and of the optimised results shows

that there is apparently no connection between the starting point and the final result.

Figure 7 Absolute levels of maximum simulated log-likelihood values by quadrant

Real data, 1,500 draws Real data, 5,000 draws
Sorted by signs of Choleski parameters Sorted by signs of Choleski parameters
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The lowest estimated log-likelihood value (-8390,10, from the estimation with 1,500 draws) is hormalised to one. Simulated log-
likelihood in a model with 4 alternatives and 3 mixed alternative specific constants with correlation. 52 sets of starting values.
Real data, unbalanced panel, 848 individuals, 10,971 observations. Estimations conducted in the MMNL GAUSS programme
developed by Train, Revelt and Ruud, using standard Halton draws.

It is also clear from Figure 7 that the level of the maximum simulated log-likelihood generally
is higher for estimations with 5,000 draws than for estimations with 1,500 draws, and that the
difference between the quadrants is smaller for 5,000 draws than for 1,500 draws. The
problem thus decreases with the number of draws, but even with 10,000 draws (which is in

most cases too time consuming) the problem is still there. The problems described using

? The Choleski factorisation (Q ) is a triangular matrix with the property QQ' = Q, where Q is the covariance
matrix (Train 2003). The Choleski matrix is therefore the ’square root’ of the covariance matrix, and if the
covariance matrix is diagonal (i.e. no correlations) the Choleski matrix is merely a diagonal matrix of standard
deviations.
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artificial data therefore also appear on real data. In this example, the variation in likelihood
values is sufficiently large to disturb LR tests, even for high numbers of draws. It is important
to note that whereas the variation is large (and highly problematic) for the values of the log-
likelihood function, the estimated parameters do not vary to the same extent (more on this in

Table 7 on page 101).

3.8. Antithetic Haltons

If the model includes more than one mixing parameter, symmetry in one dimension is not
enough. If the number of mixed parameters is n — and if perfect symmetry is the goal — for
each point in a given quadrant a corresponding point must be present in all of the other 2"-1
quadrants. Even with a two dimensional mixing based on 2 and 3, this is never the case. The
problem is solved by creating antithetic Halton draws. As in Train (2003), the draws are

created so that each point is “mirrored” into the 2"-1 other dimensions.

For a case with three mixed parameters a Halton draw d, = [dll d; df] (between zero and

one) is drawn, and then paired with 7 mirrors in the following way:
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The Haltons must be symmetric for each individual in the panel, and it is therefore important
that each ‘set” of symmetric draws is assigned to one individual only, and not distributed over
different individuals. The number of draws per individual in a model with n-dimensional
mixing must therefore be a multiple of 2". In the case of 1,500 draws and three mixings this
means that the number of draws must be e.g. 63-2° =1,504 instead of 1,500 to ensure
symmetry. Antithetic draws always have perfect symmetry, and therefore always skewness

coefficient equal to zero. See Appendix D for more on skewness.
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3.9. Results of antithetic Halton draws

When the simulated likelihood function for the artificial data is calculated using antithetic
Halton draws the difference between the log-likelihood over positive and negative standard
deviations is always zero as desired and the likelihood ratio test of the restricted model
therefore no longer varies. However, the result still changes as the number of draws increases.
Table 5 presents the test probabilities already presented in Table 3 above, combined with the

results of the antithetic draws.

Table 5 Testing away one mean using conventional or antithetic Halton draws

Number of draws per individual:

100 500 1,000 1,500 5,000 7,500
Conventional Halton draws
Lowest test probability .00 .00 .03 .05 .08 A2
Highest test probability .64 .66 a7 .65 27 .20

Antithetic Halton draws:
Test probability .01 .08 A1 .09 .15 .15

Simulated log-likelihood in a model with 4 alternatives and 3 mixed alternative specific constants. Artificial data, 1,000
individuals, 20 observations per individual. Data is defined in Appendix B. Calculations conducted in the MMNL GAUSS
programme developed by Train, Revelt and Ruud, using standard or antithetic Halton draws. The restricted model assumes that
the mean utility of alternative B is zero.

The results of estimations using antithetic Halton draws for the real data are presented in
Figure 8. The results should be compared with the ones in Figure 7, now with all results
within the same quadrant. The precision of the optimisation is set to 10™, and the highest
difference between two results is now lower than twice this level, and thereby completely
acceptable.'’ Differences of this magnitude will have absolutely no effect on likelihood ratio
tests, and the antithetic Halton draws therefore solve the problem of instability in the
simulated likelihood of the mixed logit. At least the part caused by lack of symmetry of the

likelihood function.

' The precision of the optimisation indicates how close to zero the gradient of the log-likelihood function must

be to be perceived as a maximum.
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Figure 8 Results of antithetic draws
Real data,
1,000 antithetic Halton draws

Zero is the lowest estimated value. Simulated log-likelihood in a model with 4 alternatives and 3 mixed alternative specific
constants with correlation. 52 sets of starting values. Real data, unbalanced panel, 848 individuals, 10,971 observations.

Estimations conducted in the MMNL GAUSS programme developed by Train, Revelt and Ruud, using 1,000 antithetic Halton
draws.

0.00020

0.00015

Table 6 summarises the results presented in Figure 7 and Figure 8, and clearly demonstrates

the effect of the antithetic Halton draws.

Table 6 Standard deviation of simulated log-likelihood, by number of draws, real data

Number of draws per individual

1,000 1,500 5,000 10,000
Conventional Haltons
Highest absolute difference in simulated log-likelihood 10.88 6.02 2.26 2.35
Standard deviation of simulated log-likelihood 2.90 2.29 0.71 0.78

Antithetic Haltons
Highest absolute difference in simulated log-likelihood 0.000196
Standard deviation of simulated log-likelihood 0.000273

Simulated log-likelihood in a model with 4 alternatives and 3 mixed alternative specific constants with correlation. 52 sets of
starting values. Real data, unbalanced panel, 848 individuals, 10,971 observations. Estimations conducted in the MMNL
GAUSS programme developed by Train, Revelt and Ruud, using either standard Halton draws or antithetic Halton draws.

In this example, the variation in likelihood values is sufficiently large to disturb LR tests,
even for high numbers of draws. It is important to note that whereas the variation is large (and
highly problematic) for the values of the log-likelihood function, the estimated parameters do
not vary to the same extent. Table 7 shows the standard deviation of the 52 estimated
parameters for each type and number of draws mentioned in Table 6. The estimated
parameters are not truly identical, but the variance is far from the variance of the log-

likelihood values. Again, the antithetic draws reduce the variance dramatically.
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Table 7 Standard deviation of parameter estimates, by number of draws

Number of draws per individual

1,000 1,500 5,000 10,000

Conventional Haltons
Highest standard deviation of estimated parameters® 0.078 0.022 0.035 0.021

Antithetic Haltons
Highest standard deviation of estimated parameters ~ 0.000612

Simulated log-likelihood in a model with 4 alternatives and 3 mixed alternative specific constants with correlation. 52 sets of
starting values. Real data, unbalanced panel, 848 individuals, 10,971 observations. Estimations conducted in the MMNL
GAUSS programme developed by Train, Revelt and Ruud, using either standard Halton draws or antithetic Halton draws.

a: Parameters of standard deviations are evaluated at their absolute value.

3.10. Testing away mixing dimensions

Even when the problem of symmetry is solved, the problem of comparing log-likelihood
values of models with different dimensions still remains. In a model with two mixed
parameters (S, and f,) the Halton draws will be based on two primes, e.g. 2 and 3 (2
representing £, and 3 representing £, ). If one of the mixed parameters (e.g. f,) is restricted
to be fixed (standard deviation restricted to zero), the dimension of the log-likelihood function
is decreased by one, and the Halton draws will be based on only one prime. The standard
choice would be the first prime, i.e. 2, independent of which dimension is restricted. Figure 9
illustrates the simulated conventional likelihood function which is to be integrated to form the
likelihood function of the mixed logit. The heavy black line shows the likelihood function
when one of the parameters is restricted to zero, and the dots on this line show the points in

which the one-dimensional log-likelihood function would be evaluated for the given grid.

Figure 9 Simulated log-likelihood function in one and two dimensions

The figure describes a hypothetical log-likelihood function on a two dimensional parameter space. The heavy black line shows
the likelihood function when one of the parameters is restricted to zero.

The symmetry of antithetic Haltons is needed to ensure that the log-likelihood functions of the

different quadrants are identical, but as illustrated in Figure 10, the choice of prime may also
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matter. Figure 10 describes the same hypothetical log-likelihood function as Figure 9. The
dots show the points in which the one-dimensional log-likelihood function would be
evaluated for different draws. The dots in | illustrate a case where the one-dimensional draws
correspond with the two-dimensional grid, and |1 illustrates a case where the one-dimensional
draws are not part of the two-dimensional grid. The area under the one-dimensional likelithood

function is clearly not the same in | and I1.

Figure 10 Different one-dimensional likelihood functions given by different draws

The figure describes the same hypothetical log-likelihood function as in Figure 9. I illustrates a case where the one-dimensional
draws correspond with the two-dimensional grid, 11 illustrates a case where the one-dimensional draws are not part of the two-
dimensional grid.

To investigate the size of the problem we return to the artificial data used above (1,000
individuals and 20 observations per individual, Defined in Appendix B). The restriction is
now placed on the utility of alternative C instead of the utility of alternative B, which was
restricted in the mean-restriction case above. The utility of alternative C has a mean of 0.9981
and a standard deviation of 0.0984. The restricted model assumes that the standard deviation
is zero, but places no bounds on the mean. This means that the restricted model does not
assume that the utility of alternative C is the same as the utility of the base alternative A.
Table 8 shows the results of evaluating the log-likelihood function in the true parameters of
the restricted model, using different primes for the antithetic Haltons. The difference is

substantial.
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Table 8 Log-likelihood values in the optimum of the restricted model using antithetic Haltons

Number of draws per individual:

100 500 1,000 1,500 5,000 7,500

Antith. Haltons basedon2and 3 -18,466  -18,413 -18,412 -18,410 -18,409 -18,408
Antith. Haltons basedon2and5  -18,475 -18,415 -18,410 -18,411 -18,409 -18,408
Difference 8.37 2.98 -1.64 0.92 -0.70 -0.85

Simulated log-likelihood in a model with 4 alternatives and 3 mixed alternative specific constants. Artificial data, 1,000
individuals, 20 observations per individual. Data is defined in Appendix B. Calculations conducted in the MMNL GAUSS
programme developed by Train, Revelt and Ruud, using standard Halton draws. The restricted model assumes that the
standard deviation of the utility of alternative C is zero.

Again, it is also important to know how the likelihood functions behave outside the optimum,
and Figure 11 illustrates what happens when the log-likelihood function is simulated with

different sets of primes.

Figure 11 Difference in simulated log-likelihood on artificial data outside the optimum, using different
primes for antithetic draws
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Artificial data (see Appendix B). The standard deviation of alternative C is always set to 0 and the standard deviation of the the
alternatives 2 and 4 varies linearly from a vector of zeros to the true standard deviations. The mean is always the true mean and
the log-likelihood function is therefore evaluated in the points: True mean, s*(true std)/50, s=0, 1, ...,50. This is done using the
primes 2 and 3 which would be a standard solution, and 2 and 5 corresponding to the dimensions of the unrestricted log-
likelihood, since alternative C corresponds to the prime 3 in the unrestricted model. Antithetic draws, i.e. the quadrant is not
important.

The problem obviously has the same magnitude as the symmetry problem alone for models
without restrictions on the mixing dimensions (see Figure 6). However, the effect of
restricting the standard deviation of a mixed parameter to be zero is very different from the
effect of restricting the mean of a mixed parameter to be zero. The true value of the restricted
mean in Table 5 is 0.0834 (see Appendix B) and the true value of the restricted standard
deviation in Table 8 is 0.0984, i.e. the absolute values of the parameters are almost identical.
Yet the restricted mean-model is accepted as the number of draws increases, but the restricted
variance-model leads to differences in the log-likelihood value above 1,000 even for 7,500
draws, so it is unequivocally rejected. The difference between the log-likelihoods based on
different primes in Table 8 and Figure 11 is therefore of no importance. But for ‘close’ LR
tests it will be important to keep track of the relationships between primes and mixing

dimensions.
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3.11. Conclusion

In mixed logit it is assumed that the signs of parameters for the standard deviation of the
mixing distribution have no influence on the value of the likelihood function. When the
Monte Carlo integration of the likelihood function is done by standard Halton draws, this
assumption breaks down because the Halton draws differ from quadrant to quadrant. This
means that sets of optimal parameters with different signs of the standard deviaton can lead to
a number of different values of the log-likelihood function, even though the estimated
variance is the same. If the solution to an unrestricted and a restricted model is found in
different quadrants the likelihood ratio test will make no sense. This paper demonstrates that
using antithetic Halton draws eliminates this problem. The paper also illustrates that when
testing restrictions on the number of mixed parameters, the relationship between primes and

mixed parameters must be maintained in the restricted model.

Note, however, that local maxima may still occur if the model cannot be empirically
identified by the data. The stability of the simulated log-likelihood should therefore always be

investigated by estimating with different sets of starting values.
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Appendix A: Drawing from a distribution

Draws from any given distribution can be created by drawing from the uniform distribution
(greater than zero and smaller than one) and taking the inverse of the desired cumulative
distribution of these draws (Train 2003). The results will follow the desired distribution. The
draws from the uniform distribution can be random draws, Halton draws or other types of
quasi-random draws. The efficiency of Halton draws is discussed in detail in both Train
(1999) and Baht (2001). Both find that Halton draws greatly improve accuracy with far fewer
draws and faster computation. Halton draws are used in this paper, but the properties of the

antithetic draws can be generalised to other types of draws.

Figure 12 illustrates how normally distributed draws can be created from random or Halton

draws from the uniform distribution.

Figure 12 Drawing from a normal distribution, random and Halton draws
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This principle is also formulated in equation (3.7):

7, ~ uniform]0,1[
ﬂr:Fil(j/r) = ﬂrN f (37)

F =cdf of mixing distribution f
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Appendix B: Artificial data

The number of individuals is 1,000 and each individual makes 20 choices. The number of

alternatives is 4.

The artificial utility of the four alternatives is defined as:

u, 0 u, 0 u, 0 00O
u 0.1 u u I 00
mean|  |= , std.dev| = , corr| ’|= (3.8)
u, 1 u, 0.1 U, 1 0
u, 2 u, 3 u, 1
which means that the artificial covariance is defined as:
U, 00 0 O
Ug 1 0 0
cov = (3.9
Ue 0.01 0
Up 9
The realisation of the utility is
Uy 0 Uy 0
Ug 0.0834 Ug 0.9934
mean = , std = ,
Ue 0.9981 Ue 0.0984
Up 2.0682 Up 3.0343
(3.10)
Up 0 0 0 0
Ug 0.9868 0.0021 -0.0633
cov =
Ue 0.0097 -0.0004
Up 9.2070

Alternative number 1 is used as the base. The mean and the standard error of the base
alternative is zero and since differences of normally distributed parameters are also normally

distributed, the result is:

Ug —U, 0.0834 Ug —U, 0.9868 0.0021 -0.0633
mean| U. —u, [=]0.9981 |, cov|u;,—-U, |= 0.0097 -0.0004 (3.11)
Up — Uy, 2.0682 Up — Uy, 9.2070
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Appendix C: Definition of quadrants

Quadrants

Sign of standard
deviation of utility
of alternative:

'B C D
Qi1 1 1
Qi1 1 -1
Qi 1 -1 1
Qi1 -1 -1
Qi1 1 1
Q-1 1 -I
Q-1 -1 1
Q-1 -1 -l
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Appendix D: Illustration of differences in log-likelihood values in
optimum from different quadrants

Table 9 Log-likelihood function evaluated

in the true parameters, by quadrant
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Simulated log-likelihood in a model with 4 alternatives and 3 mixed alternative specific constants. Artificial data, 1,000
individuals, 20 observations per individual. Data is defined in Appendix B. Calculations conducted in the MMNL GAUSS
programme developed by Train, Revelt and Ruud, using standard Halton draws. The restricted model assumes that the mean

utility of alternative B is zero.
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Table 10 Log-likelihood function evaluated in the true parameters, by size

100 draws 500 draws
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Simulated log-likelihood in a model with 4 alternatives and 3 mixed alternative specific constants. Artificial data, 1,000
individuals, 20 observations per individual. Data is defined in Appendix B. Calculations conducted in the MMNL GAUSS
programme developed by Train, Revelt and Ruud, using standard Halton draws. The restricted model assumes that the mean

utility of alternative B is zero.
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Appendix E Comparing log-likelihood functions for different quadrants

outside the optimum

Figure 13 Comparing log-likelihood functions outside the optimum
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Zero = no variance, 50 = True vector of standard deviations

500 Halton draws

10 20 40 50

Zero = no variance, 50 = True vector of standard deviations
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1,000 Halton draws

10 20 30 40 50

Zero = no variance, 50 = True vector of standard deviations
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Zero = no variance, 50 = True vector of standard deviations

7,500 Halton draws
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Zero = no variance, 50 = True vector of standard deviations

Artificial data (see Appendix B). Difference between the value of the log-likelihood function evaluated in different quadrants. The
set of standard deviations varies linearly from a vector of zeros to a vector of true standard deviations. The mean is always the
true mean and the log-likelihood function is therefore evaluated in the points: True mean, s*(true std)/50, s=0, 1, ...,50 on the
positive quadrant (Q1) and true mean, s*(-(true std))/50, s=0, 1, ...,50 on the negative quadrant (Q8, see Appendix C).
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Appendix F: Skewness coefficient of random and Halton draws

The skewness coefficient is a measure of symmetry and can be calculated for any distribution.

As in Greene (1997), the skewness coefficient is calculated as:

E((x-E(9)’)
(E(-E00y))”

skewness coefficient =

(3.13)

The skewness coefficient is only measured in one dimension at a time, which means that the
symmetry of the multivariate distribution may be far smaller than for each of the single

dimensions.

Figure 14 shows the skewness coefficients of random draws and Haltons based on the primes
2, 3 and 5. First of all, it is clear that Halton draws are far more symmetric than random
draws. Secondly, it is clear that the symmetry of the Halton draws increases with the number
of draws, but that it keeps fluctuating, even for very high numbers of draws. Increasing the
number of draws by a few thousand may therefore lead to set of draws with a lower degree of

symmetry.
The antithethic Haltons presented in this paper always have skewness coefficient zero.

Figure 14 Skewness coefficients of random draws and Halton draws based on the primes 2, 3 and 5
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A Censored Structural Characteristics Model
for Milk
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Abstract

In this paper we investigate preferences for fat in milk through a structural characteristics
model. Contrary to the usual hedonic model consumers’ preferences over certain
characteristics are allowed to vary non-systematically through an error term placed directly
in the utility function. The functional form used is the quadratic form allowing the marginal
utility of characteristics to become negative. In the empirical estimations we use a very
comprehensive panel dataset spanning the period from 1997 to 2004. The data includes
information about daily purchases and social and demographic characteristics of
approximately 2500 households. These data are combined with information indices
constructed from articles in newspapers mentioning a link between the consumption of fat and
health. The panel structure of the data is exploited fully since the final two-sided censored
Tobit model is estimated household by household allowing for the maximum degree of
individual heterogeneity. We find that there has been a significant decrease in the
consumption of fat from milk generated by systematic changes in preferences due to
information and due to a general trend. In the discussion of whether to use either prices or
information as an instrument to decrease the consumption of fat from milk, prices seem the
most effective. Consumers who prefer milk with a very high fat content can be reached both
by information and prices, while consumers who prefer milk with a moderate to high fat share
are not influenced by information, but are rather price sensitive. This is of great importance

since households that drink a lot of milk prefer milk with a moderate to high fat share.

" The research was funded by the Danish Social Science Research Council (FSE).

¥ Contact information: Laura Merch Andersen, AKF - Danish Institute of Governmental Research, www.akf.dk

e-mail: LMA@akf.dk. Sinne Smed, AKF - Danish Institute of Governmental Research, e-mail: SIS@akf.dk.
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4.1. Introduction

Health problems related to an excessive intake of saturated fat are among the major nutrition
problems in most industrialised countries, as a high intake of saturated fat can lead to
increased blood cholesterol levels and risk of various lifestyle-related illnesses. Since
Denmark is a nation of milk drinkers with an annual consumption of about 100 kg per capita
(Statistics Denmark, 2008) and saturated fat from milk constitutes on average 5.7 per cent of
total consumption of saturated fat and 3.1 per cent of total fat consumption,' milk may be an
important source of fat. The consumption of saturated fat from milk has decreased during the
last decade (Statistics Denmark, 2008), which in part might be a reaction to a massive
campaign by the Danish health authorities against an excessive intake of saturated fat, but
also to a large extent due to the entrance of low fat varieties on the milk market (Smed and
Jensen, 2004). These changes on the milk market give a good possibility to investigate
preferences for saturated fat, how they can be expressed through demand and how they
change over time and due to information. The demand for milk in Denmark has been analysed
in a number of previous studies. Blow et al. (2005) develop a non-parametric revealed
preference model for milk at household level and find that there are three types of consumers:
those who have a high valuation of fat and a low valuation of the organic attribute in milk;
those who have a moderate valuation of fat and a high valuation of the organic attribute and
finally those who have a low valuation of fat and a high valuation of the organic attribute.
From Smed and Jensen (2004) there is market evidence that there is a substantial trade-off

between health concern and taste, since taste is valued higher than the fat content.

In this paper we investigate preferences for fat in milk in depth through a structural
characteristics model, i.e. a model where consumers derive utility from the characteristics
inherent in milk, not from milk itself (Lancaster, 1966; Gorman, 1980). This means that the
demand for fat in milk has to be described as demand for a non-market good. Demand for
non-market goods is often estimated through a hedonic model derived from the Gorman-
Lancaster framework (for examples on the demand for nutrients in food, see e.g. Cook and
Eastwood, 1992; Kim and Chern, 1995 or Eastwood et al., 1986). In the hedonic model it is
usually assumed that consumers’ preferences are stable over time and random noise is placed
as an error term in the estimation equation, i.e. as random deviation from the true preferences.
In this paper we test whether consumers’ preferences over certain characteristics are stable or

if they vary non-systematically through an error term placed directly in the utility function.

" Own calculations based on the data from GfK Denmark used in this paper.
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Furthermore, we introduce systematic changes in preferences initiated by a trend and
exogenous health information. The data used for the estimations are based on an extensive
panel dataset at household level. This means that it is possible to estimate the models
household by household allowing for the maximum degree of individual heterogeneity. There
is a need to understand possible barriers for further reductions in the intake of saturated fat
since this knowledge may be essential for the design of new actions aiming at reducing the
intake of saturated fat. The derivation of a structural model for individual households brings
us closer to separating preferences and changes in these due to e.g. information from reactions
to prices and budget constraints and also to predict demand for none existing goods consisting
of new combination of already existing characteristics on the market. In other words, it allows
us to give a more interesting answer — not only to how much fat is consumed, but also why

consumers choose to consume as they do.

The rest of this paper is organised as follows: Section 4.2 starts out with the basic theory of
the characteristics model and then the data and the milk markets are described in section 4.3.
Section 4.4 is about empirical considerations and estimation issues, especially about the
construction of prices in the characteristics model, the implications of choosing a quadratic
model and the derivation of a model with an error term in the utility function. Section 4.5
summarises the results of the introductory model. In section 4.6 the model is reformulated
according to the best suited model to allow estimation of a Tobit model with two-sided
censoring. Finaly, section 4.7 describes the final results, i.e. valuation of fat and reactions to
prices and information for different types of households and predictions of demand. Section

4.8 is devoted to a discussion and conclusion.

4.2. The characteristics model

The characteristics model was first developed by Gorman (1980) and Lancaster (1966) and
further developed by Muellbauer (1974) and Rosen (1974). Generally, we assume that the
world consists of H individual households. The number of goods available in each period is |
and the number of characteristics is J. The connection between goods  and characteristics z is

described through the technology matrix A.

115



Characteristics

1 a, alj a;
: (4.1)
Goods <i | & &; a, | =A
| _all a, a; |

It is assumed that the amount of characteristics can be aggregated over goods (the utility of a
characteristic does not depend on its origin) and the relationship is assumed to be linear which
means that the relationship between goods purchased and characteristics obtained can be

written as:

z=A" (4.2)

The technology matrix A is constant over households which implies that all households meet
the same A matrix and we assume it to be constant over the time span used in our model (in
principle the A matrix can change over time as products with new and previously unknown
characteristics enter the market). For each household we observe the quantity purchased of
each good: qth = (qﬂ,...,qi':,...,qn)' and we also observe a unit price for each good in each
period: p!' = ( Pitaeees Pits--es P )'. The total expenditure by household h in period t is there-
fore x" = ( o ), g . Knowing the technology matrix A and the amount of goods purchased we

can calculate the amount of characteristics purchased.

Optimisation in general terms
The households have preferences over characteristics, and the purchased quantities of goods
that we observe are a result of households maximising their utility given the technology, the
prices and the budget. In each period the household therefore faces the problem:

h h h
I\/L?\x u (zt ‘Q )
st.  z'=Alg/

X'=(pl') o
g’ >0

(4.3)

where Q" are socio-demographic characteristics and XIh is the total budget used by household
h at time t. Note that the household optimises over goods ¢, but measures utility over

characteristics z. This is because consumers purchase goods, but consume characteristics. The
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consumer’s problem can be solved through Lagrange optimisation, assuming interior
solutions and for a moment ignoring the socio-demographic characteristics. In a two good,
two characteristic world this problem can be written as (the subscripts h and t are here

suppressed due to ease of notation):

Hzl,%xL(Zlazz,/i):u(zl’zz)_;t(plql+quZ_X) (4.4)

where A is the utility value of increasing the binding constraint (the budget) du/ox . If we,
furthermore, substitute the technology into the budget restriction — which we assume are

binding — we get the following estimation problem:

nzlixL(lezzﬂl):u(zvzz)_l(”lzl+7[222_X) (45)

where 7; is the implicit prices of the characteristics. The implicit prices 7 measure how
much money the household is willing to pay for an extra unit of characteristic j, (7[ = 0x/ 62).
If the A matrix is square and thereby invertible we can use the binding budget restriction to
calculate the implicit prices of the characteristics directly by noting that the budget can be

expressed both in actual prices of goods and implicit prices of characteristics:
! ’ ’ -1
x=pq=p'(A)'z (4.6)

!

Xx=1'1 & 71=A""p 4.7)

Le. 7,=pd,+p,a, and =, =pa, +p,a,, where & are the elements in the inverse

ij
technology matrix. In this simple universe where the unit price is independent of the quantity,
the implicit price of a characteristic is simply the monetary value of one unit of the
characteristic. If there are more goods than characteristics the technology matrix is no longer

invertible and the implicit prices have to be estimated through a hedonic price function.

In the world of two characteristics the consumers’ problem can be shown visually. Knowing
the prices p and the total amount spent® X, we can calculate the amount of each characteristic
(Z1 , 22) that household h would obtain in period t spending all the money on good one (point
a in Figure 1a below). If he spent all his money on good 2, he would obtain another amount of

characteristics (point b). It is not possible to purchase characteristics outside the triangle

’In theory we need to know the amount available for consumption. However, this amount cannot be observed,

so we have to assume that the budget constraint is binding and use the observed amount actually spent.
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(a, b,O) due to the technology restriction. On the Danish milk market it is not possible to
purchase milk with less than 1 gram or more than 35 grams of fat per litre. We assume that all
goods can be purchased in continuous quantities and the line between the highest obtainable
level of characteristics (point a and point b) is the budget restriction. The continuous nature of
the goods means that any linear combination of goods 1 and 2 is possible, e.g. point c. All
three points lead to the same total cost. The consumers optimise where the marginal rate of
substitution, MRS, is equal to the slope of the budget restriction, i.e. the point where the
indifference curve for the highest attainable utility touches the boundary of the consumption
set. When a new good, with known characteristics, but in new amounts, enters the market, the
price of that good determines whether it will be purchased or not. In Figure 1a the price is too
high (the consumer would get less of the characteristics z,and z,buying the new good) while
in Figure 1b the price is so low that the budget constraint is pushed outwards and the
consumers can obtain their preferred mix of characteristics in a cheaper way than by mixing

good 1 and good 2.

Figure 1 Consumers’ optimisation problem in a two characteristics world

z, 4 Z, 4

y4) Z

v

Zy
Z;

More goods exist in the world than are purchased by the individual household. For another
household it might be more efficient to purchase a mix of the new good and good 2 as shown
in Figure 2. It is not possible to buy goods outside the triangle consisting of zero and the lines
running through a and b in Figure 2. This makes it difficult to point identify the parameters of
the utility function for households who only purchase a good on the borderline, as e.g. the

grey dashed household in Figure 2. We will return to that later.
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Figure 2 More consumers in a two goods, two characteristics world
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Estimation of implicit prices
Since we have more goods than characteristics we have to estimate the implicit prices using a
hedonic price function, see e.g. Rosen (1974), Ladd and Zober (1977) or Ladd and Suvannunt
(1976). In a world with J characteristics optimised over | goods, the Lagrange function (4.4)
gives the following first-order conditions:
J J

2—;: ZaTa_q,_lp' 0 pi:%j_lg_zu,-a” (4.8)
The derivatives, 0z, / 0g; are the elements in the technology matrix &;. The marginal utility
of the budget A=0u/dx is assumed to be constant. This implies that we have to assume
homothecity of the utility function. This assumption is not realistic for luxury goods or goods
with a large share of total consumption, but more realistic for a normal good with a smaller
share of total expenditure (like milk). Since (8u/ 0z )/1"1 = (au/ 0z ) / (6u/ox) is equal to the
marginal rate of substitution between expenditure and the characteristics (6X/ 0z j), this is
equivalent to the marginal implicit price 7; of each of the characteristics. This implies that
the price of a good is a weighted sum of the implicit prices of its characteristics p; = Zﬂ' i%j >
which is one of the most important features of the characteristics model. If p, 27 jjaij then
good i is not bought as illustrated in Figure la. When implicit prices are used in a model
estimating demand for characteristics there are several points to consider. Since one DKK
spent on food will give you varying amounts of nutrients, dependent on which mixture of
foods you choose to buy, the budget constraint in characteristics space is generally nonlinear.

This leads to endogenous prices. However, at the optimal point where the indifference curve
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is a tangent to the budget constraint, the separating hyper-plane between these two loci is
linear. In this optimal point and under the assumption of constant return to scale, prices can be
assumed to be exogenous (Deaton and Muellbauer, 1980). Another problem is that consumers
choose quantity and price simultaneously as illustrated in Figure 3. This means that the prices
that equate the market depend on both the parameters that characterise demand and the
distribution of the non-observable characteristics of demand (in the case where supply is not
exogenous, as we assume here, the parameters characterising supply and the distribution of
the non-observable characteristics of suppliers are also present in the hedonic price function).
This means that the model is unidentified (Ekeland et al., 2004), the implicit prices provide no
more information than the preferences originally used to estimate the implicit prices. Brown
and Rosen (1982), Kahn and Lang (1988), Eppel (1987) and Ekeland et al. (2004) suggest
identification by allowing the price function to have higher powers of z (the characteristic) in
the case of single market data or to use multi-market data to solve the identification problem.
The main idea behind these identification strategies is that there must be additional
parameters affecting the price functions that are not contained in the demand function. The
multi-market identification approach, which is used here, builds on the assumption that the
preference parameters and the distribution of tastes are identical across markets, but the price
functions differ between markets, i.e. are affected by some additional variables not in the

demand function. This implies different patterns of variance in different markets.

Figure 3 Simultaneous choice of price and quantity in the hedonic model*

Hedonic price function
p(Z) A
p(zg) B
P(za)
Ua
Z, Zyg ]

*Adapted from Epple, 1987.
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The identification of preferences from variation in the hedonic price functions are illustrated
in Figure 4. Despite that the identification problems are solved in the multi-market case, a
standard endogeneity problem persists, since the quantity and price of the characteristics are
chosen simultaneously. This implies that the dependent variable (the chosen amount of the
characteristic) and the implicit price are correlated through their dependence on the
distribution of individual heterogeneity (Bartik, 1987; Kahn and Lang, 1988; Diamond and
Smith, 1985).

Figure 4 Hlustration of identification in the multi-market case

P ( Z) A HPF,Market 2

HPF, Market 3
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HPF = hedonic price function.

4.3. Data and the milk market

Purchase data and background data

In the empirical estimations we use a comprehensive panel dataset from GfK-Denmark (a
marketing institute with branches all over the world). The data cover the period from 1997 to
2004 and include information about daily purchases for individual households. Additionally, a
wide range of social and demographic questions about the households (income, location,
media habits, favourite store etc.) and information about each individual in the household
(BMI, exercise habits, education, age etc.) are posed annually. In principle, every time a
household goes shopping the diary keeper reports the price and volume of each good and
whether it is organic or conventional. For milk the data are reported at brand level. These
purchase data are combined with nutrition data such as the content of fat, protein, calcium etc.

for each type of milk. This means that whenever a household purchases milk, we know the
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equivalent bundle of nutrients purchased.’ On average 2,500 houscholds report their
purchases on a daily basis which sums up to 10,500 weekly observations on purchases of
milk. The milk purchase data are aggregated up to monthly observations in order to minimise
the amount of zeros in the dataset. This also makes the inter-temporally separable model,
which we use, more appropriate since milk is a non-durable good.* According to theory, a
single consumer is only allowed to simultaneously purchase a number of goods corresponding
to the number of characteristics. In a world with more goods than characteristics it becomes
possible to violate this condition. If we observe households purchasing three types of milk at
the same time, it means that there must be at least tree characteristics. If we aggregate data,
we potentially violate this principle. It may be so that prices in one week make it optimal to
combine skimmed milk with mini milk while the prices in another week make it optimal to
combine mini and semi-skimmed milk. If these weeks are aggregated the result would suggest
that the household purchased three types of milk simultaneously. The share of occasions
where more than one type of milk is purchased increases significantly with the length of the
aggregation period, but interestingly enough, the share of purchases of more than two types of
milk remains relatively low (less than 5 per cent), so we choose to ignore the problem in this
paper. Households that only buy one type of milk constitute another problem in the data since
that gives little or no information about preferences. Less than 2 per cent always buy only one
type of milk per month, while 61 per cent mix different types of milk in more than 30 per cent

of the months we observe we observe the household.

Information data

Consumers receive information about the connection between health and the intake of fat
through various channels. This includes the internet, face-to-face conversations, television
and newspapers. As it is not possible to capture all these diverse types of information most
studies incorporating the effect of health information on food demand use proxies to account
for the amount of information that consumers receive. Some studies use the number of
published medical articles mentioning a link between intake of a special nutrient and health
(e.g. Brown and Schrader, 1990; Kinnucan et al., 1997; Chang and Kinnucan, 1991; Chern
and Zuo, 1995; Kim and Chern, 1997, 1999). The basic assumption behind these indices is

that the information in these articles is transmitted down to the consumer through various

3 For a throughout description of the data see Smed (2008).
* Milk will only keep fresh for a little longer than a week. The market for UHT milk is minimal in Denmark and

almost all households buy and consume fresh milk.
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means, e.g. newspapers and television. A more direct approach uses the number of relevant
newspaper articles and/or the number of television transmissions (e.g. Piggott and Marsh,
2004; McGuirk et al., 1995; Schmidt and Kaiser, 2004; Verbeke and Ward, 2001; Smith et al.,
1988). The direct approach is used here as the number of articles mentioning a link between
the intake of fat and health are collected from Danish newspapers. The search is done in
Infomedia.” The basic search words are fat/fat-rich/low fat in connection with health, slim,
overweight, obesity resulting in 12 different combinations of searches. Figure 5 shows the
number of hits for fat. The number of articles is steadily increasing until 2001 and then the

number of articles decrease.

Figure 5 Absolute number of hits in newspapers about the link between consumption of fat and health
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The articles are aggregated over newspapers independently of the size or location of the
article. Several of the indices introduced in the literature use a lag structure, as they find that
press coverage has a cumulative effect. This includes simple cumulative indices as in
McGuirk et al. (1995) and Schmidt and Kaiser (2004), declining shares to lagged index values
as in Rickertsen et al. (1995) or more sophisticated structures as in Verbeke and Ward (2001).
Based on the literature we choose to let the information last for a three-month period.6 As we
have aggregated the data to monthly observations the information that arrives at the end of the

month will have a larger influence in the next month than the current month. Therefore, we

> Infomedia is a database collecting articles from all Danish newspapers.

® We have also tried a cumulative structure with no decay and a current index with no lags and the three-month
structure shows the best result. More sophisticated analyses of the lag structure will be a route of further
research.
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construct a floating index from the original newspaper articles where each article is allowed to

last for three months. This gives the information loads in each month presented in Figure 6.

Figure 6 Number of hits in newspapers per month, three months floating index
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The milk market

Until February 2001, there were four major types of milk on the Danish market: Whole milk,
semi-skimmed milk, skimmed milk and buttermilk. Whole milk has a fat content of 3.5 per
cent, semi-skimmed milk of 1.5 per cent, skimmed milk and buttermilk has a fat content of
0.1 per cent. Furthermore, buttermilk is soured. There has been a steady decrease in the
consumption of whole milk since the introduction of semi-skimmed milk in 1972. This
decrease has been accompanied by an increase in the consumption of semi-skimmed milk
until the early 1990s (Statistics Denmark, 2008), where the Danish authorities’ general
campaigns concerning fat intake were initiated. These campaigns affected the milk market by
increasing demand for skimmed milk and decreasing the demand for semi-skimmed milk, as
illustrated in Figure 7. On the other hand, the increased demand for low-fat food inspired
development of new low-fat varieties of milk. In February 2001, a new type of milk (mini
milk) was introduced on the Danish market. This new type of milk targets consumers, who
wants a product that tastes like semi-skimmed milk, yet has almost the low fat content of
skimmed milk. Mini milk has a fat content of 0.5 per cent compared to the 1.5 per cent in
semi-skimmed milk. This new type of milk took over part of the market for semi-skimmed
milk and reversed the increasing trend for skimmed milk, while the trends for whole milk and
buttermilk were almost unaffected as it is evident from Figure 7. The December peaks for

whole milk is due to traditional eating during Christmas, while the summer peaks for
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buttermilk is due to another traditional dish called “Koldskal” eaten on (especially warm)

summer days.

Figure 7 The Danish milk market, January 1997 to December 2004
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During the rest of this analysis we will not take the consumption of buttermilk into account,
mainly because it is soured and therefore the use of this type of milk is rather different from
the use of the other types of milk. The total volume of milk purchased in the same period has
been more or less stable. As explained above the purchase data are combined with nutrition
data making it possible to follow the consumption of different nutrients over time. Figure 8
shows the development in the energy share of total fat, saturated fat and protein from milk
from January 1997 to December 2004. The share of fat consumed in milk has been declining,
especially after the introduction of mini milk in February 2001. The systematic peaks in

December each year is due to the increased consumption of whole milk around Christmas.
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Figure 8 The purchase of nutrients
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In Smed (2005) and Smed and Jensen (2004) price elasticities for milk were estimated at an
aggregate level both before and after the introduction of the new low fat type of milk. These
elasticities show that before the introduction of the new type of milk whole milk and semi-
skimmed milk were substitutes, which was also the case for semi-skimmed and skimmed
milk. After the introduction of the new low fat milk there is no longer any substitution
between semi-skimmed milk and skimmed milk, while semi-skimmed is a substitute to mini

milk.

Table 1 Price elasticities before and after the introduction of mini milk

Whole milk Semi-skimmed | Skimmed milk Mini milk
milk

January 1997 to February 2001
'Whole milk -1.45 0.12 0.00 -
Semi-skimmed milk 0.30 -1.16 0.36 -
Skimmed milk 0.00 0.16 -1.00 -

September 2001 to September 2002
'Whole milk -1.44 0.32 0.06 0.06
Semi-skimmed milk 0.78 -1.68 0.03 0.74
Skimmed milk 0.00 0.00 -1.00 0.00
Mini milk -0.01 0.30 0.00 -2.06

Source: Smed (2005) and Smed and Jensen (2004).

According to the characteristics model consumers mix their consumption of different types of
milk to gain the optimal amount of fat. Before mini milk a fat content between 0.1 per cent
and 1.5 per cent could only be obtained by consuming both skimmed and semi-skimmed milk.

After the introduction of mini milk consumers who follow the characteristics model will
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either mix skimmed and mini milk, or mini and semi-skimmed, which is exactly what
happened. The estimated change in elasticities indicates that the market for milk is probably

correctly described by a characteristics model.

Figure 9 shows average prices from January 1997 to December 2004. Until just before the
introduction of mini milk prices have been rather stable with an average price of whole milk
well above the other and semi-skimmed milk as the cheapest. The prices of the “old” milk
types increased just before the introduction of mini milk in 2001 and this continued until the
end of 2003, meanwhile the price of mini milk decreased. In 2004 all prices declined which
might be due to a price war on milk initiated by one of the larger retail chains and the
introduction of discount milk. This milk does not exist in a whole milk version which might
be the reason why the price of whole milk did not decline along with the price of the other

types of milk. The introduction of German milk in the supermarkets also forced prices down.

Figure 9 Development in average milk prices
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In the following figures the consumption of fat in milk for different types of households is
described. Figure 10 illustrates the development in average grams of fat per litre of milk for
households where the head has different level of education.” In 1997 two types of households
distinguish themselves by consuming milk with a large fat content. These are households
where the head has no further education or has vocational education. Households where the

head has a longer education consume milk with a lower fat content. This has changed, in 2004

7 Vocational oriented education is e.g. carpenter, nursing aide; short further education is e.g. policeman;
technical education; medium further education is e.g. nurse, school teacher, while long further education is e.g. a

university degree.
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it is those with no further education and the longest educated who consume milk with a high

fat content.

Figure 10 Fat per litre of milk for households with different education
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Figure 11 illustrates the development in average grams of fat per litre of milk for different
family types. In 1997 households with children between the age of 0 and 3 distinguish
themselves by consuming milk with more fat per litre than other households. Families with
older children seem to prefer a more moderate amount of fat per litre. In 2004 this picture has
changed since households with small children no longer distinguish themselves. This might
be because small children in 2004 no longer are recommended to drink whole milk, but
instead are encouraged to drink semi-skimmed milk. In 2004 households with no children
consume the fattiest type of milk. Even though households with no children consume the
fattiest type of milk, they consume less milk so households with children 0-3 years of age still
consume most fat in grams per person per week. The peaks around Christmas are clearer for

households with no children than for other types of households.
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Figure 11 Fat per litre of milk for different family types
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Figure 12 illustrates the development in average grams of fat per litre of milk for households
in different age groups. In general, older households consume more fatty milk than other
households. Younger people below the age of 30 consume milk with the lowest fat content.
As they have a moderate consumption of milk this implies that they get the smallest amount
of fat in grams per person per week compared to other age groups. The Christmas peaks are

most clear among households above 45 and are almost non-existing for households below 30.

Figure 12 Fat per litre of milk for households in different age groups
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4.4. Empirical considerations and estimation

We take prices as given for the individual households, and thereby focus on the demand side.
This is equivalent to the approach in Muellbauer (1974) and Blow et al. (2005) and opposite
Rosen (1974) who focuses on both the demand and supply side. The comprehensive dataset
that we use allows us to follow individual households over a very long time (up to eight
years) so we can deal with individual heterogeneity in the most extreme way by estimating
the model individually for each household. We concentrate on the four main types of milk,
whole milk, semi-skimmed milk, mini milk and skimmed milk. All these types of milk exist
in both a conventional and an organic version. Milk is assumed to consist of two
characteristics: milkiness and fat. Milkiness is best explained as the characteristic that dis-
tinguishes milk from a mixture of calcium and water, i.e. the fact that you can use it in your
coffee, use it in pastry or on your cereals etc. One unit of milk contains one unit of milkiness

independently of the type of milk, i.e. milkiness is measured in litres.

Estimation of prices

We estimate a hedonic price function for several markets (different stores and different modes
of produce) using observed purchases from all consumers. Individual prices is then estimated
for the households assuming that the household visits several markets i.e. goes into different
kinds of stores and buy both conventional and organic milk. This ensures identification, since
parameters that do not influence the demand function for the individual consumer, namely
other consumers’ preferences, influence the hedonic price function. As our consumer only to
a minor degree contributes to each particular hedonic price function, prices can be assumed to
be exogenous. Furthermore, the usual problem of endogeneity does not apply since each
consumer’s demand function is estimated individually. We assume that supply is given
exogenously, which is reasonable in the market for foods since the individual consumer’s
decision cannot affect suppliers in the hedonic model for milk. It is assumed that there are
three types of stores: discount stores, super markets and other stores.® Furthermore, the
country is divided into three regions: capital area, east and west since it is assumed that the
price of milk depends on which part of the country it is bought in. Figure 13 shows the share
of milk bought in each kind of store in different regions. In the capital the share of milk
bought in discount stores has been declining while the share bought in supermarkets has

increased a little. It is the opposite in east and west Denmark.

¥ Other stores are bakeries, gas stations etc.
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Figure 13 Share of milk bought in each kind of store in each region
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Figure 14 The empirical consumption set, capital, discount, conventional, standard dairy show
how much of each of the characteristics fat and milkiness you get if you use one DKK on a
particular type of milk, i.e. this is the empirical version of the theoretical Figure 1. In 1997
one DKK used on skimmed milk provided 0.2 units of milkiness and 0.2 units of fat, while
one DKK used on whole milk provided only 0.19 units of milkiness, but 6.6 grams of fat. In
1997 and 2000 (1998, 1999 and 2002 are removed due to the clarity of the figure) the
consumption set consists of only three points (skimmed, semi and whole milk), while the
consumption sets in the other years have four points due to the entrance of mini milk on the

market.

Figure 14 The empirical consumption set, capital, discount, conventional, standard dairy
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In 2001 conventional mini milk is too expensive (the efficient consumption set is indicated by
the dashed grey line) and the consumers should not actually be buying it. That they do it
anyway might be due to that the product is new on the market and has been marketed rather

heavily. Similar consumption sets can be constructed for the other markets.

Figure 15 shows the average price for different types of organic and conventional milk
produced at a standard dairy and bought in different regions in either supermarkets or
discount stores in 2003.” From the figure it is clear that there are nonlinear relations between
the price and the fat content. This nonlinear connections seem to be different dependent on
whether the milk is conventionally or organically produced hence the price function for fat is
different for organic and conventional milk, respectively. Together this implies that we have

18 different markets (3 types of stores, 3 regions and two modes of produce).

Figure 15 The average price for milk in various stores and regions, standard dairy

8
7 1 et
61n - ) N ) _
. 57 OPrice_skimmed
[5)
= OPrice_mini
v B Price_semi
e 3 B Price_whole
2 4
1 4
o Hd L a a L L L a a L L a
Conv| Org | Conv| Org |Conv| Org |Conv| Org | Conv| Org |Conv| Org
Super Discount Super Discount Super Discount
Capital East West

Figure 16 is a crude illustration of the hedonic price function for fat illustrated for selected
markets. The figure is used to illustrate the motive behind choosing a quadratic form for the
hedonic price function and separate markets for organic and conventional. The figure is crude
in the sense that the average price of milk is used so the figure does not take into account the

distribution of consumer preferences. Skimmed milk is the basis and the price of skimmed

? Other stores are left out of the figure. They have a rather small share of the market, in 2004 less than 3% in

each region.
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milk is assumed to reflect the price of milkiness (i.e. the amount of fat in skimmed milk is set
to 0 in these figures, which also is a simplification, in the estimations skimmed milk contains
1 gram of fat per litre of milk). The price of fat is then calculated as the difference between
the price of the milk in question and the price of skimmed milk since all milk is assumed to

contain the same amount of milkiness.

Figure 16 A crude empirical hedonic price function for fat, year 2003, standard dairy
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In the demand model we treat preferences for milk as separable from all other food, which of
course is questionable as is all separability assumptions. Furthermore, we treat preferences for
milkiness and fat as separable from the mode of produce (organic or conventional) and dairy
(standard, discount or luxury dairy). As it appears from Figure 16 the hedonic price function
for organic and conventional milk differs, but the hedonic price function for fat is unaffected
by the dairy (not shown in the figure). This implies that mode of produce is treated as a
separate market, while dairy appear as a dummy within the hedonic price equation. This
means that 18 different versions of the hedonic price equation (4.9) are estimated, one for

each market.
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2
pi,t = ﬁmilkiness,t + ﬂluxuryfdairy,t Ds + ﬁdiscountfdairy,t Dd + ﬁfat,tzfat,t + ﬂfatfsq,t (Zfat,t> + git (49)

The constant accounts for the price of one litre of “milkiness”, D, and D, are dummies
accounting for a luxury and discount dairy, respectively,'® z,, accounts for the content of fat
in grams. The polynomial of second order implies that the price of fat varies with the type of
milk; as illustrated in Figure 16 it is more expensive to get your fat from whole milk than
from semi-skimmed milk. The parameters from this estimation result in a set of monthly
implicit prices of characteristics, one for each market, equivalent to the two shown in Figure
17 and Figure 18. As an example for the organic market in supermarkets in the capital in
January 1997 the price of whole milk is equivalent to the price of milkiness, 6.82 DKK plus
0.0265-35 = 0.93 DKK for fat in whole milk, i.e. in total 7.75 DKK. To compare, the same
milk can be purchased for 5.13 DKK plus 0.0295-35=1.03, equal to 6.16 DKK at the

conventional market.

Figure 17 Hedonic prices for organic milkiness and fat, supermarkets in the capital
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' The base is here a standard dairy. Discount dairies are mainly milk from foreign dairies, store brands etc. The

luxury dairies are local or speciality dairies.
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Figure 18 Hedonic prices for conventional milkiness and fat, supermarket in the capital
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To construct individual prices for each household the estimated implicit prices at each market
are weighted according to actual purchase patterns at either the organic or the conventional
market and in the three different stores.'’ For example, imagine a household living in east
Denmark who only consumes whole and semi-skimmed milk buys in a particular month some
of their organic semi-skimmed milk in supermarkets and some in discount stores. All their
conventional whole milk is bought in other stores. The weighted price per gram of fat will

then be calculated as:

+ fat! + fat]

semi,disc psemi7 fat,org,discount

totfat"

h
fat —

h
_ fa‘tsemi,super psemi7 fat,org,super

hole,conv pwhole7 fat,other (4 10)

The weighted price paid for fat over time averaged over households is shown in Figure 19.
The fall in the value of fat from the end of 2001 to the middle of 2002 might be initiated by a
fall in the price of mini milk relative to the price of skimmed milk as shown in Figure 9. The
changes in prices have been accompanied by a general movement towards leaner types of
milk (see Figure 7) which also adds to the lower price paid for fat. The price of fat is much
higher for fat from whole milk (Figure 17 and Figure 18) and the movement away from whole
milk therefore decreases the price paid for fat per litre of milk. In the middle of 2002 the share

of whole milk stabilised, and the price of fat from conventional whole milk started to

' We assume that the consumer only buys milk in his own region.
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increase. The combination of these two factors may be the reason for the increase in the mean

price paid for fat per litre of milk from 2003 and onwards.

Figure 19 Mean price paid for fat per gram
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The choice of the quadratic utility function and where to put the error term

We assume a quadratic utility function. The quadratic utility model is characterised by having
a point with maximum utility and the possibility of negative marginal as well as absolute
utility of characteristics. This makes sense when estimating a model for characteristics. Free
disposal is usually possible for goods, but not always for characteristics. It is not possible to
dispose of fat without disposing of milkiness, and a positive utility of milkiness may outweigh
a negative absolute utility of fat. In one version of the model we assume that we possibly do
not observe everything perfectly; a household may in some periods like a characteristic more
than in others due to influence from non-systematic (or non-observable reasons). We there-

fore include a time-specific random error with mean 0 for each characteristic.

u(z)=2'(a+¢)-0.52'pz, ¢~N(0,%) (4.11)
The derivative of the utility in (4.11) with respect to characteristics is then:

ou

—=(a+¢&)-pz 4.12
o, —late)=p (4.12)
Disregarding technology and goods, the first order conditions from the Lagrange equation,

leads to the following demand function (see appendix A for derivation).'?

"2 Theil (1971) optimises the utility function without the error term in the utility function.
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2= (a+e)-(B 7 (7 '7) (7B (@ e)-x) (4.13)

This result has a fine intuitive interpretation. Note that:

Z_U:(mg)_ﬁz:o o 1=p"(a+e) (4.14)
Z
the first part of (4.13) is therefore the consumption that would be chosen if there was no

budget restriction. The last part of (4.13) is:

7B (a+e)-X (4.15)

This is the difference in price between the optimal consumption from (4.14) and the actual
budget x. If the budget is binding the price of the optimal consumption is higher than the
budget, which means that the consumption is lower than the optimal level in a world without

budget constraint. This can be seen directly from (4.13) (as long as prices are positive).

The middle term in (4.13) is
plx(xpz) (4.16)

This term creates the link between the budget, the prices and the actual consumption. This is
an interior solution, which means that we ignore the fact that characteristics cannot always be
combined just as the consumer would prefer. A brief look at this demand function demon-
strates the problems that are involved in obtaining independent estimates of # and « . The
usual way of approaching the problem is to acknowledge that the world offers other types of
goods than the goods in question (here milk) and a simple way of including other goods is to
include a linear term in the utility function which represents all other goods (or all other types
of food). With a linear term the quadratic utility function becomes quasi linear which results
in linear demand curves (Gravelle and Rees, 1992). This gives some restrictions in relation to
the optimal consumption of milk since the optimal consumption is where the marginal utility
of milk equals the marginal utility of other goods (or foods) which is assumed constant. This
also implies that there is no income effect for milk and the marginal utility of money is
constant. As we assume this to be unrealistic we use another approach exemplified in the
equations below. A trend is introduced in the model in order to catch up with changes in
preferences over time. f is assumed to be a diagonal matrix (a matter of convenience). The

trend is made exponential (a matter of empirical evidence) and added to the alpha parameter,
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but is not assumed to be a part of the normalisation of the alphas (the alphas are assumed to
sum to one). These decisions are based on empirical evidence through repeated

reformulations of the model. In a two characteristics world equation (4.11) looks like:

u(z)=7'(a+e+rin(t))-0.52'4z

(4.17)
=(a,+& +7,In(t))z,+(a, + &, +7,In(t)) 2, -0.5( B2} + B,23)
which means that in optimum we have:
ou/oz, (0‘1+51+T11n(t))_:3121 _ T (4.18)
ou/oz, (a,+&+7,In(t))-Bz, =, '
rearranging leads to:
(a,+& +7,In(t))z, - Bz, =(a, +&,+7,In(t)) 7, - B,2,7, (4.19)
which can be further reduced to:
T T T,
&+e,—+= (a2 +7,1n (t))—l—(O{l +7,1n (t)) +pz,- 51, (4.20)
7T, 7T, 4z
If we use the fact that
X=r2,+m2, & 7= 2% (4.21)
7[1
and substitute z, into equation (4.20) it becomes:
T, T, X /4 T,
g+ —L=(a,+7,In(t)) =L~ (o +7,In(t))+ f—- B 22,- "1, (4.22)
4z 4z T T 2

If we normalise the alphas to sum to one in each periode; +a, =1 and &, =0and re-

introduce the household specific notation we get:

h

h
en =(ab +1} ln(t))%—(l—a% +20In(t))+ %—ﬂl ﬂ—z; - ;%z; (4.23)
2t 1t 1t 2t

Demand can also be expressed much simpler in an m-demand version (Browning, 1999),
which implies that demand for one good is expressed as a function of demand of a reference

good, here milkiness. As long as the reference good is normal this is a satisfactory measure of
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utility conditional on prices. This means that with the same restrictions as above (4.23) can be

expressed as:

h h
h h, _h 7T h, _h h_h h % h
&y =( S+, ln(t))—lht—(l—a2 +7, ln(t))+ "2y — By —- 7, (4.24)
7ot 7ot
Above, we have assumed that consumers experience random shifts in preferences. If we
instead assume that changes in preferences are systematic, the random part of alpha
disappears and instead we assume that we do not measure consumption perfectly, a random

term is added to the z’s. The random terms on the z’s are connected by the budget:

X—m2,—7,(2,+&,)
ﬂ-l

X:”1(21+§1)+”2(22+§2) & g = (4.25)
and we can therefore only identify one error term. We choose to assume that milkiness is

observed perfectly, but fat is observed with uncertainty. Then (4.23) becomes:

h h

h h
0=(al +20In(t) 2~ (1-af + 2" In (1)) + A" 25— B 22 (20 +. &8 ) - B! %(z; +&h)(4.26)

Tyt Ty T 2t

and the m-demand version (4.24) becomes:

h h
0=(al +20 In(t)) 2~ (1-al + 2" In(t))+ A2 — 7 20 (25, + &h) (4.27)

Tot T

In the classical demand functions we know that the budget is endogenous and in the m-
demand versions that z; is endogenous due to the correlation between milkiness and fat
through the budget. In the budget version the budget is instrumented by the total budget for
milk (i.e. milk including buttermilk, chocolate milk, milk with taste etc.) and in the m-demand
versions we choose to instrument by the lagged value of milkiness and the total budget for

milk. The instrumentation is done for each household individually:
Zlht = 771h Zlht—l + 77; Xth + 4/1? = 212 = 771h Zlht—l + 77; )~(th (4.28)

where Zﬂ_l is the lagged value of Zlht and )?th is the budget for purchases of all types of milk.
We include both the estimated value Z} and the residual in the estimations; this is called the

control function approach (Blundell and Powel, 2003). Equation (4.24) then changes to:
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h
eh =(a2h +7) ln(t))%—(l—a; +7 ln(t))+ 2" +)/h(zﬂ —23)—,8;”—}:2; (4.29)
2t 2t

The other versions of the demand functions change in the same way due to instrumentation.

4.5. Results: Where to put the error-term?

As econometricians we never observe everything perfectly, and it is therefore important to be
aware of the assumptions we make about what is observed and what is not. In this paper we
choose to investigate whether preferences are (un-observably) volatile, or whether we do not
observe the optimal consumption perfectly (measurement error). The question is whether the
error terms in the utility function (equation 4.17) should be placed on the structural
parameters or on the consumption." If the error terms are placed on the parameters, it means
that preferences change from period to period, in a way we cannot predict. If the error terms
are placed on the consumption, it means that preferences are stable over time, but we do not
observe the optimal consumption perfectly. When choosing between models, we ignore the
censoring problem (illustrated in Figure 2) and only estimate on households that are not
censored. We estimate the different models household by household, using GMM. We
estimate both the traditional demand equation and the m-demand with error terms on alpha
and with error terms on consumption. This leads to four different models; (4.23), (4.24),
(4.26) and (4.27). The results from these estimations are compared in order to find the best
model and decide whether preferences change over time (random utility error model) or
whether we observe consumption imperfectly (measurement error model). The models are
estimated in the period before the introduction of mini milk and predictions are calculated
both in the period before and in the period after. For each model and each household we
calculate the mean of the squared difference between actual consumption and predicted
consumption. In Figure 20 the Cumulative Density Function (CDF) of these mean squared
errors is pictured. The line at 1,000 indicates a mean error of approximately 31.6 per cent. In
the model with random utility more than 60 per cent have more than 31.6 per cent error while
only 40 per cent in the model with measurement error. In the prediction period the model with

measurement error also performs better than the model with random utility.

13 We have not been able to estimate a model with error terms on both parameters and consumption.
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Figure 20 Mean squared percentage error on fat, random utility model and measurement error model
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Based on the above realisation of the model we choose to estimate a classical model with
measurement errors. This allows us to estimate the linear m-demand with measurement error
as a two-sided censored Tobit model. Furthermore, we include exogenous information to

account for changes in preferences over time.

4.6. Final model formulation: Tobit estimation, censoring and information

We model the influence of information as additive on the alpha parameter, which implies that
information decreases the marginal utility of fat with the same amount independently of how

much fat is consumed. This is illustrated in Figure 21.
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Figure 21 The way information influences the marginal utility for fat
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This means that we get at utility function of the form:"*

U(z.2,)=az +(a,+7,In(t)+7,1)2,-0.5(82 + 5,2 (4.30)

We do not include the trend and the information in the normalisation(o:1 +a, = l) .

The m-demand from (4.27) becomes:

0=(a, +2,In(t)+7,0) = (1-a, )+ Bz, ~ B (2, + &) (4.31)
TT.

2 2

which can be rearranged to:

22:w1+a)21n(t)+a)3l+a)4&+a)5ﬂzl+§2 (4.32)
72’-1 7[1
where
l-a
0)1:&3 a)2=T_2: 3=&9 0)4:_( 2)’ 23 :ﬁ (433)
b, b, b, b, B
(1-a,) 11 , -
Note that @, = ——% =0, —— , — o, , which means that the relationships are:

&S —=
P, B B

' Due to the stability of total consumption of milk and to save on degrees of freedom we choose here to

formulate the model with only a trend on fat.
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(4.34)

The equation can of course also be estimated with z as the dependent variable. The

identification issues are equivalent.

Estimation of final model

It is not possible to buy a litre of milkiness without buying at least one gram of fat (skimmed
milk), and it is not possible to purchase more than 35 grams of fat per litre of milkiness
(wholemilk). These restrictions mean that the analytical solution in (4.13) cannot always be
obtained. Households that have preferences for milk with less fat than skimmed milk and
households that have preferences for milk with more fat than whole milk are censored. This
problem is solved by estimating a Tobit model with two-sided censoring (Amemiya, 1984;
Tobin, 1958). As the model is estimated for each household individually the actual equation

to estimate with instruments (see 4.28) becomes:

h h h
h _ h h h h 7oy h 7ot oh h 7ot (_h h h h h h
Iy =0 +0, ln(t)+a)3 | + @y =+ o5 =2 + _h(zlt _th)+§2w 7, S 7y <357, (4.35)

It 4t It
After estimating the parameters we then predict consumption of fat both in the estimation
period and in the prediction period by ignoring the effect of the residual and using the true

value of z; instead of the instrumented variable:

h h
5 T T
2= +o,In(t)+ o)l + o) 2+ o) 2Lz (4.36)
1t ﬂ-lt
We then calculate the predicted milkiness from this and the budget and prices:
h h zh
A -7, L
s e (4.37)

h
7

Figure 22 shows the distribution of the mean squared percentage error on fat in the final
estimation of the Tobit with two-sided censoring with instrumentation. The model is
estimated over the whole period with and without trend and information. It is evident that the

model which includes a trend to account for changing preferences for fat does better than a
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model without a trend. Including information along with the trend improves the model
slightly.

Figure 22 Mean squared percentage error on fat, in an instrumented Tobit model with and without trend
and information
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Note that the distribution of squared percentage errors in Figure 20 only includes households
who never buy only one type of milk (n=275). Figure 22 contains both a curve for households
that never buy only one type of milk and curves for all types of households. The households
that never buy only one type of milk provide the highest level of information about

preferences and therefore lead to much better fits than the average household in the sample.

4.7. Results: Final model formulation

The estimated parameters give a range of possibilities to investigate household preferences for
fat. One of the features of a quadratic utility function is that it is possible to calculate a bliss
point for fat and for milkiness for each household, i.e. the preferred amount of fat and
milkiness bought if there were no prices. If £ is diagonal, the bliss points can be calculated

from the utility function (4.30) as:
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R h . o) +rn(t)+ 0
2 =% and =270 (O)+71, (4.38)

B B

Where 2/} is milkiness and z), is fat. The optimal fat share can then be calculated from (4.38):

Zit*_ (0{; +7) ln(t)+;/2h|t)ﬂ1h

he h ph
Z; a B,

(4.39)

Both the optimal fat and the optimal fat share are changing over time due to the influence
from the trend and information. Apart from the bliss point and the optimal fat share of fat in
milk we also look at the own- and cross price elasticites. The derivation of the own price
elasticities for milkiness and cross-price elasticities between milkiness and fat are shown in

Appendix B.

The rest of this section is divided into subsections each concentrating on one type of results.
The first section analyses whether we are able to predict who is buying which types of milk
within and out of the estimation period. The second subsection concentrates on describing
optimal fat shares for different types of households, while the last section focuses on policy
issues, how to regulate consumption of fat from milk. To get more reliable results only
households which buy more than one type of milk more than 30 per cent of the time are used

in the figures below.

Are we able to predict who will actually choose to buy mini milk?

If the characteristics model is appropriate we ought to be able to predict who will buy mini
milk based on parameters estimated in the period before the entrance of mini milk. We do not
expect to be able to predict in all possible future due to exogenous shocks, but only within a
reasonable time-span from the estimation period. Figure 23 shows the share of different types
of milk bought in October 2000, a few months before the entrance of mini milk, separated by
predicted optimal fat shares based on estimated parameters in the period before the entrance
of mini milk. Note that the optimal fat share is the amount of fat per litre of milk the
household would prefer if there was no budget constraint and no prices. The fat-haters
(optimal fat share <1) have a volume share for skimmed milk close to 80 per cent. The share
of skimmed milk is declining with the optimal fat share. The opposite is the case for the
volume share for whole milk. The fat-lovers (optimal fat share > 35) have an almost equal
share of whole milk and semi-skimmed milk. This might be due to prices since this group of

households is found to be rather price elastic.
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Figure 23 Predicted optimal fat share compared with actual purchases of milk in October 2000
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Figure 24 shows actual volume shares of different types of milk in October 2001 ten months
after the entrance of mini milk separated by predicted optimal fat share based on parameters
estimated in the period before the entrance of mini milk i.e. predicted optimal fat share is
based on estimations in the period before, while actual consumption is calculated in the period
after. Generally, the volume share for mini milk lies between 10-20 per cent for all
consumers. This indicates a period where most households try the new type of milk, perhaps
initiated by heavy marketing strategies. Mini milk is still rather expensive compared to other
types of milk. Apart from the small share of mini milk among all types of consumers the

consumption is not very different from consumption illustrated in Figure 23.

Figure 24 Predicted optimal fat share compared with actual purchases of milk in October 2001
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Figure 25 shows predicted optimal fat share based on estimated parameters in the period

before the entrance of mini milk and actual purchase of milk in October 2004. This means
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that we are four years out of the estimation period. At this point mini milk has gained an
almost stable volume share and prices have declined to a reasonable level. We expect mini
milk to increase its volume share especially for those with an optimal share of fat between 1
and 15 grams per litre. This is also what happens, but the volume share is also increasing for
the fat-haters (optimal fat share > 35). But generally predictions are not out of proportions
compared to the estimated optimal fat share in October 2000, i.e. the characteristics model

appears to be suitable to describe the milk market.

Figure 25 Predicted optimal fat share compared with actual purchases of milk in October 2004
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But predictions get worse as the prediction period gets further away from the estimation
period, due to exogenous shocks and thereby lost information in the estimations. The last
Figure 26 therefore shows actual purchased volume shares in October 2004 separated by
predicted optimal fat shares based on parameters estimated on data from the whole period
both before and after the entrance of mini milk. This picture is more in accordance with
expectations since the largest share of mini milk is consumed among the low to moderate fat
consumers (1-15 grams of fat per litre) and have gained some market share from the
households with a high optimal fat share. It is interesting that that the share of mini milk is so
high in the group of very low fat consumers (those that prefer a fat share <1 gram per litre of
milk). This might be caused by the extremely low relative price of mini milk as compared to

skimmed milk, as it is seen from Figure 14.
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Figure 26 Predicted optimal fat share in October 2004 compared with actual purchases of milk
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From this we conclude that the structural characteristics model does a fair job of predicting

who will buy the new mini milk.

Valuation of fat over time and for various social and demographic groups

The optimal fat share shows the type of milk that the households would buy if there were no
prices and no budget. Especially in marketing strategies, but also in the design of public
campaigns with the aim of decreasing the intake of saturated fat it is useful to know the socio-
demographic characteristics of the target groups. This subsection shows differences in optimal
fat share for different types of households and changes over time. Table 2 shows the
percentage of households with various combinations of optimal fat and optimal milkiness
values. Households with a negative optimal fat value and a negative optimal milkiness value
ought not to be buying milk. There are only a few of these (between 2.4 and 3.7 per cent of
the panel). They are deleted from the figures below. A little more than four fifths of the panel
have a positive optimal value of both fat and milkiness. Most households have a positive
optimal fat share. A negative optimal fat share implies that the households would prefer milk
with no fat and they think of the fat that comes along with the milkiness in a litre of milk as a

nuisance. Those with a positive optimal fat share regard fat as a good to some extent.
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Table 2 Percentage of the households with different combinations of optimal fat, milkiness and fat share

Optimal fat < 0 Optimal fat> 0 Optimal fat share *
Optimal milk Negative Positive Negative Positive Negative Positive
1997 3.7% 8.1% 5.2% 83.0% 8.9% 91.1%
1998 3.2% 7.7% 6.2% 83.0% 8.5% 91.5%
1999 3.0% 6.1% 6.3% 84.6% 6.7% 93.3%
2000 2.6% 6.5% 6.8% 84.1% 7.2% 92.8%
2001 3.7% 14.5% 6.3% 75.5% 16.1% 83.9%
2002 2.6% 7.9% 7.5% 81.9% 8.8% 91.2%
2003 2.4% 9.1% 8.5% 80.1% 10.2% 89.8%
2004 2.5% 9.7% 7.6% 80.3% 10.8% 89.2%

* The optimal fat share (optimal fat share = optimal fat/optimal milkiness) is only calculated for households with a
positive valuation of milkiness

Figure 27 shows the change over time for the density function over optimal fat shares for
households that are in the panel the whole period from 1998 to 2003 (this gives in total 447
households). The distribution is calculated as a kernel regression with Gaussian kernel (see
e.g. Blundell and Duncan, 1998). The figures show clearly how the optimal fat share declines
over time. To the left and the right of the grey lines in the figure are the areas where it is not
possible to reveal preferences i.e. households will have to buy milk with a smaller or larger fat

content than actually preferred.

Figure 27 The density function for the optimal fat share over time
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Figure 28 and Figure 29 show the optimal milkiness consumption together with optimal fat
share. The milkiness haters are left out of the figures due to the definition of the optimal fat
share. All columns in the figure sum to one. Many households, 40 per cent of the panel, have
a moderate optimal milkiness consumption and a moderate to high optimal fat share (optimal
fat between 5 to 35 grams of fat per litre) in 2004. The fat-haters (optimal fat share less than

1) are represented in each group of milkiness attitudes while the fat-lovers (optimal fat share
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35 or above) are concentrated among those who prefer a low milkiness consumption. There
are no fat-lovers who prefer a high weekly consumption of milkiness. The change in
preferences towards milk with lower fat share is clear when comparing the combinations of
optimal milkiness consumption and optimal fat share in 1997 (Figure 28) with 2004 (Figure
29).

Figure 28 Distribution of the panel over different optimal fat share and milkiness in 1997
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Figure 29 Distribution of the panel over different optimal fat share and milkiness in 2004
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Figure 30 shows the optimal fat share for households with different level of education. There

1s not much difference between households with no or vocational education, while households
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with a longer or medium further education' prefer a lower fat content. Households with a

short education show a distribution with two bulks, one around 12 and another around 32
grams of fat per litre of milk.

Figure 30 Distribution of optimal fat share for households in different educational groups, 1997
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Figure 31 shows the distribution over fat share for a combination of education and age, note
that the educational definitions here are slightly different, namely divided into either practical
or no education versus theoretical education. For each of the age groups the theoretically

educated prefer milk with lower fat content.

Figure 31 Distribution of fat share for a combination of education and age, 1997

0-31-4
i em— < 45, No or practical (n=195)
0.12 < 45, academic (n=102)
> 45, No or practical (n=558)
0.1+ NN\ | e > 45, academic (n=166)
2 0.08
]
c
()
[a) 0.06 -
0.04 -
/ 7
——
‘ 0 ‘ ‘ ‘ ‘
-20 -10 0 10 20 30 40

Optimal fat share

" For a detailed description of the educational groups see chapter 2 in Smed (2008).
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Figure 32 shows the change in the cumulative distribution over optimal fat share for
combinations of age and educational groups. For older households (45 years or above) there is
a larger difference between educational groups than for younger (below 45). The change from
1997 to 2004 seems to be equally large for practical or theoretically educated younger house-
holds while the practical or no educated older decrease their optimal fat share more than the

theoretically educated older.

Figure 32 Change in CDF of optimal fat share for combinations of age and education
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Finally, Figure 33 shows the distribution over optimal fat share in 2004 for combinations of
BMI'® and education. Again, the theoretically educated households have a lower optimal fat
share than households with no or practical education, but interestingly it seems like obese
individuals prefer a lower optimal fat share than those with normal weight. This might

indicate that the consumption of milk is an area where it is rather convenient to save calories.

16 Questions of height and weight for each individual in the household are only posed in 2004. BMI is calculated
as: BMI = weight (kg )/( height (m))2 . Overweight is then defined as a BMI above 25, but below 30, while
obesity is defined as having a BMI above 30.
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Figure 33 Distribution of optimal fat share for combinations of BMI and education
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Political implications — who can be affected by prices and information

It is of great interest to investigate the size and sign of the price elasticity, the trend and the
information parameter for households with different optimal fat share. Is it the fat-lovers who
decrease their consumption of fat according to information or over time or are they more
sensitive to price changes or both? In the following figures the panel is divided into groups
according to their optimal fat share and their trend and information parameters are compared
together with own price elasticities for fat. A negative trend parameter indicates that the
optimal amount of fat in grams per week per person or the optimal fat share decline over time,
while a negative information parameter indicates that households decrease their optimal fat
share according to the incoming information about the relation between fat consumption and
health. On average, 57 per cent of the households have a negative trend parameter. Figure 34
shows the share of households with negative and positive trends, respectively, separated by
optimal fat share (the columns within each group sum to 1). In general, households that like
fat (the fat lovers who prefer an optimal fat share > 35) have a larger tendency to have a
negative trend for fat, while households that do not like fat (optimal fat share < 5) have a
larger tendency to have a positive trend than the average. Most households with a moderate

fat share do not change consumption (the trend parameter is around zero).
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Figure 34 Optimal fat share and the trend parameter in 1997
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Most households have an information parameter just around zero. A positive and significant
reaction to information gives no meaning in the current model. Of great interest is the 11 per
cent of the panel having a large reaction to information (defined as having an information
parameter below -0.0005). One fourth of these are fat-haters (optimal fat share < 0 grams per
litre) while one third are high fat consumers (optimal fat share =15-35 grams per litre) and
another fourth are fat-lovers (> 35 grams of fat per litre). Figure 35 shows the sign of the
information parameter separated by optimal fat share (columns within each group sum to 1).
The figure shows clearly that those who react to information are either the fat-lovers or fat-

haters. Those who reacts the least are moderate to high fat consumers.

Figure 35 Optimal fat share and the sign of the information parameter in 1997
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Figure 36 shows the price elasticity separated by optimal fat share (columns in each group
sum to one). Most households have a negative own price elasticity for fat (17 per cent have an
own price elasticity of 0 or with wrong sign). As much as 45 per cent are rather price elastic
with an own price elasticity below -0.2. This figure clearly shows that fat-haters (optimal fat
share below 0) and low fat consumers (optimal fat share between 0 and 5) are not very price
elastic, while the fat-lovers (optimal fat share at 35 or above) and the moderate to high fat
consumers (optimal fat share at 5-35 grams per litre) are rather price elastic. That the fat-
haters are price inelastic seems natural as these households are on the edge of the
consumption set, and the closest they can come to having their preferences fulfilled is to
consume skimmed milk. The prices of the other types of milk would have to change radically
to make these types of milk attractive to the fat-haters. More interestingly is it that the fat-
lovers, who are also on the edge, but in the other end of the possible consumption set, are

rather influenced by prices.

Figure 36 Optimal fat share and mean own price elasticity in 1997
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4.8. Conclusion and discussion

The market for milk is suitable for economic analysis since almost all Danish households
purchase milk and the characteristics inherent in milk are well defined. During our data period
there has been a significant decrease in the consumption of fat from milk without any
particular decrease in the total consumption of milk. This decrease has been due to both
changing preferences for fat and the entrance of a new low-fat variety of milk. In this paper,

the demand for fat in milk has been analysed in a structural characteristics model for milk.
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Estimating a structural model makes it possible to separate preference for milk from the
influence of prices, trends and information. The analysis state that a model with measurement
errors performs better than a model with random parameters in the utility function. The
entrance of a new type of milk with the same characteristics as existing products on the
market, but in new proportions, makes us capable of testing whether the characteristics model
is appropriate to analyse the market for milk. If the model is correct the households with an
optimal fat share between 1 and 15 are those that will be the target groups for this type of
milk since mini milk has a fat content at 5 grams per litre. This is true to a large extent. Those
with the largest volume share of mini milk are the low to moderate fat consumers. This
implies that the characteristics model is considered to be appropriate to describe the market

for milk.

Over time consumers seem to prefer milk with less fat. This change seems to be due to both a
general trend and for some consumers also the influence of information. In 1997 households
with small children preferred milk with a higher fat share than other types of households, in
2004 this had changed, presumably because children below the age of 3 now were recom-
mended to drink semi-skimmed milk instead of whole milk. Higher educated households
prefer milk with a lower fat content than lower educated, but for households where the head
of the family is above 45 this difference seems to disappear over time. Interestingly, there are
no large differences between weight groups and preferences for milk. It even seems like obese
and overweight have preferences for milk with a lower fat content than normal weight
individuals. Both among those who consume milk in moderate and in low amounts there has
been a decrease in the preferred optimal fat share. The majority of the fat-haters (those with
an optimal fat share below 0) have a positive trend in the optimal fat consumption while most
fat-lovers (optimal fat share above 35) have a large negative trend for fat. This indicates that
households that prefer milk with a high fat content decrease their consumption of fat more
than other types of households. Most households that prefer milk with a high fat content are
moderate milk consumers (i.e. prefer less than 1 litre a week). It is therefore important to take
the amount of milk consumed into account when predicting the changes in total amount of fat

consumed, not only the share of fat.

In order to plan, design and implement political interventions with the aim of changing con-
sumers’ preferences for fat it is of major importance to know how to reach the target groups.
Most households do not react to information, but among those who do, there is an over-

representation of fat-lovers and the fat-haters. Information might therefore be one way to
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reach households that prefer milk with a high fat content. However, using information to
change consumption might also influence the fat-haters. It is therefore important to consider
what happens if the fat-haters get lower preferences for fat. Price policy might be a more
effective way to reach high fat consumers since most households have a negative own price
elasticity for fat. Households that prefer milk with a fat content lower than 5 grams per litre
are mostly price inelastic so the price instrument will not influence the fat-haters to the same
extent as will information. The price instrument will reach a broader group of households
since also moderate fat consumers are rather price sensitive. This is of great importance since
there is a larger share of high milk consumers to be found among the moderate fat consumers.
Introducing new products on the market might also be a route to having consumers decrease
their consumption of fat from milk. This might be important since on average 5.7 per cent of
total saturated fat consumption comes from milk. If this is decreased by two thirds due to a
change from semi-skimmed milk to mini milk this will have significant influence on total fat
consumption. Another consequence of new products on the market might be that often new
products are accompanied by a huge amount of advertising. This was also the case when the
mini milk entered the market. How this advertising influences preferences might be a route

for further research.
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Appendix A: Derivation of demand function given quadratic utility

Assume the utility function:

U (zt):(a+gt)' z,-0.5z/Bz,, 6~ N(0,%)

(41.1)

Where z is quantities of characteristics purchased. The number of characteristics is J, so the

dimension of z is Jx1. Let 7~ be the price of the characteristics. This leads to the

maximisation problem:
maxU (z
; ( )

s.t. X=7x'z

The Lagrange equation becomes:
L(z,2)=U(z)-A(7'z—x)

=—0.57'f1+( +g)’ z—-A(7'z—X)

and the first-order conditions become:

VL
—=—-fi+(a+¢e)-An=0
o, =~ Prr(ate)
V—L=7Z'Z—X=0
Vi

We would like to find the demand function, so we isolate z (A.4.), which leads to:

2=p"((a+¢)-Ax)

combining this with the budget restriction in (A.5) leads to:
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(41.2)

(41.3)

(41.4)

(41.5)

(41.6)



0= Z'(ﬂ"l((a+5)—/17z))—x
=7’ (a+e)-Axf ' T X
1} (41.7)
A= (ﬂ"ﬂ_lﬂ')_l (ﬂﬁ_l (a+¢e)- X)
-1
=2 B x| |2 p (a+e)-x
T E?T;T(ngl-—) vl
1x1 __lel_x_/
Inserting this in the first order conditions in (A.6)leads to:
z=p" ((a+8)—ﬂ,7r)
_ (41.8)
=B ((a +¢) —(ﬂ'/ﬁ_lﬂ') 1 (72';3_1 (a+¢&)- X)ﬂ')
Rearranging (A.8) leads to:
z2=p"(a+¢) —(,B'lﬂ(ﬁ’ﬂ"lﬁ)_l )(nﬁ_l (a+¢e)- X) (41.9)
with the dimensions:
-1
7 = “[am}— Bl xla px ﬂ'ﬂ_l(a+8j—x (41.10)
au Jé a3 o Ta\na gy T mon Gk o) m
Jx1 T JIx1
Jx1 Ixl Ix1
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Appendix B: Derivation of elasticities in the Tobit model

Fat:
The predicted demand for fat is given by:
22:a)1+a)21n('[)+a)3l+a)4&+a)5ﬁz1 (42.1)
I 4
If we remember that the relationship between milkiness, fat and the budget is:

X—=7,Z
7 = 2%2

X—rZ
] 7 = 141

, 7, (42.2)
T

7

we can calculate the demand for fat as a function of the budget instead of the milkiness:

2
7 T 7, X
Z,=| 5| o +o,n(t)+o,l +o, 2+, —=—
7l + o,

(42.3)
”l ﬂ-l 72.1
this can be translated into:
Z,= L h,,
% (42.4)
2 2 2 7T, T, X
f,=n), 0,=7+o7;,, h=0+o,n(t)+ol+o,2+0,—2>—
4 T
In general, the derivative of a function like z; is:
a(fhj 05,y e
9 )"y 9y, T (42.5)
oy g g oy
In order to calculate price and income elasticities we need the derivatives:
A NP SR P NP N
or, or, OX or, 7,
oh oh oh (42.6)
—2= a)4ﬂ—§—2a)5i3x, : _&erslz, —Z—a)sﬂ—;
or, I, T, or, T, OX 7T,
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Define

_ 2 2
D=7 + o,

42.7
Cza)1+a)21n(t)+a)3l+a)4ﬂ (42.7)
I

then the elasticities become:

f2
N N
4 \% Jm_ (—wﬂl% (C + o ﬂij +ﬂ(—w4 —20, ADE (42.8)

or, 2, or, 1, D? n, ) D 7, ))Z,

fZ
5 0| —+h, 5 7
Lm_ \% )7, :(—_ s 7 (C + o, @L]+%(w4 + o, inﬂ (42.9)

or, Z, or, 1, D? T, )]z,
B x_\% )X _omX (42.10)
oX Z, ox 1z, D gz

Milk:
From the equations (42.1) and (42.2) it is also possible to calculate z; as a function of the

budget:

Zl:(&J[—a)l—a)zln(t)—a%l—a)4&+LJ (42.11)

2 2
57Ty + 7T T, 7,

Checking that the cost of z; and z, ad up to the budget:

Remember that: C =, + o, In(t)+w,l +a)4ﬂ and D= p;+7,p;. Then (from (42.3) and
b2

(42.11)):
Z =(ﬂj(i—c}, Z, :(”—fj(c +a)5ﬂi] (42.12)
D )\~ D o,

and the price of the choices is
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2
L+ 7,1, =TT, (ﬂgz j(i—Cj+ﬂ2 (ﬂ—lJ[C + @, &LJ =X (42.13)
T, D

as desired.

In order to calculate the elasticities we reformulate z; in the same way as we reformulated z,
in (42.4):

f

z,=—1th,
: (42.14)
fi=mz, 9=x+ox, h=-0-0,nh(t)-ol —a)4&+i
T, T,
again we calculate the derivatives:
L A WUPSR: NP IPU:
or, or, OX or, or, OX (42.15)
N _,m e x 1 |
or, * !’ om, r, o X
and again this leads to a set of elasticities:
p a(fl hlj 3 2
an_ A% Jm |\ OMIAL| o X AT, BT (42.16)
or, 1, or, 1, D T, D 7))z,
a(fl hlj 2 2
o \G )m M iy X A O X T (42.17)
or, 1, or, D? 7, D\ »n =)z '
0 a[flhll
omx_\& )X _mX (42.18)
oX Z, ox 7, Dz
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