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Abstract

Many studies have examined the relationship between various individual variables and people’s
perceptions of genetically modified (GM) food. A problem with this type of research is that
contextual factors are completely ignored. This article explores the use of multi-level modelling
in the field of risk research, by re-analysing a recent British study of public perceptions of GM
food. As the study employed a multi-stage sampling strategy, it could be used to examine
simultaneously the individual and spatial variation in trust and the acceptability of GM food.
While the geographical variation in acceptability was largely due to compositional differences
between the sampling points, a geographical variation in trust remained after controlling for
individual differences. The analysis demonstrated that city-dwellers commonly have more trust in
the regulation of GM food than other respondents. Next to being associated with a number of
socio-demographic variables, both acceptability and trust were related strongly to voting
intention. Moreover, the results suggest that there is a link between vulnerable groups, feelings of
exclusion, and (dis)trust. The article is concluded by arguing that multi-level modelling provides
new opportunities for simultaneously examining the individual and contextual basis of public
perceptions of controversial risk issues.
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1. Introduction

Genetically modified (GM) food has become one of the most contentious risk issues in
Britain in recent years. Although GM food is currently a divisive risk issue, it has not
always elicited strong feelings. Surveys show that the general public felt relatively positive
about biotechnology during the late 1980s and early 1990s (see, e.g., Tait, 1988;
Zechendorf, 1994). The period between 1996 and 1999 can be seen as the watershed years
for modern biotechnology (Gaskell and Bauer, 2001). In this period, a number of
successive events dramatically changed public opinion. By the end of the decade public
opinion had turned strongly against GM food, and consumer and NGO pressure made
supermarkets remove GM products from their shelves (Simmons and Weldon, 2000).
Moreover, trust in the regulation of risks, especially in the area of food production, was at
an all-time low. Perhaps not surprisingly in the light of their previous experiences with
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various food scares, people have become increasingly suspicious about the ability of the
government to regulate a complex new food technology such as GM food. The GM
controversy shows that members of the general public have become key players in risk
controversies of the day. It is a clear reminder that public acceptance and trust in (risk)
regulation are of critical importance for the uptake of a new technology.

As consumers have become a decisive factor for policy making on the national as well as
the international level (Grabner et al., 2001), public attitudes towards (agricultural)
biotechnology were studied intensively during the 1990s. Accurate knowledge of the
factors influencing people’s perceptions is essential in order to be able to effectively
address fears and concerns expressed by the public (Siegrist, 2003). Most empirical studies
have focussed on individual factors underlying people’s perceptions of diverse applications
of biotechnology. Some studies have investigated the relationship between various socio-
demographic variables and attitudes towards GM food (see, e.g., Sparks et al., 1994;
Pardo et al., 2002; Siegrist, 2003), while others have pointed to the importance of perceived
risks and benefits (e.g., Sparks et al., 1994; Frewer et al., 1997), ethical considerations (e.g.,
Hoban et al., 1992; Wagner et al., 1997), trust (e.g., Siegrist, 1999), knowledge (e.g.,
Durant et al., 1998; Hampel et al., 2000), and people’s wider views on science and
technology (e.g., Midden er al., 2002; Siegrist, 2003). Although these studies have
contributed to a better understanding of the individual basis of public perceptions of this
controversial risk case, quantitative risk perception research tends to ignore contextual
factors. That is, the studied relationships are assumed to be the same, irrespective of
differences in the wider (social) context.

Although it is now widely recognised that social, cultural, and institutional factors play
an important role in the shaping of public attitudes, it has until recently been difficult to
study contextual factors quantitatively in conjunction with individual variables. Standard
statistical techniques, such as regression analysis or analysis of variance (ANOVA), only
allow the inclusion of variables at one level. One possible solution is to use dummy
variables representing specific contextual settings. However, this is a highly inefficient
solution, especially when large numbers of observations are involved (Jones and
Jorgerson, 2003). Recent developments in statistical modelling provide new opportunities
for studying the connection between individuals and contextual settings. These types of
models are differently known as hierarchical linear models (Bryk and Raudenbush, 1992),
random coefficient models (Longford, 1993), or multilevel models (Goldstein, 2003). A great
advantage of multilevel models is that they make it possible to move from a purely
individualistic to a more comprehensive analysis of complex social issues.

There are various reasons for applying multi-level models instead of standard statistical
techniques. Ignoring the multi-level or hierarchical nature of data may have implications
for the validity of statistical inferences. For example, it is common practice to disaggregate
higher-level variables to the lowest (usually individual) level of analysis. This approach
may be problematic, because conventional statistical techniques (such as regression
analysis or ANOVA) assume independence of observations. When the assumption of
independence is not met, as is the case with clustered or hierarchical data, they will
underestimate standard errors, which will lead to inflated confidence intervals (see, e.g.,
Hox, 1989). This means that one may find significant results when they are not actually
there. Another problem with standard statistical techniques emerges when someone wants
to compare different contextual settings (e.g., country, region, or community). In many
cases the different (geographical) settings are compared by simply aggregating individual
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responses to the higher level of analysis. However, differences between settings do not
necessarily reflect a contextual effect. They may also be due to compositional differences
(Duncan et al., 1998). That is, variation between the different settings may well arise from
the fact that they are composed of different (types of) people. Fitting a multi-level model
circumvents the problems mentioned here. Multi-level modelling makes it possible to
examine factors at the appropriate level of analysis. Furthermore, by explicitly recognising
the hierarchical nature of a dataset, it provides more accurate and efficient estimates of
model parameters (Goldstein, 2003).

While multi-level modelling has almost become synonymous with multilevel regression
analysis, it actually has a variety of possible applications. For example, hierarchically
structured data also occurs when individuals are measured on more than one occasion.
Repeated measures can be considered as multilevel data, as (measurement) occasions are
clustered within individuals (Goldstein, 2003). Closely related are so-called event history
models. In this type of model periods are nested within individuals. Applying multi-level
modelling to this data enables to simultaneously study individual and time-dependent
factors. Similarly, hierarchical data occurs when different measurements are made for each
individual. An example of a multivariate response model is given by Langford et al. (1999),
who examined simultancously people’s responses to various psychometric attributes at the
individual and risk level. For a more complete overview of different applications of multi-
level modelling, see, e.g., Hox (1995), Snijders and Bosker (1999), or Goldstein (2003).

Traditionally, multi-level research has mainly been used in educational research (Nuttal
et al., 1989; Goldstein et al., 1993) and epidemiology (Langford and Bentham, 1996;
Duncan et al., 1998; Leyland and Goldstein, 2001; Haynes et al., 2003). These research
fields deal routinely with datasets that have an evident hierarchical character (Hox, 1989).
For example, students typically are clustered in classes within school, which themselves
may be nested in educational authorities or boards, whilst patients with a particular
disease are usually treated by different consultants in different hospitals. However, also
other research fields deal with issues that have a multilevel or hierarchical character, and in
recent years multi-level modelling is slowly finding its way to other research communities,
such as organisational research (Griffin et al., 2001), environmental psychology (Guerin et
al., 2001; Regoeczi, 2003), and risk research (Langford ez al., 1999; Allum et al., 2002).

This article explores the use of multi-level modelling in the field of risk research by re-
analyzing a recent British dataset on public perceptions of GM food. More specifically,
the dataset is used to examine the individual and spatial variation in trust in and the
acceptability of GM food. The following section gives a more detailed description of the
study methodology, the resulting hierarchical nature of the collected data, and the specific
multilevel regression model that is used to examine public perceptions of GM food.

2. Method

2.1. PROCEDURE AND RESPONDENTS

Data for this study were collected between 19 July and 12 September 2003. The study was
designed to gauge public attitudes to GM food in general, as well as to evaluate a national
public debate on the commercialisation of agricultural biotechnology occurring during the
summer of 2003 (Horlick-Jones et al., 2004; Poortinga and Pidgeon, 2004). The survey was
administered in Britain by market research company MORI. A national quota sample of
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1363 people aged 15 years and older was interviewed face-to-face in their own homes. The
overall sample consisted of a core British sample of 1017 interviews, and two booster
samples in Scotland and Wales of 151 and 195 interviews, respectively. The survey was run
in 116 sampling points, which were randomly selected with a probability proportional to
the size of their population. Interviewers approached addresses within the sampling points
until they reached the quotas for gender, age, and work status. The quotas reflected the
actual profile of each sampling point. A maximum of one interview per address was
conducted. The booster samples were conducted in order to be able to compare public
perceptions of GM food between England, Scotland, and Wales. Fifty-one percent of the
sample was female and 49% was male. Thirty-four percent of the respondents were
between 15 and 34 years old, 34% were aged between 35 and 54, and 32% were aged 55 or
over (for more details, see Poortinga and Pidgeon, 2004).

2.2.  THE MULTILEVEL REPRESSION MODEL

The previous section described the multi-stage sampling strategy that was utilised to
collect the data for this study. As a result of this non-random sampling method the dataset
has a clear multi-level structure: a sample from the higher level (sampling points) was
followed by a sample from the lower level (individuals). The sampling points themselves
are located in the three British countries (see Fig. 1). Although such a multi-stage sampling
strategy is generally more economic than a random population sample, the hierarchical
nature of the generated data should not be ignored. The assumption of independence may
not be met as a result of geographical clustering. Although there may be some statistical
problems associated with multi-stage sampling, it also provides new research opportu-
nities. The geographical clustering of this dataset can be exploited to say something about
the spatial variation in responses.

y,‘jNN(XB, 0'2)

Vii = Po+ B1x15+ Prxzj +ui+ej
u;~N (0, ;)
ej~N(0, a7)

A simple two-level random-coefficient regression model was constructed to analyse the
data (see Equation 1), utilising the MLwiN multi-level software package (Rasbash ef al.,
2002).! The model consists of j sampling points (level 2), with i respondents (level 1). A
multi-level model is made up of a fixed part and a random part. The fixed part of the
equation (fy, f;, and f3,) represents the mean regression line of the model. The random
part is where the difference can be found with the conventional regression model. That is,
the (random-coefficient) model allows the intercept to vary between the different sampling
points. So next to a unique individual (level-1) contribution (which in a normal regression
analysis is treated as unexplained variance), there is a separate level-2 contribution, which
is common to all individuals in a particular sampling point. Both the sampling point

!'The multilevel model described here may be extended to a more complex one that also allows the slopes of the
regression lines to vary. This type of multi-level model that is known as a random slope model will not be discussed
here.
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Fig. 1. The multilevel structure of respondents clustered in sampling points that themselves are
nested in three British countries.

residual (#;) and the individual residual (e;) are random quantities whose means are zero
and are assumed to follow a normal distribution. Their variances can be estimated by o7,
and ¢°,, respectively. The multi-level regression model can be used to investigate whether
the multi-staged sampling strategy creates a design effect. A design effect exists when a
significant part of the overall variation can be found at the sampling-point level, and is
also known as the intra-class correlation. The intra-class correlation gives an indication of
the similarity of the observations within the different sampling points. As the individual
and sampling-point contributions are separated, the model can be used to simultaneously
examine the relationship between various individual and sampling-point variables on the
one hand, and the response variable on the other. Equation 1 shows the situation with one
individual (x;;) and one sampling-point (x,;) explanatory variable. A more elaborate
(statistical) discussion of the multi-level methodology can be found in, e.g., Hox (1995),
Snijders and Bosker (1999), and Goldstein (2003).

2.3. DEPENDENT VARIABLES

The dataset was used to fit two multi-level regression models. The dependent variable of
the first model was the acceptability of GM food. Acceptability of GM Food was measured
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with two items. First, respondents were asked to indicate the extent to which they thought
that GM food is acceptable on a scale ranging from 1: “very unacceptable”, to 5: “very
acceptable”. Second, they were asked to weigh the risks and benefits of GM food on a 5-
point scale with the following response options: 1: “the risks far outweigh the benefits”, 2:
“the risks slightly outweigh the benefits”, 3: “the risks and the benefits are about the
same”, 4: “the benefits slightly outweigh the risks”, 5: “the benefits far outweigh the
risks”. The two items had a high internal consistency (Cronbach’s «=0.84), and were used
to construct a single acceptability scale. The dependent variable of the second model was
trust in risk regulation. Trust in risk regulation was measured with the items “I feel
confident that the British government adequately regulates GM food” and “I am
confident that the development of GM Crops is being carefully regulated”. Both
statements were answered on a 5-point scale from 1: “totally disagree” to 5: “totally
agree”. The reliability of the two items was sufficient to construct a single trust in risk
regulation scale (Cronbach’s «=0.69). Both the acceptability scale (M=2.58; SD=1.10,
Skewness=0.05; Kurtosis=—0.87) and the trust in risk regulation scale (M=2.63;
SD=0.98, Skewness=0.05; Kurtosis=—0.74) were assumed to have a normal distribution
(see Equation 1).

2.4. INDEPENDENT VARIABLES

Various socio-demographic variables were used in the two analyses: gender (female, male),
age (15-34, 35-54, 55+), level of income (low, average, and high income, and refused
income)?, level of education (no formal education, GCSE: General Certificate of
Secondary Education, NVQ: National Vocational Qualification, A level: Advanced
Level secondary education/ high school education, University degree or higher), social
class (AB: professional, managerial, and technical occupations, Cl: non-manual skilled
occupations, C2: manual skilled occupations, DE: unskilled and partly-skilled occupa-
tions), ethnicity (white, Asian, other ethnicity), household composition (children, no
children), and employment status (unemployed versus not unemployed). Other level-1
explanatory variables included people’s voting intention (Labour, Conservative, Liberal
Democrats, the Green Party, other, and “will not vote”)?, and feelings of exclusion (less
say versus not less say)*.

Two explanatory variables were included at the sampling-point level. The first was ‘area
type’, reflecting whether the sample was taken in a city, suburb, or the countryside’.
Second, two separate dummy variables were created to represent the British countries

2 Low: <£11,500 gross per annum, Average: £11,500 to £30,000, high: =£30,000. Thirty-six percent of the sample
refused to give their income. This group was included as a separate category.

3 People were asked: “How would you vote if there were a general election tomorrow?”.

4People were asked to finish the question “In general, compared to other people in your local community, do you
feel that on national issues you have ...”. They could choose between “more say than them”, “less say than
them”, and “no difference”. In this study the respondents choosing “less say to them’ were compared to the other
responses.

3> People were asked: “Which of these best describe the area where you live most of the time”. The response
categories were: “In the middle of a town or city”’, “In a suburb”, “on the edge of the countryside”, and “In the
middle of the countryside”. The latter two were collapsed into one category. Sampling points with more than 50%
responses in one of the three categories were characterised as “city”, “suburb”, or “countryside”. The area type
of nine sampling points could not be ascertained in this way.



Public perceptions of genetically modified food 589

Scotland and Wales, with England as the reference group. Note that the countries are not
modelled as a separate level (cf., Fig. 1) because there are not enough observations.

3. Results

Table 1 and Table 2 show the fixed and random parameters of the first acceptability model,
respectively. The fixed part of the model can be interpreted as a normal regression
analysis. Table1 presents the unstandardised regression coefficients and the standard
errors of the level-1 and level-2 predictors of the final model. The acceptability of GM
food varied across a number of socio-demographic groups. Male respondents found
GM food more acceptable than female respondents. Respondents aged 55 and over found
GM food less acceptable than the reference group of respondent aged between 15 and 34.
Moreover, people with a first or higher degree (“degree or higher”) found GM food less
acceptable than people with a different level of education. The results also show that there
was a strong link between people’s voting intention and their views on the acceptability of
GM food. It appeared that people who had the intention to vote Labour were more in
favour, while people with the intention to vote for the Green Party were less in favour of
GM food. The model also suggests that income, social class, and ethnicity, as well as
feelings of exclusion, household composition, and work status are unrelated to the
acceptability of GM food. Moreover, no relationship was found between the level-2
variables (i.e., area type and country) and the acceptability of GM food.

Table 2 shows that there is significant variation in the acceptability of GM food at both
the individual and the sampling point level when no predictors are included (the null
model). Although the acceptability of GM food varied significantly across the different
sampling points, it represented only a small proportion (7%) of the total variance (0.089/
(0.089+1.172)). The intra-class correlation could be largely attributed to differences in the
(socio-demographic) composition of the different sampling points. Adding the individual
(level 1) variables to the model reduced the intra-class correlation to 0.05. Table 2 shows
that the variation between the sampling points is substantially reduced, especially in
comparison to its standard error. Although no specific relationships were found between
the level-2 variables and the acceptability of GM food, they rendered the remaining
variance at the sampling-point level non-significant.

Trust in the regulation of GM food was modelled using the same predictors as the
acceptability model. Table 3 and Table4 present the fixed and random parts of the trust
model, respectively. Table3 gives the unstandardised regression coefficients and the
standard errors of the level 1 and level 2 predictors of the final model. It appeared that
respondents aged between 35 and 54 as well as respondents of 55 years and older have less
trust in the regulation of GM food than the reference group of respondents aged between
15 and 34. The table also shows that people with a low income generally have less trust in
risk regulation than people with an average income. Trust in risk regulation is, like the
acceptability of GM food, strongly related to voting intention. Whereas the intention to
vote Labour is associated with higher levels of trust, the intention to vote for the Green
Party is associated with lower levels of trust in the regulation of GM food. Moreover,
people who feel excluded (i.e., people who feel that they have less say about national issues
than other people) tended to have less trust in the regulation of GM food. The analysis
also shows that gender, education, social class, ethnicity, household status, and work
status were not related to trust in the regulation of GM food. Trust was related to the type
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Table 1. Fixed parameters of the acceptability model.

Fixed Parameters B SE V4
Intercept 2.83 0.17 <.001

Level 1 variables
Gender (Female)
Male +0.30 0.08 <.001

Age (Age 15-34)

Age 35-54 —0.16 0.10

Age 55+ -0.26 0.12 <.05
Income (Average)

Low income -0.13 0.12

High income —0.12 0.10

Refused income —0.11 0.12

Education (GCSE)

No formal education —0.13 0.12
NVQ/Vocational —0.03 0.14

A Level —0.11 0.12

Degree or higher —0.27 0.12 <.05
Social Class (AB)

Cl —0.06 0.11

C2 -0.22 0.13

DE -0.14 0.14

Ethnicity (White)

Asian -0.22 0.24

Other ethnicity —0.01 0.28

Voting Intention ( Other)

Labour +0.32 0.11 <.01
Conservatives +0.07 0.12

Liberal Democrats +0.07 0.13

Green Party -0.73 0.27 <.01
Will not vote +0.21 0.12

Feelings of Exclusion (Not less say)
Less say +0.03 0.11

Household Composition (No Children)
Children —0.01 0.09

Work Status ( Employed)
Unemployed —0.01 0.16




Public perceptions of genetically modified food 591

Table 1. (continued).
Fixed Parameters B SE P

Level 2 variables
Area (Suburb)

City +0.07 0.11
Countryside —0.01 0.10
Country (England)

Wales -0.12 0.12
Scotland —-0.10 0.12

Note: B=Regression coefficients; SE=Standard errors; Reference groups are given in brackets.

of area the sample was conducted in. People living in the middle of a city had in general
more trust in the regulation of GM food than people living in suburbs. English, Scottish,
and Welsh respondents did not differentially trust the regulation of GM food.

Table 4 shows that trust varied substantially across individuals and sampling points. It
appeared that there was a considerable design effect associated with trust in the regulation
of GM food, as about 13% of the total variance occurred at the sampling-point level
(0.121/(0.121+0.832)). Although the intra-class correlation was somewhat reduced after
adding the level-1 variables, a (highly) significant 10% of the overall variation could still be
attributed to differences between the sampling points. Even if adding the two level-2
variables further reduced the sampling-point variation, the spatial variation in trust
remained significant.

4. Conclusions

This article explored the use of multi-level modelling in the field of risk research. A recent
British study of public attitudes towards GM food was analyzed to illustrate how multi-
level modelling can be used to analyse hierarchical datasets. The data of this study had a
clear hierarchical structure, as respondents were clustered in a number of randomly
selected sampling points. Two multi-level regression models were constructed in order to
explore the individual and spatial variation in the acceptability of GM food and the
regulation of GM food, respectively.

This study demonstrated that the multi-stage sampling strategy, which is often used by
market research companies, could produce significant design-effects. The first model
showed that, without any explanatory variables, a significant but moderate proportion of
the variation in the acceptability of GM food could be found at the sampling-point level.

Table 2. Random parameters of the acceptability model.

Random Parameters o o
Null model 0.089 (0.028)** 1.172 (0.052)%%**
Level 1 variables 0.057 (0.027)* 1.075 (0.055)***
Level 2 variables 0.040 (0.025) 1.089 (0.058)***

Note: * p<.05; ** p<.01; *** p<.001; Standard errors are given in brackets.
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Table 3. Fixed parameters of the trust model.

Fixed Parameters B SE P
Intercept 2.66 0.15 <.001
Level 1 variables

Gender (Female)

Male +0.04 0.06

Age (Age 15-34)

Age 35-54 —0.22 0.08 <.01
Age 55+ —-0.30 0.10 <.01
Income (Average)

Low income —0.20 0.09 <.05
High income -0.02 0.09

Refused income —0.12 0.09

Education (GCSE)

No formal education —0.07 0.09
NVQ/Vocational -0.20 0.12

A Level —0.02 0.10

Degree or higher —0.10 0.10

Social Class (AB)

Cl —0.04 0.09

C2 —0.14 0.11

DE —0.03 0.11

Ethnicity (White)

Asian —0.05 0.21

Other ethnicity —0.02 0.22

Voting Intention (Other)

Labour +0.41 0.09 <.001
Conservatives -0.17 0.09

Liberal Democrats -0.17 0.11

Green Party —0.65 0.22 <.01
Will not vote +0.14 0.10

Feelings of Exclusion (Not less say)

Less say —0.16 0.08 <.05
Household Composition (No Children)

Children —0.02 0.08

Work Status ( Employed)

Unemployed —0.07 0.12
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Table 3. (continued).

Fixed Parameters B SE )4

Level 2 variables
Area (Suburb)

City +0.20 0.10 <.05
Countryside —0.08 0.09

Country (England)

Wales —0.15 0.11

Scotland —0.00 0.11

Note: B=Regression coefficients; SE=Standard errors; Reference groups are given in brackets.

However, the variation between sampling points could largely be attributed to
compositional differences. Controlling for the various level-1 variables substantially
reduced the variation between sampling points. These findings suggest that an ordinary
regression analysis would suffice for examining the determinants of the acceptability of
GM food at the individual level. As the intra-class correlation is small, the risk of type I
errors would only slightly increase (see, e.g., Hox, 1989). Similarly, a substantial
proportion of the variation in trust in the regulation of GM food could be found at the
sampling-point level. However, with regard to the trust the level-2 variation is not
caused by compositional differences. The variation between sampling points remained
after adding the individual variables to the model. These results can be interpreted in
a number of different ways. On the one hand, they show that there is a considerable
design effect associated with the sampling strategy of this study. Ignoring the multi-level
nature of this particular dataset could potentially lead to largely inflated alpha levels. As a
result, one could find spurious relationships with regard to trust in the regulation of GM
food. At the same time, the results show that (geographical) location is important for trust
in the regulation of GM food. In other words, people living in the same area are more
similar to one another than to (arbitrary) other people. The analysis demonstrated that
city-dwellers commonly have more trust in the regulation of GM food than other
respondents. The fact that the sampling-point variation in trust remained significant after
the inclusion of level-2 variables indicates that trust is also related to other unidentified
factors. Obviously, more research is needed to examine which factors contribute to the
spatial variation in trust.

This study also identified a number of interesting relationships between a number of
individual variables and people’s perceptions of GM food. As described before, multi-level
modelling is appropriate here, as especially the trust model had large intra-class

Table 4. Random parameters of the trust model.

Random Parameters (Trust) o’ o’
Null model 0.121 (0.027)*** 0.832 (0.035)***
Level 1 variables 0.083 (0.024)*** 0.760 (0.037)***
Level 2 variables 0.063 (0.021)** 0.753 (0.038)***

Note: ** p<.01; *** p<.001; Standard errors are given in brackets.
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correlations. As multi-level modelling takes the clustering of the data explicitly into
account, the analyses provide more accurate and conservative parameter estimates than
standard statistical techniques. This study demonstrates that women are less supportive of
GM food than are men. These findings are in line with other studies, which show that
women generally express higher levels of concern about technology and the environment
than do men (see, e.g., Davidson and Freudenburg, 1996). Moreover, this study indicates
that older respondents are less supportive of GM food than are younger respondents.
Similar relationships were found in a number of previous studies of public perceptions of
agricultural biotechnology (e.g., Sparks ez al., 1994). In contrast to earlier studies (e.g.,
Gaskell and Bauer, 2001), the present study found that people with a high level of
education (degree or higher) were more opposed to GM food than the other educational
groups. Like for acceptability, an age effect was found for trust in the regulation of GM
food. Older respondents generally had less trust in the regulation of GM food than did
younger ones. Respondents with a low income, as well as people who felt excluded from
political decision-making, have less trust in the regulation of GM food. Although it is not
clear whether this effect is specific to the GM food issue or whether it reflects a more
general pattern in distrust in government (cf., Poortinga and Pidgeon, 2003), this study
suggests that there is a link between vulnerable and/or marginalized groups, feelings of
exclusion and trust. As argued by Bickerstaff e al. (under review) spatial and structural
(social, economic, and political) distance to central policy-making is crucial for the
understanding people’s responses to risk and risk management practices. The lack of
effective political powers to influence decisions may express itself in distrust of the
decision-makers. The finding supports this idea that city dwellers (which in this study are
mainly from London) are generally more trusting than the other respondents. Perhaps in
contrast to this hypothesis, social class as well as ethnicity were unrelated to both trust and
acceptability. In the future, multi-level modelling could be used for a more comprehensive
analysis of vulnerable groups and communities, experienced exclusion, and people’s
responses to risk, trust, and involvement in decision-making. A further interesting result of
this study is that both acceptability and trust are related strongly to voting intention.
Labour voters find GM food more acceptable than other respondents and also trust the
(Labour) government more to regulate GM food, while voting for the Green party is
associated with greater opposition to and distrust in the regulation of GM food. While, as
mentioned earlier, these perceptions may reflect a more general attitude towards the
current (Labour) government, it also shows that GM food is a highly politicised issue.

In conclusion, this article has illustrated how multi-level modelling can be used in risk
research, by re-analyzing a recent British study of public perceptions of GM food. Even if
the study was not designed specifically for the purpose, it provided an opportunity to
examine individual differences and geographical variation in the perception data. This
study has demonstrated that multi-level modelling could be very useful for risk researchers
as well as policy makers. For example, the analysis not only showed in what way different
(groups of) people differ in their perceptions of GM food, it also shows where they are
concentrated. For example, city-dwellers commonly have more trust in the regulation of
GM food than other respondents. This suggests that, with respect to trust, more work
needs to be done in the suburbs and countryside than in the major cities.

While multi-level modelling is a powerful method for examining the individual and
contextual bases of public perceptions, it has only been used in a couple of risk studies
(Langford et al., 1999; Allum et al., 2002). Multi-level modelling may be particularly
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useful for examining risk controversies with a clear geographical component such as siting
issues, especially where risks are distributed unevenly across (geographically clustered)
social groups. However, the attraction of multi-level modelling lies in its generality and
flexibility, and is not restricted to spatial analyses. Context could also be seen in terms of
social, administrative, temporal, or institutional settings (Duncan et al., 1998). For
example, other useful applications would be in longitudinal or ‘tracking’ research, in order
to determine the importance of time-specific contextual variables (e.g., media coverage)
for the temporal variation in people’s perceptions. Moreover, multi-level modelling is not
limited to the simple two-level random coefficient model presented in this paper. Good
overviews of other applications and more complex designs are given by, e.g., Duncan et al.
(1998) and Leyland and Goldstein (2001). As a final caveat, multi-level models should be
applied carefully and thoughtfully, as they are not suitable for all research questions or
datasets. Certain datasets and/or research questions simply do not lend themselves for
multi-level modelling. This study showed that it is not needed in situations with little
structural complexity (Goldstein, 2003). Moreover, like any other research method, multi-
level modelling has its limitations (see, e.g., Duncan et al., 1998; Jones and Jergerson,
2003). However, provided that they are based on well-grounded theories and suitable
research designs, multi-level modelling offers new opportunities to study the complex
nature of public perceptions of a controversial risk issue such as GM food.

Acknowledgements

Work reported in this article was supported partly by the Programme on Understanding
Risk, funded by a grant of the Leverhulme Trust (RSK990021), and by two grants from
the Economic and Social Research Council, including a grant from the ESRC Science in
Society programme (L144250037). The author would also like to thank Charlotte Clark,
Andy Jones and Nick Pidgeon for their valuable help and advice.

References

Allum, N., Boy, D. and Bauer, M. W. (2002) European regions and the knowledge deficit model, in
M. W. Bauer and G. Gaskell (eds) Biotechnology. The Making of a Global Controversy,
Cambridge: Cambridge University Press.

Bickerstaff, K., Simmons, P. and Pidgeon, N. F., (under review), Situating risk: peripherality,
marginality and local experience in the UK foot and mouth disease crisis, Environment and
Planning A.

Bryk, A. S. and Raudenbush, S. W. (1992) Hierarchical Linear Models: Applications and Data
Analysis Methods, Newbury Park: Sage.

Davidson, D. J. and Freudenburg, W. R. (1996) Gender and environmental risk concerns. A review
and analysis of available research, Environment and Behavior 28(3), 302-39.

Duncan, C., Jones, K. and Moon, G. (1998) Context, composition and heterogeneity: using
multilevel models in health research, Social Science and Medicine 46(1), 97-117.

Durant, J., Bauer, M. W. and Gaskell, G. (eds). (1998) Biotechnology in the Public
Sphere: A European Source Book, London: Science Museum Publications.

Frewer, L. J., Howard, C. and Shepherd, R. (1997) Public concerns in the United Kingdom about
general and specific applications of genetic engineering: risk, benefit, and ethics, Science
Technology and Human Values 22(1), 98-124.



596 Poortinga

Gaskell, G. and Bauer, M. W. (eds). (2001) Biotechnology 1996-2000: The Years of Controversy,
London: Science Museum.

Goldstein, H., Rasbash, J., Yang, M. and Woodhouse, G. (1993) A multilevel analysis of school
examination results, Oxford Review of Education 19, 425-33.

Goldstein, H. (2003) Multilevel Statistical Models, (3rd edn.), London: Hodder Arnold.

Grabner, P., Hampel, J., Lindsey, N. and Torgersen, H. (2001) Biopolitical diversity: the challenge of
multilevel policy-making, in G. Gaskell and M. W. Bauer (eds) Biotechnology 1996-2000. The
Years of Controversy, London: Science Museum.

Griffin, M. A., Mathieu, J. E. and Jacobs, A. A. (2001) Perceptions of work contexts: disentangling
influences at multiple levels of analysis, Journal of Occupational and Organizational Psychology
74(5), 563-79.

Guerin, D., Crete, J. and Mercier, J. (2001) A multilevel analysis of the determinants of recycling
behavior in the European countries, Social Science Research 30, 195-218.

Hampel, J., Pfenning, U. and Peters, H. P. (2000) Attitudes towards genetic engineering, New
Genetics and Society 19(3), 233-49.

Haynes, R., Reading, R. and Gale, S. (2003) Household and neighbourhood risks for injury to 5-14
year old children, Social Science and Medicine 57, 625-36.

Hoban, T., Woodrum, E. and Czaja, R. (1992) Public opposition to genetic engineering, Rural
Sociology 57(4), 476-93.

Horlick-Jones, T., Walls, J., Rowe, G., Pidgeon, N. F., Poortinga, W. and O’Riordan, T. (2004)
A Deliberative Future? An Independent Evaluation of the GM Nation? Public Debate about the
Possible Commercialisation of Transgenic Crops in Britain, 2003, (Understanding Risk Working
Paper 04-02), Norwich: Centre for Environmental Risk.

Hox, J. J. (1989) Multilevel modeling: When and why?, in 1. Balderjahn, R. Mathar and M. Schader
(eds) Classification, Data Analysis, and Data Highways, New York: Springer Verlag.

Hox, J. J. (1995) Applied Multilevel Analysis, Amsterdam: TT publikaties.

Jones, A. P. and Jorgerson, S. H. (2003) The use of multilevel models for the prediction of road
accident outcomes, Accident Analysis and Prevention 35, 59-69.

Langford, 1. and Bentham, G. (1996) Regional variations in mortality-rates in England and Wales:
an analysis using multilevel modelling, Social Science and Medicine 42, 897-908.

Langford, 1., Marris, C., McDonald, A-L., Goldstein, H., Rasbash, J. and O’Riordan, T. (1999)
Simultaneous analysis of individual and aggregate responses in psychometric data using
multilevel modelling, Risk Analysis 19(4), 675-83.

Leyland, A. H. and Goldstein, H. (2001) Multilevel Modelling of Health Statistics Chichester: John
Wiley and Sons.

Longford, N. T. (1993) Random Coefficient Models, Oxford: Clarendon Press.

Midden, C., Boy, D., Einsiedel, E., Fjestad, B., Liakopoulos, M., Miller, J. D. and Wagner, W.
(2002) The structure of public perceptions, in M. W. Bauer and G. Gaskell (eds) Biotechnology.
The Making of a Global Controversy, Cambridge: Cambridge University Press.

Nuttal, D. L., Goldstein, H., Prosser, R. and Rasbash, J. (1989) Differential school effectiveness,
International Journal of Educational Research 13, 769-76.

Pardo, R., Midden, C. and Miller, J. D. (2002) Attitudes towards biotechnology in the European
Union, Journal of Biotechnology 98, 9-24.

Poortinga, W. and Pidgeon, N. F. (2003) Exploring the dimensionality of trust in risk regulation,
Risk Analysis 23(5), 961-72.

Poortinga, W. and Pidgeon, N. F. (2004) Public Perceptions of Genetically Modified Food and Crops,
and the GM Nation? Public Debate on the Commercialisation of Agricultural Biotechnology in the
UK, (Understanding Risk Working Paper 04-01), Norwich: Centre for Environmental Risk.

Rasbash, J., Browne, W., Goldstein, H., Yang, M., Plewis, 1., Healy, M., Woodhouse, G.,
Draper, D., Langford, 1. and Lewis, T. (2002) 4 User’s Guide to MLwiN, (Version 2.1d for use
with MLwiN 1.10), London: Institute of Education, University of London.



Public perceptions of genetically modified food 597

Regoeczi, W. C. (2003) When context matters: a multilevel analysis of household and
neighbourhood crowding on aggression and withdrawal, Journal of Environmental Psychology
23, 451-64.

Siegrist, M. (1999) A causal model explaining the perception and acceptance of gene technology,
Journal of Applied Social Psychology 29(10), 2093-2106.

Siegrist, M. (2003) Perceptions of gene technology, and food risks: results of a survey in Switzerland,
Journal of Risk Research 6(1), 45-60.

Simmons, P. and Weldon, S. (2000) The GM controversy in Britain: actors, arenas and institutional
change, Politeia 16(6), 53-67.

Snijders, T. A. B. and Bosker, R. J. (1999) Multilevel Analysis: An Introduction to Basic and Advanced
Multilevel Modeling, London: Sage.

Sparks, P., Shepherd, R. and Frewer, L. J. (1994) Gene technology, food production, and public
opinion. A UK study, Agriculture and Human Values 11(1), 19-28.

Tait, J. (1988) Public perception of biotechnology hazards, Journal of Chemical Technology and
Biotechnology 43(4), 363-72.

Wagner, W., Torgerson, H., Einsiedel, E., Jelsoe, E., Fredrickson, H., Lassen, J., Rusanen, T.,
Boy, D., de Cheveigné, S., Hampel, J., Stathopoulou, A., Allansdottir, A., Midden, C.,
Nielsen, T., Przestalski, A., Twardowski, T., Fjestad, B., Olsson, S., Olofsson, A., Gaskell, G.,
Durant, J., Bauer, M. W. and Liakopoulos, M. (1997) Europe ambivalent on biotechnology,
Nature 387(6636), 845-47.

Zechendorf, B. (1994) What the public thinks about biotechnology—better than synthetic food but
worse than organ-transplantation—a survey of opinion polls, Bio-Technology 12(9), 870-75.



Copyright of Journal of Risk Research is the property of Routledge, Ltd. and its content may not
be copied or emailed to multiple sites or posted to a listserv without the copyright holder's
express written permission. However, users may print, download, or email articles for individual
use.



