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Abstract

Objective: To explore the utility of cluster analysis in defining complex dietary
exposures, separately with two types of variables.

Design: A modified diet history method, combining a 7-day menu book and a 168-
item questionnaire, assessed dietary habits. A standardized questionnaire collected
information on sociodemographics, lifestyle and health history. Anthropometric
information was obtained through direct measurements. The dietary information was
collapsed into 43 generic food groups, and converted into variables indicating the per
cent contribution of specific food groups to total energy intake. Food patterns were
identified by the QUICK CLUSTER procedure in SPSS, in two separate analytical steps
using unstandardized and standardized (Z-scores) clustering variables.

Setting: The Malmo Diet and Cancer (MDC) Study, a prospective study in the third
largest city of Sweden, with baseline examinations from March 1991 to October 1996.
Subjects: A random sample of 2206 men and 3151 women from the MDC cohort
(n=28098).

Results: Both variable types produced conceptually well separated clusters, confirmed
with discriminant analysis. ‘Healthy’ and ‘less healthy’ food patterns were also
identified with both types of variables. However, nutrient intake differences across
clusters were greater, and the distribution of the number of individuals more even,
with the unstandardized variables. Logistic regression indicated higher risks of past
food habit change, underreporting of energy and higher body mass index (BMD for
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individuals falling into ‘healthy’ food pattern clusters. Standardization
Conclusions: The utility in discriminating dietary exposures appears greater for 7-scores
unstandardized food group variables. Future studies on diet and cancer need to Diet history
recognize the confounding factors associated with ‘healthy’ food patterns. Epidemiology

Foods are consumed in a number of combinations,
providing a range of nutrients and other dietary factors,
which interact in very complex ways. Credible hypotheses
have been formulated linking diet to cancer, either
through promotion of, or protection against, cancer
development'™. However, nutrition studies have diffi-
culties in separating the effects of individual nutrients,
because food sources often are the same for many
nutrients (e.g. for energy and fat, for different types of
fat and for plant food constituents) resulting in highly
correlated  variables®>. Strong correlations between
variables (multicolinearity) result in unstable relation-
ships, and may cause attenuation of diet—disease relations
if the variables are entered simultaneously into the same
model. Reviewers have pointed out that it is difficult both
on practical and theoretical grounds to isolate the specific
cancer-related biological activities of single nutrients or
chemicals in observational epidemiology studies, and that
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integrative approaches taking into account multiple
dietary factors are needed®*. Multivariate methodologies
to define patterns (like cluster or factor analysis) will turn
the colinearity of dietary variables into an analytical
advantage. Although these methodologies are available,
only a few studies have used them to examine the
combined effect of many dietary factors on chronic disease
risk 17,

Cluster analysis empirically identifies patterns in
complex data by grouping individuals with similar
characteristics'"'*, producing homogenous and non-
overlapping exposure categories. The major advantage
of this methodology is its simplicity and ease of
interpretation“. Since the emerging clusters are influ-
enced by the particular variables entered into the
clustering procedure'?, nutrition studies using clustering
variables of different units have commonly standardized
variables to a mean of zero and a standard deviation of one
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(i.e. Z-scores) ™3 Several studies have adopted a
nutrient density approach, and have defined dietary
variables as the per cent contribution of macronutrients
to total energy’, or of specific foods to the total amount of
energy consumed'®®™. Tt can be argued that nutrient
density variables are standardized and that no further
transformation is necessary. It is, however, not clear how
transformation of clustering variables affect the formation
of dietary patterns.

The main objective of this study was to identify food
patterns of total diet in an urban population using cluster
analysis, and to examine whether unstandardized per cent
energy food group variables and Z-scores of these
variables result in food pattern clusters of similar utility.
This paper examines: (i) the cluster analysis procedure
and emerging food patterns; (i) the differences across
food pattern clusters in total energy, macro- and micro-
nutrients and obesity indicators separately for each type of
variable, and as a measure of external validity the ratio
between total energy intake and basal metabolic rate;
and (ii) the stability of food patterns using discriminant
analysis. Finally, the study also examines the risk of
falling into each specific food pattern cluster in relation
to factors that potentially could distort diet—disease
relations in studies using self-reported dietary intakes.
The examined factors were past food habit change,
indicators of obesity and energy intake relative to basal
metabolic rate.

Methods

Population

The MDC Study, which is a population-based prospective
cohort study in the third largest city of Sweden'®,
conducted baseline examinations from March 1991 to
October 1996. All men aged 50-73 years and all women
aged 4573 years living in Malmo were invited to join the
study. A total of 28 098 individuals joined the study, either
spontaneously or after receiving a posted invitation.
During the period November 1991 to February 1994 a
random half of those joining the study (72=6103) were
invited to participate in a substudy on cardiovascular
disease and for an additional visit to donate fasting blood
(n=5533). Of these a total of 5357 individuals (2206 men
and 3151 women) also had complete dietary data and
constitute the study population examined in this paper.
The MDC cohort is very similar to the background
population, but the proportions of individuals with
higher education and of white collar workers in higher
positions are slightly higher. Current smokers and
individuals of non-Swedish origin are slightly less
common. This sub-sample (including only individuals
with complete dietary data) differs slightly from the MDC
cohort, with smaller proportions of males, white collar
workers in higher positions, divorcees and individuals of
non-Swedish origin.
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Data collection

All MDC participants visited the study centre twice. At
the first visit trained project staff provided groups of
participants with information on the background and aims
of the project, gave detailed instructions about the dietary
data collection procedure and study questionnaires, and
conducted direct anthropometric measurements. At the
second visit (approximately 2 weeks later) individual
interviews were conducted by trained dietary interviewers
to complete the diet history and to check the correctness
of completed questionnaires.

Study measures

Dietary data were collected through a modified diet
history method, specifically developed for the MDC
Study to assess total diet within an urban population®. A
7-day menu book collected information on cooked lunch
and dinner meals and cold beverages (including alcoholic
beverages), and a 168-item questionnaire was used to
obtain information on the frequencies of regularly
consumed foods, including hot beverages, cakes, sand-
wiches, edible fats, breakfast cereals, yoghurt, milk, fruits,
candies and snacks during the past year. The usual portion
sizes reported in the questionnaire were estimated by the
participant at home using a booklet with 48 black and
white photographs. A total of 13 diet assistants conducted
diet history interviews among the participants examined
in this paper. During the interviews the menu book and
questionnaire were carefully checked to make sure that
diet reports did not overlap. Also, the portion sizes
recorded in the menu book were estimated from a
separate, more extensive, book of photos. A continuous
in-service training programme, specific coding rules and
interactive computer software (Kostsvar, AIVO AB,
Stockholm) enabled standardized coding and entering of
dietary data, and facilitated homogeneity in data collection
across diet assistants. The specific food information was
converted to nutrient intake data by calculating average
individual daily intakes using the nutrient information
available in the MDC food and nutrient database. This
database, specifically developed for the MDC Study,
originates from the PC KOSTversion2/93 of the Swedish
National Food Administration. It contains information on
approximately 1600 basic foods derived from chemical
analyses at the Swedish National Food Administration, the
Swedish food industry or from other, mostly American,
sources.

The reproducibility and concurrent validity of the diet
history method has previously been examined in the
Malmo Food Study with 18 days of weighed food records
collected during 1 year as the reference®® . This
validation study included 241 Malmo residents (126 men
and 115 women) in the age range 50-69 years. The
method overestimated total energy by 18% at group level
compared to the reference method. The nutrient correla-
tions between the diet history and reference method were
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generally higher than those found in validation studies of
comparable dietary methods in other populations®.

The food group variables of this study were created to
express the per cent of total energy contributed by specific
food groups (‘density’), and to facilitate the distinction
between energy sources that are high, or low, in fat and
fibre. First, all available dietary information was converted
from grams consumed per day of the specific foods to
the per cent of total energy contributed by the specific
foods. Second, food variables were aggregated into 48
food groups. Third, food groups contributing negligible
amounts of energy with a high number of non-consumers
were identified and excluded from further analysis (e.g.
mineral water, spices and condiments, diet soft drinks,
vegetable juice, very high-fibre and high-sugar cereals).
The resulting 43 food group variables were used to define
food patterns in this data set.

The nutrient variables examined were: total energy
M), per cent contribution of macronutrients to non-
alcohol energy (%energy), total fat (g), the ratio of
polyunsaturated and saturated fatty acids (P/S), the ratio
of w-3 and w-6 fatty acids (w3/w6), alcohol (g), fibre (g),
ascorbic acid (mg), B-carotene (mg), folic acid (ug),
vitamin E (mg), iron (mg), calcium (mg), selenium (ug)
and zinc (mg).

Some diet assistants conducted interviews all through
the baseline examination period, while others worked
for shorter time periods. Although great care was taken
to allocate participants uniformly, it is possible that diet
assistants were not equally distributed over different
population subgroups, and that differences in interview-
ing experience could have influenced observed dietary
intakes. Diet assistant was therefore included as a
controlling variable in the final multivariate analysis.

By combining a questionnaire and a menu book the
dietary history of the MDC Study incorporates ‘current
diet’ aspects into assessment, and may therefore show
some seasonal variation in observed intakes. Therefore,
season of data collection was controlled for in the
multivariate analysis. A four-category variable delineating
the four seasons — winter (December—February), spring
(March—May), summery (June—August) and autumn
(September—November) — was defined by the date of
the dietary interview.

Information on age and gender was obtained through
the person-identification number. A standardized ques-
tionnaire collected information on a broad range of issues
related to demography, socioeconomics and lifestyle.
Information on past food habit change was based on the
questionnaire item: ‘Have you, because of ill health or
other reasons, substantially changed your food habits?’
with yes/no response categories.

Underreporting of energy is an ongoing controversy in
studies using self-report instruments to collect dietary
information in epidemiology studies**?. In order to
examine the prevalence of low energy reporting in this
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study the ratio between total energy intake (ED and basal
metabolic rate (BMR) was computed (i.e. EI/BMR) and
compared across food pattern clusters. The equations
recommended by WHO was used to compute BMR,
separately for men and women and the two age intervals:
30—60 years and above 60 years®. A ratio of 1.35 has been
suggested as the lower cut-off point for reasonable
habitual energy intakes?. The EI/BMR variable was
dichotomized (=<1.35 and >1.35) for multivariate analysis
examining the risk of falling into specific clusters.

The body mass index (kgm™), and the waist girth—bip
girth ratio (WHR) were calculated from direct measure-
ments of weight, height, waist and hip circumferences of
participants. Tertiles of the obesity indicator variables
were used for multivariate analysis examining the risk of
falling into specific clusters.

Statistical methods

All analyses used the SPSS statistical system?®’. Cluster
analysis was performed using the QUICK CLUSTER
procedure, which is a K-means method that uses the
Euclidean distances between observations to estimate
clusters empirically from the data set. If the clustering
variables have scales of very different ranges, the variables
with larger values will overwhelm those with smaller
values. Therefore standardization, or Z-score transforma-
tion, is often recommended to make the contribution of all
variables to the distance measure more comparable'*?’.
This study evaluated the outcome of cluster analysis when
using either: (i) unstandardized per cent energy food
variables; or (ii) Z-scores of per cent energy food variables
(i.e. transformed to have a mean of zero and a standard
deviation of one). The cluster analysis procedure was
therefore performed in two steps separately for each type
of food group variable.

When using the QUICK CLUSTER procedure the
number of clusters needs to be preselected. Since no
information was available on the appropriate number of
clusters in the data set, a series of steps were taken
separately for each variable type to select the most suitable
number. Firstly, several runs of cluster analysis were
conducted with a varying number of clusters (from two to
10). Secondly, the analysis of variance tables of each
analysis and the F-statistics of the food group variables
were inspected to identify cluster solutions with well
separated clusters. Thirdly, the size of the emerging
clusters and the differences in food consumptions across
individual clusters from each run was examined. With
both variable types the six cluster solutions produced
reasonably sized and well separated clusters with varied
consumptions of major food energy contributors, and was
therefore selected for further examinations.

The stability of the selected cluster solutions was tested
through discriminant analysis. The discriminant functions
that best distinguished subjects into six groups were
determined, separately for each variable type, with all 43
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Table 1 Energy contribution from food groups in clusters generated from unstandardized food group variables

91

Per cent energy Many foods and drinks Fibre bread Low fat and high fibre White bread Milk fat Sweets and cakes
from food groups (n=1508) (n=510) (n=814) (n=758) (n=675) (n=1092)
18.0-15.1 White bread Sweets
15.0-12.1 Fibre bread Bregott spread
12.0-9.1 Fruits, low-fat milk
9.0-6.1 Cheese, high-fat High-fat meats High-fat meats, Sweets, white bread, High-fat meats
meats sweets, low-fat high-fat meats
spread, low-fat meats
6.0-3.1 Cake/pastry, fruits, Sweets, fruits, low- Low-fat meats, high- Cheese, fruits, boiled Cheese, whole milk, White bread, fruits,
white bread, sweets, fat meats, low-fat fat meats, sweets, potatoes, cake/pastry, low-fat meats, cake/ cake/pastry, cheese,
low-fat meats, boiled spread, cheese, boiled vegetables, boiled low-fat milk, whole pastry, fruits, boiled low-fat meats, whole
potatoes, medium-fat potatoes, low-fat milk, potatoes, cake/pastry, milk, medium-fat potatoes, fibre bread milk, low-fat milk,
spread, low-fat milk, cake/pastry, fibre bread, white spread low-fat spread,
whole milk, low-fat vegetables bread, fibre crisp- boiled potatoes, fibre
spread, fibre bread bread, low-fat spread, bread
cereals, cheese
3.0-0.0 Vegetables, beer, White bread, whole Medium-fat spread, Vegetables, cereals, Low-fat milk, Medium-fat spread,

cereals, wine,
chocolates, fibre
crisp-bread, rice/
pasta, low-fat cake,
egg, high-fat fish,
low-fat fish, fried
potatoes, fruit juice,
soft drinks, ice-cream,
dressing, crackers,
liquor, Bregott
spread, cottage
cheese, butter, coffee,
oil, low-fat dressing,
shacks, sherbet, tea,
nuts, cream,
miscellaneous

milk, medium-fat
spread, cereals, rice/
pasta, beer, fibre
crisp-bread, low-fat
cake, cottage cheese,
high-fat fish, egg,
low-fat fish, wine,
chocolates, fruit
juice, fried potatoes,
Bregott spread, soft
drinks, ice-cream,
dressing, crackers,
liquor, oil, butter,
coffee, low-fat
dressing, snacks,
sherbet, tea, nuts,
cream, miscellaneous

cottage cheese, rice/
pasta, high-fat fish,
low-fat cake, wine,
egg, low-fat fish,
whole milk,
chocolates, beer,

fruit juice, crackers,
ice-cream, fried
potatoes, dressing, soft
drinks, coffee, oil,
Bregott spread,
liquor, butter, low-

fat dressing, snacks,
sherbet, tea, nuts,
cream, miscellaneous

fibre bread, beer,
rice/pasta, low-fat
cake, fried potatoes,
chocolates, egg,
high-fat fish, soft
drinks, fibre crisp-
bread, cottage cheese,
wine, low-fat fish,
ice-cream, dressing,
fruit juice, crackers,
Bregott spread,
liquor, butter, coffee,
oil, low-fat dressing,
shacks, sherbet, tea,
nuts, cream,
miscellaneous

medium-fat spread,
beer, vegetables,
cereals, chocolates,
fibre crisp-bread,
wine, rice/pasta,
low-fat cake, egg,
fried potatoes, high-fat
fish, low-fat fish,

fruit juice, soft
drinks, ice-cream,
dressing, crackers,
liquor, cottage
cheese, coffee, low-
fat spread, butter, oil,
low-fat dressing,
snacks, sherbet, tea,
nuts, cream,
miscellaneous

vegetables, cereals,
chocolates, low-fat
cake, rice/pasta,
Bregott spread,
beer, fibre crisp-
bread, egg, high-fat
fish, soft drinks, low-
fat fish, fruit juice,
wine, fried potatoes,
ice-cream, crackers,
cottage cheese,
dressing, butter,
liquor, coffee, oil,
low-fat dressing,
snacks, sherbet, tea,
nuts, cream,
miscellaneous
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Table 2 Z-scores and food group distribution across clusters generated from standardized food group variables

Drinks and fries Ice-cream and cake Dieters Healthy Traditional Mediterranean
Z-scores (n=182) (n=245) (n=47) (n=1317) (n=2493) (n=1073)
8.00-1.01 Low-fat dressing Ice-cream Sherbet
1.00-0.61
0.60-0.21 Liquor, fried potatoes, Chocolates, sherbet Cottage cheese, fruit, Cottage cheese, White bread, sweets, Wine, oil, vegetables,
wine high-fat fish, coffee, low- low-fat milk, low-fat Bregott spread, whole rice/pasta, low-fat fish,
fat milk, miscellaneous, spread, crackers, fibre milk fruit, low-fat meats, egg,
vegetables, fibre crisp- bread, fruit, fibre crisp- dressing, fibre crisp-
bread, low-fat spread bread, miscellaneous, bread, high-fat fish, nuts,
low-fat cake, boiled tea, cheese
potatoes
0.20to -0.19  Beer, dressing, low-fat Cake/pastry, cheese, low- Ice-cream, rice/pasta, Vegetables, cereals, fruit Cheese, soft drinks, cake/  Coffee, cereals, snacks,
fish, medium-fat spread, fat cake, whole milk, low-fat meats, low-fat juice, tea, coffee, high-fat pastry, high-fat meats, liquor, beer, fruit juice,
snacks, low-fat meats, dressing, fruit, butter, fish, low-fat dressing, fish, high-fat meats, low- chocolates, beer, butter, low-fat milk, fibre
nuts, egg, cheese, fruit soft drinks, coffee, fibre crisp-bread, cereals, fat fish, cake/pastry, egg, medium-fat spread, fried bread, fried potatoes,
juice, chocolates, cream,  cream, high-fat fish, fried  chocolates, oil, sherbet, sweets, potatoes, liquor, cream, cream, cottage cheese,
cottage cheese, rice/ potatoes, snacks, low-fat ~medium-fat spread, fried low-fat meats, soft snacks, low-fat cake, butter, medium-fat
pasta, soft drinks, white meats, fibre crisp-bread, potatoes, egg, cream, drinks, chocolates, low- nuts, boiled potatoes, spread, miscellaneous,
bread, high-fat meats, nuts, fruit juice, low-fat fibre bread, nuts, cake/ fat dressing, nuts, rice/ dressing, fruit juice, tea, sherbet, low-fat
coffee, crackers, low-fat fish, rice/pasta, oil, pastry, beer, high-fat pasta, ice-cream, cream, sherbet, coffee, dressing, boiled
milk, ice-cream, low-fat medium-fat spread, high-  meats, low-fat cake, butter, medium-fat miscellaneous, low-fat potatoes, crackers,
spread, cake/pastry, fat meats, egg, low-fat boiled potatoes, soft spread, oil, snacks meats, cereals, crackers, ice-cream, Bregott
miscellaneous, whole spread, wine, tea, drinks, wine, snacks, high-fat fish, egg, low-fat spread
milk, butter, cereals, crackers, low-fat fruit juice dressing, ice-cream,
vegetables, high-fat fish, dressing, Bregott wine, low-fat spread, rice/
oil, fibre crisp-bread, spread, cereals, pasta, fibre bread, oil
sherbet, Bregott miscellaneous,
spread, boiled potatoes vegetables, beer, liquor,
fibre bread, boiled
potatoes, cottage cheese,
low-fat milk, white bread
—0.20 to —0.59 Tea, fruit, sweets, white Sweets White bread, dressing, Dressing, white bread, Low-fat fish, fibre crisp- Chocolates, soft drinks,

bread, low-fat cake

liquor, butter, tea,
Bregott spread, whole
milk, sweets, cheese

fried potatoes, liquor,
beer, whole milk, wine,
Bregott spread, cheese

bread, cottage cheese,
low-fat milk, vegetables,
fruit

whole milk, low-fat
spread, high-fat meats,
low-fat cake, cake/
pastry, white bread,
sweets
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food group variables entered simultaneously. The ‘hit’
tables, describing the relationship between actual and
predicted group allocation, were inspected, and the
percentage of subjects correctly classified by the clustering
procedure determined. Secondly, the discriminate analysis
was rerun using the stepwise method to identify the food
group variables that contributed significantly to the
formation of clusters.

Mean differences in total energy, total fat, the per cent
contribution of macronutrients to non-alcohol energy,
P/S and w3/w6 ratios, dietary fibre, vitamins and minerals,
alcohol consumption, BMI, WHR and EI/BMR were
compared across clusters using general factorial analysis
of wvariance, while controlling for age and gender.
Comparisons of mean intakes of total fat, P/S and w3/w6
ratios, dietary fibre, vitamins and minerals, and alcohol
consumption were also controlled for total energy, using
the standard multivariate approach®. All continuous
variables were log-transformed prior to analysis to
normalize the distribution of data. Chi-square analysis
examined the relation between cluster membership and
past food habit change, diet assistants and season of data
collection. Finally, logistic regression analysis was used to
examine the risk of falling into each specific cluster
compared to all other clusters. The models examined the
relation with EI/BMR, BMI, WHR and past food habit
change, while controlling for age, gender, season of data
collection and diet assistant.

Results

The two cluster solutions are described in Tables 1 and
2. The clusters generated from the unstandardized
variables were labelled by the foods that contributed
the highest percentage of total energy, while those from
Z-scores were given interpretative labels. The unstan-
dardized per cent energy food variables produced six
food pattern clusters with a fairly even distribution of
individuals across clusters. The Z-scored variables,
however, resulted in a six cluster solution with three
large clusters and three clusters of much smaller size.
Both variable types produced clusters where ‘healthier’
food choices (i.e. low-fat and high-fibre foods) and ‘less
healthy’ food choices (i.e. high-fat foods) were prominent
features.

The discriminant analysis indicated good stability for the
selected cluster solutions of both variable types. The
agreement between actual and predicted cluster allocation
ranged between 91.0% and 95.2% for the unstandardized
variables, and between 91.1% and 100% for the Z-scored
variables. When using the stepwise function of the
discriminant analysis, 18 unstandardized variables (.e.
Bregott margarine, low-fat margarine, whole milk, rice and
pasta, sweets, white bread, high-fat meat, low-fat meat,
fibre bread, fruits, fibre crisp-bread, vegetables, cereals,
cheese, cottage cheese, low-fat milk, low-fat cake, cream)
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and 31 Z-scored variables (i.e. sherbet, low-fat dressing,
tea, vegetables, fruits, low-fat fish, fat milk, fibre crisp-
bread, egg, low-fat meat, high-fat fish, cereals, coffee,
fruit juice, ice-cream, wine, low-fat margarine, cottage
cheese, cheese, low-fat milk, oil, crackers, rice and
pasta, low-fat cake, beer, miscellaneous, high-fat dressing,
fibre bread, nuts, boiled potatoes and fried potatoes)
contributed  significantly to the predicted cluster
allocations.

Food selection and nutrient intakes

Unstandardized variables

Individuals falling into the largest cluster (72=1508) had an
energy intake distributed over many foods, and did not
differ much from the total sample average (see also
Appendix 1). The other five clusters emerged with one or
two food groups contributing a major part of the total
energy. However, high-fat meats and sweets were
important energy sources in all clusters. Vegetable
consumption was highest in the ‘low fat and high fibre’
and in the ‘fibre bread’ clusters. In the ‘sweets and cakes’
cluster (7=1092) 18% of total energy came from sugar,
candy and marmalade. Individuals in this cluster also
consumed comparatively large amounts of cake and soft
drinks. In three clusters (i.e. ‘milk fat’, ‘white bread’ and
‘fibre bread’), sandwich consumption appeared to be a
dominating food habit. The ‘milk fat’ cluster had 12%
of total energy coming from Bregott margarine
(manufactured from a butter fat—oil mixture), and was
comparatively high in cheese and whole milk. White
bread and sweets were also high in this cluster. Individuals
in the ‘white bread’ cluster took 16% of total energy from
white bread. Low-fat margarine, high-fat meats, sweets
and low-fat meats were other major energy sources in this
cluster. Individuals of the ‘fibre bread’ cluster consumed
15% of their energy from fibre bread. Other major energy
sources were meats, sweets and fruits; low-fat margarine
and boiled potatoes also ranked comparatively high in
this cluster. The ‘low fat and high fibre’ cluster (z=814)
appeared overall to have the healthiest food choices.
Fruits (10.5%) and low-fat milk (8%) were, together with
low-fat meats, high-fat meats and sweets, the major energy
contributors in this cluster. Fibre-rich and low-fat foods
like vegetables, cereals, crisp-bread, cottage cheese, rice,
pasta, egg, fish and fruit juice also ranked comparatively
high.

All clusters were significantly different from one another
on total energy and fat intake (Table 3). The ‘low fat and
high fibre’ cluster had the lowest mean intake of total
energy and per cent energy from fat, while the ‘milk fat’
cluster had the highest energy and fat intakes. The
difference in per cent energy from fat was 10.2% between
these two clusters. The per cent energy from fat and
protein was comparatively low in the ‘sweets and cakes’
cluster, but was high from carbohydrate. On the other
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Table 3 Nutrient intake differences across food pattern clusters generated from unstandardized food group variables*

1 2 3 4 5 6
Many foods Low fat and White Sweets and
and drinks Fibre bread high fibre bread Milk fat cakes F-test
(n=150) (n=510) (n=814) (n=758) (n=675) (n=1092) (P value) Multiple comparisonst
Total energy (MJ)% 9.93 9.51 8.70 10.23 10.90 10.50 0.000 All different
Carbohydrate (%energy) 42.6 48.1 48.2 46.0 40.6 47.7 0.000 5<1,2,3,4,6;1<2,3,4,6;4,6<3;,4<2,6
Protein (%energy) 16.5 16.4 17.6 16.0 15.0 15.1 0.000 5,6<1,2,344<1,2,31,2<3
Fat (%energy) 40.9 35.5 34.3 38.0 445 37.3 0.000 All different
Fat (g) 100.0 87.7 84.3 94.3 109.9 925 0.000 All different
P/S 0.40 0.46 0.46 0.46 0.27 0.40 0.000 5<1,2,3,46;1,6<2,3,4
w3/wb 0.20 0.20 0.22 0.18 0.26 0.20 0.000 4<1,2,3,56;1,2,6<3,53<5
Alcohol (9)§ 10.8 5.8 5.2 6.0 9.2 5.5 0.000 4,6<1,2,3,5;2,3,5<1
Fibre (g) 19.6 26.6 25.7 19.8 17.5 19.4 0.000 5<1,2,34,6;1,46<2,3,3<2
B-carotene (mg) 2.93 3.74 4.55 2.34 2.38 2.67 0.000 4,5<1,2,3,6,6<1,2,3;,1<2,3,2<3
Ascorbic acid (mg) 98.9 103.4 136.3 80.0 81.7 90.9 0.000 4,5<1,2,3,6,6<1,2;1,6<3;2<3
Vitamin E (mg) 11.1 10.6 11.4 10.6 8.92 10.0 0.000 5<1,2,3,46;6<1,2,3,424<1,31<3
Folic acid (ug) 243 297 300 246 223 233 0.000 5<6;56<1,2,341,4<2,3
Calcium (mg) 1121 1114 1320 1054 1004 1085 0.000 5<1,2,3,46;4<1,2,3,6;1,2,6<3
Iron (mg) 15.4 17.9 16.0 18.3 14.9 15.3 0.000 5<1,2,3,4,6;1,6<2,3,4,3<2,4,2<4
Selenium (xg) 41.0 39.3 44.8 36.8 36.9 37.4 0.000 4,5,6<1,2,3,2<1,31<3
Zinc (mg) 11.9 12.5 12.6 12.0 111 11.1 0.000 56<1,2,341,4<2,3

* Adjusted for age, gender and energy intake; geometric means are shown for energy and all nutrients except alcohol.

T« <0.05.

} Adjusted for age and gender.
§ Alcohol values are medians.
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Table 4 Nutrient intake differences across food pattern clusters generated from standardized food group variables*

991

1 2 3 4 5 6
Drinks and fries Ice-cream and cake Dieters Healthy Traditional Mediterranean F-test

(n=182) (n=245) (n=47) (n=1317) (n=2493) (n=1073) (P value) Multiple comparisonst
Total energy (MJ)% 9.89 10.40 8.90 9.39 10.74 8.93 0.000 3,4,6<1,2,5;6<4;,1<2,52<5
Carbohydrate (%energy) 42.8 442 47.0 48.0 44.4 445 0.000 1<2,3,4,5,6;2,56<3,4
Protein (%energy) 16.0 15.7 16.9 16.7 15.2 17.5 0.000 1,2,56<3,4,6,5<1,2,4<6
Fat (%energy) 41.2 40.1 36.0 35.3 40.4 38.0 0.000 3,4,6<1,2,534<6,2<1
Fat (9) 100.5 99.6 88.5 88.1 99.8 91.3 0.000 3,4,6<1,2,5;4<6
P/S 0.50 0.38 0.48 0.46 0.36 0.46 0.000 2,5<1,3, 4,6
»3/wb 0.19 0.20 0.21 0.20 0.21 0.22 0.000 1,2,4<5,6
Alcohol (9)§ 11.7 5.5 2.6 3.0 8.7 12.0 0.000 3,4<1,2,5,6;2,5<1,6
Fibre (g) 18.5 19.6 23.8 24.2 18.4 234 0.000 1,5<2,3,4,6,2<3,4,6;6<4
(-carotene (mg) 2.85 2.88 4.24 3.66 2.32 4.03 0.000 5<1,2,34,6;1,2<3,4,6;,6<4
Ascorbic acid (mg) 95.7 95.6 114.0 108.0 83.4 120.5 0.000 5<1,2,3,4,6;1,2<3,4,6
Vitamin E (mg) 10.68 10.38 11.14 10.72 9.87 11.74 0.000 5<1,2,4,6;1,2,3,4<6
Folic acid (ng) 244 236 261 276 228 288 0.000 1,2,6<4,6;3,4<6;5<3
Calcium (mg) 1057 1134 1294 1250 1044 1129 0.000 1,5<2,3,4,6;2,6<3,4
Iron (mg) 15.4 14.8 15.7 16.6 15.7 16.6 0.000 2<1,3,45/6;1,3,5<4,6
Selenium (ng) 40.6 38.4 41.8 39.8 36.4 47.0 0.000 5<1,2,34,6,2<1,31,2,3,4<6
Zinc (mg) 11.4 11.4 12.3 125 11.3 12.3 0.000 1,2,56<3,4,6,6<4

* Adjusted for age, gender and energy intake; geometric means are shown for energy and all nutrients except alcohol.
T« <0.05.

} Adjusted for age and gender.

§ Alcohol values are medians.
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hand, individuals of the ‘many foods and drinks’ cluster
had low intakes of per cent energy from carbohydrate,
and high intakes of fat and protein. The ‘milk fat’ cluster
had both the lowest P/S ratio, and the highest w3/w6
ratio. The ‘many food and drinks’ cluster had the highest
mean intake of alcohol (medians are presented in Table
3) and the lowest proportion of zero consumers (5.8%),
while the ‘white bread’ and the ‘sweets and cakes’
clusters had the lowest mean intakes. The ‘low fat and
high fibre’ cluster had, however, the largest proportion
of zero consumers (12.7%) and also the smallest median
intake.

Individuals of the ‘low fat and high fibre’ cluster had the
highest mean intakes for most of the examined micro-
nutrients. Folic acid and zinc were high in the clusters ‘low
fat and high fibre’ and ‘fibre bread’. The ‘fibre bread’
cluster also had the highest intake of dietary fibre, while
the ‘white bread’ cluster was highest for iron. Overall the
‘milk fat’, and to some extent the ‘white bread’, cluster had
the lowest micronutrient intakes.

Z-scored variables

When transforming per cent energy variables to Z-scores,
food groups that contribute very little to total energy
intake (e.g. coffee) are given equal weight in analysis to
those that contribute large amounts of energy (e.g.
sweets). When clusters are formed from Z-scores the
emerging cluster may reflect extreme food consumptions
(very high or very low), which do not necessarily
contribute much to the overall dietary composition (see
also Appendix 2). Individuals of the smallest cluster
‘dieters’ (n=47) had high Z-scores for low-fat dairy
foods, fish, coffee, fruit and vegetables, and low Z-scores
for high-fat dairy foods, sweets and tea. One of the larger
clusters, ‘healthy’ (7=1317), had high scores for low-fat
and high-fibre products, but low scores for high-fat dairy
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foods and alcoholic drinks. Two clusters emerged with
high Z-scores for alcoholic beverages. Individuals of
the ‘drinks and fries’ cluster (2=182) had high scores for
low-fat dressing, hard liquor, fried potatoes, wine and
beer. However, individuals of the ‘Mediterranean’ cluster
(n=1073) ranked highest on wine, oil, vegetables, rice
and pasta, and low-fat fish. The largest cluster ‘traditional’
(n=2493) was characterized by high scores for white
bread, Bregott margarine, sweets and soft drinks, but
scores were low for fruits, vegetables and low-fat dairy
products. Individuals of the ‘ice-cream and cake’ cluster
(n=245) ranked high on ice-cream, chocolate, cake and
high-fat dairy products, but low on sweets and low-fat
dairy foods.

As can be seen from Table 4, the ‘dieter’ cluster showed
the lowest mean intake of total energy, while the
‘traditional’ cluster had the highest. Per cent energy from
fat, however, was lowest in the ‘healthy’ cluster, and
highest in the ‘drinks and fries’ cluster, a difference of
5.9%. The P/S ratio was highest in the ‘drinks and
fries’ cluster, while the w3/w6 ratio was highest in the
‘Mediterranean’ cluster. Alcohol intakes were, as expected,
considerably higher in the ‘drinks and fries’ and
‘Mediterranean’ clusters (medians are presented in
Table 4), and the proportion of zero consumers was the
lowest (6.0% and 4.0%, respectively). The ‘dieters’ and
‘healthy’ clusters had the lowest mean alcohol intakes and
the largest proportions of zero consumers (12.8% and
15.4%, respectively).

Overall three clusters of the Z-scored variables emerged
with higher micronutrient intakes compared to the rest.
Dietary fibre, 3-carotene, ascorbic acid and zinc were
highest in the ‘dieters’, ‘healthy’ and ‘Mediterranean’
clusters. Vitamin E and selenium were highest in the
‘Mediterranean’ cluster, while iron intakes were high in
both the ‘healthy’ and ‘Mediterranean’ clusters.
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Fig. 1 Distribution of individuals reporting ‘past food habit change’, displayed separately for clusters generated from (a) unstandardized and

(b) standardized per cent energy food variables
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Table 5 The risk of falling into each food pattern cluster (generated from unstandardized variables) in relation to some potential confounders*

Many foods Low fat and Sweets and
and drinks Fibre bread high fibre White bread Milk fat cakes
(n=1508) (n=510) (n=814) (n=758) (n=675) (n=1092)
Total OR 95%ClI OR 95%ClI OR  95%ClI OR 95%ClI OR 95%ClI OR 95%ClI
EI/BMR
<1.35 1623 0.95 0.83-1.09 1.30 1.06-1.59 2.73 2.21-3.22 0.83 0.69-0.99 0.56 0.46-0.69 0.61 0.52-0.72
>1.35 3671 1.00 1.00 1.00 1.00 1.00 1.00
Body mass index
<23.9 1762 0.84 0.71-0.99 1.33 1.03-1.72 0.70 0.57-0.87 0.79 0.63-0.98 1.33 1.05-1.67 1.41 1.17-1.69
23.9-26.9 1771 099 0.85-1.15 1.15 0.91-145 0.84 0.69-1.03 0.84 0.70-1.02 1.14 0.92-142 1.15 0.96-1.37
>26.9 1761 1.00 1.00 1.00 1.00 1.00 1.00
Waist—hip ratio
<0.79 1763 0.78 0.59-1.03 0.76 0.50-1.15 1.52 1.04-2.22 0.90 0.63-1.28 1.16 0.80-1.68 1.11 0.82-1.50
0.79-0.90 1778 0.80 0.64-1.01 0.85 0.62-1.16 1.36 0.98-1.90 0.97 0.75-1.26 1.08 0.82-1.43 1.08 0.85-1.37
>0.90 1753 1.00 1.00 1.00 1.00 1.00 1.00
Past food habit change
Yes 1379 0.72 0.62-0.83 1.75 1.44-2.13 243 2.06-2.86 0.93 0.77-1.12 0.48 0.38-0.60 0.79 0.68-0.93
No 3915 1.00 1.00 1.00 1.00 1.00 1.00

* Adjusted for age, gender, diet assistant and season of data collection.

Energy underreporting, obesity and past food
babit change
As can be seen from Fig. 1, individuals with past food habit
changes were more common relative to those without
changes in clusters with ‘healthier’ food choices, that is the
‘fibre bread’ and ‘low fat and high fibre’ clusters from
unstandardized variables, and the ‘dieters’, ‘healthy’ and
‘Mediterranean’ clusters from Z-scores. Also, analyses
indicated that the average EI/BMR ratios were lower, and
mean BMI and WHR were higher, in clusters with ‘healthy’
food choices for both types of variables. However,
differences in EI/BMR between clusters appeared larger
with the unstandardized variables, and the differences in
obesity indicators appeared larger with the Z-scored
variables.

The risk of falling into specific clusters related to past
food habit change, energy underreporting, relative weight

(BMD and body fat distribution (WHR) are shown for
unstandardized variables in Table 5 and for Z-scores in
Table 6. Individuals falling in both the ‘low fat and high
fibre’ and the ‘fibre bread’ clusters (Table 5) were likely to
have changed their food habits in the past, and to be
underreporters of energy. Past food habit change was less
likely in the ‘many foods and drinks’, ‘milk fat’ and
‘sweets and cakes’ clusters, and underreporting of energy
was less likely in the ‘white bread’, ‘milk fat’ and ‘sweets
and cakes’ clusters. Those in the ‘low fat and high fibre’
cluster were more likely to have a high BMI and low WHR.
However, a low BMI was more common among
individuals of the ‘fibre bread’ cluster. Also, a high BMI
was more common in the ‘many foods and drinks’ and
‘white bread’ clusters, but a low BMI was more common
among individuals of the ‘milk fat’ and ‘sweets and cakes’
clusters.

Table 6 The risk of falling into each food pattern cluster (generated from standardized variables) in relation to some potential confounders*

Drinks Ice-cream and
and fries cake Dieters Healthy Traditional Mediterranean
(n=182) (n=245) (n=47) (n=1317) (n=2493) (n=1073)
Total OR 95%ClI OR 95%ClI OR  95%Cl OR 95%ClI OR 95%ClI OR 95%ClI
EI/BMR
<1.35 1623 0.94 0.67-1.32 0.69 0.51-0.93 1.93 1.06-3.53 1.47 1.28-1.69 0.40 0.35-0.46 2.35 2.03-2.72
>1.35 3671 1.00 1.00 1.00 1.00 1.00 1.00
Body mass index
<23.9 1762 1.20 0.79-1.81 0.57 0.40-0.81 0.52 0.22-1.21 1.02 0.85-1.22 1.12 0.95-1.31 0.99 0.82-1.20
23.9-26.9 1771 1.11 0.76-1.63 0.69 0.50-0.95 0.66 0.33-1.33 1.04 0.88-1.22 0.94 0.81-1.09 1.18 0.99-1.40
>26.9 1761 1.00 1.00 1.00 1.00 1.00 1.00
Waist—hip ratio
<0.79 1763 0.48 0.24-0.95 1.17 0.65-2.09 0.50 0.13-1.84 0.87 0.65-1.17 1.18 0.91-1.53 1.04 0.76-1.43
0.79-0.90 1778 0.58 0.33-1.02 1.18 0.74-1.88 0.65 0.21-2.03 0.88 0.68-1.13 1.16 0.94-1.43 0.97 0.74-1.27
>0.90 1753 1.00 1.00 1.00 1.00 1.00 1.00
Past food habit change
Yes 1379 0.74 0.51-1.07 0.78 0.57-1.07 3.50 1.94-6.31 2.13 1.84-2.44 0.36 0.32-0.42 1.63 1.40-1.90
No 3915 1.00 1.00 1.00 1.00 1.00 1.00

* Adjusted for age, gender, diet assistant and season of data collection.
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Table 6 shows that past food habit change and
underreporting of energy were more common in the
‘dieters’, ‘healthy’ and ‘Mediterranean’ clusters. However,
past food habit change was less common among those in
the ‘traditional’ cluster, and energy underreporting was
less common in the ‘ice-cream and cake’ and ‘traditional’
clusters. Also, those in the ‘ice-cream and cake’ cluster
were less likely to fall in the lower two tertiles of BMI.
Individuals in the ‘drinks and fries’ cluster were less likely
to have a low WHR.

Discussion

Stability of clusters and utility of variables
Cluster analysis is exploratory in nature. The relevance of
emerging clusters is commonly evaluated by comparing
them on external variables not used in analysis'*'?. For
instance, in this study differences in both macro- and
micronutrient intakes indicated that clusters represented
distinct dietary exposure categories. This study also used
discriminant analysis to examine the stability of the
emerging clusters. In contrast to cluster analysis (which
uses distance measures between observations to cate-
gorize individuals) this methodology bases group predic-
tion on correlations between variables using a regression
model®. Thus the theories behind the two methodologies
are different. With unstandardized variables the distinc-
tion between methodologies is quite clear. However, the
predictions obtained with standardized variables in
methods using distance measures are very similar to the
predictions obtained with methods using correlations. (In
fact with standardized variables (Z-scores), the Euclidean
distance between two observations is a monotone
transformation of their correlation®.) Therefore it is not
surprising that only 18 of the unstandardized variables
contributed significantly in the discriminant analysis,
but as many as 31 of the Z-scored variables did contribute
significantly. Still, the correspondence between the
original clusters and groups predicted with discriminant
analysis was very high for both variable types.

Studies using cluster analysis have often chosen
‘density’ variables indicating the per cent contribution of
energy from macronutrients’, or from specific food
groups'®P to total energy. Z-score transformation is
recommended in cluster analysis to hinder variables with
larger values from overwhelming those with much smaller
values®’. However, transformation of per cent energy food
variables will give equal weight to foods contributing large
amounts of energy to those that contribute much less. As
can be seen from Appendix 2, clusters generated from
Z-scores in this study did not reflect how food energy was
distributed in the over-all diet, but rather separated out
individuals with extreme percentages for some foods.
Consequently, the dietary compositions for these food
patterns were more similar to one another, and appear less
useful, compared to food patterns from unstandardized
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variables. It can be argued that per cent energy variables
are in a sense standardized and that no further
standardization is needed. The two standardization
procedures have, however, very different purposes and
do not replace one another. Per cent energy variables are
commonly used in nutrition studies to describe ‘dietary
quality’. In this study the quality aspect (or the energy
contribution of specific food groups to total energy) of the
original variables was removed with Z-score transforma-
tion. This implies that Z-scores could give misleading
results when the underlying hypothesis of the study is
based on arguments related to the macronutrient density
of diet. Also, studies using other variables (like food grams
or frequencies) need to carefully consider whether the
purpose of the study is to give an overall account of diet,
or bring forward ‘odd’” exposures, which may have very
little to do with the over-all dietary composition.

Comparison with other studies of food patterns
Published work on food patterns has mostly been
descriptive, and only to a limited extent has discussed
the relation between analysis procedure, variable selec-
tion and study outcome. Also, because of major
differences in design and analysis it is difficult to compare
findings from different dietary pattern studies. For
instance, the comparison of results from cluster analysis
with those from factor analysis is not straightforward. The
latter technique reduces large data sets by searching for
highly correlated variables, and identifies a few uncorre-
lated factors, that may not be overtly observable' .
Although factor analysis has been cited for its statistical
properties®', a major disadvantage is that individuals will
belong to many of the identified factors. Moreover, there is
no guarantee that factors will have any conceptual
meaning'"* nor is it clear how factor scores relate to
total dietary composition or how findings best translate
into dietary recommendations. Factor analysis has been
successful in identifying factors that predict risk of colon
cancer®’. However, in order to determine the relation
between these factors and the dietary composition,
additional data examination is needed. Cluster analysis
on the other hand creates non-overlapping exposure
categories, which are easy to interpret, and potentially
allows identification of subgroups with specific dietary
behaviours. Also, cluster analysis is truly exploratory and
does not require data with specific conditions. Other
studies using per cent energy food variables to generate
clusters have found that food patterns were related to
differences in nutritional status and health—disease
indicators'™®™7 and provided easy to understand
descriptions of over-all diets.

Whatever analysis approach is used, the emerging food
patterns will potentially be influenced by the measure-
ment errors of dietary data collection methods, and will
probably vary between countries and populations. In
addition, the grouping of foods, and thus the number of
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variables entered into the analysis procedure, will
influence the degree of detail captured by the emerging
food patterns®***. In this study the major food energy
sources were basically the same as those found in similar
gender and age groups of the Swedish Food Consumption
Survey (i.e. milk and cheese, meat, bread, fats/oils and
sweets)®, although the dietary proportion of fats/oils
and sweets appeared slightly greater and that of bread and
cereals slightly smaller in the examined population. This
study aggregated foods to separate out food groups with
low and high fat content of dairy products, dietary fats
and oils, meats, fish, cakes, candy and potatoes. Also,
carbohydrate containing foods high in fibre were
separated from those low in fibre and high in sucrose.
Nutrient intake comparisons across clusters (generated
from unstandardized variables) indicated several varia-
tions in nutrient quality of diet which may not have been
expressed if broader more generic food groups had been
used. For instance, three different ways of consuming
bread and dietary fats emerged, which clearly resulted in
varied intakes of fat and micronutrients. Individuals in the
‘fibre bread’ and ‘white bread’ clusters selected low-fat
margarine with their bread, had comparatively lower fat
intakes and higher P/S ratios. Those in the ‘milk fat’ cluster
preferred a butter-based dietary spread, which resulted in
high fat intakes and low P/S ratios, accompanied by lower
intakes of several micronutrients. However, w-3 fatty acid
intakes were, in this cluster, comparatively higher. Also,
the cluster high in sweets had comparatively higher
carbohydrate intakes and medium-low fat intakes, but
intakes of fibre and several micronutrients were lower.
This illustrates that low-fat diets are not necessarily
healthier diets. The findings highlight the potential
confounding and counteractive effects of various dietary
components, which may contribute to conflicting results
in nutrition epidemiology studies.

Underreporting of energy

General and selective underreporting are potential
limitations to this study. Energy underreporting appears
to be food-pattern specific. The results suggest that food
selection was influenced by past change of food habits
and the degree of obesity. This is in line with other studies
that previously have described underreporting of energy
as more common among the obese, and related to dieting
behaviour®®®. Underreporting, which is a common
concern in dietary studies**®) has been reported as
more common in certain socioeconomic and lifestyle
strata® 1. Food- and nutrient-specific underreporting has
been observed, both in ‘current’ diet studies (i.e. under-
reporting of snacks or foods eaten between meals)* and
‘usual’ diet studies (i.e. carbohydrate- and fat-containing
foods)* . Others have indicated that energy under-
reporters specifically may overreport nutrient dense
foods*™*. The food-pattern-specific underreporting of
this study may be related either to past change of diet,
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or to common social norms of an acceptable healthy diet.
This study had no information about prescribed diets (e.g.
due to weight reduction or diabetes). However, food
choices reported by individuals of the ‘low fat and high
fibre’ cluster may reflect dietary change and dieting in
overweight individuals. Also, the higher risk of past food
habit change and underreporting in the ‘fibre bread’
cluster may indicate current weight maintenance, or
dieting and health concerns, in non-obese individuals.

Other studies have indicated that both dietary under-
and overreports may be method specific** =L Previous
studies have generally reported that diet history methods
overestimate intakes by 10-20%>. When the relative
validity of the MDC diet history method was compared
with 18 days of weighed food records both over- and
underestimations of the reported food amounts were
observed?!. For instance, added fats and oils, milk, fruits
and potatoes were overestimated both in men and
women. Women tended to underestimate alcoholic
beverages and cream, and men underestimated fish and
cream. Although, the possibility of a method effect on the
self-reported food selection can not be ignored, the
validation study does not suggest that such an effect
specifically is related to ‘healthy’ food choices, nor does it
invalidate the observations in this study that past diet
change, energy underreporting and obesity are related to
specific food patterns. However, future studies of the
MDC cohort need to carefully consider the potential
confounding associated with past diet change and energy
underreporting. Studies of diet—disease relations may
need to limit analysis to those that report no diet change
in the past. Other studies may find it necessary to stratify
analysis on past food habit change, energy underreporting
or obesity status, or control for these factors in analysis.

To conclude, when dissecting dietary data to identify
complex food combinations for studies of disease
aetiology, the specific selection of food variables will
undoubtedly be guided by the underlying diet—disease
hypothesis. This study suggested that Z-scores of per cent
energy food variables were less successful in discriminat-
ing individuals in dietary exposure groups, and may
provide misleading results, compared to unstandardized
per cent energy food variables. Also, in order to ensure the
expression of specific food behaviours, the groupings of
foods need to be carefully selected. Measurement errors
and group-specific biases, associated with self-reported
dietary intakes, may not be equally distributed across
emerging food patterns, and need to be accounted for in
data analysis and interpretation of results.
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Appendix 1: per cent energy contribution from food groups by food patterns (unstandardized)

Total Many foods Fibre Low fat and White Sweets and

sample and drinks bread high fibre bread Milk fat cakes
Food groups (n=5357) (n=1508) (n=510) (n=814) (n=758) (n=675) (n=1092)
Sweets 8.5 5.0 6.0 5.1 6.6 7.6 18.0
High-fat meats 6.7 71 6.4 5.4 7.9 6.8 6.1
White bread 6.6 5.1 2.8 3.5 16.0 7.3 5.9
Fruits 5.7 5.3 5.9 10.5 4.4 4.0 4.7
Cheese 5.3 7.4 4.3 3.1 4.9 6.0 4.3
Low-fat meats 4.9 5.0 5.1 5.5 5.1 4.8 3.9
Cake, pastry 4.4 5.5 3.5 3.7 3.6 4.1 4.6
Fibre bread 4.3 3.4 15.0 3.7 2.1 3.2 3.1
Low-fat milk 4.2 3.6 3.9 8.0 3.6 24 3.7
Boiled potatoes 3.7 3.7 4.1 3.7 4.0 3.5 3.3
Whole milk 3.4 3.5 2.6 1.8 3.4 5.0 3.9
Low-fat spread 3.4 3.5 4.5 3.3 5.3 0.3 3.4
Medium-fat spread 3.0 3.7 2.6 2.7 3.2 2.5 29
Vegetables 2.8 2.8 3.1 3.8 2.4 2.3 24
Cereals 2.6 2.4 2.6 3.5 2.1 2.1 2.7
Bregott spread 2.4 0.7 1.0 0.6 0.7 12.3 1.6
Beer 2.0 2.6 2.0 1.4 1.9 24 1.5
Fibre crisp-bread 2.0 2.1 1.9 3.3 1.2 1.6 1.6
Rice, pasta 1.9 2.0 21 2.4 1.8 1.4 1.7
Chocolates 1.8 2.2 1.3 1.6 1.3 1.9 2.0
Low-fat cake 1.8 1.9 1.8 1.8 1.8 1.4 2.0
Wine 1.6 23 1.3 1.8 1.1 1.5 1.0
Egg 1.5 1.7 1.4 1.8 1.3 1.4 1.3
High-fat fish 1.5 1.7 1.5 1.9 1.2 1.2 1.3
Low-fat fish 1.3 1.5 1.4 1.8 1.0 1.1 1.1
Fried potatoes 1.2 15 1.0 0.9 1.6 1.4 1.0
Fruit juice 1.1 1.2 1.1 1.4 0.8 1.1 1.1
Cottage cheese 1.1 0.6 1.7 2.6 1.1 0.5 0.8
Soft drinks 1.1 1.1 0.8 0.7 1.2 1.1 1.2
Ice-cream 1.0 1.1 0.8 1.0 0.9 0.9 0.9
Dressing 0.9 1.1 0.7 0.8 0.9 0.9 0.7
White crisp-bread 0.9 0.9 0.7 1.0 0.8 0.8 0.9
Liquor 0.7 0.9 0.6 0.4 0.6 0.8 0.5
Butter 0.5 0.6 0.4 0.3 0.5 0.3 0.6
Coffee 0.5 0.5 0.4 0.6 0.5 0.4 0.4
Oil 0.4 0.5 0.5 0.6 0.4 0.3 0.4
Low-fat dressing 0.3 0.4 0.2 0.3 0.2 0.3 0.2
Snacks 0.3 0.3 0.2 0.2 0.2 0.3 0.2
Sherbet 0.1 0.1 0.1 0.2 0.09 0.06 0.08
Tea 0.05 0.05 0.07 0.06 0.04 0.04 0.05
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Appendix 2: per cent energy contribution from food groups by food patterns (standardized)

Total Drinks Ice-cream
sample and fries and cake Dieters Healthy Traditional Mediterranean

Food groups (n=5357) (n=182) (n=245) (n=47) (n=1317) (n=2493) (n=1073)
Sweets 8.5 6.9 6.8 5.4 8.0 10.6 4.7
High-fat meats 6.7 6.7 6.2 6.1 6.7 7.2 5.4
White bread 6.6 6.7 5.5 5.5 5.3 8.7 4.3
Fruits 5.7 4.8 6.1 8.3 71 4.2 7.5
Cheese 5.3 5.6 6.0 2.9 3.2 5.6 6.2
Low-fat meats 4.9 5.2 4.8 5.4 4.6 45 6.0
Cake, pastry 4.4 4.2 5.2 4.0 4.3 4.9 3.2
Fibre bread 4.3 3.1 3.5 4.0 27 3.4 45
Low-fat milk 4.2 3.9 3.4 6.0 6.7 2.7 4.5
Boiled potatoes 3.7 3.2 3.3 3.3 4.2 3.6 3.3
Whole milk 34 3.1 4.0 1.7 2.0 4.6 24
Low-fat spread 3.4 3.2 3.1 41 5.3 2.8 2.4
Medium-fat spread 3.0 3.4 2.8 3.0 2.6 3.3 3.0
Vegetables 2.8 2.6 25 3.2 3.1 2.2 3.9
Cereals 2.6 24 23 2.7 2.9 2.2 3.0
Bregott spread 2.4 1.7 1.8 0.8 0.6 3.8 15
Beer 2.0 2.6 1.6 1.7 1.3 2.3 23
Fibre crisp-bread 2.0 1.7 1.9 2.6 2.7 1.3 2.7
Rice, pasta 1.9 2.0 1.8 2.3 1.5 1.5 3.3
Chocolates 1.8 1.9 2.8 1.9 1.5 2.1 1.3
Low-fat cake 1.8 1.0 2.2 1.5 25 1.8 1.1
Wine 1.6 21 1.4 1.2 0.8 1.2 3.4
Egg 1.5 1.6 1.4 1.5 1.5 1.3 2.0
High-fat fish 1.5 1.3 1.5 25 1.5 1.2 2.1
Low-fat fish 1.3 1.5 1.3 1.5 1.3 1.0 2.0
Fried potatoes 1.2 1.8 1.3 1.1 0.8 1.4 1.3
Fruit juice 1.1 1.3 1.1 0.8 1.3 1.0 1.3
Cottage cheese 1.1 1.2 0.7 2.9 25 0.3 1.1
Soft drinks 1.1 1.1 1.1 0.8 0.9 1.3 0.6
Ice-cream 1.0 0.9 5.8 1.2 0.7 0.7 0.7
Dressing 0.9 1.2 1.1 0.6 0.6 0.9 1.4
White crisp-bread 0.9 0.8 0.7 1.0 1.4 0.7 0.7
Liquor 0.7 1.1 0.4 0.3 0.3 0.8 0.8
Butter 0.5 0.3 0.6 0.01 0.2 0.7 0.5
Coffee 0.5 0.5 0.5 0.7 0.5 0.4 0.5
Oil 0.4 0.4 0.4 0.5 0.3 0.3 1.1
Low-fat dressing 0.3 3.7 0.2 0.4 0.2 0.2 0.2
Snacks 0.3 0.3 0.3 0.1 0.1 0.3 0.3
Sherbet 0.1 0.07 0.2 3.4 0.1 0.1 0.08
Tea 0.05 0.03 0.04 0.03 0.06 0.04 0.07

https://doi.org/10.1017/51368980000000197 Published online by Cambridge University Press


https://doi.org/10.1017/S1368980000000197

