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The aims of the present study were to examine and compare dietary patterns in adults using cluster and factor analyses and to examine the format

of the dietary variables on the pattern solutions (i.e. expressed as grams/day (g/d) of each food group or as the percentage contribution to total

energy intake). Food intake data were derived from the North/South Ireland Food Consumption Survey 1997–9, which was a randomised

cross-sectional study of 7 d recorded food and nutrient intakes of a representative sample of 1379 Irish adults aged 18–64 years. Cluster analysis

was performed using the k-means algorithm and principal component analysis (PCA) was used to extract dietary factors. Food data were reduced to

thirty-three food groups. For cluster analysis, the most suitable format of the food-group variable was found to be the percentage contribution to

energy intake, which produced six clusters: ‘Traditional Irish’; ‘Continental’; ‘Unhealthy foods’; ‘Light-meal foods & low-fat milk’; ‘Healthy

foods’; ‘Wholemeal bread & desserts’. For PCA, food groups in the format of g/d were found to be the most suitable format, and this revealed

four dietary patterns: ‘Unhealthy foods & high alcohol’; ‘Traditional Irish’; ‘Healthy foods’; ‘Sweet convenience foods & low alcohol’. In sum-

mary, cluster and PCA identified similar dietary patterns when presented with the same dataset. However, the two dietary pattern methods required

a different format of the food-group variable, and the most appropriate format of the input variable should be considered in future studies.

Dietary patterns: Cluster analysis: Principal component analysis

Traditionally, nutrition research has been focused on the
detailed examination of nutrients and dietary components.
However, in more recent years, public health nutrition has
seen a marked move from research at the nutrient level to
the food level, with the driving force of this movement attrib-
uted to the accepted concept that people eat foods not nutrients.
This approach at the food level aims to facilitate a more hol-
istic assessment of dietary behaviour, which therefore is more
poised to provide tangible food-based dietary advice to the
general public(1). However, foods are consumed in many
complex combinations and studies of individual foods can
be difficult to interpret because of strong intercorrelations(2 – 4).
Another major issue with this type of research is that dietary
patterns cannot be measured directly. However, two funda-
mentally different analytical approaches have been developed
for measuring dietary patterns in epidemiological studies: a
priori and a posteriori methods. A priori methods explore
the data using predefined combinations of foods in a dietary
index, such as the healthy eating index(5). A posteriori
methods explore the available data post hoc by either factor
or cluster analysis and produce dietary patterns in which
nutritional variables (i.e. foods) are reduced to a smaller
number of variables(4).

Factor analysis, specifically principal component analysis
(PCA), is a frequently used exploratory approach to identify
dietary patterns in a population(6,7). New dietary and food

pattern variables are derived on the basis of the correlation
matrix of the original food variables and individuals receive
a factor score (principal components (PC) score) for each of
the derived factors. In cluster analysis, dietary data are
reduced to patterns based on individual differences in mean
dietary intakes. Cluster analysis creates patterns that are
mutually exclusive, as each subject in the present study can
belong to only one cluster. Multiple clustering algorithms
exist. Of these, k-means is probably the most popular non-
hierarchical clustering method used in the literature.

Factor and cluster procedures have been compared in
relation to their ability to predict disease risk in a few
studies(8,9), and they showed that the results from the dietary
score and factor analysis techniques were comparable.
Bamia et al. (10) and Crozier et al. (11) also compared cluster
and PCA methods in relation to elderly Europeans and
young British women, respectively. They both found close
similarities between patterns derived using either method.
However, Crozier et al. (11) found only two meaningful dietary
patterns (labelled as ‘Prudent’ and ‘High-energy’), and they
felt that the dichotomous variable produced by cluster analysis
was less informative than the continuous variable produced by
PCA. As there are very few studies that have compared cluster
and PCA, and as these few studies have been in specific popu-
lation groups, there still exists the need to directly examine
these two methods in a more general representative sample.
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In the studies of dietary patterns, food variables should be
selected so that the emerging patterns make sense from a diet-
ary perspective. Various formats of the food-group variable
can be utilised, and it has been advised that research is
needed on how the treatment of dietary variables affects the
dietary pattern solution(12).

Therefore, the aims of the present study were to examine
and compare the dietary patterns in a representative sample
of Irish adults using both the cluster and factor analyses and
to examine the impact of the format of the dietary variables
on the pattern solutions (i.e. expressed as either g/d of each
food group or as the percentage contribution to total energy
intake (%TE) from each food group).

Methods

Study sample details

The North/South Ireland Food Consumption Survey was a ran-
domised cross-sectional study of food and nutrient intakes of a
representative sample of adults aged 18–64 years from the
Republic of Ireland and Northern Ireland between 1997 and
1999(13,14). The dietary survey was completed by 1379 adults
(662 males and 717 females; response rate was 63 %), and
food intake was collected using a semi-quantitative 7 d food
diary. Food and nutrient analysis was conducted using Weighed
Intake Software Program (Tinuviel Software, Anglesey, UK).
Weighed Intake Software Program uses data from McCance
& Widdowson’s ‘The Composition of Foods’(15) plus sup-
plemental volumes to generate nutrient intake data.

Food groups

Food data were reduced to thirty-three food groups to ease the
interpretation of cluster and factor components. For the
amount of each food group consumed, only edible fraction
weights of all foods were considered in the present analysis.
Foods expressed as the dry-weight version were corrected to
represent the amount as consumed. Two beverage food
groups were created to differentiate between the types of bev-
erages consumed in the studies: low energy (e.g. water, tea,
coffee, sugar-free drinks, sugar-free squashes) and high
energy (e.g. soft drinks, squashes). Whole milk, low-fat milk
and fruit juices remained in separate food groups. For both
cluster and PCA, food groups were expressed as either g/d
intake or the %TE from each food group (Appendix table).

Identification of dietary patterns

Cluster analysis. Cluster analysis was performed using the
k-means algorithm. This is based on geometric similarity,
which gives a measure of the Euclidean distance from each
record to the cluster centre, and from each cluster to the
others. A series of steps were taken to select the most suitable
number of clusters for the analysis. First, several runs were
conducted with a varying number of clusters. For each run,
cluster proximities for each cluster centre were examined
and the number of iterations per each cluster was increased
to ensure minimum error in cluster membership and that
the model had converged to a solution. Clusters were also
run without outliers to help find the best cluster solutions.

Finally, the resulting clusters were examined for sensible
patterns to establish the robustness of the clusters.
Principal component analysis. PCA was used to extract

dietary factors on the basis of the correlation of the thirty-
three food groups consumed. PC with eigenvalues of $1·5
were retained and the retained factors were orthogonally
rotated by the varimax method, so that the factors were uncor-
related, making them easier to interpret. Each rotated PC was
interpreted based on the food groups with loadings of $0·25
or # 2 0·25, which were considered as significantly contri-
buting to a pattern(16). Factor scores were also saved for
each PC for each respondent. The scores represent standar-
dised variables with mean 0 and standard deviation 1.

Statistical analysis

SPSSw version 12 for Windows (SPSSw Inc., Chicago, IL,
USA) was used for data manipulation and basic statistical
analysis of the datasets. SPSS Clementinew version 9.0
(SPSSw Inc.) was used to conduct the data reduction analysis,
and this software standardises all variables before analysis.
Differences in the mean percentage contribution of each
food group across clusters and the differences in the mean
nutrient intake across clusters were evaluated using one-way
ANOVA. One-way ANOVA was also used to test for signifi-
cant differences in mean nutrients across quartiles of factor
components. Where statistically different effects were encoun-
tered (P,0·05), comparisons of mean nutrient intakes were
made using Scheffe’s post hoc multiple comparison test. For
values that did not comply with Levene’s test for homogeneity
of variance, the Tamhane post hoc multiple comparison test
was used(17). Mean PC scores were also calculated and com-
puted for each of the six cluster solutions.

In order to determine whether the clusters and PC of the
dietary patterns found in the present study were comparable,
binary logistic regression analysis was used. A model was
constructed to predict the odds of being in quartile 4 (Q4)
of each PC (dependent variable) based on the membership
of one of the six clusters (independent variable). A binary
variable ‘yes/no’ for being in Q4 of each PC was generated.
Confounding factors (i.e. sex, age, social class and smoking)
were also adjusted for and the model was run for different
scenarios based on these confounders. OR, comparing the out-
come of the dependent variable with the reference value, and
the corresponding 95 % CI were calculated.

Results

Cluster analysis

Dietary patterns derived by cluster analysis using either format
of the food-group variable were compared (Table 1). When
the patterns were examined with the food-group variables
expressed as g/d, five clusters were found to best represent
dietary patterns. However, one of these clusters, representing
39 % of the sample (n 541), did not have any dominating
food groups, making it difficult to interpret this major dietary
pattern. However, when the food groups were expressed as
%TE, a six-cluster solution was found to best represent dietary
patterns and these clusters were fully interpretable based on
their contributing food groups, so therefore these clusters
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Table 1. Comparison of the dietary patterns derived by cluster and principal component analysis (PCA) methods using two forms of the food-group variable, g/d and percentage contribution to daily
energy intake

Cluster analysis* PCA

Format of the dietary
variable n †

Foods consumed in high
quantities Label Foods with high-factor loadings‡ Label

1. Mean food-group intake
(g/d)

541 No foods consumed in
high quantities

Moderate all food groups High-energy beverages, chips, meat
products, savoury snacks, sugars
and preserves, sauces, alcoholic
beverages, savouries

Unhealthy and high alcohol

239 Breakfast cereals, low-fat milk,
yogurts, vegetables, fruit juices,
fruit, fish, low-energy beverages,
soups

Healthy foods Potatoes, red meat, confectionery,
butter and spreads, white
bread, wholemeal bread, whole
milk, alcoholic beverages

Traditional Irish

229 Rice and pasta, low-fat
spreads, red-meat dishes, poultry
dishes

Rice and pasta dishes Vegetables, fruit, fish, fruit
juices, sauces, wholemeal bread,
yogurts, low-energy beverages

Healthy foods

202 White bread, wholemeal bread,
biscuits and cakes, ice
cream and desserts, eggs,
butter and spreads, potatoes,
red meat, confectionery

Traditional Irish and sweet
foods

Biscuits and cakes, ice
cream and desserts, confectionery,
breakfast cereals, yogurts

Sweet foods and breakfast cereal

163 Savouries, cheese chips, poultry,
meat products, alcoholic beverages,
sugars and preserves, savoury
snacks, sauces, high-energy beverages,

Unhealthy foods

2. Energy intake from
food groups (%)

303 White bread, whole milk, eggs, butter and
spreads, potatoes, red meat, confectionery

Traditional Irish Chips, fruit juices, meat
products, high-energy beverages

Unhealthy foods and fruit juice

285 Rice and pasta, savouries,
cheese, red-meat dishes, poultry
dishes, alcoholic beverages

Continental Fruit, yogurts, breakfast cereals,
vegetables, eggs

Healthy foods

245 Chips, fruit juices, meat
products, sugars and preserves,
savoury snacks, high-energy beverages

Unhealthy foods Low-fat milk Low-fat milk

221 Wholemeal bread, biscuits and cakes,
ice cream and desserts

Wholemeal bread and desserts Savoury snacks, sugars and
preserves, high-energy beverages

Snacks and high-energy beverages

208 White bread, low-fat milk, cheese, sugars
and preserves, soups

Light meals and low-fat milk

117 Wholemeal bread, breakfast cereals,
yogurts, low-fat spreads, vegetables,
fruit, fish, poultry, low-energy beverages

Healthy foods

* k-Means algorithm used for the cluster analysis.
†n is in relation to the frequency of subjects in clusters only; for solutions derived using the g/d format, there were five outliers, so the total sample size represented by these clusters was 1374.
‡ All principal components described here had eigen values .1·5, and factor loadings for food groups were .0·25.
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were chosen for the rest of the analysis presented in the
present paper. These clusters were labelled as ‘Traditional
Irish’, ‘Continental’, ‘Unhealthy foods’, ‘Light-meal foods &
low-fat milk’, ‘Healthy foods’ and ‘Wholemeal bread & des-
serts’. The differences in %TE per food group per cluster are
depicted in Table 2. The mean daily nutrient intakes were also
compared across clusters (Table 3). A summary of the cluster
profiles is as follows.

Cluster 1: ‘Traditional Irish’. This cluster was the most
prevalent cluster (22 % of the sample). It is characterised by
providing a relatively high %TE from white bread, whole
milk, eggs, butter and spreads, potatoes, red meat and confec-
tionery, which are foods consumed frequently as part of the
Irish diet. This cluster was associated with having high-
energy (relative to clusters 4 and 5) and added sugar intakes
(relative to clusters 2, 4–6) and a high %TE from saturated
fat (relative to clusters 2, 3–5).

Cluster 2: ‘Continental’. This cluster is characterised
by providing a relatively high %TE from rice and pasta,
savouries, cheese, red-meat dishes, poultry dishes, alcoholic

beverages, savoury snacks and sauces and low intakes of pota-
toes and red meat. This cluster was associated with having a
low-fibre intake (relative to clusters 5 and 6) and low %TE
from carbohydrate (relative to clusters 1, 4–6).
Cluster 3: ‘Unhealthy foods’. This cluster is characterised

by providing a relatively high %TE from chips, fruit juices,
meat products, sugars and preserves, savoury snacks and
high-energy beverages, which, apart from fruit juices, are
usually considered as ‘Unhealthy’ foods. This cluster was
associated with having a high %TE from fat (relative to
clusters 4 and 5) and a low %TE from protein (relative to
all other clusters). It was also found to have low calcium
(relative to cluster 4), low folate (relative to clusters 5 and 6)
and vitamin C (relative to cluster 5).
Cluster 4: ‘Light-meal foods & low-fat milk’. This cluster

is characterised by providing a relatively high %TE from
foods often associated with light meals, i.e. white bread,
low-fat milk, cheese, sugars and preserves and soups. This
cluster was associated with having a high intake of calcium
(relative to clusters 1–3).

Table 2. The dietary profile of the six clusters as described by the percentage contribution of each food-group variable to total energy intake*†

(Mean values and standard deviations)

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6

n 303 n 285 n 245 n 208 n 117 n 221

Food group Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD

Rice and pasta 0·57a 1·16 2·64b‡ 2·56 0·74ac 1·42 1·10cd 1·60 1·86bd 2·55 0·52a 1·04
Savouries 1·27a 2·57 3·26b‡ 4·12 3·06b 4·19 2·66b 3·43 1·50a 2·54 1·45a 2·93
White bread 15·42a‡ 5·59 10·41b 4·97 10·07b 5·39 13·34c‡ 5·97 6·23d 5·45 6·56d 4·31
Wholemeal bread 2·03a 2·58 3·32b 3·81 2·20a 3·20 2·79ab 3·05 10·33c‡ 6·73 10·98c‡ 6·18
Breakfast cereals 2·74ac 3·04 3·12a 3·19 2·11c 2·75 4·85b 3·63 8·38d‡ 5·78 4·11b 3·70
Whole milk 7·23a‡ 5·48 4·60bc 4·32 3·86b 4·79 0·80d 1·97 1·60d 2·73 5·79c 5·11
Low-fat milk 0·26a 0·82 0·79b 1·49 1·35c 2·22 6·41d‡ 3·00 4·89e 3·53 0·89bc 1·59
Cheese 1·69a 2·02 2·34b‡ 2·35 1·91ab 2·42 2·28ab‡ 2·31 1·81ab 2·04 2·00ab 2·19
Yogurts 0·39ab 1·04 0·49ac 0·97 0·22b 0·61 0·73c 1·21 2·62d‡ 2·72 0·61ac 1·07
Eggs 1·76a‡ 1·92 1·25b 1·46 1·34ab 1·47 1·03b 1·34 1·38ab 2·35 1·31b 1·43
Butter and spreads 7·20a‡ 4·92 3·89b 3·07 4·11b 3·22 4·72b 3·74 2·27c 2·73 5·97a 4·61
Low-fat spreads 0·67a 1·97 0·67a 1·45 0·57a 1·39 0·79a 1·73 1·53b‡ 2·31 1·03ab 2·06
Potatoes 7·94a‡ 5·78 3·60b 3·12 3·80bc 2·83 4·57cd 3·77 6·09d 5·60 7·25ad 5·84
Chips 4·60a 3·10 4·82a 3·06 14·48b‡ 4·39 4·54a 3·03 2·13c 2·62 3·30d 2·98
Vegetables 3·10a 2·27 3·71abc 3·40 3·25ab 2·77 3·76bc 2·55 4·81c‡ 4·10 3·38ab 2·68
Fruit juices 4·60a 3·10 4·82a 3·06 14·48b‡ 4·39 4·54a 3·03 2·13c 2·62 3·30d 2·98
Fruit 1·40a 1·81 1·94b 2·15 1·03a 1·55 2·32bd 2·24 6·75c‡ 4·39 2·70d 2·54
Fish 1·58a 1·88 1·89ab 2·26 1·92ab 2·42 2·48bd 2·48 4·22c‡ 4·08 2·66d 2·86
Red meat 8·33a‡ 5·50 4·26b 3·40 4·88b 3·85 4·97b 3·72 5·13bc 4·65 6·35c 4·36
Poultry 1·40a 1·73 1·50ab 1·84 1·93bc 2·12 1·84abc 1·97 2·25c‡ 2·07 1·78abc 2·21
Red-meat dishes 1·39a 1·98 5·67b‡ 3·82 1·87a 2·66 1·41a 1·94 1·83a 2·54 1·40a 2·00
Poultry dishes 0·71a 1·59 2·03b‡ 2·71 1·46b 2·74 1·40bc 3·09 1·38abc 3·03 0·74ac 1·64
Meat products 4·90a 4·15 4·69a 4·31 7·71b‡ 5·42 4·30a 3·65 2·08c 2·58 3·19d 4·04
Alcoholic beverages 4·46ad 6·08 8·09b‡ 9·10 6·38bc 7·59 4·54cd 6·40 3·40de 4·57 2·76e 4·85
Confectionery 4·66a‡ 4·36 2·09b 2·42 1·49c 2·01 1·64bc 2·13 1·56bc 2·13 3·06d 2·99
Desserts 2·25a 2·53 3·06b 3·48 1·76a 2·78 3·52b 3·53 1·93a 2·30 5·49c‡ 4·75
Biscuits and cakes 5·40a 5·15 5·30a 4·92 3·94b 3·98 7·03c 5·93 5·07ab 4·52 8·05c‡ 5·85
Sugars and preserves 2·14a 2·78 2·98bc 3·94 3·74b‡ 4·46 3·82b‡ 4·53 1·60a 2·49 2·21ac 3·76
Savoury snacks 1·02a 1·79 2·43b‡ 3·60 2·45b‡ 2·91 1·88b 2·40 0·70a 1·40 0·98a 1·90
Sauces 1·11a 1·36 1·83b‡ 2·27 1·62bc 1·86 1·14a 1·38 1·36abc 1·76 1·20ac 1·52
Low-energy beverages 0·10NS 0·55 0·09 0·36 0·05 0·22 0·13 0·47 0·22‡ 0·78 0·18 1·08
High-energy beverages 1·23a 2·10 1·61a 2·13 3·57b‡ 3·97 1·33a 1·97 0·59c 1·40 0·78c 1·29
Soups 0·47ac 0·88 0·78bc 1·49 0·45ac 0·88 0·97b‡ 1·68 0·68abc 1·06 0·50ac 0·90

a,b,c,d,e Unlike superscript letters denote significant differences between clusters at P,0·05.
* Percentage intake of energy from each of the food groups.
† Cluster 1, ‘Traditional Irish’; cluster 2, ‘Continental’; cluster 3, ‘Unhealthy foods’; cluster 4, ‘Light-meal foods and low-fat milk’; cluster 5, ‘Healthy foods’; cluster 6, ‘Wholemeal

bread and desserts’.
‡ Important food groups in the cluster.
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Cluster 5: ‘Healthy foods’. This was the smallest cluster
(8·5 % of the population). It is characterised by providing a rela-
tively high %TE from wholemeal bread, breakfast cereals,
yogurts, low-fat spreads, vegetables, fruit, fish, poultry and
low-energy beverages. These foods are generally associated
with providing a healthy diet. This cluster had the lowest-
energy intake, the lowest %TE from total fat and saturated
fat, and the lowest intake of added sugars, while it also had
the highest %TE from protein and carbohydrate than the other
clusters. It also had a high intake of folate (relative to clusters
3 and 6) and a high-vitamin C intake (relative to cluster 3).

Cluster 6: ‘Wholemeal bread & desserts’. This cluster
is characterised by providing a relatively high %TE from
wholemeal bread, biscuits and cakes, and ice cream and
desserts. This cluster had a high-fibre intake (relative to
clusters 1–4).

Principal component analysis

When the format of the food-group variable was expressed as
%TE, the dietary patterns derived using PCA were difficult to
interpret as only a few foods were found to have high-factor
loadings (i.e. .0·25) per PC (Table 1). However, when the
food-group variable was expressed as g/d, many food groups
had high-factor loadings, thus making the patterns easier to
interpret and label. Therefore, the food groups based on the
g/d format are used for the rest of the analysis presented in
the present paper. For the g/d format, the extraction of eigen-
values .1·5 produced four dietary patterns, which explained
28·5 % of the total variance. These were labelled as
‘Unhealthy foods & high alcohol’, ‘Traditional Irish’,
‘Healthy foods’ and ‘Sweet convenience foods & low alcohol’
(Table 4). For each factor, quartiles of the total component
weights were calculated and compared across nutrient intakes,
and the highest quartile (Q4) for each is presented in Table 5.
The profiles of each PC are as follows.

PC 1: ‘Unhealthy foods & high alcohol’. This pattern was
characterised by high loadings for high-energy beverages,
chips, meat products, savoury snacks, sugars and preserves,
sauces, alcoholic beverages and savouries, and negative
loadings for low-energy beverages and breakfast cereals.
In relation to Q4, this PC was found to be high in energy (relative
to PC 3 and 4), have a high %TE from total fat (relative to all
other PC) and saturated fat (relative to PC 3), have the highest
intake of added sugars and have the lowest %TE from
protein and carbohydrate. It was also found to be low in zinc
(relative to PC 2) and have the lowest vitamin C of all PC.

PC 2: ‘Traditional Irish’. This pattern was characterised
by high loadings for potatoes, red meat, confectionery,
butter and spreads, white bread, wholemeal bread, whole
milk, alcoholic beverages, and by negative loadings for
savoury snacks, sugars and preserves, fruit juices, and rice
and pasta. In relation to Q4, this PC was also found to be
high in energy (relative to PC 3 and 4), calcium (relative to
PC 4) and folate (relative to PC 1 and 4), and it had the highest
zinc intake relative to the other PC.

PC 3: ‘Healthy foods’. This pattern was characterised
by high loadings for vegetables, fruit, fish, fruit juices,
sauces, yogurts, wholemeal bread and low-energy beverages.
In relation to Q4, this PC was found to have a high %TE
from carbohydrate (relative to PC 1 and 4) and a lower %TET
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from saturated fat than other PC. It was also low in added
sugars (relative to PC 1 and 2) but high in Southgate fibre (rela-
tive to factors 1 and 4), iron (relative to PC 4) and vitamin C
(relative to PC 1 and 2).

PC 4: ‘Sweet foods & breakfast cereal’. This pattern was
characterised by high loadings for biscuits and cakes, ice
cream and desserts, confectionery, breakfast cereals, yogurts,
and by a negative loading for alcoholic beverages. This PC
had a low-energy intake (relative to PC 1 and 2) and fibre
intake (relative to PC 2 and 3), low iron (relative to PC 2
and 3), zinc (relative to PC 2) and folate intake (relative to
PC 2 and 3), and it had also had the lowest calcium intake.

Comparison of clusters and principal components

Mean PC scores were calculated and computed across the six
cluster solutions, and this is illustrated in Fig. 1. The most
striking features of this are in relation to clusters 1, 3 and 5.
Cluster 1 scored the highest for PC 2 and the lowest for
PC 3, indicating that close similarities exist between the diet-
ary pattern ‘Traditional Irish’ derived by both methods, and
that it is most different from the ‘Healthy’ PC. Cluster 3
scored the highest for PC 1, indicating also that for the
‘Unhealthy’ pattern, both cluster and PCA derived very simi-
lar patterns. Cluster 5 scored the highest for PC 3 and the
lowest for PC 1, again illustrating the close similarities for
the ‘Healthy’ pattern (and also how dissimilar this pattern is
for the ‘Unhealthy’ PC). Cluster 6 also shares many simi-
larities with the ‘Healthy’ and ‘Traditional Irish’ PC, due to
the intake of wholemeal bread in both PC. In relation to the
other two clusters, mean PC scores were less striking, but
for cluster 4, it appears that none of the factors had a positive
score for this, indicating that this cluster explains a dietary
pattern not revealed by factor analysis.

In order to compare the cluster solutions and PCA, and to be
able to quantify the relationship between them, a logistic
regression model was run to predict Q4 of each principal com-
ponent from each cluster with cluster 1 (‘Traditional Irish’) as
the reference category (Table 6). The model was also adjusted
for sex, age group, social class and smoking status, which were
established as confounding factors. In relation to PC 1
(‘Unhealthy foods & high alcohol’), membership of cluster 3
(‘Unhealthy foods’) had the highest OR for predicting this

Table 5. Daily nutrient intakes compared across highest quartile (Q4) of each principal component (PC)*

(Mean values and standard deviations)

Q4 (n 345)

PC 1 PC 2 PC 3 PC 4

Mean SD Mean SD Mean SD Mean SD

Energy MJ 11·625a 3·12 11·671a 3·10 10·0132b 3·15 9·56034b 2·97
TE protein (%) 14·06a 2·33 15·78b 2·50 16·06b 3·10 16·17b 2·70
TE carbohydrate (%) 42·58a 5·84 44·04bc 7·19 44·62b 6·61 43·37ac 5·66
TE total fat (%) 36·70a 4·87 34·54b 5·94 34·20b 6·11 35·36b 5·55
TE saturated fat (%) 14·02a 2·71 13·64a 3·32 12·82b 3·32 13·57a 3·07
Added sugars (g) 83·59a 44·33 69·42b 39·73 50·27c 35·43 51·71c 34·85
Southgate fibre (g) 23·48a 8·78 26·25b 9·14 26·78b 8·84 22·02a 8·26
Calcium (mg) 953·05a 372·30 992·06a 348·14 947·52a 351·25 857·21b 335·15
Iron (mg) 14·83ab 10·67 15·47a 5·72 16·37a 14·97 13·74b 6·23
Zinc (mg) 10·66a 4·62 12·84b 4·30 11·11a 4·74 10·93a 6·65
Folate (mg) 316·33a 132·40 357·57b 121·36 355·62b 169·95 68·00a 138·68
Vitamin C (mg) 94·59a 97·85 100·72ac 123·17 173·57b 242·28 128·61bc 210·09

TE, total energy contribution.
a,b,c Unlike superscript letters denote significant differences across quartiles at P,0·05.
* PC 1, ‘Unhealthy foods and high alcohol’; PC 2, ‘Traditional Irish’; PC 3, ‘Healthy foods’; PC 4, ‘Sweet foods and breakfast cereal’.

Table 4. Loading weights from each food group per extracted principal
component (PC)*

PC†‡

Food group PC 1 PC 2 PC 3 PC 4

High-energy beverages 0·73 – – –
Chips and processed potatoes 0·68 – – –
Meat products 0·63 – – –
Savoury snacks including nuts 0·52 20·31 – –
Sugars and preserves 0·47 – – 0·31
Alcoholic beverages 0·33 0·26 – 20·45
Savouries 0·33 – – –
Sauces and salad dressings 0·30 – 0·38 –
Low-energy beverages 20·27 – 0·28 –
Potatoes – 0·76 – –
Red meat – 0·73 – –
Confectionery – 0·37 – 0·34
Butter and spreads – 0·37 – –
White bread and rolls – 0·32 – –
Wholemeal bread and rolls – 0·25 0·29 –
Fruit juices – 20·26 0·44 –
Rice and pasta – 20·26 – –
Vegetables – – 0·61 –
Fruit – – 0·60 –
Fish, fish dishes and products – – 0·55 –
Yogurts – – 0·33 0·26
Biscuits, cakes and pastries – – – 0·72
Cream, ice cream and desserts – – – 0·57
Breakfast cereals – – – 0·34
Whole milk – – – –
Red-meat dishes – – – –
Low-fat milk – – – –
Poultry – – – –
Variance explained (%) 9·1 8·9 6·0 4·5

* Extraction method: principal component analysis using varimax rotation.
† Total sample components: PC 1, ‘Unhealthy foods and high alcohol’; PC 2,

‘Traditional Irish’; PC 3, ‘Healthy foods’; PC 4, ‘Sweet foods and breakfast cereal’.
‡ Factor loadings are only displayed for values # 2 0·25 or $ 0·25, some food

groups are excluded as they did not load onto any factor retained.
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(i.e. OR ¼ 11·1). In relation to PC 2 (‘Traditional Irish’),
all other clusters had lower odds of predicting it relative to
the reference cluster. In relation to PC 3 (‘Healthy foods’),
membership of cluster 5 (‘Healthy foods’) had the highest OR
for predicting it (i.e. OR ¼ 13·1). In relation to PC 4 (‘Sweet
foods & breakfast cereal’), membership of cluster 2 (‘Continen-
tal)’ had the highest OR for predicting it (i.e. OR ¼ 3·9).

Discussion

An insight into the patterns of food intake may contribute
to the successful implementation of dietary changes. Although
there is a wealth of literature in the area of dietary patterns,
there exists few published studies that have directly compared
these methods using the same study sample(10,11,18). This is
despite the fact that, when conducting dietary pattern analysis,
probably the most important issue is choosing the most appro-
priate pattern analysis technique. There is also the need to
clarify the issue of the appropriate format of the food-group
variable, as different formats may impact on the dietary pat-
terns derived, and thus make it difficult to compare results
across different studies.

The most popular unsupervised or a posteriori methods of
data reduction are cluster and PCA. Both of these methods
are statistically quite different from each other. Whereas
cluster analysis separates persons into mutually exclusive
groups based on the differences in food intakes, factor analysis
separates foods into groups based on correlations between
foods and persons receiving a score for each of the derived fac-
tors. From the present study, it was found that both methods
derived quite similar and directly comparable dietary patterns
for three of the dietary patterns (i.e. ‘Traditional Irish’,
‘Healthy’ and ‘Unhealthy’). However, for cluster 4, there
appeared to be no relationship with any of the patterns derived
by PCA, based on the mean PCA score. This implies that PCA
may not reveal all of the dietary patterns actually present in the
dataset. This could be due to the subjective decisions applied in
the present study (i.e. the eigenvalue cut-off), which resulted in
choosing only the four PC presented here. Also, it has to be
remembered that the four PC retained for further examination
in the present study account for only 28·5 % of the total
variance, therefore the possibility remains that other dietary

patterns exist in the data. Schulze et al. (19) investigated the
effect of PCA and variation in foods and nutrients associated
with the dietary patterns in a sample of the European Prospec-
tive Investigation into Cancer and Nutrition-Potsdam cohort.
They concluded that PC may explain food and nutrient intake
quite differently, and therefore in some cases PCA may not
uncover all dietary patterns in the dataset.

When the dietary patterns identified in the present study
were compared using logistic regression analysis in order
to quantify the relationships between them, it was also
found that the ‘Unhealthy foods’, ‘Healthy foods’ and the
‘Traditional Irish’ clusters predicted the membership of simi-
lar patterns identified through PCA. Clusters 4 and 6 had OR
of 2·1 and 2·9, respectively, for predicting the membership of
PC 3 (‘Healthy’ pattern), which indicates that these clusters
have properties similar to the ‘Healthy’ pattern, and that in
the case for cluster 4, these were not picked up when the
mean score alone was used. Cluster 2 had an OR of 3·9 for
predicting the membership for PC 4, which supports the find-
ing when the mean score was used. These results are similar to
those found in a study by Costacou et al. (18), who compared
cluster analysis, PCA and a Mediterranean diet score in
Greek adults, and they found that the Mediterranean dietary
score closely predicted a Mediterranean dietary pattern
derived by PCA.

Dietary patterns are inherently complex. Without more
detailed analyses, they do not enable the specific identification
of the particular dietary component within the pattern that may
be responsible for the observed differences between popu-
lation subgroups. Therefore, along with identifying the main
patterns in the population sample, it is necessary to understand
what these patterns mean, i.e. what foods are they high/low in,
what nutrients are they high/low in and also to profile the
people who consume them. The decision guiding the choice
of dietary pattern technique should be construed according
to reasons such as expertise of the research group and, perhaps
most importantly, according to the format of the output
required. Most published studies that have used either of
these two methods have not provided a clear rationale as to
their choice of one of these methods over another. When
choosing between using either cluster or factor analysis, it
should be appreciated that they each approach the data from

Fig. 1. Principal component (PC) score compared across the six clusters of dietary patterns. PC 1 ( ), ‘Unhealthy foods and high alcohol’; PC 2 ( ), ‘Traditional

Irish’; PC 3 ( ), ‘Healthy foods’; PC 4 ( ), ‘Sweet foods and breakfast cereal’. Cluster 1, ‘Traditional Irish’; cluster 2, ‘Continental’; cluster 3, ‘Unhealthy foods’;

cluster 4, ‘Light-meal foods and low-fat milk’; cluster 5, ‘Healthy foods’; cluster 6, ‘Wholemeal bread and desserts’.
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a different prospective, and thus answer different questions.
Cluster analysis examines whether or not there are groups in
the population that are distinctly different from one another,
and if so, what typifies their diets? Factor analysis explores
whether there are underlying patterns that explain variation
in how people eat(20). Factors identified also do not refer to
identifiable groups within the population, and hence do not
give an indication of the prevalence of a particular type of
diet(21). However, the actual procedure for PCA is more
straightforward and logical as cluster analysis places consider-
able burden on the user in terms of selecting and deciding on
the appropriate number of clusters.

Aside from uncovering the dietary patterns in the present
study sample, the other aim was to explore the methodological
analysis of dietary patterns using different formats of the food
variable as unfortunately there is no gold standard technique
for this. The comparative evaluations of patterns derived
from the two variable formats described in the present paper
produced slightly different dietary patterns, and in this case
it was found that the food-group variables expressed as
%TE produced the most interpretable cluster solution, while
food groups expressed in g/d produced the most interpretable
principal components. In a recent study by Bailey et al. (12),
they reported that the most appropriate variable for providing
interpretable and relevant cluster solutions in their study was
the number of servings from food subgroups. Therefore, it
should be advised that for all dietary patterning methods, a
clear rationale for the format of the dietary variable should
be established before analysis in order to identify the most
relevant pattern solutions in a particular dataset.

The most beneficial information that can be gathered from
the dietary pattern analyses is on what foods in combination
are culturally acceptable to the population. Hypothetical
‘ideal’ diets, despite their advantageous health implications
to a population, are relatively useless unless they can be incor-
porated into the culture of the society. It appears from the
present study that there are three main dietary patterns that
dominate irrespective of the analytical methods used. These
are an ‘Unhealthy’, a ‘Traditional Irish’ and a ‘Healthy’ pat-
tern. This coincides with a recent paper which found, from a
comprehensive literature review of articles using factor and
cluster analyses, that ‘Healthy’, ‘Traditional’ and ‘Sweets’
patterns are fairly reproducible across populations(20). The
dietary patterns observed in the present study are also similar
to those found in a previous study on a sample (non-represen-
tative) of Irish men and women(22). They found three clusters
in their sample of Irish adults: a ‘Traditional diet’; a ‘Prudent
diet’; an ‘Alcohol & convenience food’ cluster. However,
using cluster analysis, the present study also found evidence
for two other dietary patterns, i.e. a ‘Continental’ and a
‘Light-meal & low-fat milk’ pattern, which may be a particu-
lar feature of this Irish population alone.

In general, the majority of studies in the literature, which
have examined dietary patterns in different population
groups, have revealed two predominant and opposing patterns,
often referred to as a ‘Prudent’ and a ‘Western’ dietary pat-
tern(23 – 27). The cluster and factor patterns labelled as ‘Healthy
foods’ in the present study correspond quite closely to the
‘Prudent’ pattern, and elements of both the ‘Unhealthy
foods’ and the ‘Traditional Irish’ clusters and from the
‘Unhealthy foods & high alcohol’ and the ‘Traditional Irish’T
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factors were similar to the ‘Western’ pattern. As would be
suggested from the label, the ‘Healthy’ patterns represent
the ideal diet, however only 8·5 % of the population were
found to exist in this cluster. This indicates that there is
much room for growth into this dietary pattern, but also,
most importantly, these results provide evidence that a healthy
eating pattern is a part of Irish culture (if somewhat relatively
small), and that recommendations based on this eating pattern
should be acceptable to the population. The ‘Traditional Irish’
pattern, which was the most dominant cluster, had the highest
energy, fat and sugar intakes. Changing this dietary pattern to
one of a more ‘Healthy’ pattern provides a realistic but diffi-
cult challenge due to the cultural position of this pattern in the
Irish society. Information concerning non-use of foods may
prove to be useful, particularly for the design of successful
nutrition intervention programmes. From both the cluster
and factor analyses, it was found that with regard to the
‘Healthy’ and ‘Unhealthy’ patterns, a high consumption of
‘Healthy’ foods was associated with a low consumption of
‘Unhealthy’ foods and vice versa.

Although cluster and factor methods are data driven and
may be considered objective because they are conducted
a posteriori, the analytical process is filled with subjective
decisions. In the k-means cluster algorithm, the user needs
to predefine the number of cluster solutions, which can force
the data into unrealistic clusters. To prevent this potential
pitfall, many scenarios with varying number of clusters are
required and cluster solutions need to be compared and
contrasted. In the PCA process, the user is also faced with
many subjective decisions, such as the criteria used to deter-
mine how many factors to extract (e.g. the eigenvalue cut-
off), and the method with which to rotate the selected factors.
The majority of studies using PCA to derive dietary patterns in
the literature have used criteria such as selecting PC based on
eigenvalues of .1·0–1·5, orthogonal rotation and factor load-
ings of the food groups of .0·2 for pattern interpretation(28).
Therefore, the present paper followed similar criteria. Schulze
et al. (29) described an approach to calculate factor scores in
the form of a sum of the standardised value of the six most
loading foods on each factor. These simplified measures are
proposed as an approach to overcome the limitation of
factor analyses in relation to their non-comparable risk
estimates over different populations and studies. Another
method of overcoming the reliance on subjective criteria is
to use confirmatory PCA. In confirmatory PCA, only food
groups with factor loadings above a defined cut-off are
retained to measure a food pattern in order to isolate the
‘core’ of the pattern(30). However, only a few studies have
used confirmatory PCA in nutritional epidemiology(16,31 – 34).
Other subjective decisions revolve about selecting the food
groups, and even the manner in which the clusters and factors
are ultimately labelled is also based on subjective criteria and
is liable to different interpretations(7,33,35 – 39).

In summary, the present study has shown that cluster and
PCA, although statistically different methods, identify similar
dietary patterns when presented with the same dataset, and
that these patterns are directly comparable. However, caution
needs to be applied to the subjective decisions involved when
using PCA, as this can have a direct impact on the number and
type of dietary patterns revealed in the data. Also, both
methods in the present study required a different format of

the food-group variable, and therefore consideration of the
input variable should always be given separately for each
method. In terms of further analysis of the dietary pattern vari-
ables generated, cluster analysis produces mutually exclusive
groups that are amenable to profiling, thus offering this
method considerable advantage over the other. However, as
stated earlier, each research study will have its own specific
hypotheses and aims, and it is these that should ultimately
drive the choice of the dietary pattern analytical technique.
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Appendix Table. Intake of each food group for the total population expressed as g/d or as percentage contribution to total energy intake (% TE)

(Mean values and standard deviations)

Mean daily food-group intake

g/d %TE

Food group* Mean SD Mean SD

Alcoholic beverages 332·86 587·01 5·20 7·10
Biscuits and cakes 31·53 32·62 5·76 5·28
Breakfast cereals 35·42 53·97 3·72 3·91
Butter and spreads 17·36 16·46 4·98 4·18
Cheese 12·37 15·28 2·01 2·25
Chips 65·51 62·30 5·97 5·20
Confectionery 18·06 23·00 2·59 3·17
Ice cream and desserts 30·48 39·45 3·01 3·57
Eggs 17·22 21·33 1·36 1·66
Fish 25·92 29·91 2·24 2·65
Fruit 80·03 94·70 2·25 2·77
Fruit juices 33·27 59·83 5·97 5·20
High-energy beverages 106·45 169·91 1·61 2·58
Low-energy beverages 1007·28 556·78 0·12 0·61
Low-fat milk 30·03 48·14 1·98 3·03
Low-fat spreads 4·48 10·72 0·80 1·81
Meat products 40·85 40·43 4·75 4·53
Potatoes 157·94 165·16 5·53 4·92
Poultry 20·65 22·99 1·71 1·98
Poultry dishes 20·86 37·25 1·28 2·50
Red meat 55·00 46·32 5·78 4·56
Red-meat dishes 38·32 51·91 2·40 3·11
Rice and pasta 20·25 31·72 1·21 1·94
Sauces 20·10 21·27 1·39 1·75
Savouries 23·77 40·31 2·26 3·53
Savoury snacks 7·22 12·31 1·66 2·64
Soups 28·52 49·33 0·64 1·20
Sugars and preserves 14·03 22·37 2·82 3·85
Vegetables 120·94 77·33 3·54 2·93
White bread 93·80 62·20 10·92 6·19
Wholemeal bread 44·56 57·96 4·58 5·50
Whole milk 155·39 189·49 4·41 4·96
Yogurts 15·80 32·84 0·66 1·38

* Intakes of all foods considered as edible fraction only.
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