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ABSTRACT

Although computational multivariate data analysis (MDA) already has been employed in
the dietary survey area, the results reported are based mainly on classical exploratory
(descriptive) techniques. Therefore, data of a Swedish and a Danish dietary survey on
young consumers (4 to 5 years of age) were subjected not only to modern exploratory
MDA, but also modern predictive MDA that via supervised learning yielded predictive
classification models. The exploratory part, also encompassing Swedish 8 or 11-year old
Swedish consumers, included new innovative forms of hierarchical clustering and bi-
clustering. This resulted in several interesting multi-dimensional dietary patterns (dietary
prototypes), including striking difference between those of the age-matched Danish and
Swedish children. The predictive MDA disclosed additional multi-dimensional food
consumption relationships. For instance, the consumption patterns associated with each
of several key foods like bread, milk, potato and sweetened beverages, were found to
differ markedly between the Danish and Swedish consumers. In conclusion, the joint
application of modern descriptive and predictive MDA to dietary surveys may enable new
levels of diet quality evaluation and perhaps also prototype-based toxicology risk
assessment.

Keywords: Dietary surveys; young consumers; unsupervised MDA; supervised MDA; dietary
prototypes; dietary patterns.

1. INTRODUCTION

Surveys of food consumption are undertaken on a regular basis in many developed
countries. The overall purpose of these investigations is to gain insight in food habits among
the general national populations and outstanding segments thereof, e.g. women, men,
children, elderly as well as socio-demographic or regional consumer categories. Dietary
surveys are commonly designed as either a 24-h recall or a dietary record scheme, as
proposed by the European Food Safety Authority (EFSA) [1]. Traditionally, statistical
analysis of food consumption data has been focused on intake levels of single nutrients or
foods at a time, i.e. using classical univariate statistical analyses. This approach is, however,
not quite appropriate to disclose consumption patterns across several dimensions, i.e. poorly
adapted to the fact that people eat a variety of foods rather than single nutrients. Thus, the
last decade has witnessed a gradual transition in research from a nutrient to a food level
perspective, translating to an emphasis on dietary patterns [2-5]. Typically, patterns of food
intake are discovered by means of exploratory dimension-reducing techniques, which fall
into two separate categories: Cluster Analysis, on the one hand, and Factor Analysis -
commonly appearing as Principal Component Analysis (PCA) - on the other. Cluster analysis
is, however, not widely reported in dietary surveys of young consumers. Nonetheless, a few
papers elaborating on this sort of interrogation have appeared in the literature [6-8]. Another
set of methods, collectively referred to as Mixture Models (MMs), have lately also found
usage in explorative nutritional epidemiology. MMs can help identifying latent sub-
populations within an overall population without a need for data to directly recognise the
underlying categories or to which an entity belongs. Certain variants of MMs can therefore
be perceived as clustering procedures. Intricate dietary patterns within a large fraction of the
EPIC (The European Prospective Investigation into Cancer and Nutrition) cohort, by means
of a variant MM, have recently been reported [9]. Moreover, Latent Class Analysis (LCA) -
closely related to MMs - identifies subgroups within a population. Constructs are
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subsequently used for regression analysis [10,11]. By means of LCA dietary prototypes have
been identified in cohorts of modest and large sizes [12,13].

The above-mentioned MDA techniques are, however, all confined to the descriptive
modelling category of data analysis, also known as unsupervised multivariate analysis.
Although this sort of modelling is indeed helpful to the disentanglement of embedded
associations within dietary surveys, the class of MDA techniques known as predictive
modelling can enable the unveiling of even deeper entrenched patterns in multi-dimensional
data sets [14-16]. Prediction models based on supervised learning are built on observed
examples that include a response variable, which may incorporate either a discrete or a
continuous value. Some well established examples of such algorithmic families are Artificial
Neural Networks (ANN) [17], Decisions Trees (DT) [18,19], Random Forests (RF) [20,21]
and Nearest Shrunken Centroids (NSC) [22-25]. Using ANNs and Decision Trees, Hearty
and Gibney modelled an Irish food consumption survey to predict each individual’s Health
Eating Index, in anyone of five separate categories, with reasonably high accuracy [26].
Nutritional epidemiology, however, let alone dietary surveys, rarely employs predictive
modelling.

With a view to this overall background, we applied modern and novel innovative MDA
methods to disclose pertinent dietary patterns in data on pre-adolescent consumers and
compared them between two countries. Therefore, data used in this study were compiled
from two national food consumption surveys of young consumers, one in Sweden and the
other in Denmark. The former data set incorporated three age classes, one preschool and
two elementary school children, whereas the latter included preschool children only. The
material was subjected to various statistical techniques, including two sorts of cluster
(unsupervised) analysis as well as two varieties of supervised analysis, RF and NSC, but
only results of the latter supervised technique are shown in the present paper. Recently, this
work - financed by the Nordic Council of Ministers, Nordic Working Group for Diet, Food and
Toxicology (NKMT) - appeared in the form of a TemaNord report [27]. Below, pertinent
findings of this study are outlined.

2. DATA SETS AND METHODOLOGY

2.1 Data Sets

The analyses were based on two dietary survey data sets collected in Denmark and
Sweden: (i) A fraction of data encapsulating preschool consumers (children of 4-5 years of
age, in total 318 subjects), compiled in 2000 through 2008 of the Danish National Survey of
Diet and Physical Activity, an ongoing project at the National Food Institute, Technical
University of Denmark. (ii) Data collected in Riksmaten - barn 2003, which is an open and
estimated food diary across four consecutive days, conducted by the (Swedish) National
Food Agency. It encapsulates 2496 children of three age classes: 4, 8 and 11 years of age,
with 590 individuals of preschool (4 years) age [28].

2.2 Assignment of Foods into Groups

The Swedish and Danish consumption data were aggregated into 35 and 25 separate food
groups, respectively. Prior to Danish-Swedish comparison, data from a Swedish age-
matched excerpt were harmonised with those of Denmark, i.e. transformed to 25 food
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categories. Mean intakes of each food group were input variables to the various MDA
settings. Below, accordingly defined food groups appear in italic font.

2.3 Data Pre-processing

Intake levels were consistently expressed as weight percent, i.e. the consumption of each
food group was divided by the total intake of all food groups. Certain analyses were
preceded by an additional normalisation-type transformation, either Z-score normalisation
(all food group values will have zero mean and unit variance) or by dividing each food group
value with its arithmetic mean value.

2.4 MDA

Descriptive/exploratory modelling (unsupervised MDA) and predictive modelling (supervised
MDA) were applied to the data sets. A significant part of the descriptive analyses was
conducted using a top-down multi-branching hierarchical clustering algorithm developed in-
house (OMB-DHC) [29,30]. Each accordingly identified major cluster was represented by its
centroid (average), which subsequently was visualized together all the others using bi-
clustering (yielding a “heatmap”) and multi-dimenstional Scaling [31]. Finally, the Danish and
Swedish age-matched data sets (the original data and not the prototypes) were each
subjected to variable selection and training of the Nearest Shrunken Centroid (NSC)
classifier, thereby enabling multivariate pattern recognition. The classifiers were built to
discriminate between low (below the 20th percentile) and high (above the 80th percentile)
consumers of each food category studied, based on their dietary patterns (excluding the
food category considered). The MDA was performed in a repeated holdout procedure using
80% of the data to train the model and the remaining 20% to test model performance. The
holdout procedure was repeated 100 times and an average performance over all repeats
was computed. The NSC modelling included a variable selection step, which yielded counts
of how many times each variable (food type) was selected. Null distribution for performance
measures and variable selection counts (for each variable) was determined by means of 200
permutations.

2.5 Computational Environments

Data pre-processing and unsupervised MDA were conducted in the Matlab development
suite (Mathworks, Inc, Natick, USA), whereas the supervised MDA analysis was conducted
in R [32]. The NSC algorithm used was available in the R package pamr [22].

3. RESULTS AND DISCUSSION

3.1 Descriptive Modelling by Means of Cluster Analysis

The multi-branching hierarchical clustering (OMB-DHC) output allows for the multi-tier
analysis of clusters, appearing at gradually lower segregation levels. Upon analysing the
age-matched trans-national data sets with OMB-DHC, four groups of each of the Swedish
and Danish dataset of preschool children emerged as the most appropriate representations
of the respective data sets. These clusters appeared at the highest branching level using the
Danish data set, but emerged at several hierarchical levels in the corresponding Swedish
data (Appendix Fig. 1). The term dietary prototype was assigned to the centroids (mean) of
the accordingly identified groups. Two such prototypes from each nation, named by
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outstanding food groups, showed some mutual resemblance: Milk and Soft beverages
(sweetened)/Buns & cakes in the Swedish data set, on the one hand, and Milk and Soft
beverages (sweetened)/Juice among the Danish children, on the other. Nonetheless,
subsequent (hierarchical) bi-clustering of the accordingly derived dietary prototypes revealed
a striking discrepancy between age-matched Danish and Swedish children's consumption
patterns. The resulting “heatmap” discloses an approximately inverse relationship between
the two countries (Fig. 1). Another downstream multidimensional analysis of the prototypes
unveiled an appreciable data distribution within each national population, but showed
nonetheless much larger distance across the nations (Appendix Fig. 2).

Fig. 1. A second level exploratory MDA using 8 dietary prototype profiles obtained in a
previous clustering analysis (OMB-DHC) step. Four prototypes were obtained from
Swedish and four from Danish age-matched preschool consumer data. The panel

displays results from a conventional bi-clustering procedure. Colours indicate high (red),
intermediate (black) or low (green) consumption levels. The panel was reproduced with

permit from the Nordic Council of Ministers

A multidimensional scaling analysis of dietary prototypes, as derived from the entire Swedish
data set, identified one divergent prototype in each of the two older age groups (8 and 11
years old consumers, respectively). The two outstanding prototypes, each encapsulating
about 20 % of the respective elementary school age population, exhibit obvious mutual
similarity and feature low-fat foods - largely with respect to dairy products - and otherwise
generally prudent eating profiles. Moreover, each of the Swedish age group housed another
and fairly well defined dietary prototype. These prototypes (encompassing 20 % of preschool
children and nearly 25 % among each age-class of elementary school consumers in the data
set) featured relatively low intake of Vegetables and Fruit and berries as well as rather high
consumption of sugar-sweetened soft drinks. A dietetic prototype of the latter was identified
also in the Danish data material (representing about 27 % of the children in the national
data set), but devoid of association with low consumption of Vegetables or Fruit and berries
(not shown).

3.2 Predictive Modelling Using Classifiers

Using predictive modelling, data of age-matched preschool Danish and Swedish children
were scrutinized for food preferences attached to each food group. This undertaking was
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based on NSC classification, using low and high consumers (i.e. the 20% fractions of
subjects with lowest and highest consumption) for each food category in the absence of the
particular food. For example, a Bread classification model was built to classify High/Low
consumers of Bread, based on the consumption pattern across the remaining foods. This
procedure was conducted to unveil associations with the respective foods, not readily
disclosed by any exploratory methodology. Models were also built in a similar fashion by
means of RF, providing results that concurred with those derived from NSC analyses (data
not shown). NSC was used in a repeated holdout setting and permutations were conducted
to assess results quality [27]. The eating behaviour attached to several food groups showed
marked disparity across the national border (Fig. 2). A few observations from the NSC-
modelling exercises are as follows: Models for Potato depend heavily on Rice and Meat &
chicken among Danish children, but are rather linked to Sausage and Fish in Sweden. The
Danish Bread models depend strongly on the consumption of Sugar (i.e. marmalade) and
Vegetables, whereas the Swedish Bread models depend mainly on Cheese, Spreads &
Dressing and Cereals for consumers of this age group (Fig. 3). Moreover, predictive
classification of Milk showed associations with (fruit) Juice and Soft beverages (without
sugar) among the Danish children, but were rather associated with Cereals, Fish and Soft
beverages (sweetened) in the Swedish data set. Large cross-national difference in terms of
food group associations with Meat & chicken was also observed (not shown).

A B

Fig. 2. Significant variables identified using NSC predictive modelling of the Swedish
(A) and Danish (B) dietary survey data sets on preschool children. The NSC technique

applied here attempts, irrespectively of the targeted food (one in each model), to
reliably classify the respective (low/high consumption) populations. Thus, each model

was built to predict class Y based on consumption pattern of the remaining food
groups X. Notably, NSC performs simultaneous variable selection and model

construction. For each food group data was partitioned in training (80 %) and test (20
%) sets. The entire sequence of model-building, followed by testing, was iterated 100
times, ultimately generating a selection frequency of each variable, as appearing in
panels A or B, above. Colour-coded squares indicate significance at either of two
separate levels (dark red: 0.99 level; light red: 0.95 level; white: non-significant),

whereas consistent non-significant models appear as grey bars. Panels reproduced
with permit from the Nordic Council of Ministers
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Fig. 3. Graphical display of results derived from Nearest Shrunken Centroid (NSC) modelling for each of two selected pairs of Danish-Swedish consumption patterns, as
attached to either of the Bread or Potato food groups. Performance is expressed as AUC (A, C, E, G) and variable selection frequency appears as percent (B, D, F, H), for
Danish and Swedish Bread (A, B and E, F, respectively) as well as Danish and Swedish Potato (C, D and G, H, respectively) models. Null distribution, as determined by

200 permutations, is shown as a boxplot for each AUC and variable (food group). The original (un-permuted) model results are indicated by red X marks. Panels A, C, E,
and G show that the performance estimates of the four displayed models are significantly higher than expected by chance (at the 0.05 significance level). Panel B clearly
shows that Sugar, and Vegetables are the most important variables in the Danish Bread model, whereas panel F shows that Cereals, Cheese and Spreads & dressing are

most essential to the Swedish Bread model. As for the Potato models, panel D highlights Meat & chicken and Rice as most important to the Danish Potato model,
whereas panel H indicate that Fish, Sausage and Spreads & dressing are fundamental to the Swedish Potato model

Bread Potatoes
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4. CONCLUSION

Embedded multi-dimensional dietary patterns in data from two Nordic dietary surveys of
young consumers have been disclosed through joint application of modern descriptive and
predictive MDA modelling [27]. The descriptive modelling involved cluster analysis and multi-
dimensional scaling, which were used to identify interesting consumer prototypes in the
dietary data sets. More intricate patterns were unveiled through a second round of
exploratory data analysis based on the consumer prototypes identified in the first step.

In the current analysis, two well-known algorithms for supervised MDA (random forest and
nearest shrunken centroid) were employed to identify eating preferences tied to each of a
panel of food groups. Several such dietary associations were found to be strikingly dissimilar
between Danish and Swedish young consumers. For instance, Potato, Bread, Milk and Meat
and poultry emerged as connected to quite distinct food groups among the respective
national preschool consumers, as disclosed by supervised data interrogation [27].

Outstanding observations made in this study include: i) Two prudent and mutually similar
dietary prototypes, located remotely from all counterparts in each age group, appeared
among elementary school children in the Swedish material. ii) Seemingly, Danish and
Swedish children (4-5 years) consumption patterns are strikingly different, in part owing to
many individual foods being linked to different eating habits and iii) dietary prototypes with
significant elements of Soft beverages (sweetened) appeared in the Danish data on
preschool children and in each age class of the Swedish material.

Findings summarized in the present paper, outlined in more detail in a recently published
TemaNord report, show that the joint application of clustering techniques and supervised
(machine) learning techniques provide a promising framework for deepened understanding
of intricate eating habit patterns [27]. Rather than relying solely on assessments based
mainly on independent uni-variate distributions, reflecting the consumption of particular food
categories across the whole population (e.g., WHO/IPCS, 2009) [33], the consumer
prototypes (and/or associated multivariate correlation patterns) should also be taken into
account. A consumer prototype view, which allows for e.g. prototype specific exposure
assessment, seemingly enables more adequate analysis of the explicit impact of differences
in diet on the intake of nutritional or hazardous substances, thus potentially allowing for more
accurate delineation of potential risk groups. Lastly, predictive modelling enables exhaustive
characterisation of eating habits, thereby providing a powerful technique in dietary pattern
analysis.
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APPENDIX

Fig. 1. Multi-branching cluster dendrograms, produced by means of the OMB-DHC
algorithm. Left panel: Output based on dietary survey data on Danish consumers (4-5

years old). Four distinct aggregations appear at the highest hierarchical level and
were labelled dietary prototypes. Right panel: Output based on an excerpt of

Riksmaten - barn 2003, encompassing 4 year old subjects. The data precipitate in two
overarching clusters. Owing to segregation of one such cluster (left-centre part of the

image), three aggregations at subordinate hierarchical levels - jointly with the
rightmost top level cluster - were assigned dietary prototypes

Fig. 2. A second tier exploratory analysis, using classical multi-dimensional scaling
(MDS; reduced to two dimensions in the display), of 8 dietary prototype profiles,
which were obtained in a previous step via clustering (OHM-DHC) analysis. Four

prototypes were obtained from Swedish and four from Danish age-matched
preschool consumer data

_________________________________________________________________________
© 2014 Hammerling et al.; This is an Open Access article distributed under the terms of the Creative Commons
Attribution License (http://creativecommons.org/licenses/by/3.0), which permits unrestricted use, distribution, and
reproduction in any medium, provided the original work is properly cited.
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