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Can dietary patterns help us detect diet—disease associations?
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The role of diet in promoting health and preventing disease is difficult to elucidate due to its
complex network of foods and nutrients. Besides total energy intake, dietary composition is
probably the most important discriminator within and between populations. Dietary composition
is reflected in dietary patterns, which have recently gained popularity. The present paper reviews
the most commonly applied methods to identify dietary patterns, data-driven methods such as
factor and cluster analysis, investigator-driven methods such as indices and score, and methods
combining the two, namely reduced rank regression. We describe the techniques and their
application, discuss strengths and limitations, and discuss the usefulness of dietary pattern

analyses.

Dietary patterns: Epidemiology: Factor analysis: Principal components: Cluster analysis:
Dietary composition

Introduction

The role of diet in promoting health and preventing disease
is difficult to elucidate due to its complex network of foods
and nutrients. Nutrition is essential to maintain life, but
dietary composition can differ widely among individuals.
While a limited range of total energy intake and a minimum
amount of essential nutrients are required for survival, it is
unclear whether certain dietary preferences or dietary
patterns are most relevant for the prevention or promotion of
certain diseases or whether we may be able to link intake of
individual foods or nutrients to disease outcomes. The
complexities of diet make it difficult to consider the role of
individual foods or nutrients in isolation. Nutrients may
interact with each other and influence their bioavailability
and absorption. Because many nutrients are contained in the
same foods, isolating their individual effects is almost
impossible. Furthermore, given the limited variability of
energy intake, a high consumption of one food must be
associated with lower intake of other foods, which makes
inferences about the relevance of individual foods even
more difficult. An individual with a high daily consumption
of red meat might consume fish rarely and eat few fruits.
The same individual may also have a high intake of refined
carbohydrates. Hence, confounding by foods not eaten or by
foods highly correlated with the index food may result in a
distorted picture of the role of individual food items or
nutrients in disease causation.

Conversely, including information in an analytical model
on the frequency of consumption of all food items assessed
poses different problems such as collinearity. A summary
variable characterising a diet pattern may be easier to
handle.

Therefore the question arises whether dietary preferences
reflected in dietary patterns may be more suitable for
analyses in nutritional epidemiology when large populations
and their dietary habits are studied in the search of disease
causation. Particular combinations of foods as described by
dietary patterns may be more strongly related to health and
disease than individual foods or nutrients. Furthermore,
dietary preferences may be more consistent over time than
consumption of individual foods.

Recently, a number of methods have been introduced to
use the wealth of dietary information collected in
observational studies to define dietary patterns and relate
them to disease outcomes (Trichopoulos & Lagiou, 2001;
Hu, 2002). These dietary pattern methods are either data
driven, such as principal component analysis, factor analysis
and cluster analysis, or determined a priori by the
investigator, such as dietary indices or dietary scores. All
previously mentioned patterns are constructed independent
of the disease endpoint of interest — hence the same patterns
would be used for the analysis of dietary predictors of heart
disease and in an analytical model to explore cancer. To
refine patterns and target them to a specific disease outcome,
reduced rank regression (RRR) — the latest addition in
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dietary pattern research — combines exploratory methods
and the use of prior knowledge to identify a dietary pattern
that is associated with a specific disease. In the following,
we discuss each of these methods, their concepts and
applications, and their strengths and limitations in our
search for diet—disease associations.

Data-driven methods

Data-driven methods to identify dietary patterns are also
called a posteriori methods because the available data
determine the patterns. Among data-driven methods, factor
analysis has emerged as the most frequently used method,
while cluster analysis is popular with some groups.

Principal component analysis and factor analysis

Concepts and methods. Principal component analysis
(Manly, 2004) identifies foods that are frequently consumed
together (Schwerin et al. 1981; Jacobson, 1986; Slattery et al.
1998; Hu et al. 1999; Schulze et al. 2001). It aggregates food
items or food groups on the basis of the degree to which they
are correlated with one another (i.e. found to be consumed
together in diet assessments). The goal is to identify linear
composites of optimally weighted food items or food groups
(principal components) that account for the largest amount of
variation in diet between individuals where each observed
food or food group contributes one unit of variance to the
total variance in the dataset. In contrast, factor analysis
assumes that the observed variables (food items or groups)
are linear combinations of unobservable (latent) factors.
While in principal component analysis the component score
represents a mathematical transformation (a linear combi-
nation) of the observed variables, factor scores computed in
factor analysis are considered only estimates of the
individual’s actual underlying unobservable factor. Besides
theoretical differences between principal component analysis
and factor analysis, factor analysis based on the principal
factor method gives generally similar results as principal
component analysis. However, factor analysis may involve
other methods than the principal factor method, for example,
maximum-likelihood algorithms, that clearly distinguishes it
in these cases from principal component analysis. Because
the vast majority of studies on dietary patterns applied
principal component analysis or factor analysis with the
principal factor method and because both methods share the
same mathematical concept, we discuss issues of their
application together. Studies on dietary patterns, which
applied principal component analysis or factor analysis were
comprehensively reviewed by Newby & Tucker (2004).

It has become common practice to pregroup individual
food items into food groups before applying principal
component analysis or factor analysis, since the proportion
of explained variance per factor decreases with the number
of variables entered (Slattery et al. 1998). This approach
reduces the number of food groups available for analysis
substantially (mostly to approximately forty items).

The importance of a component or factor is reflected in its
Eigenvalue, which represents the amount of variance that is
accounted for by a given component or factor. Any
component or factor that displays an Eigenvalue greater than
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one is accounting for a greater amount of variance than is
contributed by one individual food item or food group and
therefore accounts for a meaningful amount of variance. In
determining the number of components or factors to retain,
Eigenvalues greater than one are generally used as a
decision criterion in conjunction with the scree test and
interpretability of the components or factors. A scree plot of
the Eigenvalues can be used to graphically determine the
optimal number of components or factors to retain. A break
between the components or factors allows us to distinguish
between those with relatively large Eigenvalues and those
with small Eigenvalues. The components or factors that
appear before the break are assumed to be meaningful and
are retained for rotation.

Initial components or factors identified are usually rotated
by an orthogonal transformation to achieve simple structure
with greater interpretability. Ideally, after-rotation factor
loadings (correlation between components or factors and
foods) are either high or near zero and single food items
have high loadings at only one component or factor.

The percentage of variance explained by each factor
depends largely on the total number of variables included
and is therefore an inferior decision criterion of how many
and which factors to maintain. The proportion of variance
accounted for by a factor can be calculated as the
Eigenvalue for that component divided by the total
Eigenvalues of the correlation matrix. The total Eigenvalues
of the correlation matrix are equal to the total number of
variables being analysed. The factor-loading matrix is
usually used to determine what foods are important
contributors to the factor, although this is purely interpreta-
tional and involves the arbitrary decision about which cut-
off to use. The factor score for each pattern can be computed
by combining the standardised food variables with weights
that are proportionate to their component loadings.
However, a simpler approach is to combine with equal
weight only those standardised food groups that showed
high factor loadings (Schulze et al. 2003). Such a simplified
score appears to correlate highly with the more complex
score, but has the advantage of much easier calculation and
interpretation.

The factor-loading matrix for dietary patterns often does
not represent a clear and simple structure that easily allows
the investigator to determine which food items in fact are
contributors to a pattern and which are not. As a potential
solution, the structure obtained with principal component
analysis or exploratory factor analysis can be tested with
confirmatory factor analysis — a step that has rarely been
taken in dietary pattern analyses (Schulze et al. 2003). The
goodness of fit is determined on the basis of the significance
of factor loadings and goodness-of-fit test statistics. As this
method allows us to objectively determine the foods for
each pattern, the pattern score can then be calculated easily
as the combination of these standardised food groups.
Omitting weights in this step again appears to lead to useful
and easily interpretable pattern scores (Glass et al. 1997).

In a US adult population, two distinct patterns, ‘prudent
pattern’ and ‘Western pattern,” have been identified (Slattery
et al. 1998). While the prudent pattern is defined by frequent
consumption of a variety of fruits, vegetables, whole grains,
legumes, fish, and poultry, the Western pattern mainly
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comprises red and processed meats, high-fat dairy products
including butter, eggs, and refined carbohydrates such as
sweets, desserts, and refined grains. Other patterns have
been described in European populations (Schulze et al.
2001; Costacou et al. 2003; Newby & Tucker, 2004).

Strengths. Principal component analysis and factor
analysis have been validated, and results appear to be
reproducible over time and across different dietary
assessment methods (Hu ef al. 1999).

Limitations. By definition, components or factors obtained
with principal component analysis or factor analysis are
statistically independent of each other. This is not always
entirely intuitive, as, for example, we would expect that the
US-based prudent and Western patterns would be inversely
correlated. Furthermore, there are no tests to aid as decision
criteria for the formulation of components or factors, only
empirical guidelines. Hence, while data driven, principal
component analysis and factor analysis include subjective
criteria in defining dietary patterns. Attempts to statistically
test the pattern structure with confirmatory factor analysis
are useful, but this approach has rarely been employed.

Correlated measurement error in assessing foods may
lead to an overestimation of correlation between foods and
may distort definition of a pattern. Errors in the assessment
of foods, especially foods that are grouped together on the
food-frequency questionnaire (for example, vegetables)
have been found to be correlated (Michels et al. 2005).
Thus, if consumption of one vegetable is overreported,
consumption of other vegetables is probably overreported as
well. This error correlation increases the apparent
correlation among the foods and increases the probability
that they become constituents of the same pattern.

The components obtained with principal component
analysis commonly account for only a modest proportion of
the total variance in diet in the dataset. Thus, the results
represent the optimal model with respect to the explained
variance, but leave sufficient room for other patterns to
prevail in the study population. Which dietary pattern is
most predictive for any specific disease cannot easily be
answered with principal component analysis alone. Other
patterns may be as important, but were not identified with
this approach because they explained a slightly smaller
amount of total variance (Schulze et al. 2004).

Martinez et al. (1998) have voiced concern regarding the
use of principal component analysis and factor analysis in
nutritional epidemiology, pointing out their subjectiveness
in preselecting food groups, determining the number of
factors, deciding on when components or factors are
relevant and when factor loadings are important to maintain
foods in the pattern, all of which make them less data-driven
methods than assumed.

Another issue with factor analysis (which also applies to
other data-driven methods) is that dietary patterns strongly
interact with other lifestyle characteristics or rather are part
of specific lifestyles (Martinez et al. 1998). While this might
strengthen the opinion that the observed patterns may be
meaningful, it might consequently be impossible to separate
pattern effects from the effects of other lifestyle
characteristics. Slattery et al. (1999) have used dietary and
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lifestyle characteristics to define lifestyle habits using factor
analysis, further supporting the above argument.

Cluster analysis

Concepts and methods. Cluster analysis (Everitt et al.
2001) is another data-driven procedure that aims to build
clusters of individuals with similar diets (rather than clusters
of foods consumed together, as factor analysis does). First,
as in principal component analyses, foods are pregrouped.
Foods need to be standardised since variables with large
variances tend to have a greater effect on the resulting
clusters than those with small variances. Thus, foods and
food groups are commonly divided by total energy intake
and the percentage of energy contributed by each food group
is calculated and used in the cluster analysis. Cluster
analysis is based on distance measures between individuals.
Initial cluster seeds are followed by repeated comparisons
between the means of initial clusters and subsequent updates
of cluster groupings and means. Subjects are moved
between mutually exclusive clusters and new means are
computed until the distances between the observations
within clusters are smaller than the distances between
cluster means. Ideally, cluster analysis leads to complete
convergence so that the final cluster seeds will equal the
cluster means or cluster centres. Alternatively, investigators
may specify the maximum number of iterations or a specific
convergence criterion by which their procedures terminate
when a complete iteration fails to move a cluster centre by
more than a percentage of the smallest distance between any
of the centres.

The number of clusters has to be prespecified by the
investigator. The set of clusters is selected where the nearest
higher number of clusters would not give a considerably
better separation. A smaller number of clusters is usually
preferable as they are easier to interpret. Although the real
number of clusters in the data is unknown, a cross-validation
method can be applied to a range of numbers of clusters to
observe the resulting average distance of the observations in
a cross-validation or testing sample from their cluster
centres. A higher between-cluster variance:within-cluster
variance ratio indicates a better separation of clusters. A
scree plot of the overall ratios against the number of selected
clusters is used as a decision criterion: stop when the plot
reaches a plateau. After applying the resulting number of
clusters to the study population, the dietary differences
between clusters are descriptively evaluated and dietary
patterns are characterised by their average energy
contribution from each individual food group.

Studies on dietary patterns which applied cluster analysis
were comprehensively reviewed by Newby & Tucker (2004).
The clusters described have varied among research groups
and populations. Akin and colleagues identified patterns of
light eaters, heavy eaters, or consumers of large amounts of
alcoholic beverages, salty snack products, animal fat
products, legumes, or sweets and desserts in a population
of older Americans (Akin ef al. 1986). In another population
of elderly Americans, four patterns characterised by
(a) alcohol, (b) milk, cereal, and fruits, (c) bread and poultry,
and (d) meat and potatoes were found (Tucker et al. 1992). In
the UK Women’s Cohort Study seven patterns emerged: (a)
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monotonous low-quantity omnivores, (b) health conscious,
(c) traditional meat, chips and pudding eaters, (d) higher
diversity, traditional omnivores, (e) conservative omnivores,
(f) low diversity vegetarians, (g) high diversity vegetarians
(Greenwood et al. 2000). Wirfilt et al. reported clusters of (a)
many foods and drinks, (b) fibre bread, (c) low fat and high
fibre, (d) white bread, (e) milk fat, and (f) sweets and cakes,
and of (a) drinks and fries, (b) ice-cream and cake, (c) dieters,
(d) healthy, (e) traditional, and (f) Mediterranean diet from
the Swedish Malmo Diet and Cancer Cohort (Wirfilt ef al.
2000, 2001). In the Framingham Heart Study, clusters of (a)
sugar, (b) fish and grain, (c) meat, eggs, and fat, (d) milk and
fruit, and (e) alcohol were found (Haveman-Nies ef al. 2001);
in the Framingham Nutrition Studies, patterns of (a) heart
healthy, (b) light eating, (c) wine and moderate eating, (d)
high fat, and (e) ‘empty calories’ were identified (Millen et al.
2001).

Strengths. Cluster analysis groups individuals; thus a
specific dietary pattern is assigned to each individual of the
corresponding study population. In contrast, factor analysis
produces a variety of pattern scores for each individual.

Limitations. Within and across populations and diet
questionnaires, different cluster patterns have been
described and a dietary pattern identified with cluster
analysis has not been consistently reported across different
studies. Newby and colleagues, however, compared factor
and cluster analysis methods and found comparability in the
dietary patterns derived with the two methods (Newby et al.
2004b). In randomly generated split samples, they found
clusters to be more accurately reproducible than factors.
While factor analysis results in a pattern that is directly
interpretable, further analysis is necessary to define the
particular dietary profiles of the extracted clusters.

Summary

Factor analysis and cluster analysis, while both driven by the
observed data, are still partially influenced by investigator
decisions. Grouping of foods before the search for factors
and clusters, determining the critical value of the
Eigenvalue, visual examination of a scree plot, determining
the cut-off for foods to be important contributors to a factor
based on the factor-loading matrix, and prespecifying the
number of clusters all require decisions to be taken by the
investigator and may vary by investigator. More objective
attempts, for example, the use of confirmatory factor
analysis to determine the important contributors to a factor-
based pattern, are rarely applied.

For both factor analysis and cluster analysis, examining
the relevance of the emerging factors or clusters is part of
defining a dietary pattern. In addition, sensitivity analyses of
the identified patterns can be performed by repeating the
analyses on split halves of the sample.

Both methods build patterns solely based on dietary
information, which is valuable to characterise the most
common culturally determined dietary patterns but may be
suboptimal if the goal is to define patterns most relevant to
predicting specific diseases.
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Factor and cluster analyses provide population-specific
results. Although similarities in dietary patterns may be
found across populations, there are generally important
differences in the food composition of these patterns, they
only explain a limited proportion of total variation in diet,
and additional population-specific patterns exist (Balder
et al. 2003). Associations between factor and cluster
analysis-based patterns and disease risk may not be
reproducible across populations. Thus, both methods are
limited by a lack of generalisability of results.

Investigator-determined methods

Investigator-determined methods define dietary patterns a
priori and compare the performance of individuals to these
prespecified standards.

Dietary indices

Concepts and methods. Dietary indices are summary
measures of the degree to which an individual’s diet
conforms to specific dietary recommendations. For example,
the diet quality index is a summary score of the degree to
which an individual conforms to dietary recommendations
from the 1989 National Academy of Sciences publication
Diet and Health (Patterson et al. 1994). The index ranking of
overall dietary patterns based on this score was found to be
reflective of total diet quality. The healthy eating index
(Kennedy ef al. 1995) is a summary measure of the degree to
which an individual’s diet conforms to the recommendations
set out by the US Department of Agriculture’s food guide
pyramid and to specific recommendations in the 1990 US
Dietary Guidelines for Americans. The healthy eating index
includes ten scoring criteria which add to a summary score
for each individual: (a) grains, (b) vegetables, (c) fruit, (d)
milk, (e) meat, (f) total fat, (g) saturated fat, (h) cholesterol,
(1) Na, (j) variety (number of different food items over a 3d
period); high consumption of the first five foods items and a
higher variety and low intake of the nutrients resulted in a
high score. McCullough and colleagues found the healthy
eating index to be only weakly inversely associated with the
risk of major chronic diseases and suggested that adherence
to it would have limited benefit (McCullough et al. 2000a,b,
2002). These authors suggested an improved index, the
alternative healthy eating index, which was a better predictor
of chronic disease, especially CVD (McCullough et al.
2002). The alternative healthy eating index incorporates
aspects of the original healthy eating index (i.e. (a) vegetables
and (b) fruit), but adds (c) nuts and soya protein, (d) white
meat:red meat ratio, (e) cereal fibre, (f) trans fatty acids, (g)
polyunsaturated:saturated fats ratio, (h) multivitamin use,
and (i) alcohol intake.

Strengths. Dietary indices use general dietary guidelines
as guiding principles, which makes them objective. Dietary
indices are easy to understand for the general public.

Limitations. Availability of dietary guidelines is required
to define dietary indices. Dietary indices are only as good as
the underlying dietary guidelines. Dietary guidelines are
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generally not disease specific; hence adherence to them may
reduce the risk of some diseases but not others.

Diet scores

Concepts and methods. Diet scores generally count the
number or frequency of foods consumed that are considered
by the investigator to promote health (or disease). One of the
earliest diet scores was introduced by Manousos and
colleagues, who quantified the frequency of consumption of
different food items as the number of times per month the
food was consumed and assigned a value between zero and
30 for each food item on the diet questionnaire (Manousos
et al. 1983). The dietary diversity score simply counts the
number of foods or food groups consumed regularly
(Randall er al. 1989; Miller et al. 1992; Kant et al. 1993,
1995; McCann et al. 1994). Kant introduced the concept of a
recommended food score, which simply adds up the number
of ‘recommended’ foods consumed regularly (Kant et al.
2000). Michels & Wolk (2002) complemented the
recommended food score with a ‘not recommended food
score’, which adds up the number of ‘not recommended’
foods consumed regularly. In a Swedish population the
recommended food score was found to be more predictive of
longevity than the ‘not recommended food score’ was of
mortality (Michels & Wolk, 2002). A composite dietary
score based on nutrient intakes of cereal fibre, folate, marine
n-3 fatty acids, the polyunsaturated:saturated fats ratio,
trans fatty acids, and glycaemic load has been found to be a
good predictor of CHD risk, superior to the individual
nutrients and to patterns derived with factor analysis
(Stampfer er al. 2000). Similarly, a composite score based
on cereal fibre, PUFA, trans fatty acids, and glycaemic load
strongly predicted risk of type 2 diabetes (Hu er al. 2001).
Adherence to a Mediterranean diet has been found to be
associated with a reduction in total mortality in a Greek
population (Trichopoulou et al. 2003). The Mediterranean
diet score assigned a value of 1 for each of the following
foods considered beneficial consumed above the population
median and zero below the median: vegetables, legumes,
fruit and nuts, cereal, fish. For components presumed to be
detrimental (meat, dairy products), individuals whose
consumption was below the median were assigned a
value of 1, above the median a value of zero (Trichopoulou
et al. 2003).

Strengths. Dietary scores are intuitive, analytically
simple, and easily translatable into public health messages.
Dietary scores can be targeted to specific diseases if
built on prior knowledge of dietary predictors of that
disease.

Limitations. Determining which foods will be classified as
‘recommended’” and ‘not recommended’ is up to the
investigator’s perception of which foods promote health and
prevent disease. Hence, dietary scores require prior
knowledge and will perform only to the extent that this
knowledge accurately reflects diet—disease associations.
The frequency of consumption deemed important is also
decided by the investigator (for example, ever, at least once
per month, at least once per week). Hence, dietary scores are
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quite subjective and their definition may vary substantially
among investigators.

Summary

In general, the indices and scores of overall diet quality have
been found to relate to the risk of disease outcomes more
consistently than individual nutrients or foods (Kant ez al.
1993; Stampfer et al. 2000). Making use of prior knowledge
or suspected diet—disease associations can be helpful in
building more clearly defined and sensible dietary patterns
and in deriving disease-specific dietary patterns.

Methods combining data-driven procedures with
prior knowledge

Reduced rank regression

Concepts and methods. RRR does not focus on explaining
variance between foods like principal component analysis
but identifies linear functions of predictors (for example,
food groups) that explain as much variation as possible in a
set of intermediate response variables (for example,
biomarker) (Hoffmann er al. 2004a). Since it uses both
available data and prior knowledge about the response
variables, it is an a posteriori method. RRR is similar to
factor analysis in its mathematical foundation and technique
of deriving factors. For both methods, the coefficient vectors
of the extracted linear functions are eigenvectors of a
covariance matrix. Factor analysis uses the covariance
matrix of predictors, whereas RRR starts from the
covariance matrix of responses. RRR can be interpreted as
a principal component analysis applied to responses and a
subsequent linear regression of principal components on
predictors although it is somewhat more sophisticated and
efficient than this two-step procedure.

In contrast to the large number of studies that have used
factor or cluster analysis to derive dietary patterns, very few
studies have evaluated associations between RRR-derived
patterns and disease risk thus far. Hoffmann et al. (2004b)
identified a dietary pattern characterised by high intakes of
meat, margarine, poultry, and gravy and low intakes of
vegetarian dishes, wine, vegetables, and wholegrain cereals
that best explained variance among a set of risk markers for
CVD (HDL-cholesterol, LDL-cholesterol, lipoprotein (a),
C-peptide, and C-reactive protein). The pattern was a strong
predictor of coronary artery disease in this case—control
study (Hoffmann et al. 2004b). Heidemann et al. (2005)
identified a dietary pattern protective for type 2 diabetes in
the prospective EPIC-Potsdam Study. The pattern was
characterised by high intake of fresh fruits and low intake of
high-energy soft drinks, beer, meat, poultry, processed meat,
legumes, and refined-grain bread and was negatively
associated with HbA 1c and C-reactive protein and positively
associated with HDL-cholesterol and adiponectin levels.
Other recent prospective studies link RRR patterns to weight
change (Schulze et al. 2005), type 2 diabetes (Schulze et al.
2005), CHD (Weikert et al. 2005) and mortality (Hoffmann
et al. 2005).
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Strengths. Associations between patterns defined by RRR
and disease endpoints appear to be stronger than with
patterns defined by factor analysis. The advantage of this
approach is that the derived dietary pattern may incorporate
information on biological pathways, and thus it is not purely
data driven but involves prior knowledge of potential diet—
disease associations mediated by biological parameters. If
RRR is successfully applied, the effect of a dietary pattern
on disease risk can be interpreted, explained, and described
by changes of biologically important intermediate variables.

Limitations. The RRR approach requires the availability
of response (biomarker) information. This information may
not be available in many studies otherwise suitable to
evaluate diet—disease associations. In the extreme case of
missing knowledge concerning the development of the
disease, no response variables can be justified and the RRR
approach cannot be used. For many chronic diseases a
complex interplay of metabolic pathways may link dietary
intake to disease. So far, it is unclear whether RRR is more
efficient using biomarkers for only one pathway than using
all potential pathways; it is also not clear how to select the
best set of responses. The selection of response biomarkers
always depends on the current state of knowledge.

What can we learn from dietary patterns?

Whether the use of dietary pattern analyses may shed new
light on the role of diet in the prevention and causation of
cancer, CVD, diabetes, and other diseases remains to be
explored. Thus far, the dietary patterns identified and their
relationship with disease outcomes have confirmed current
knowledge. Pattern analysis may be most useful for
exploring diseases whose causative relationship to dietary
exposures is not known. Moreover, if analytical models
including individual foods or nutrients have not revealed
important associations, dietary patterns may still emerge as
predictors of disease. Dietary pattern analysis may also be
useful if several dietary exposures are associated with
disease risk; a pattern may capture the overall effect of diet,
accounting for interactions and synergistic effects. Con-
versely, if only a single dietary exposure truly affects disease
development, this effect is most probably diluted in dietary
pattern analysis. Furthermore, a link between a dietary
pattern and a disease does not allow mechanistic insights
into disease causation unless it is followed by analyses of
individual foods and nutrients. Some of the methodological
problems inherent in the assessment and analysis of dietary
data in observational research apply to dietary patterns just
as much as to the analysis of individual foods or nutrients.
Measurement error affects dietary pattern definitions as it
does the assessment of food or nutrient intake. Correlated
errors may lead to distortions of the definition of dietary
pattern and its associations with disease outcome. While
higher correlations for disease outcomes have been found
with dietary patterns than with individual foods, this could
be an artifact of correlated measurement errors, which may
deattenuate the correlation with disease.

The question remains whether the analytically more
complex, largely data-driven methods provide any advan-
tage over the simpler investigator-determined methods.
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Since dietary patterns identified with factor analysis do not
explain a large proportion of variability between individuals
with respect to their diet, there still remain important dietary
habits that account for a considerable proportion of
between-individual variation. As factor and cluster analysis
do not consider information relevant to the disease endpoint,
the patterns they produce are probably not optimal to
explain diet—disease associations. Investigator-determined
indices and scores appear to be at least as useful if they are
based on sound evidence. Newer strategies to define dietary
patterns that incorporate both a priori knowledge and the
data at hand may advance this discussion. Here, RRR allows
us to take the step from data-driven procedures that ignore
the endpoint of interest to a more targeted approach that
considers the metabolic pathways of the diet—disease
association. First results using this approach are promising
and future research seems warranted. However, this method
requires information on intermediate markers.

What we have concluded from dietary pattern analyses
thus far is that a healthy diet reduces weight gain
(Fogelholm et al. 2000; Newby et al. 2003, 2004a; Togo
et al. 2004; Schulz et al. 2005) and the risk of premature
mortality (Kant et al. 2000; Michels & Wolk, 2002), CVD
(Huijbregts et al. 1995; Hu et al. 2000; Trichopoulou et al.
2003; Fung et al. 2004), diabetes (Van Dam et al. 2002;
Fung et al. 2004; Heidemann ez al. 2005; Montonen et al.
2005), and hypertension (Schulze et al. 2003) — not
surprising or ground breaking insights. Still, these results
support the notion that pattern analysis is a useful approach,
complementing the more commonly used analysis of single
nutrients and foods. If developed further, dietary pattern
analysis might provide valuable new insights into the role of
diet in disease prevention, which may be particularly useful
for defining food-based dietary guidelines.
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