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Background & aim: Although the compositional nature of dietary data is well recognized, little attention
has been given to the methods specifically developed for the statistical analysis of compositional data.
The use of standard statistical procedures that ignore the relative nature of compositional elements can
lead to spurious results when applied to crude data. This note proposes using a compositional data
approach for the statistical analysis of nutritional data.
Methods: The analyses of data from an Italian population study of 673 non-diabetic women aged 40e74
years were based on isometric log-ratio (ilr) transformation applied to three dietary compositions:
seven-part macronutrients, nine-part vitamins and six-part minerals. The ilr transformation produces
new variables that represent specific contrasts (balances) between the compositional parts. Different
sequential binary partitions have been described and used as a means of flexibly defining balances on the
basis of a researcher's interest, and the new variables (that are suitable for undergoing standard sta-
tistical procedures) have been included as covariates in linear regression models in order to examine the
isocaloric associations between specific dietary balances and waist circumference (WC).
Results: Regardless of the dietary compositions, total energy was positively and fibre intake was nega-
tively associated with WC. Net of these effects and keeping constant the proportional relationships
between the other dietary components, WC was negatively associated with the relative increase in
starches, and positively associated with the relative niacin content. Vitamin C was negatively associated
with WC, whereas folate content was positively related.
Discussion: The proposed approach allows a clear interpretation of the relative roles of different dietary
components within a holistic overview of a diet. The analyses involving WC provide some useful insights.

© 2019 European Society for Clinical Nutrition and Metabolism. Published by Elsevier Ltd. All rights
reserved.
1. Introduction

Dietary data are typical compositional data: dietary nutrients
are closely inter-related and it can be intuitively understood that a
variation in one entails variations in one or more of the others. This
happens because nutrients are not consumed in isolation, but as
parts of complex food matrices. The overall nutrient composition of
a diet results from a weighted mixing of the eaten foods' nutrient
compositions where the weights are modulated by the dietary
pattern. These dynamics produce multi-collinearity, a well-known
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pitfall of the usual regression techniques including explanatory
dietary data.

Collinearity occurs when independent variables are so closely
correlated that it is very difficult to isolate and measure their
contributions to variations in response. It leads to unstable and
unreliable coefficients, and may therefore underlie the in-
consistencies between the results of nutritional studies based on
the effects of individual nutrients. These studies have then been
discouraged in favour of dietary pattern approaches, although it is
acknowledged that analyses based on individual dietary elements
are the only means of elucidating the biological mechanisms un-
derlying the associations between diet and disease risk.

When investigating dietedisease associations, nutrient inter-
relationships (particularly between minerals and vitamins) seem
to be even more complex. The increased intake of one nutrient can
influence the absorption or the use of another, thus creating
y Elsevier Ltd. All rights reserved.
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network of antagonisms and synergies at both metabolic and
absorptive levels. It is also known that metabolic dysfunctions may
not only be due to a deficiency or excess of a particular nutrient, but
are also often due to a loss of homeostatic equilibrium between
nutrients.

The natural consequence is the idea that “proportionalities”
(ratios) between nutritional elements may be more informative
than their absolute values when evaluating the role of nutrients in
disease risk. This is not a new concept, but it is only recently that it
has been suggested to use it in nutritional studies, and the
thought that working with ratios “may bridge the gap between
single nutrient-based information and dietary patterns” has also
been stressed [1]. However, little attention has been given to the
methodological development of techniques for ratio-based
compositional data analysis, and their actual use in nutritional
research.

The aim of this note is to extend our previous discussion con-
cerning the use of a compositional data approach to nutritional
studies involving the macronutrient sources of energy [2,3] by
including the composition of micronutrients (vitamins and min-
erals), and illustrating the approach in the context of the relation-
ship between diet and abdominal obesity.

2. Methods

2.1. Compositional data, the isometric log-ratio (ilr) transformation

Compositional data refer to any set of components that consti-
tute parts of a whole, and their relative structure represents the
essential basis for the analysis [4]. Such data are often constrained
by a constant sum and are expressed as proportions or percentages,
but their definition has now been extended to emphasize the key
attribute characterizing these data: any relevant compositional
information involves the ratios between its parts rather than its
isolated absolute values [5].

The interdependence of the compositional parts and their
relative nature has important implications for statistical analysis
because the use of standard statistical procedures originally
conceived for unconstrained data and absolute scale values may
lead to misinterpretations and spurious inferences when applied to
crude compositional data. The concept that compositions provide
information about relative rather than absolute values has led to
the development of particular methods based on logarithms of
ratios between parts (or groups of parts), which are a suitable
means of transforming compositional data in such away as to allow
the use of standard statistical methods [4,5].

The family of log-ratio transformations includes the ilr trans-
formation, which leads to the definition of new variables that have
the property of representing groups of parts and the relationships
between them, and can therefore be interpreted as particular bal-
ances. One of the procedures used to construct balances is
sequential binary partition (SBP), which consists of successively
and hierarchically splitting the parts of a composition. First of all,
the full composition is divided into two non-overlapping groups of
parts, each of which is then similarly divided until all of the groups
have only a single part. Given a composition of D parts, one balance
is defined for each of the D�1 steps required to complete the
partition as follows:

Ilri ¼
ffiffiffiffiffi
rs

p
ffiffiffiffiffiffiffiffiffiffi
rþ s

p ln

�
yj1,yj2,:::,yjr

�1=r

ðyk1,yk2,:::,yksÞ1=s
; for i ¼ 1; :::;D� 1

where r and s are respectively the number of parts in the first (yj)
and second group (yk) at each order of partition i [4].
The balances represent the ratios of the central values (the
geometric mean) of groups of parts, the logarithm provides the
appropriate scale, and the square root coefficient is a standardising
constant that allows different balances to be compared.

There are various ways of creating SBPs, and particular system
of balances can be defined to answer specific research questions.
For example, Table 1 shows two alternative partitions applied to
a six-part dietary mineral composition. Each partition produces
five balances that can be included as covariates in a regression
equation. The balances correspond to specific contrasts between
the compositional parts, and they represent the decomposition
of the total variance of the full composition. Although interest
may be restricted to just some of them (as may be the case of the
three last balances of SBP1), they are all simultaneously included
in the regression equation in order to assure that all of the
variability attributable to the original parts is represented in the
model.

One important characteristic of SPB2 in Table 1 is that the first
balance (ilr1) captures all of the relevant information concerning
the first part (calcium) compared to the rest and, exploiting this
property, a procedure based on such a partition has been proposed
as a means of addressing distinct questions relating to the role of
each of the parts of a composition [6].

On the basis of this choice, the formula above can be rewritten
more simply as:

Ilri ¼ ci*ln (ri),

where ci ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðD� iÞ

p
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðD� iþ 1Þ

p ; ri ¼
yi

gðyiþ1; :::; yDÞ
; for i ¼ 1;…;D� 1

and g(.) is the geometric mean.
The procedure [6] consists in constructing D different parti-

tions, each with D�1 balances, by permutating the compositional
parts in such a way that the first balances explain one of the parts
at a time. The D�1 balances are included as covariates in a
regression model that is run D times and, at each run, inferences
are focused on the parameters corresponding only to ilr1. As the
different partitions are orthogonal (i.e. they are linearly inde-
pendent), all of the other covariate terms remain exactly the same
across the different runs [6].

Although it requires a more work, the procedure allows full
inferences to be made about the role of each dietary component.
Table 2 shows the formulae for computing the balances in the case
of a six-part dietary mineral composition.

The examples shown in the next section use data from the
Italian Bollate Eye Study [7], a population-based study of subjects
aged 40e74 years that was carried out in 1992e1993. The analyses
involved 673 non-diabetic women whose usual food intake was
assessed by means of a food frequency questionnaire, and whose
mean daily nutrient intakes were calculated using the food
compositional database compiled for epidemiological studies in
Italy [8]. Linear regression models were used to examine the as-
sociations between the dietary macro- and micronutrients and
waist circumference (WC), which was a mean (standard deviation)
of 87.17 cm (12.18).

Data from the following three dietary compositions were
available:

1) a seven-part macronutrient composition (mean daily kcal)
consisting of animal proteins (281.55), vegetable proteins
(156.40), starches (769.55), simple sugars (691.58), saturated
fats (268.92), monounsaturated fats (331.92), and poly-
unsaturated fats (119.03).



Table 1
Sequential binary partitions (SBP) of a composition of six dietary minerals. At each order of partition, þ1 means that the part is assigned to the first group, �1 means that it is
assigned to the second group, and 0 means that it is not involved in the partition at this order.

Order Minerals r s Balances (ilri)

Calcium (Ca) Phosphorous (P) Sodium (Na) Potassium (K) Iron (Fe) Zinc (Z)

SBP1
1 þ1 þ1 �1 �1 �1 �1 2 4 (8/6)1/2*ln[(Ca*P)1/2/(Na*K*Fe*Z)1/4]
2 0 0 þ1 þ1 �1 �1 2 2 (4/4)1/2*ln[(Na� K)1/2/(Fe� Z)1/2]
3 þ1 �1 0 0 0 0 1 1 (1/2)1/2*ln(Ca/P)
4 0 0 þ1 �1 0 0 1 1 (1/2)1/2*ln(Na/K)
5 0 0 0 0 þ1 �1 1 1 (1/2)1/2*ln(Fe/Z)
SBP2
1 þ1 �1 �1 �1 �1 �1 1 5 (5/6)1/2*ln[Ca/(P*Na*K*Fe*Z)1/5]
2 0 þ1 �1 �1 �1 �1 1 4 (4/5)1/2*ln[P/(Na*K*Fe*Z)1/4]
3 0 0 þ1 �1 �1 �1 1 3 (3/4)1/2*ln[Na/(K*Fe*Z)1/3]
4 0 0 0 þ1 �1 �1 1 2 (2/3)1/2*ln[K/(Fe*Z)1/2]
5 0 0 0 0 þ1 �1 1 1 (1/2)1/2*ln(Fe/Z)

Table 2
Formulae for computing the isometric log-ratios (ilr) of a six-part dietary mineral composition. Five (i) balances are computed within each of the six (j) permutations of the
compositional parts.

ri (j) Ilr1(j) ¼ (5/6)1/2*ln(r1(j)) Ilr2(j) ¼ (4/5)1/2*ln(r2(j)) Ilr3(j) ¼ (3/4)1/2*ln(r3(j)) Ilr4(j) ¼ (2/3)1/2*ln(r4(j)) Ilr5(j) ¼ (1/2)1/2*ln(r5(j))

ri (1) r1(1) ¼ Ca/(P*Na*K*Fe*Z)1/5 r2(1) ¼ P/(Na*K*Fe*Z)1/4 r3(1) ¼ Na/(K*Fe*Z)1/3 r4(1) ¼ K/(Fe*Z)1/2 r5(1) ¼ (Fe/Z)
ri (2) r1(2) ¼ P/(Ca*Na*K*Fe*Z)1/5 r2(2) ¼ Ca/(Na*K*Fe*Z)1/4 r3(2) ¼ Na/(K*Fe*Z)1/3 r4(2) ¼ K/(Fe*Z)1/2 r5(2) ¼ (Fe/Z)
ri (3) r1(3) ¼ Na/(Ca*P*K*Fe*Z)1/5 r2(3) ¼ Ca/(P*K*Fe*Z)1/4 r3(3) ¼ P/(K*Fe*Z)1/3 r4(3) ¼ K/(Fe*Z)1/2 r5(3) ¼ (Fe/Z)
ri (4) r1(4) ¼ K/(Ca*P*Na*Fe*Z)1/5 r2(4) ¼ Ca/(P*Na*Fe*Z)1/4 r3(4) ¼ P/(Na*Fe*Z)1/3 r4(4) ¼ Na/(Fe*Z)1/2 r5(4) ¼ (Fe/Z)
ri (5) r1(5) ¼ Fe/(Ca*P*Na*K*Z)1/5 r2(5) ¼ Ca/(P*Na*K*Z)1/4 r3(5) ¼ P/(Na*K*Z)1/3 r4(5) ¼ Na/(K*Z)1/2 r5(5) ¼ (K/Z)
ri (6) r1(6) ¼ Z/(Ca*P*Na*K*Fe)1/5 r2(6) ¼ Ca/(P*Na*K*Fe)1/4 r3(6) ¼ P/(Na*K*Fe)1/3 r4(6) ¼ Na/(K*Fe)1/2 r5(6) ¼ (K/Fe)

Ca (calcium), P (phosphorus), Na (sodium), K (potassium), Fe (iron), Z (zinc).

Table 3
Linear regression coefficients (B) and standard errors (ES) of waist circumference
(cm) in relation to dietary components: total daily energy and fibre intakes, and the
dietary balances derived by applying the isometric log-ratio transformation to the
macro- and micronutrient compositions. Women of the Bollate Eye Study
(1992e93).

Dietary components and balances B (ES)

Total energy (100 kcal) 0.20 (0.09)*
Fibre (10 g) �1.38 (0.65)*
Macronutrient balances
Proteins & Carbohydrates vs. Fats 0.47 (1.99)
Proteins vs. Carbohydrates 8.95 (3.98)*
Animal proteins vs. Vegetable proteins �4.54 (4.04)
Starches vs. Simple sugars �6.15 (2.37)**
Saturated fats vs. Unsaturated fats �0.99 (2.85)
Monounsaturated fats vs. Polyunsaturated fats �5.15 (2.50)*
Vitamin balances
B-vitamins vs. Vit D & Antioxidant vitamins 4.86 (2.12)*
B1, B2, B3 vs. B6 & Folates 3.70 (4.79)
B1 & B2 vs. B3 �11.47 (3.26)***
B1 vs. B2 2.72 (4.58)
B6 vs. Folates �11.30 (4.36)**
Vit D vs. Antioxidants (Vit E, Vit C, Beta-carotene) 2.18 (1.28)
Vit E vs. Vit C & Beta-carotene �0.13 (2.82)
Vit C vs. Beta-carotene �3.33 (1.54)*
Mineral balances
Ca & P vs. Na & K & Fe & Z �3.46 (4.33)
Na & K vs. Fe & Z 2.78 (4.32)
Ca vs. P 7.53 (5.63)
Na vs. K �2.83 (3.41)
Fe vs Z �6.36 (4.32)

*p < 0.05; **p < 0.01; ***p < 0.001. F(32,640) ¼ 5.16, p ¼ 0.000; R2 ¼ 0.205.
Ca (calcium), P (phosphorus), Na (sodium), K (potassium), Fe (iron), Z (zinc).
The model also includes terms for age, education, practising sports, walking/cycling,
television watching, smoking, and alcohol consumption.
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2) a nine-part vitamin composition (mean daily mg) consisting of
thiamin (1.49), riboflavin (2.27), niacin (25.75), vitamin B6
(2.97), vitamin C (321.88), folate (0.471), beta-carotene (8.00),
vitamin D (0.0036), and vitamin E (12.72).

3) a six-part mineral composition (mean daily mg) consisting of
calcium (1300.35), phosphorus (1825.75), sodium (5298.85),
potassium (5900.63), iron (18.63), and zinc (15.56).

A total of 19 dietary balances (the ilr-transformed variables)
were computed (6 for macronutrients, 8 for vitamins and 5 for the
mineral composition). In addition to total daily energy (kcal) and
fibre intakes, the analyses also took into account demographic
variables: age (continuous), education (above high school, high
school and primary school or less), lifestyles: smoking (no, ex-
smokers and currently smokers), alcohol consumption (ab-
stainers, <30.0 g/day, �30.0 g/day) and physical activity: sport
practice (yes/no), walking and/or bicycling at least 15 min/day (yes/
no), tv watching, hours/day (�2, 2e3, 4þ). No significant hetero-
geneity in the relationships between dietary balances and WC was
observed across the strata of the covariates.

Thus, the generic model for WC including kcal, fibre, 19(I)
dietary balances and 11(K) control variables terms for the jth
subject is

WCj ¼ Aþ Bkcal kcalj þ Bfibrefibrej þ
P

iBiilrij þ
P

kZkcovariatekj þ ej,

where A is the constant and ej is the error term.

3. Results

3.1. Macro- and micronutrient balances and abdominal obesity

Table 3 shows the coefficients expressing the strength of the
association between WC and increases in the specific dietary bal-
ances defined within the three compositions of macronutrients,
vitamins and minerals. These partitions are examples of particular
choices from among the many other possibilities (for the mineral
composition, the partition corresponds to SBP1 in Table 1). What
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matters is that their hierarchical nested property was respected.
The estimates weremutually adjusted, whichmeans that theywere
made while keeping the proportional relations between all the
other dietary elements unchanged. It can therefore be seen that, net
of the effect of the variation in the proportions of the macro- and
micronutrients (i.e., the qualitative aspect of the diet), total energy
intake was positively and total fibre intake was negatively associ-
ated with WC. The “proteins vs carbohydrates” balance was posi-
tively related to WC, and the “starches vs simple sugars” balance
(within carbohydrates) was negatively associated; there was no
association with the “saturated vs unsaturated fats” balance,
whereas that of “monounsaturated vs polyunsaturated fats” was
inversely related; and the balance between the set of B vitamins
and the other vitaminswas positively related, but therewere strong
negative associationswith the balances “thiamin (B1) and riboflavin
(B2) vs niacin (B3)” and “vitamin B6 vs folates”.

Table 4 shows the coefficients relating the variations in WC to
the increases in the first balances of the SBPs shown in Table 2 for
the compositions of minerals, and made in similar way for the
macronutrient and vitamin compositions. Each coefficient there-
fore estimates the effect of increases in the “weight” of each dietary
component within its composition, while assuring that the esti-
mate relates to all of the information concerning that composi-
tional part in the data. This information maintains its relative
nature, and it is related to a specific compositional context, since
the balances correspond to the contrasts of each compositional
element versus all the other parts in the composition. Model 1
included total energy, fibre intake and the macronutrient balances,
andmodel 2 further included the micronutrient balances. Note that
Table 4
Linear regression coefficients (B) and standard errors (ES) of waist circumference
(cm) in relation to dietary components: total daily energy and fibre intakes, and the
dietary balancesa derived by applying the isometric log-ratio transformation to the
macro- and micronutrient compositions. Women of the Bollate Eye Study
(1992e93).

Dietary components
and balances

Macronutrient modelsb Complete modelsc

B (ES) B (ES)

Total energy (100 kcal) 0.19 (0.08)* 0.20 (0.09)*
Fibre (10 g) �1.71 (0.53)** �1.38 (0.65)*
Animal proteins 3.22 (1.47)* 1.53 (2.70)
Vegetable proteins 13.83 (3.82)*** 8.47 (4.95)
Starches �10.08 (2.68)*** �9.37 (3.21)**
Simple sugars �4.20 (1.34)** 0.03 (1.98)
Saturated fats �2.18 (2.42) �1.09 (2.63)
Monounsaturated fats �3.12 (2.44) �3.72 (2.51)
Polyunsaturated fats 2.53 (1.60) 4.15 (2.49)
Vitamin B1 (Thiamin) 0.04 (3.98)
Vitamin B2 (Riboflavin) �4.04 (4.03)
Vitamin B3 (Niacin) 12.90 (3.62)***
Vitamin B6 �9.09 (5.04)
Folates 7.86 (3.79)*
Vitamin D 0.08 (0.98)
Vitamin E �2.70 (3.11)
Vitamin C �5.03 (1.84)**
Beta-carotene �0.03 (1.51)
Calcium 3.65 (2.92)
Phosphorus �8.02 (6.67)
Sodium 0.42 (1.20)
Potassium 4.81 (5.13)
Iron �5.36 (4.20)
Zinc 4.50 (4.57)

*p < 0.05; **p < 0.01; ***p < 0.001.
The models also include terms for age, education, practising sports, walking/cycling,
television watching, smoking, and alcohol consumption.

a The balances represent the contrasts of each nutrient in the first column versus
the other nutrients within their respective compositions.

b F(19,653) ¼ 6.83, p ¼ 0.000; R2 ¼ 0.166 (the same in the 7 runs).
c F(32,640) ¼ 5.16, p ¼ 0.000; R2 ¼ 0.205 (the same in the 9 runs).
the protein coefficients in model 2 lost their statistical significance,
and that the inverse relationship between WC and the content of
simple sugars (mono- and disaccharides, the main sources of which
were fruit and vegetables) practically disappeared, thus indicating
that these effects were confounded by the dietary vitamin and
mineral contents in model 1. As expected, in the complete model,
the total energy and fibre intake estimates were exactly the same as
those shown in Table 3. Keeping total energy and fibre intake
constant, and maintaining the proportional relationships between
the other dietary components, abdominal obesity was negatively
associated with the relative increase in starches, and positively
associatedwith the niacin content of the diet. Furthermore, vitamin
C was negatively associated with abdominal obesity, whereas folate
content seemed to be positively related to it.

Technically, nine runs were required to obtain the estimates of
the complete model of which, given their orthogonal property,
those regarding one composition remain unchanged regardless of
the partition applied to the other compositions. The permutations
of the compositional parts were therefore simultaneously made in
all three compositions. Also as a result of the orthogonal nature of
the different partitions, the constant and other covariates terms, as
well as the quality of fit of the regression models, are exactly the
same, regardless of the choice made. The examination of the re-
sidual plots did not show any particular trend in their distribution
and did not reveal the presence of any outliers, thus indicating that
the model is adequately specified (data not shown).

4. Discussion

This note describes an alternative approach to the statistical
analysis of dietary data that makes it possible to evaluate the effect
of specific dietary balances within an overview of the diet as a
whole. Moreover, the effects of macro- and micronutrient balances
can be estimated in isocaloric analyses, and meaningful estimates
can be made of the effect of total energy intake. When interpreting
the results, it is important to bear in mind that the regression co-
efficients reported in Tables 3 and 4 represent the relationship of
WCwith specific dietary balances, each of which expresses peculiar
dynamics. For example, an increase of the balance between the
dietary content of proteins against that of carbohydrates (positively
associatedwithWC, Table 3) can be due to either the increase of the
protein contents, or the decrease of those of carbohydrates, or due
to both. Furthermore, a possible decrease of carbohydrate contents
could be due e in different degrees e to the reduction of the starch
or simple sugar contents, and this would work as a potential con-
founding factor. The inclusion of terms for the “starches vs. sugars”
and the “animal proteins vs. vegetable proteins” balances in the
model assures that the evaluation of the effect related to variations
in the “proteins vs. carbohydrates” balance is done in a balanced
way. Indeed, the mutual adjustment of the balance effect estimates
implies that each of them is estimated while keeping constant all
the other dietary ratios included in the model, thus maintaining
unchanged the proportional relationships between the other nu-
trients. Balances as those indicated in Table 3 can be flexibly con-
structed in order to answer the desired research question. This
flexibility can be exploited by an analyst as a means to improve the
interpretability of the balance effects. When considering the
macronutrient composition, the balances can be easily defined in-
sofar they follow the natural clustering of the subgroups of parts
(e.g. starches and sugars, saturated and unsaturated fats) in groups
of parts (e.g. carbohydrates and fats). In the case of the micro-
nutrient compositions, the most appropriateway of performing the
hierarchical splitting into subgroups of parts may appear less clear.
The choice in this case will mostly depend on the researcher's
expertise and specific study question. On the other hand, the results
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shown in Table 4 come from an alternative way of defining bal-
ances, and each one of the coefficients is related to the first ilr of
sequential partitions as the SBP2 in Table 1. This approach, which
involves the permutation of the compositional parts and repeated
runs, has been proposed as a means to deal with explanatory
compositional variables when the interest is to address distinct
questions about each of the compositional parts [6]. However, the
procedure may turn out to be somewhat complicated. The co-
efficients represent the contrasts between each nutrient and the
remaining parts of its composition. They therefore are not related to
the isolated variation of single elements, but rather reflect the ef-
fects of the increase in the contents of each nutrient in relation to
the other compositional parts whose contents proportionately
decrease.

In our data, total fibre was expressed as the sum of cellulose,
hemicellulose, pectins, gum and lignin, and its intake (like that of
starches) inversely correlated with abdominal obesity in women. It
has long been widely agreed that fibre-rich diets play a role in
preventing obesity and metabolic diseases [9,10], but the relation-
ship between the consumption of resistant starch and reduced
abdominal fat and improved insulin sensitivity is a more recent
discovery [11]. Fibre and resistant starches are poorly digestible
carbohydrates as they escape enzymatic degradation in the small
intestine and are fermented by resident micro-organisms in the
large intestine. Interest in the role of intestinal microbiota has
increased over recent years because it is now known that they
mediate the effect of diet on obesity by regulating host metabolism
[12,13], and there is growing evidence that this mediation involves
various metabolites, particularly the organic acids released as a
result of microbial fermentative activity in the gut [14]. It has also
been shown that short-chain fatty acids (SCFAs), the principal
products of carbohydrate fermentation in the large intestine, have
beneficial effects on host metabolism and protect against diet-
induced obesity [15,16].

We observed a strong positive relationship between the relative
dietary content of niacin (nicotinic acid and nicotinamide) and
abdominal obesity. This is an important finding because it has been
suggested that the anti-lipidemic effect of niacin could help to
prevent cardiovascular disease (CVD) [17], although, a recent re-
view of randomised controlled trials has concluded that this is
unlikely to be the case [18] and, as nicotinic acid is associated with
an increased risk of impaired fasting glucose tolerance and can
cause hyperuricemia, there is controversy concerning its role in
lipid management and CVD prevention [19]. Moreover, a large
population study has shown that N(1)-methylnicotinamide (me-
NAM), a direct metabolite of nicotinamide, is closely associated
with obesity and diabetes [20], and a population-based ecological
study has warned about the possible role of excess niacin con-
sumption in the increased prevalence of both [21].

Vitamin C consumption negatively related to abdominal
obesity, which is in line with the findings of other studies [22].
However, somewhat surprisingly, the relative content of dietary
folates was positively associated with WC, whereas vitamin B6
was marginally inversely related (p ¼ 0.072). It has been previ-
ously hypothesised that these two vitamins may play a role in
preventing CVD because of their homocysteine lowering effect,
but the results of clinical trials have been inconsistent [23]. Folate
intake and folate status are involved in lipid metabolism, obesity
and the metabolic syndrome [24], and animal studies have shown
that an excess of folic acid may exacerbate weight gain [25].
However, recent studies have paradoxically revealed that obese
subjects often have low serum folate levels, whereas their red
blood cell folate concentrations (which are known to reflect long-
term average consumption) are significantly higher than those of
non-obese subjects [26].
In conclusion, the proposed analytical approach allows a clear
and intuitive interpretation of the different effects of dietary
components on variations in WC, and seems to provide some
insights that may be useful in metabolomic studies. In terms of
abdominal obesity in women, our findings suggest that plant-
based diets owe their good reputation to their fibre, starch and
vitamin C content, and that the potentially deleterious effects of
animal-based diets may particularly be attributable to their niacin
content.
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