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In metabolomics research, it is often important to focus the data analysis to specific areas of interest
within the metabolome. In this paper, we describe the application of consensus principal component
analysis (CPCA) and canonical correlation analysis (CCA) as a means to explore the relation between
metabolome data and (i) biochemically related metabolites and (ii) an amino acid biosynthesis pathway.
CPCA searches for major trends in the behavior of metabolite concentrations that are in common for the
metabolites of interest and the remainder of the metabolome. CCA identifies the strongest correlations
between the metabolites of interest and the remainder of the metabolome.

CPCA and CCA were applied to two different microbial metabolomics data sets. The first data set, derived
from Pseudomonas putida S12, was relatively simple as it contained metabolomes obtained under four
environmental conditions only. The second data set, obtained from Escherichia coli, was much more
complex as it consisted of metabolomes obtained under 28 different environmental conditions. In case
of the simple and coherent P. putida S12 data set, CCA and CPCA gave similar results as the variation in
the subset of the selected metabolites and the remainder of the metabolome was similar.

In contrast, CCA and CPCA yielded different results in case of the E. coli data set. With CPCA the trends
in the selected subset — the phenylalanine biosynthesis pathway - dominated the results. The main
trends were related to high and low phenylalanine productivity, and the metabolites showing a similar
behavior in concentration were metabolites regulating the phenylalanine biosynthesis route in the subset
and metabolites related to general amino acid metabolism in the remainder of the metabolome. With
CCA, neither subset truly dominated the data analysis. CCA described the differences between the wild
type and the overproducing strain and the differences between the succinate and glucose grown cells. For
the difference between the wild type and the overproducing strain, metabolites from the beginning and
the end of aromatic amino acid pathways like erythrose-4-phosphate, tryptophan, and phenylalanine
were important for the selected metabolites.

CCA and CPCA proved to be complementary data analysis tools that enable the focusing of the data anal-
ysis on groups of metabolites that are of specific interest in relation to the remainder of the metabolome.
Compared to an ordinary PCA, focusing the data analysis on biologically relevant metabolites lead espe-
cially for the complex E. coli data to a better biological interpretation of the data.

© 2009 Elsevier B.V. All rights reserved.
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1. Introduction

Metabolomics research often requires statistical methods to
extract information from the large data sets generated. The sta-
tistical methods that are presently used vary from unsupervised
methods, such as, principal component analysis (PCA)[1,2], or hier-
archical clustering [3,4] to supervised approaches like partial least
squares (PLS) [5,6] or principal component discriminant analysis
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(PCDA) [7]. The difference between supervised and unsupervised
methods is that for supervised approaches some form of prior
knowledge is used to focus or emphasize a specific biological effect
of interest. For instance, class information is applied for discrimi-
nating between two groups like treated and untreated patients; and
the measurements of a phenotype parameter of interest, e.g. pro-
ductivity, are modeled in regression analysis. Ideally, these analyses
reveal which metabolites are the most relevant for the differences
between the two classes, or for the behavior of the phenotype
parameter.

Currently, data analysis methods that single out groups of
metabolites and explore the relation between the behavior of these
singled out metabolites and the other metabolites in the data set
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have not been applied. For example, a specific group of metabolites
could contain the measurements of the glycolysis intermediates, or
of metabolites that belong to the same class, e.g. amino acids. Con-
sensus PCA-W (CPCA) [8], and canonical correlation analysis (CCA)
[9] are methods that can focus the data analysis on the relation
between the specified metabolites and the remaining metabolites.
Both data analysis methods require the remaining and the specific
metabolites to be separated in two data blocks which are subse-
quently analyzed. Furthermore, the analysis of the two data blocks
is symmetric, unlike methods like PLS. That is, both data blocks are
treated the same and the order in which the data blocks are treated
does not influence the outcome of the analysis.

While CPCA and CCA both allow for the analysis of two data
blocks, the principles underlying both methods are rather different.
CPCA searches for the largest common trends between behav-
ior of the concentrations of the metabolites of interest and the
remaining metabolites. Stated differently, CPCA searches for trends
that explain as much of the variation as possible. In contrast, CCA
determines the strongest correlation between the behavior of the
metabolites in the two data blocks and does not take explained
variation into consideration. Both methods thus provide informa-
tion on the relation between the metabolites of interest and the
remaining metabolites; however, they give different views on the
underlying biology as will be explained in the next section.

The discussed methods will be illustrated by their applica-
tion on real life metabolomics data sets. Furthermore the CPCA
results are compared with the results of an ordinary PCA in which
the metabolites of special interest are not separated from the
generic metabolites as a control case to illustrate the differences
between the supervised and unsupervised variations of a very sim-
ilar method. The CCA results are compared with the CPCA results
to illustrate the differences between methods that focus on corre-
lation and consensus, respectively.

1.1. Theory

We will first discuss different properties of CPCA and CCA. The
following notations will be used: X; (I xJ1) a data block that con-
tains the generic metabolome information (i.e. metabolites that are
not of special interest), the matrix consists of I experiments and J;
concentrations of measured metabolites; X, (I xJ,) a data block
that contains the concentration measurements on the metabolites
of specific interest, these metabolites are not in X;; X (I x (J; +J2))
is the concatenated matrix of the two data blocks X; and Xj, i.e.
X=[X; Xz].

1.1.1. CPCA

CPCA [8] searches for the largest trends in the two data sets
(Fig. 1) analogous to PCA. It differs from PCA in that the two data
blocks are treated differently in order to balance the contributions
of both data blocks to the analysis. In a PCA the concatenated data
matrix X is decomposed as follows:

T
X:TPT+E:T{P1} +E. (1)
P,

Here, T (I x R), P; (Ji xR), and P, (J> x R) are the PCA scores and
loadings of a rank R PCA decomposition of X. The scores T are
orthonormal and the loadings P are orthogonal. This is a minor devi-
ation from common practice in which the scores T are orthogonal
and the loadings P are orthonormal. By choosing the scores T to be
orthonormal, the explained variation of the sub blocks is fully con-
tained in the block specific loadings. The scores T and the loadings
P together are referred to as principal components (PCs). The PCA
decomposition used in this paper is according to this decomposi-
tion.

CPCA ensures that both data blocks are considered equally
important in the decomposition by weighting both data blocks.

T
[wiX; wzxz]:TPT-FE:T{gj +E. (2)
Here, T (I xR), Py (Ji xR), Py (J xR) are the CPCA scores and
loadings of a rank R CPCA decomposition of X. The scores T are
orthonormal and the loadings P are orthogonal. In this study, the
weights for a specific block are chosen to be equal to the square root
of the sum of squares of that specific data block. Consequently, the
total variation in each block becomes ‘1’ after the weighting and
both blocks are a priori equally important in terms of explaining
variation in the data decomposition. It is also possible to weight
the data blocks differently by choosing other block weights [10],
forinstance, to correct for redundant information in the data blocks
[11].

Correcting for differences in total variation in the data blocks is
especially important when one data block contains more variables
than the other data matrix. In this case, when it is assumed that
every metabolite has on average the same variation, it is likely that
the data matrix with the most metabolites will be dominant in the
data analysis compared to the smallest data matrix. When the data
matrices contain a similar amount of metabolites, the effect of block
scaling is likely to be minimal (Fig. 1A).

As a consequence of equalizing the sum of squares (SS) for the
two data matrices, the SS per metabolite is changed. If the total SS
of X is 100% then after block scaling X; and X, both contain 50% of
the SS. If X, is smaller than Xy, the SS is divided over less metabo-
lites and consequently these metabolites individually become more
important. As a result, the behavior of the concentrations of the
metabolites smallest block can dominate the search for common
behavior of metabolite concentrations in X; and X, (Fig. 1B). In
this paper we will show the importance of block weighting when
focusing the analysis on a particular data block.

There is also a second aspect that can increase the influence of
the block containing the selected metabolites. The concentrations
of the selected metabolites can be more correlated than the con-
centrations of the metabolites in the remainder of the data set. This
effect follows from the idea that the selected metabolites share a
common biological background. For instance, they are chemically
related or share the same regulation. This will make it easier for
CPCA to identify main effects based on the data block containing
the chosen metabolites. As for a normal PCA, other data pretreat-
ment [12] steps can be taken before block scaling to emphasize
different aspects of the data.

1.1.2. CCA
CCA searches for the largest correlation between X; and X,
(Fig. 1). It does this by maximizing:

r = corr(Xa, X,b) (3)

The vectors u=Xja and v=X;b are the so-called canonical variates,
and describe the nature of the correlation. The vectors a and b are
the weights of the contributions of the different metabolites to the
found correlation.

Searching for the largest correlation between two data matri-
ces can result in trivial results. First, the largest correlation could
be based on the correlation between only one metabolite in each
set. While the correlation is very strong, it could be only a minor
effect in comparison to the total variation in both matrices. Second,
when the data sets consist of more metabolites than experimental
conditions it is always possible to find perfect correlations (r=1 or
—1), and therefore the solutions will be trivial. It is possible to cir-
cumvent these effects by using a dimension reduction technique
such as PCA. By reducing the data sets to their main effects, the
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(A) X1 is the same size as X2

X1

X2

CPCA

CPCA identifies the major
trends in the concatenated
matrix of X1 and X2.

In the extreme case that X1
and X2 are completely
unrelated, the CPCA solution
can be based on only X1 or

CCA

CCA identifies metabolites
that correlate the most
within the two data sets,
although it does not

necessarily explain much
variation

CCA is always based on
X1 and X2.

(B) X1 is larger than X2

X1

X2

CPCA

CPCA makes X1 and X2 equally
important by equalizing the
variation in both matrices.

The smallest matrix can dominate
because: (i) the variables explain
more variation; (ii) the smallest
matrix is more homogeneous.

CCA

CCA is not influenced by
size changes of X1 and X2.

:DH

Fig. 1. Comparison of CPCA and CCA. (A) Properties of CPCA and CCA when X; and X; are equal sized. (B) Properties of CPCA and CCA when X is larger than X;. The gray
areas indicate the linear combinations of the different metabolite concentrations captured by CPCA or CCA. The different shades of gray are a measure of the homogeneity
of the variation of the captured metabolites; increasingly darker shades mean that the variation is more homogeneous.

PCs, the effects of single metabolites are limited to contributions to
these components. Furthermore, the dimensionality is controlled
by the number of components deemed relevant. Therefore the CCA
as applied in this paper becomes the maximization of:

r = corr(T;jaq, T5by) (4)

Here, T7 and T3 are matrices consisting of the selected PCs from
the following PCA decomposition:

X =TiP;T. (5)

Here, k indicates the decomposition of the kth data block.

1.1.3. Validation

CPCA and CCA both provide information on the relative impor-
tance of every metabolite to the effects discovered by the analysis,
namely the weights for each metabolite. These metabolite weights
are the starting point for further exploration of the meaning of the
results. It is therefore important that a certain degree of confidence
of these metabolite weights can be obtained. For this, a validation
scheme based on permutations is developed which is generic for
CPCA and CCA. Note that this validation does not validate biological
relevance.

The significance of every metabolite for the end solution was
determined by permuting the values of one metabolite at a time
across its sample direction. After the permutation all data analysis
steps were performed identical to the unpermuted analysis. The
permuted models will be very similar to the unpermuted models,
as only one metabolite per model is permuted. The weight obtained
for the permuted metabolite in the permuted model is compared
with the weight for the unpermuted model. A larger weight in
the permuted model indicates that the weight in the unpermuted
model is not significant. The permutation is repeated 500 times to
obtain a distribution of permuted weights per metabolite, hence
in total 500x (J; +J) permutations were performed. A metabolite
weight is considered significant if its unpermuted weight is larger
than the permuted weight in 90% or more of the permutations.

The CCA also returns an association measure for the correlation
between X; and X,. This measure can also be validated by a per-
mutation approach. In this case, the experiment order of one data
matrix is permuted simultaneously for all its metabolites and the
resulting association is compared with the association of the unper-
muted data. Generally, an association is considered significant if it
is in 90% of the permutations larger than the association obtained
with permuted data.
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2. Materials and methods
2.1. Data

The first data set is obtained from Pseudomonas putida S12
(maintained at TNO (Zeist, the Netherlands)) [13] metabolome
samples. Cultures of P. putida S12 were grown as previously
described [14]. In short, samples were obtained in triplicate from
cultures grown on four different carbon sources: p-fructose (sam-
ple F1, F2 and F3), p-glucose (sample G1, G2 and G3), gluconate
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(sample N1 and N2) and succinate (sample S1). Samples were ana-
lyzed by GC-MS [15] and LC-MS [16]. The GC-MS and LC-MS
data sets were fused together by concatenating the measure-
ment tables [17]. The final data set was manually cleaned up,
removing spurious and double entries and consisted of 9 exper-
iments and 161 metabolites. The second data set (Escherichia
coli NST 74, a phenylalanine overproducing strain, and E. coli
W3110, the wild type strain) were grown under different exper-
imental conditions as described elsewhere [17]. Samples were
analyzed by GC-MS [15] and LC-MS [16] and fused together
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Fig. 2. CPCA and PCA results of the P. putida S12 data set. (A) The score plot of the CPCA. The x-axis indicates the scores on PC1, the y-axis the scores on PC2. The metabolome
samples obtained from fermentations with the same carbon source are circled. N, S, G, and F refer respectively to gluconate, succinate, b-glucose, and p-fructose as sole
carbon source in the fermentation. (B) The explained variation per data block (white bars for X; and gray bars for X,) and the maximal explained variation for that data block
(lines with ‘O’ for X; and with ‘+ for X;,) for CPCA. On the x-axis the calculated PCs are given and on the y-axis the amount of explained variation as a percentage of the total
variation. (C) The score plot of the PCA. The x-axis indicates the scores on PC1, the y-axis the scores on PC2. The metabolome samples obtained from fermentations with the
same carbon source are circled. N, S, G, and F refer respectively to gluconate, succinate, b-glucose, and D-fructose as sole carbon source in the fermentation. (D) The explained
variation per data block (white bars for X; and gray bars for X;) and the maximal explained variation for that data block (lines with ‘O’ for X; and with ‘+' for X;,) for PCA. On
the x-axis the calculated PCs are given and on the y-axis the amount of explained variation as a percentage of the total variation.
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[17]. The final data set was manually cleaned up, removing spu-
rious and double entries and consisted of 28 experiments and
188 metabolites.

2.2. Data analysis

CPCA [8] and CCA [9] were implemented in Matlab 7.3.0 (The
Mathworks, Inc.). In the data analysis, the data was range scaled
[12]. The significance of the data analysis results was validated as
described in Section 1.1.3.

3. Results

CPCA and CCA were illustrated by their application on two
different metabolomics data sets. The first data set consisted of
metabolomes obtained from P. putida S12 fermentations in which
P. putida S12 was grown on four different carbon sources. The
X, matrix (9 experiments, 19 metabolites) contained the con-
centrations of the measured nucleotides and the X; matrix (9
experiments, 142 metabolites) contained the metabolome minus
the nucleotides. The nucleotides were chosen as they are closely
related in the metabolic network and nucleotides are cellular
energy carriers that could respond to the chosen experimental
conditions. This data set proved to be a straightforward data
set with large effects induced by the selected experimental con-
ditions. The second data set consisted of E. coli metabolomes
obtained from cells cultivated under 28 different experimental
conditions. X; (28 experiments, 13 metabolites) contained all the
measured intermediates of the phenylalanine biosynthesis path-
way and X; (28 experiments, 175 metabolites) contained the
remaining metabolome. The phenylalanine biosynthesis pathway
was selected as the experimental conditions aimed to induce vari-
ation in phenylalanine production. This data set is a complex data
set in which different effects play a role, like the environmental
conditions and different growth phases in the batch process. None
of concentrations of the metabolites were simultaneously in X; and
X to avoid trivial results.

3.1. CPCA

The CPCA analysis of the combined metabolome/nucleotide
matrix from the P. putida S12 data set lead to a clear sepa-
ration of the metabolomes resulting from growth on the four
carbon sources on the first two PCs (Fig. 2A). The metabo-
lites that contribute to the first component were for X
metabolites related to the carbon catabolism pathways and
to central metabolism, such as, glyceraldehyde-3-phosphate,
dihydroxyacetone-phosphate, glucose-6-phosphate, and pyruvate
(Appendix). For X, most metabolites contributed significantly to
the first component. It is noteworthy that the mono-phosphate
(xMPs) and di-phosphate (xDPs) nucleotides had a positive contri-
bution, while the tri-phosphate nucleotides (XTPs) had a negative
contribution. This suggests a negative correlation between the
behavior of the high energy nucleotides (xTPs) and the low energy
nucleotides (xMPs and xDPs). Therefore, this could point towards
a difference in cell energy availability for the samples separated
by the first component: succinate and p-fructose on the left and
D-glucose on the right.

The variation explained for each X sub matrix was compared
with the maximal explained variation possible for that matrix
(Fig. 2B). Both X sub matrices are very close to the maximal
explained variation for the first two PCs. This indicated that these
PCs indeed described a common direction in X; and Xj. After the
second PC, the variation in X; remained maximally explained, while
the variation X, was not maximally explained in PC 3. Here, the
differences in variation between the two blocks became visible.

Table 1

Phenylalanine concentration in E. coli metabolomics samples. The
phenylalanine concentrations are sorted in descending order. The
experimental conditions under which the metabolome samples were
obtained are presented elsewhere [15].

Sample Concentration (nmol/mg dry weight)
6.3 4.17
103 3.38
2.2 3.19
10.4 2.96
6.2 291
4.5 2.81
10.2 2.71
43 2.65
14 2.62
13 2.57
7.4 2.35
54 225
7.3 1.86
5.3 1.61
6.1 1.43
4.2 1.33
1.2 1.08
4.1 0.70
33 0.63
7.2 0.37
1.1 0.28
5.1 0.26
10.1 0.23
5.2 0.19
9.4 0.093
9.3 0.051
9.1 0.015
9.2 0.010

A PCA was performed on the combined metabolome/nucleotide
matrix from the P. putida S12 data set. The results of the PCA
of the P. putida S12 data are similar to the CPCA. The score plot
(Fig. 2C) shows a similar grouping of the metabolomes resulting
from growth on the four carbon sources as for CPCA. Also the
explained variation per X sub matrix (Fig. 2D) is highly similar,
albeit in the PCA the explained variation of X is slightly less than
the maximal explained variation. Here, the CPCA results remained
closer to the maximal explained variation of X, (Fig. 2B), although
these differences are small. The ranking of the most important
metabolites (Appendix) for the first component of the PCA is highly
similar to the ranking of the CPCA. The loadings of CPCA and PCA
start to deviate for the second component and further.

For the more complex E. coli data set, the score plots of the
first PC of the CPCA analysis (Fig. 3A) showed an effect related
to high and low phenylalanine productivity (Table 1) in the first
PC. The most important metabolites relating to this effect were
for X; phenyllactate, 3,5-dihydroxypentanoate (tentatively iden-
tified), a number of unidentified metabolites, and the amino acids
valine and isoleucine (Appendix). In some organisms phenyllac-
tate is synthesized by (R)-4-hydroxyphenyllactate dehydrogenase
[18] with phenylpyruvate as substrate as an alternative end point
of the phenylalanine pathway [19], however, this enzyme activity
has not been described previously for E. coli [19,20]. In phenylala-
nine biosynthesis, phenylpyruvate is converted in phenylalanine as
the final step of the pathway. Limiting or eliminating the produc-
tion of phenyllactate could thus potentially improve phenylalanine
production. For X, the most important metabolites were pheny-
lalanine and metabolites that are regulatory important [20] in
the phenylalanine biosynthesis route, such as, chorismate and
erythrose-4-phosphate. The enzymes that convert chorismate and
erythrose-4-phosphate are subject to end product inhibition by
phenylalanine [20].

For the second PC there was not a clear explanation for the
behavior of the experimental conditions. The most important
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Fig. 3. CPCA results of the E. coli data set. (A) The score plot of the CPCA for PC 1 and 2. The x-axis indicates the scores on PC1, the y-axis the scores on PC2. The numbers
in the figure refer to experimental conditions. The circles indicate the difference between experimental conditions that resulted in high and low phenylalanine production
(Table 1). (B) The score plot of the CPCA for PC 1 and 3. The x-axis indicates the scores on PC1, the y-axis the scores on PC3. The numbers in the figure refer to experimental
conditions. The arrows indicate the order of sampling from early to late time points during the batch fermentation. (C) The score plot of the PCA for PC 1 and 2. The
x-axis indicates the scores on PC1, the y-axis the scores on PC2. The numbers in the figure refer to experimental conditions. The circles indicate the different subgroups
based on early sampling/low phenylalanine production; late/high phenylalanine production; and the succinate grown cells (Table 1). (D) The score plot of the PCA for PC 1 and 3.
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metabolites for this PC, however, suggested that the PC was related
to general amino acid metabolism. The most important metabolites
were for Xy urea, aspartate, malate, and fumarate: these metabo-
lites are part of the citric acid cycle and the urea cycle. Also the
amino acids isoleucine and valine were important for this PC as
well as for the first PC. For X;, important metabolites were gluta-
mate and ketoglutarate, used in amino group transfer reactions;
tyrosine and tryptophan, end products of the other branch of the
aromatic amino acid biosynthesis pathway; and phenylpyruvate,
the precursor to phenylalanine.

The third PC seemed to describe a time effect as is indicated with
arrows for fermentations 4, 5, and 9 (Fig. 3B). The most important
metabolites for X; consisted of unidentified metabolites, UDP-N-
AAGDAA, and guanine. For X; only prephenate was significant.
Although UDP-N-AAGDAA is part of the peptidoglycan biosynthesis
pathway and thus related to cell wall synthesis, it is unfortunately
difficult to speculate about biological processes behind this time
effect due to the large number of unidentified metabolites in X;.

The comparison of the explained variation per X block with the
maximal explained variation for that X block showed that the CPCA
analysis seemed to depend most on X,. The explained variance of
X, in the solution closely followed the maximal explained variation
(Fig. 3E), while this is not the case for X;. This can be caused by
two factors; first, X, contains much less metabolite concentrations
than Xy, and second, X is more homogeneous than X; because the
selected metabolites are part of the same pathway.

A comparison of the score plots of CPCA (Fig. 3A and B) with
the score plots of the PCA (Fig. 3C and D) reveals that the PCA
decomposition differs from the CPCA decomposition. The first two
components of the PCA seem to describe a mixed effect of fermenta-
tion time and phenylalanine production. On the top left of the score
plot of components 1 and 2 (Fig. 3C) the samples pertaining to early
time points and low phenylalanine production are clustered, while

the bottom of the figure contained the samples pertaining to late
time points and/or high phenylalanine productivity. Furthermore,
the samples of succinate grown cells form a cluster on the right of
the figure. This cluster is indicated by the dashed lines.

The interpretation of components 1 and 3 of the PCA (Fig. 3D)
is less clear than the interpretation of components 1 and 2. A clear
cluster of experiments that could be identified consisted of the sam-
ples pertaining to the experiments with wild type E. coli strains.
Also, the cluster of samples originating from succinate grown cells
is still present.

When the variation explained per sub matrix by the PCA decom-
position is compared with the maximal explained variation for the
sub matrices (Fig. 3F), it is clear that Xy, the largest data block, dom-
inates the analysis. The variation explained in X; is very close to
the maximal explained variation for this block. On the other hand,
the variation explained in X, is far from the maximal explained
variation. This result is in contrast to the CPCA results, which are
dominated by X;.

Not surprisingly given the results already presented, the ranking
of the most important metabolites for both data blocks for the PCA
analysis of the E. coli data differ strongly from the CPCA (Appendix).

3.2. CCA

CCA searches for the largest correlation between X; and X,.
For the P. putida S12 data set of both X; and X; the dimen-
sions were reduced by PCA after range scaling. For X; four and
for X, three PCs were used. The correlation between X; and
X, was very large - all the experiments are on the diagonal
line - and the significant association is 0.999 (Fig. 4). This value
for the association was significant after validation by permuta-
tion of the experimental conditions and repetition of the data
analysis. The metabolites responsible for this large correlation

The x-axis indicates the scores on PC1, the y-axis the scores on PC3. The numbers in the figure refer to experimental conditions. The wild type and succinate grown samples
are indicated by circles. (E) The explained variation per data block (white bars for X; and gray bars for X;) and the maximal explained variation for that data block (lines with
‘O’ for X; and with ‘+’ for X;) for CPCA. On the x-axis the calculated PCs are given and on the y-axis the amount of explained variation as a percentage of the total variation.
(F) The explained variation per data block (white bars for X; and gray bars for X;) and the maximal explained variation for that data block (lines with ‘O’ for X; and with ‘+'
for X;) for PCA. On the x-axis the calculated PCs are given and on the y-axis the amount of explained variation as a percentage of the total variation.
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were for X; metabolites related to catabolic pathways, such as,
glyceraldehyde-3-phosphate, dihydroxyacetone-phosphate, and
glucose-6-phosphate (Appendix). This was similar to the CPCA
results. The responsible metabolites for X, were the xXMPs and
the XTPs. Unlike the CPCA results, the xDPs were less impor-
tant. For both data sets, the variation modeled by the correlation
between the two matrices was close to the maximal explained
variation for those matrices. This indicated that the behavior of
the metabolite concentrations in X; and X, correlates very well
and that the correlation is a major effect in the behavior of these
concentrations.

CCA on the E. coli data set identified also a strong correlation
between X; and X; with a significant association of 0.981 (Fig. 5A).
The order of the experiments in the correlation plot for the first
canonical variate seemed related to the difference between the
wild type strain and the high producing strains. This effect was
not as strong as for the CPCA analysis. For instance, condition 6.3,
that lead to the highest phenylalanine production (Table 1) was

(A) Association 0.981
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close to zero in Fig. 5A, and thus not important for canonical vari-
ate 1. Unfortunately, the metabolites of X; that contributed most to
this correlation were unidentified metabolites (phenyllactate can
be found at the 10th position), for X,, metabolites were phenylala-
nine 3-dehydroquinate, tryptophan, and erythrose-4-phosphate
(Appendix). The second largest correlation between the two data
sets was still large with a significant association of 0.966. Here the
fermentations on succinate as a carbon source stood out (Fig. 5B). In
X1, the metabolites urea, isoleucine, malate, fumarate, and aspar-
tate were important; this is similar as the results for the second PC
in the CPCA analysis. However, slightly different metabolites in X,
were important, shikimate, phenylalanine, phosphoenolpyruvate,
ketoglutarate, glutamate, and phenylpyruvate. The explained vari-
ance for the correlation was not following the maximal explained
variance for both E. coli data matrices (Fig. 5C) as closely as for
the P. putida S12 data set. This means that for these two matrices
the directions that correlate the best were not the most dominant
directions in the separate matrices.
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Fig. 5. CCA results for the E. coli data set. (A) The nature of the correlation of canonical variate 1. The association measure represents the strength of the correlation. On the
x-axis the canonical variate of X; is given and on the y-axis the canonical variate of X;. The ovals indicate grouping of the metabolomes resulting from fermentations with
wild type and the overproducing strain. (B) The nature of the correlation of canonical variate 2. The association measure represents the strength of the correlation. On the
x-axis the canonical variate of X; is given and on the y-axis the canonical variate of X,. The metabolomes obtained from succinate grown cells are indicated with a circle. (C)
The explained variation per data block (white bars for X; and gray bars for X,) and the maximal explained variation for that data block (lines with O for X; and with + for
X5). On the x-axis the calculated canonical variates are given and on the y-axis the amount of explained variation as a percentage of the total variation.



R.A. van den Berg et al. / Analytica Chimica Acta 651 (2009) 173-181 181

4. Discussion

CPCA and CCA are valuable methods to emphasize specific areas
of the metabolic network in analysis of metabolomics data. They
make it possible to focus on groups of metabolites be it function-
ally or chemically related metabolites as for the P. putida S12 data,
or a metabolic pathway as for the E. coli data set; both methods
result in biological meaningful results. Compared to a normal PCA,
these methods were able to focus the analysis on a biologically rel-
evant subset of the metabolome. This focus lead, especially for the
complicated E. coli data to an improved biological interpretation of
the data.

CPCA and CCA address different biological and data analysis
questions. CPCA searches for the direction that explains most of
the variation in the weighted and concatenated matrices. When the
variation within and between both data sets shows similar major
trends, the variation described will closely resemble the maximal
variation explained for both data sets, as was the case for the P.
putida S12 data sets (Fig. 2). On the other hand, when variation in
the two data sets is not similar, CPCA will still identify the largest
variation in the concatenated data set and this direction can be
dominated by one matrix; as proved the case for the E. coli data set
(Fig. 3).

CCA is not consensus based; it retains the nature of the matrices
and identifies the largest correlation between the two data sets. Due
to the PCA step performed before the CCA analysis, CCA focused on
large trends in variation in the matrices. The results of CCA for a
data set with a simple structure and coherent behavior, like the P.
putida S12 data set, was similar to the CPCA analysis (Fig. 4).

The difference between the two methods becomes clear from
the analysis of the E. coli data set. As a consequence of the complex
nature of the data set, there is no common dominant variation in
both X; and X, and the CPCA became dominated by X, that con-
tained the measured intermediates of the phenylalanine pathway
(Fig. 3C). In contrast, CCA identifies the largest correlation between
X1 and X, even though this direction is not dominant in either X;
or X; (Fig. 5C).

Based on the biological question to be answered CPCA is
better suited for identifying large common effects between the
metabolome and the specified metabolites. CCA searches those
trends in the two data sets that correlate the strongest, without
compromising towards major trends.

5. Conclusion

In this paper, we include knowledge of metabolic pathways
and chemical relatedness to focus the data analysis. This opened

up the possibility to study the behavior of these metabolites in
more detail than with an unsupervised method. Besides applica-
tions in metabolomics, these methods can also be applied for the
comparison of, for instance, metabolomics and transcriptomics, or
proteomics data.
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