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4 Identifying connections between a 
metabolic pathway and its surrounding 
network from metabolomics data 
Robert A. van den Berg, Carina M. Rubingh, Johan A. Westerhuis, Mariët J. van der Werf 
and Age K. Smilde 

Summary 
In metabolomics it can be important to focus the data analysis to areas of specific 

interest within metabolism. For instance, the biological question under study can be related 
to a specific class of metabolites or a specific pathway. Supervised data analysis methods can 
bring this focus into data analysis and provide information on the behavior of the 
interesting metabolites in relation to the remainder of the metabolome. Here, we describe 
the application of consensus PCA (CPCA) and canonical correlation analysis (CCA) as a 
means to focus data analysis. CPCA searches for major trends in the behavior of metabolite 
concentrations common for the metabolites of interest and the remainder of the 
metabolome. CCA identifies the strongest correlations between these two subsets. 

CPCA and CCA were applied to two microbial metabolomics data sets. The first data 
set, derived from Pseudomonas putida, was relatively simple and contained metabolomes 
obtained under four environmental conditions only. The second data set, obtained from 
Escherichia coli, was complex and contained metabolomes from 28 different environmental 
conditions. For the first data set, CCA and CPCA gave similar results as the variation in the 
two subsets was similar. In contrast, CCA and CPCA yielded different results in case of the 
E. coli data set. With CPCA the trends in the metabolites of interest – the phenylalanine 
biosynthesis intermediates - dominated the results. These trends were related to high and 
low phenylalanine productivity, and important metabolites in the CPCA analysis were 
associated with amino acid metabolism and regulation of the phenylalanine biosynthesis 
route. 

With CCA neither subset dominated the data analysis. CCA described correlations 
between the subsets based on wild type and overproducing strain differences and different 
carbon sources. For the correlation based on strain differences, metabolites from the 
aromatic amino acid pathways were important.   

Both CCA and CPCA enable one to focus the data analysis of metabolomics data to 
groups of metabolites that are of specific interest. Depending on the nature of the data set, 
they provide different, complementary, views on the relation between the metabolites of 
interest and the remainder of the metabolome. 



Chapter 4 

1 Background 
Metabolomics research often requires statistical methods for the extraction of 

information from the large data sets generated. The statistical methods that are presently 
used vary from unsupervised methods, such as, PCA [1,2], or hierarchical clustering [3,4] to 
supervised approaches like PLS [5,6] or PCDA [7]. The difference between supervised and 
unsupervised methods is that for supervised approaches some form of prior knowledge is 
used to focus on or emphasize a specific biological effect of interest. For instance, class 
information is applied for discriminating between two groups, like treated and untreated 
patients; and the measurements of a phenotype parameter of interest, e.g. productivity, 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. 

So far, data analysis methods that single out the behavior of groups of metabolites in 
relation to the behavior of other metabolites in the data set have not been applied. 
Consensus PCA-W (CPCA) [8], and canonical correlation analysis (CCA) [9] are methods 
that can perform such an analysis. CPCA searches for the largest common trends between 
behavior of the concentration of the metabolites of interest and the remaining metabolites. 
In CCA the strongest correlation between the behavior of the metabolites in the two data 
sets is determined. Both methods provide information on the relation between the 
metabolites of interest and the remaining metabolites; however the methods are based on 
different principles and give different views on the underlying biology, as will be explained 
in the next section. 

2 Theory 
In the following section we will discuss different properties of CPCA and CCA. The 

following notations will be used: X1 (I x J1) a matrix that contains the generic metabolome 
information, the matrix consists of I experiments and J1 metabolites; X2 (I x J2) a matrix that 
contains the measurements of specific interest, generally these measurements are not in X1; 
X (I x (J1 + J2)) the concatenated matrix of X1 and X2, i.e. X = [X1 X2]. The prior information 
in X2 depends on the biological question. For example, it could contain the measurements of 
the glycolysis intermediates, or it could contain the measurements of metabolites that 
belong to the same class, e.g. amino acids. 

2.1 CPCA 
CPCA [8] searches for common behavior in two data sets (Figure 1). As its name 

suggests, it is similar to a normal PCA analysis. It is, however, not straightforward to extract 
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X1 X2

CPCA 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.

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
X2.

X1 X2

CPCA CCA

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

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

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

X1 is the same size as X2 

X1 is larger than X2 

A

B

Figure 1 - Comparison of 
CPCA and CCA. (A) 
Properties of CPCA and 
CCA when X1 and X2 are of 
equal size. (B) Properties of 
CPCA and CCA when X1 is 
larger than X2. The grey 
areas indicate the linear 
combinations of the different 
metabolite concentrations 
captured by CPCA or CCA. 
The different shades of grey 
are a measure of the 
homogeneity of the 
variation of the captured 
metabolites; increasingly 
darker shades mean that the 
variation is more 
homogeneous. 
common variation from two different PCA models. The variation in the behavior of the 
selected metabolites and the remainder of the metabolome can be modeled with two PCA 
models: 
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for X2.  
The symbols T1 (I x R1) and T2 (I x R2) represent the PCA scores and P1 (J1 x R1) and P2 

(J2 x R2) represent the PCA loadings with R1 and R2 selected components for X1 and X2, 
respectively. Here, the scores T1 and T2 are different because they describe different aspects 
of variation of the experimental conditions. Therefore, additional steps are required to find 
the consensus behavior and the weights for the individual metabolites to this consensus. 
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CPCA models the behavior X1 and X2 as follows: 
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The symbols Tsup (I x Rsup) represent the CPCA score and Psup1 (J1 x Rsup) and Psup2 (J2 x 
Rsup) represent the PCA loadings with Rsup selected components for X. In this model, the 
variation in behavior of the experiments is captured by the common scores Tsup. It is now 
straightforward to compare the weights of the different metabolites, as captured by the 
loadings Psup1 and Psup2, with each other. Furthermore, Tsup captures indeed the consensus 
behavior of X1 and X2. 

To ensure that X1 and X2 both contribute equally to the model, they can be weighted to 
equal SS. This is especially important when one data matrix contains more variables than 
the other. 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. When the data matrices contain a similar amount of metabolites, the effect of 
block scaling is likely to be minimal (Figure 1A). As a consequence of equalizing the SS for 
the two data matrices, the SS per metabolite is changed. If the total SS of X is 100% then 
after block scaling X1 and X2 both contain 50% of the SS. If X2 is smaller than X1, the SS is 
divided over less metabolites and consequently these metabolites individually become more 
important. As a result of this, the behavior of the concentrations of the metabolites in the 
smallest block can become leading in the search for common behavior of metabolite 
concentrations in X1 and X2 (Figure 1B). In this paper we are interested in equal importance 
of the data blocksm as we want to analyze the behavior of the group of metabolites in X2 in 
relation X1.  

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 have more 
homogeneous behavior than the concentrations 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 selected 
block.  

As for a normal PCA, other data pretreatment [10] steps can be taken before block 
scaling to emphasize different aspects of the data. 
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2.2 CCA 
CCA searches for the largest correlation between X1 and X2 (Figure 1). It does this by 

maximizing r = corr(X1a,X2b). The vectors u= X1a and v= X2b are the so-called canonical 
variates, and describe the nature of the correlation. Besides this, the vectors a and b are the 
weights of the contributions of the different metabolites to the correlation detected. 

Searching for the largest correlation between two data matrices 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 
circumvent these effects by using a dimension reduction technique such as PCA. By 
reducing the data sets to their main effects, the principal components (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 analysis as applied in this paper, becomes the maximization of * * * *
1 1 2 2corr( , )r � T a T b* . 

Here, *
1T and *

2T  are the selected PCs from the PCA decompositions (1) and (2). 
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from (1) and (2). 
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2.3 Validation
CPCA and CCA both provide information on the relative importance 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.  

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 
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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 (J1 + J2) permutations were 
performed. If the unpermuted weight is in 90% 
of the permutations larger than the permuted 
weight, that weight is considered significant.  

Concentration 
(nmol/mg dry weight) 

Experiment 

6.3 4.17 
10.3 3.38 
2.2 3.19 

10.4 2.96 
6.2 2.91 
4.5 2.81 

10.2 2.71 
4.3 2.65 

The CCA also returns an association 
measure for the correlation between X1 and X2. 
This measure can also be validated by a 
permutation approach. In this case, the order of 
the experiments of one data matrix is permuted 
simultaneously for all its metabolites and the 
resulting association is compared with the 
association of the unpermuted data. Generally, 
an association is considered significant if it is in 
90% of the permutations larger than the 
association obtained with permuted data. 

1.4 2.62 
1.3 2.57 
7.4 2.35 
5.4 2.25 
7.3 1.86 
5.3 1.61 
6.1 1.43 
4.2 1.33 
1.2 1.08 
4.1 0.70 
3.3 0.63 
7.2 0.37 
1.1 0.28 

3 Results  
The use of CPCA and CCA was illustrated 

by their application on two different 
metabolomics data sets. The first data set 
consisted of metabolomes obtained from 
Pseudomonas putida S12 fermentations in which 
P. putida S12 was grown on four different carbon 
sources [10]. The X2 matrix (9 experiments, 19 
metabolites) contained the concentrations of the 
measured nucleotides and the X1 matrix (9 experiments, 142 metabolites) contained the 
metabolome minus the nucleotides. This data set proved to be a straight forward data set 
with large effects induced by the selected experimental conditions. The second data set 
consisted of Escherichia coli metabolomes obtained from cells cultivated under 28 different 
experimental conditions aimed at inducing variation in the phenylalanine production (Table 
1) [11]. X2 (28 experiments, 13 metabolites) contained all the measured intermediates of the 
phenylalanine biosynthesis pathway and X1 (28 experiments, 175 metabolites) contained the 

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 

Table 1 - Phenylalanine concentration 
in E. coli metabolomics samples. The 
phenylalanine concentrations are 
sorted in descending order. 
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remaining metabolome. 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 X1 and X2 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 separation of the metabolomes resulting from growth on the four 
carbon sources on the first two PCs (Figure 2A). The metabolites that contribute to the first 
component were for X1 metabolites related to the carbon catabolism pathways and to central 
metabolism, such as, glyceraldehyde-3-phosphate, dihydroxyacetone phosphate, glucose-6-
phosphate, and pyruvate (Table 2). For X2 most metabolites contributed significantly. It is 
noteworthy to see that the mono-phosphate (xMPs) and di-phosphate (xDPs) nucleotides 
had a positive contribution, while the tri-phosphate nucleotides (xTP) had a negative 
contribution. This observation suggests that the differences between growth on glucose as 
the sole carbon source on one hand, and succinate and fructose as sole carbon source on the 
other hand (Figure 2A) resulted in differences in the distribution of energy carrying 
molecules like the nucleotides. The variation explained for each X sub matrix was compared 
with the maximal explained variation possible for that matrix (Figure 2B). Both X sub 
matrices are very close to the maximal explained variation for the first PC. This indicated 
that the first PC indeed described a common direction in X1 and X2. After the first PC, the 
variation in X2 remained maximally explained while the variation X1 was not maximally 
explained. This indicated that the variation in X2 became more important in the analysis, 
except for PC 4 where X1 became dominant after X2 was almost fully explained. 

For the more complex E. coli data set, the score plots of the first PC of the CPCA 
analysis (Figure 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 X1 
phenyllactate, 3,5-dihydroxypentanoate (tentatively identified), a number of unidentified 
metabolites, and the amino acids valine and isoleucine (Table 3). For X2, the most important 
metabolites were phenylalanine and metabolites that are regularly important [12] in the 
phenylalanine biosynthesis route, such as, chorismate and erythrose-4-phosphate. The 
enzymes that convert these metabolites are subject to end product inhibition [12]. 

For the second PC there was not a clear explanation for the behavior of the 
experimental conditions. The most important metabolites for this PC, however, suggested 
that the PC was related to general amino acid metabolism. The most important metabolites 
were for X1 urea, aspartate, malate, and fumarate: these metabolites are part of the citric acid 
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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 X2, important metabolites were glutamate 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 (Figure 3B). The most 
important metabolites for X1 consisted of unidentified metabolites, UDP-N-AAGDAA 
(UDP-N-acetylmuramoyl-L-alanyl-D-glutamyl-meso-2,6-diaminoheptanedioate-D-alanyl-
D-alanine), N-acetylglutamate, the nucleotides CMP, CDP, and UMP and tymine. For X2 
prephenate and phosphoenolpyruvate were significant. UDP-N-AAGDAA and other 
metabolites in the top 20 of most important metabolites for PC 3 (UDP-N-AAGD (UDP-N-
acetylmuramoyl-L-alanyl-D-glutamyl-meso-2,6-diaminoheptanedioate) and UDP-glucose) 
are part of the peptidoglycan biosynthesis pathway and thus related to cell wall synthesis, 
which is in line with the observed time effect in Figure 3B. The changes in the cell wall 
synthesis could be related to the shift from exponential growth phase to the stationary 
growth phase. 

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 X2. 
The explained variance of X2 in the solution closely followed the maximal explained 
variation (Figure 3C), while this is not the case for X1. This can be caused by two effects; 
first, X2 contains much less metabolite concentrations than X1, and second, X2 is more 
homogeneous than X1 because the selected metabolites are part of the same pathway. 
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Figure 2 - CPCA results of the P. putida S12 data set.(A) The score plots of the super scores, 
the metabolome samples obtained from fermentations with the same carbon source are 
circled. N, S, G, and F refer respectively to gluconate, succinate, D-glucose, and D-fructose as 
sole carbon source in the fermentation. (B) The explained variation per data block (bars) and 
the maximal explained variance for that data block (lines).

 X1 X2 
 PC 1 PC 2 PC 1 PC 2 
 Weight Metabolite Weight Metabolite Weight Metabolite Weight Metabolite 
1 0.096 glyceraldehyde-

3-phosphate 
0.145 adenine 0.242 CMP 0.279 ADP 

2 0.091 BAC-607-N1058 0.14 putrescine 0.232 UMP 0.259 CDP 
3 0.091 isomaltose 0.136 BAC-607-

N1038 
-0.226 ATP 0.212 GDP 

4 0.087 uridine* 0.136 BAC-607-
N1021 

0.226 AMP -0.208 TMP 

5 0.087 dihydroxyacetone 
phosphate 

0.133 thymine -0.224 ITP 0.165 GTP 

6 0.085 uridine* 0.132 BAC-638-
N1003 

-0.216 UTP 0.126 UTP 

7 0.084 glucose-6-
phosphate 

-0.128 BAC-647-
N1012 

0.214 UMP -0.1 AMP 

8 0.096 glyceraldehyde-
3-phosphate 

-0.128 BAC-647-
N1013 

0.242 CMP -0.096 CMP 

9 0.091 BAC-607-N1058 0.122 ketogluconate 0.232 UMP 0.074 UDP 
10 0.091 isomaltose 0.116 BAC-607-

N1073 
-0.226 ATP 0.067 IMP 

 Table 2 – Metabolite contributions to P. putida S12 CPCA model. The top 10 most important 
metabolites are shown. The grey areas indicate contributions which are not significant after 
permutation. * Uridine occurs twice because it is measured with GC-MS and LC-MS. 
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 X1 
 PC 1 PC 2 PC 3 
 Weight Metabolite Weight Metabolite Weight Metabolite 
1 0.109 3-phenyl-lactate or 

isomer 
0.112 urea 0.144 spectrum not 

found7 
2 0.096 3,5-dihydroxy-

pentanoate 
0.103 aspartate -0.141 mixed spectrum5 

3 -0.094 mixed spectrum3 0.103 fumarate 0.134 UDP-N-AAGDAA 
4 -0.088 spectrum not 

complete6 
0.103 malate 0.13 spectrum not 

found5 
5 -0.08 sugar no oxim 0.099 2-hydroxy-

glutarate 
0.118 N-acetylglutamate 

6 0.075 isoleucine 0.098 2,3-dihydroxy-3-
methyl-butanoate 

0.116 thymine 

7 0.074 valine 0.097 pantoate 0.115 CMP 
8 0.072 unknown mass 304, 

319 and 406 0.096 unknown7 0.112 CDP 

9 -0.07 Disaccharide4 0.094 unknown28 0.111 spectrum not 
complete5 

10 -0.068 unknown8 0.094 organic acid with 
mass 261 

0.107 UMP 

 X2 
 PC 1 PC 2 PC 3 
 Weight Metabolite Weight Metabolite Weight Metabolite 
1 0.47 phenylalanine 0.452 glutamate 0.523 prephenate 
2 0.435 chorismate 0.363 ketoglutarate 0.369 phosphoenol-

pyruvate 
3 0.314 erythrose-4-

phosphate 
0.323 phenylpyruvate 0.157 shikimate 

4 0.304 phenylpyruvate -0.278 tyrosine 0.138 erythrose-4-
phosphate 

5 0.291 tyrosine -0.231 tryptophan -0.112 shikimate-3-
phosphate 

6 0.163 shikimate-3-
phosphate 

-0.197 phenylalanine -0.09 phenylpyruvate 

7 0.163 glutamate 0.168 shikimate 0.08 3-dehydroquinate 
8 0.135 ketoglutarate -0.113 erythrose-4-

phosphate 
0.059 tryptophan 

9 0.129 tryptophan 0.077 shikimate-3-
phosphate 

-0.056 ketoglutarate 

10 0.073 3-dehydroquinate 0.057 chorismate 0.052 chorismate 
 

Table 3 – Metabolite contributions to E. coli S12 CPCA model. The top 10 most 
important metabolites are shown. The grey areas indicate contributions which are not 
significant after permutation. 
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3.2 CCA 
CCA searches for the largest correlation between X1 and X2. For the P. putida S12 data 

set of both X1 and X2 the dimensions were reduced by PCA after range scaling. For X1 four 
and for X2 three PCs were used. The correlation between X1 and X2 was very large - all the 
experiments are on the diagonal line - and the significant association is 0.999 (Figure 4). 
This value for the association was significant after validation by permutation of the 
experimental conditions and repetition of the data analysis. The metabolites responsible for 
this large correlation were for X1 metabolites related to catabolic pathways, such as, 
glyceraldehyde-3-phosphate, dihydroxyacetone-phosphate, and glucose-6-phosphate (Table 
4). This was similar to the CPCA results. The responsible metabolites for X2 were the xMPs 
and the xTPs. Unlike the CPCA results, the xDPs were less important. 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 X1 and X2 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 a strong correlation between X1 and X2 with a 
significant  association of 0.981 (Figure 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 strain. This effect was not as strong as for the CPCA analysis. 
For instance, condition 6.3, which led to the highest phenylalanine production (Table 1), 
was close to zero in Figure 5A, and thus not important for canonical variate 1. 
Unfortunately, the metabolites of X1 that contributed most to this correlation were 
unidentified; for X2 it were phenylalanine 3-dehydroquinate, tryptophan, and erythrose-4-
phosphate (Table 5). 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 (Figure 5B). In X1, the metabolites urea, isoleucine, malate, fumarate, and 
aspartate were important; this is similar to the results for the second PC in the CPCA 
analysis. However, slightly different metabolites in X2 were important, shikimate, 
phenylalanine, phosphoenolpyruvate, ketoglutarate, glutamate, and phenylpyruvate. The 
explained variance for the correlation was not following the maximal explained variance for 
both E. coli data matrices (Figure 5C) as closely as for the P. putida S12 data set. This means 
that for these two matrices the directions that correlate best were not the most dominant 
directions in the separate matrices. 
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Figure 4 - CCA results for the P. putida S12 data set. (A) The nature of the correlation of 
canonical variate 1. (B) The explained variation per data block (bars) and the maximal 
explained variation for that data block (lines). 

 X1 X2
 Variate 1 Variate 1 
 Weight Metabolite Weight Metabolite 
1 glyceraldehyde-3-

phosphate 0.175 0.351 CMP 

2 dihydroxyacetone 
phosphate 0.164 -0.307 GTP 

3 0.16 BAC-607-N1058 -0.284 UTP 
4 0.159 isomaltose 0.282 TMP 
5 0.153 uridine 0.282 AMP 
6 0.151 glucose-6-phosphate 0.265 AMP 
7 0.151 sugar phosphate 0.243 UMP 
8 0.149 gluconic acid lacton 0.242 UMP 
9 0.147 BAC-607-N1102 -0.242 ITP 
10 0.146 BAC-629-N1028 0.242 GMP 
 

Table 4 - Metabolite contributions to P. putida S12 CCA model. The top 10 most important 
metabolites are shown. The grey areas indicate contributions which are not significant after 
permutation. 
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Figure 5 - CCA results for the E. coli data set. (A) The nature of the correlation of canonical 
variate 1. 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 metabolomes resulting from succinate grown cells are indicated with a circle. (C) The 
explained variation per data block (bars) and the maximal explained variation for that data 
block (lines). 
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 X1 X2 
 Variate 1 Variate 2 Variate 1 Variate 2 
 Weight Metabolite Weight Metabolite Weight Metabolite Weight Metabolite 
1 -0.182 unknown

8 
-0.188 urea 0.65 phenyl-

alanine 
0.622 shikimate 

2 
-0.171 

spectrum 
not 

found5 
-0.178 pantoate 0.391 

3-
dehydro-
quinate 

0.404 keto-
glutarate 

3 0.158 unknown
7 

0.17 isoleucine -0.353 trypto-
phan 

-0.369 phenyl-
alanine 

4 
0.154 unknown

32 
-0.168 

spectrum 
not 

specific 
-0.277 tyrosine -0.305 

phospho-
enolpyruvat

e 
5 

0.153 

unknown 
mass 304, 
319 and 

406 

-0.163 fumarate 0.274 
erythrose-

4-
phosphate 

0.286 
phenyl-
pyruvate 

6 0.152 ribulose 
(?) 

-0.159 adenosine -0.229 pre-
phenate 

0.22 glutamate 

7 
0.149 FMN -0.149 

sugar 
phosphate

4 
0.193 

shikimate-
3-

phosphate 
-0.212 shikimate-

3-phosphate 

8 
0.148 

spectrum 
not 

found3 
-0.147 malate 0.171 phenyl-

pyruvate 
0.143 chorismate 

9 

-0.147 

N-acetyl-
aspartate 

+ β-
phenyl-
pyruvate 

-0.145 
acetyl-
amino 
acid 

0.123 choris-
mate -0.101 prephenate 

10 0.145 3-phenyl-
lactate (?) 

-0.14 aspartate 0.1 glutamate 0.089 tryptophan 

 

Table 5 - Metabolite contributions to E. coli CCA model. The top 10 most important metabolites 
are shown. The grey areas indicate contributions which are not significant after permutation. (?) 
indicates a metabolite whose identification is not certain. 
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4 Discussion  
CPCA and CCA are valuable methods to emphasize specific areas of the metabolic 

network in data analysis of metabolomics data. They make it possible to focus on groups of 
metabolites be it functionally or chemically related metabolites as for the P. putida S12 data, 
or a metabolic pathway as for the E. coli data; both methods result in biologically 
meaningful results. 

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 (Figure 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 
for the E. coli data set (Figure 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 will focus 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, will be similar to the CPCA analysis (Figure 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 X1 and X2 and the CPCA became dominated by X2 that 
contained the measured intermediates of the phenylalanine pathway (Figure 3C). In 
contrast, CCA identifies the largest correlation between X1 and X2 even though this 
direction is not dominant in either X1 or X2 (Figure 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.   

In this paper, we include knowledge of metabolic pathways and chemical relatedness 
to guide the focus of the data analysis. This opened up the possibility to study the behavior 
of these metabolites in more detail than with an unsupervised method. Besides applications 
in metabolomics, these methods can also be applied for the comparison of, for instance, 
metabolomics and transcriptomics, or proteomics data. 
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5 Methods 
5.1 Data 

The first data set consisted of P. putida S12 [13] metabolomes. Cultures of P. putida 
S12 were grown as previously described [14]. In short, samples were grown in triplicate on 
four carbon sources: D-fructose (sample F1, F2 and F3), D-glucose (sample G1, G2 and G3), 
gluconate (sample N1 and N2) and succinate (sample S1). Samples were analyzed by GC-MS 
[15] and LC-MS [16]. The GC-MS and LC-MS data set were fused together by 
concatenating the measurement tables [11]. The final data set was manually cleaned up, 
removing spurious and double entries and consisted of 9 experiments and 161 metabolites. 
The second data set consisted of E. coli metabolomics (E. coli NST 74, a phenylalanine 
overproducing strain, and E. coli W3110, the wild-type strain). The E. coli strains were 
grown under different experimental conditions as described elsewhere [11]. Samples were 
analyzed by GCMS [15] and LCMS [16] and fused together [11]. The final data set was 
manually cleaned up, removing spurious and double entries and consisted of 28 experiments 
and 188 metabolites. 

5.2 Data analysis 
CPCA [8] and CCA [9] were implemented in Matlab 7.3.0 [17]. In the data analysis, 

the data was range scaled [10]. The significance of the data analysis results were validated as 
described in the text. 
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