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Abstract

Background: With the advent of high-throughput targeted metabolic pro¯ling techniques, the question of how

to interpret and analyze the resulting vast amount of data becomes more and more important. In this work we

address the reconstruction of metabolic reactions from cross-sectional metabolomics data, that is without the

requirement for time-resolved measurements or speci¯c system perturbations. Previous studies in this area

mainly focused on Pearson correlation coe±cients, which however are generally incapable of distinguishing

between direct and indirect metabolic interactions.

Results: In our new approach we propose the application of a Gaussian graphical model (GGM), an undirected

probabilistic graphical model estimating the conditional dependence between variables. GGMs are based on

partial correlation coe±cients, that is pairwise Pearson correlation coe±cients conditioned against the

correlation with all other metabolites. We ¯rst demonstrate the general validity of the method and its

advantages over regular correlation networks with computer-simulated reaction systems. Then we estimate a

GGM on data from a large human population cohort, covering 1020 fasting blood serum samples with 151

quanti¯ed metabolites. The GGM is much sparser than the correlation network, shows a modular structure with

respect to metabolite classes, and is stable to the choice of samples in the data set. On the example of human
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reconstruct metabolic reactions from steady state data. For the present study, however, we assume the

primarily linear lipid pathways not to contain such problematic reaction motifs.

A GGM inferred from a large-scale population-based data set displays a sparse, modular and robust
structure

In the following we estimated a Gaussian graphical model using targeted metabolomics data from the

German population study KORA [18] (\Kooperative Gesundheitsforschung in der Region Augsburg"). We

used a subset of the data set previously evaluated in a genome-wide association study [19], containing 1020

targeted metabolomics fasting blood serum measurements with 151 quanti¯ed metabolites. The metabolite

panel includes acyl-carnitines, four classes of phospholipid species, amino acids and hexoses (see Methods).

Both regular Pearson correlation coe±cients and partial correlation coe±cients (inducing the GGM) were

calculated on the logarithmized metabolite concentrations. All edges corresponding to correlation values

signi¯cantly di®erent from zero now induce the networks displayed in Figure 2A+B. In order to exclude

correlation e®ects generated by genetic variation in the study cohort, we investigated the in°uence of SNP

allele data from [19] on the GGM calculation. We found genetic e®ects to be neglectable (see Additional

¯le 2), indicating that GGMs capture intrinsic biochemical properties of the system.

Pearson correlation coe±cients show a strong bias towards positive values in our data set (Figure 2C); a

typical feature of high-throughput data sets, also observed e.g. in microrarray expression data, which can

be attributed to unspeci¯c or indirect interactions [10]. We obtain 5479 correlation values signi¯cantly

di®erent from zero with ~® = 8 :83¢10¡ 7 (® = 0 :01 after Bonferroni correction), yielding an absolute

signi¯cance correlation cuto® value of 0:1619 (see Methods). In contrast, the GGM shows a much sparser

structure with 417 signi¯cant partial correlations after Bonferroni correction (Figure 2D). Most values

center around a partial correlation coe±cient of zero, whereas we observe a clear shift towards positive

signi¯cant values. Note that negative partial correlations provide particular information that will be

discussed later in this manuscript.

The GGM displays a modular structure with respect to the seven metabolite classes in our panel, while the

class separation in the correlation network appears rather blurry (Figure 2E+F). We observe a clear

separation of the amino acids and acyl-carnitines from all other classes. The four groups of phospholipids

(diacyl-PCs, lyso-PCs, acyl-alkyl-PCs, and sphingomyelins) still showed locally clustered structures, but

are strongly interwoven in the network. This is probably an e®ect of the dependence of all phospholipids

on a similar fatty acid pool and, subsequently, the biosynthesis pathway acting on this substrate pool. In
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order to get an objective quanti¯cation of this observation, we calculated the group-based modularityQ on

all signi¯cantly positive GGM edges according to [25] (see Methods). The same measure was calculated for

105 randomized GGM networks (random edge rewiring). For the original GGM we obtain a modularity of

Q = 0 :488, and the random networks yieldQ = 0 :118§ 0:016, resulting in a highly signi¯cant z-score of

z = 23:49. Furthermore, the modularity value induced by using the metabolite classes was compared to a

partitioning optimized by simulated annealing. The optimized modularity is only slightly higher with

Q = 0 :557 and the resulting partitioning is very similar to the metabolite classes (see Additional ¯le 3).

Performing the modularity analysis with the full, weighted partial correlation matrix produces equivalent

results (also shown in S3).

An important question for a multivariate statistical measure such as partial correlations is the robustness

with respect to changes in the underlying data set. Furthermore, the dependence of the measure on the

size of the data set needs to be addressed. To answer these questions, we performed two types of

perturbations of our data set. First, we applied sample bootstrapping with 1000 repetitions and compared

the resulting partial correlations to the original data set (Additional ¯le 4, Figure S1). We observe small

mean di®erences with low standard deviation (0.03§ 8:2 ¢10¡ 4). This indicates that for a large data set

with n = 1020 samples, GGMs are robust against the choice of samples. We assume that each distinct

metabolic state in the cohort is captured by a bootstrap sample, and thus all information required to

calculate the GGM is contained. In addition to the bootstrap analysis, we estimated partial correlations

for continuously decreasing sample sizes (Additional ¯le 4, Figure S2). For each data set size we randomly

picked samples from the original data set and repeated the procedure 100 times. The analysis shows that

the GGM is stable even under decrease of the sample number. For instance, for a data set containing only

around half of the original samples (n = 530) we get a partial correlation di®erence of 0:03§ 6:9 ¢10¡ 4.

Only when the number of samples gets close to the number of variables (m = 151) the correlation matrix

becomes ill-conditioned and strong di®erences from the original partial correlations occur. These problems

of smaller metabolomics studies could be dealt with by regularization approaches or the usage of low-order

partial correlation [26]. Taken together, our results demonstrate that the analyzed metabolomics data set

is su±cient to robustly elucidate relationships between the measured metabolites.

Strong GGM edges represent known metabolic pathway interactions

The next step in our analysis was the manual investigation of metabolite pairs displaying strong partial

correlation coe±cients. Remarkably, we are able to provide pathway explanations for most metabolite pairs
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with TP true positives,FP false positives,TN true negatives,FN false negatives [46].

A metabolite pair is considered true positive if it exhibits a partial correlation above the threshold and has a direct

pathway connection; a false positive represents a metabolite pair also above the threshold but with no direct pathway

connection; a false negative pair lies below the threshold but does have a direct pathway connection; and �nally a true

negative pair lies below the threshold and also has no direct pathway connection. TheF1 score was calculated as the

harmonic mean of both quantities:

F1 := 2 ¢
sens¢spec
sens+ spec

Pathway model

Pathway reactions in the human fatty acid metabolism were drawn from three independent databases: (1)H. sapiens

Recon 1from the BiGG databases (con�dence score of at least 4) [7], (2) the Edinburgh Human Metabolic Network

reconstruction [31] and (3) the KEGG PATHWAY database [29] as of July 2010. A complete list of all curated

reactions and the corresponding database identi�ers can be found in Additional �le 6. The reaction set was

subdivided into two groups: (1) Fatty acid biosynthesis reactions which apply to the metabolite classes lyso-PC,

diacyl-PC, acyl-alkyl-PC and sphingomyelins. (2)¯ -oxidation reactions representing fatty acid degradation to model

reactions between the acyl-carnitines. The¯ -oxidation model consists of a linear chain of C2 degradation steps

(C10! C8! C6 etc.).

Fatty acid residues with identical masses, that cannot be distinguished by our mass-spectrometry technology, are

merged into a single metabolite in the reaction set. For instance, the polyunsaturated fatty acids C20:4¢ 8,11,14,17

from the omega-3 pathway and C20:4¢ 5,8,11,14 from the omega-6 pathway have identical numbers of carbon atoms

and double bonds and are thus merged into a single metabolite C20:4.
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Figure 5 - Systematic evaluation of partial correlation coe±cients versus pathway distances

Dashed lines in A and B indicate a signi�cance level of 0.01 with Bonferroni correction.A: Pathway distances from

our consensus model against partial correlation coef�cients for the �ve lipid-based metabolite classes in our data set.

We observe an enrichment of signi�cant partial correlations for a pathway distance of one, which rapidly drops for an

increasing number of pathway steps.B: Comparison of partial correlation coef�cients and Pearson correlation

coef�cients. Pearson correlation coef�cients are generally high, independent of the actual pathway distance,

indicating for systemic coregulation effects throughout the lipid metabolism.C: Wilcoxon rank sum test p-values

between the partial correlation distributions of directly and indirectly connected pairs, and sensitivity/speci�city/F1

values measuring the discriminatory power to distinguish direct from indirect pairs.

Tables
Table 1 - Top 20 positive GGM edge weights (i.e. partial correlation coe±cients, PCC) in our data set
along with proposed metabolic pathway explanations

Most metabolite pairs can be directly linked to reactions in the fatty acid biosynthesis pathway, the¯ -oxidation

pathway or amino acid-associated pathways.

Metabolite 1 Metabolite 2 PCC Comment
Val xLeu 0.821 Branched-chain amino acids
SM C18:0 SM C18:1 0.767 SCD/SCD5 desaturation
SM C16:1 SM C18:1 0.765 ELOVL6
PC ae C34:2 PC ae C36:3 0.752 2 reaction steps
SM (OH) C22:1 SM (OH) C22:2 0.743 sphingolipid-speci�c desaturation?
PC aa C34:2 PC aa C36:2 0.735 ELOVL1/ELOVL6 elongation
C10:0-carn C8:0-carn 0.735¯ -oxidation step
lysoPC a C16:0 lysoPC a C18:0 0.731 ELOVL6 elongation
PC aa C38:6 PC aa C40:6 0.709 ACOX1/3 + various ELOVLs
SM (OH) C14:1 SM (OH) C16:1 0.686 sphingolipid-speci�c elongation?
PC aa C36:4 PC aa C38:4 0.672 ACOX1/3 + various ELOVLs
PC aa C32:1 lysoPC a C16:1 0.661 C16:0/C16:1 phospholipid association
PC aa C38:5 PC aa C40:5 0.653 various ELOVLs
PC ae C34:3 PC ae C36:5 0.607 at least 3 reaction steps
PC aa C36:5 PC aa C38:5 0.596 ACOX1/3 + various ELOVLs
SM C24:0 SM C24:1 0.577 sphingolipid-speci�c desaturation?
PC ae C32:1 PC ae C32:2 0.574 SCD/SCD5 desaturation
SM (OH) C22:2 SM C24:1 0.567 possible elongation intermediate
C18:1-carn C18:2-carn 0.561¯ -oxidation intermediate
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