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Chapter 3

Global test for metabolic

pathway differences

between conditions2

In many metabolomics applications there is a need to compare metabo-
lite levels between different conditions, e.g., case versus control. There
exist many statistical methods to perform such comparisons but only few
of these explicitly take into account the fact that metabolites are con-
nected in pathways or modules. Such a priori information on pathway
structure can alleviate problems in, e.g., testing on individual metabolite
level. In gene-expression analysis, Goeman’s global test is used to this
extent to determine whether a group of genes has a different expression
pattern under changed conditions. We examined if this test can be gene-
ralized to metabolomics data. The goal is to determine if the behavior of
a group of metabolites, belonging to the same pathway, is significantly
related to a particular outcome of interest, e.g., case/control or envi-

2This chapter is based on Diana M. Hendrickx, Huub C.J. Hoefsloot, Margriet
M.W.B. Hendriks, André B. Canelas and Age K. Smilde (2012). Global test for
metabolic pathway differences between conditions. Analytica Chimica Acta, Volume
719, pages 8-15
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ronmental conditions. The results show that the global test can indeed
be used in such situations. This is illustrated with extensive intracel-
lular metabolomics data from E. coli and S. cerevisiae under different
environmental conditions.

3.1 Introduction

Many current problems in metabolomics can be summarized as finding
differences between conditions. The prototypical metabolomics biomarker
study is an example: diseased versus control individuals are subjected
to urine or serum metabolomics measurements and subsequently sta-
tistical methods are used to find the differences. This is mostly done
using multivariate data analysis tools such as PLS-DA (Partial Least
Squares Discriminant Analysis) [138, 226], but also univariate tools are
used [69]. Both tools have drawbacks, e.g, in univariate methods the
multiple testing problem is present and in multivariate analysis model
interpretation can be difficult. Shortcuts have been proposed, such as
simplivariate models [165] that try to find groups of similarly behaving
metabolites. Another route to tackle the problem is to use a priori bio-
logical information, such as the knowledge of pathways or modules.
Cellular processes arise as the result of many reactions between meta-
bolic intermediates [82]. These reactions are functionally organized in
pathways, which together form a large network. Most studies focused
on relating changes in pathways to different conditions by using RNA
microarray data [31, 59, 102, 204]. Here we describe the extension of
a statistical tool, previously developed for analysis of RNA microarray
data, to the analysis of metabolomics data.
Studying statistics for a whole group of genes or metabolites avoids the
often time consuming task of multiple testing for each gene or metabo-
lite separately [48]. For metabolomics, predefined groups of pathways
[82, 83, 84] or functional modules can be used in this approach. For
example, in lipidomics, the test can be performed per lipid class instead
of per lipid. Another advantage of group testing is that it can detect dif-
ferences between conditions that are caused by subtle changes in several
metabolites, which are difficult to discover by single metabolite testing
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[179].
Nam and Kim [137] distinguished three types of methods for testing
pathways, depending on the hypothesis that is tested. The first kind of
algorithms test if under particular conditions, a group of genes belonging
to a certain pathway is differentially expressed compared with the rest
of the genes in the data set (= H1 hypothesis), e.g. T-profiler [14] and
PAGE (Parametric Analysis of Gene Set Enrichment) [89]. The second
type of methods examines if a selected group of genes from the same
pathway has a different behavior under a first condition, compared to
a second condition (= H2 hypothesis), e.g. Goeman’s global test [59]
and SAM-GS (Significance Analysis of Microarray for Gene Sets) [44].
The third kind of methods, known as Gene Set Enrichment Analysis
(GSEA), test the hypothesis that none of the predefined groups of genes
in the data set is different between two conditions (= H3 hypothesis).
Two types of GSEA are developed: simple GSEA [133, 194] and GSEA
using linear models [167, 76]. The tested groups of genes can be prede-
fined groups from e.g. Gene Ontology or KEGG (Kyoto Encyclopedia of
Genes and Genomes) pathways [82, 83, 84, 133, 179, 194, 76] or can be
defined based on chromosome location [167, 194]. Extensions of GSEA
for metabolomics data have been implemented in the web-based tools
MSEA (Metabolite Set Enrichment Analysis) [232], MPEA (Metabolite
Pathway Enrichment Analysis) [85] and MBRole (Metabolite Biological
Role) [29]. In Quantitative Enrichment Analysis (QEA), which is part
of MSEA, the Q-statistic from Goeman’s global test was used [232], but
the method was not described in the literature about MSEA.
In this chapter, we explain the working of Goeman’s global test for me-
tabolomics in full detail. We discuss the usefulness of this test for es-
tablishing significant differences between conditions at the pathway (or
module) level. We critically evaluate the validity of the method by us-
ing two worked out examples and studying the biological relevance of
the test results. For the E. coli data set, the test is applied to find
pathways that are different under glucose growth compared to acetate
growth. With the S. cerevisiae data set, the behavior of glycolysis and
the tricarboxylic acid (TCA) cycle under three sets of conditions is exa-
mined: aerobic versus anaerobic; glucose pulse versus short-term glucose
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deprivation (feed off); larger versus smaller glucose pulse. The results
show that Goeman’s global test can indeed be used in situations where
one wants to know if a metabolic pathway is significantly related to a
change in conditions.

3.2 Materials and methods

3.2.1 Escherichia coli data set

GC-MS (Gas chromatography - Mass spectrometry) and LC-MS (Liq-
uid chromatography - Mass spectrometry) data [208] of batch cultures
on glucose of E. coli were obtained from TNO Quality of Life (Zeist,
The Netherlands). During growth on glucose, acetate is produced. Af-
ter depletion of glucose, there is a diauxic shift to acetate growth [103].
Sampling of two fermentation processes at eleven time points was per-
formed: four time points in the exponential phase during growth on
glucose, five in the post-diauxic phase (growth on acetate), and two in
the stationary phase (all carbon sources exhausted) (see Figure 3.1(a)).
The data set consists of absolute concentrations (in nanomoles per gram
dry weight) of metabolites from glycolysis, the tricarboxylic acid (TCA)
cycle and biosynthesis of amino acids, nucleotides and nucleosides. The
data are not equidistantly sampled: the time between two subsequent
samples ranges from 0.5 to 2 hours. The window of observation is from
10.5 to 20.5 hours elapsed fermentation time (see example for pyruvate,
Figure 3.1(b)).
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Figure 3.1: (a) Diauxic growth curve. The red points indicate in which
phases the measurements were taken. (b) An example of a metabo-
lite concentration profile (pyruvate) under diauxic growth. The diffe-
rent growth phases are indicated on the graph. Abbreviations: nmol,
nanomoles; gdwt, gram dry weight.

3.2.2 Saccharomyces cerevisiae data set

LC-MS data [25, 140, 81] of continuous cultures 1 of S. cerevisiae were
obtained from the Kluyver Centre for Genomics of Industrial Fermen-
tation (Biotechnology Department, TU Delft, The Netherlands). The
cells were cultivated to steady-state in glucose-limited chemostats under
aerobic (D=0.1/h) or anaerobic (D=0.05/h) conditions. Furthermore,
each steady-state was used to perform a short-term perturbation res-
ponse experiment, by rapid addition of a concentrated pulse solution and
withdrawing samples within a short time frame. Eleven aerobic and four
anaerobic experiments were performed. Different perturbations were ob-
tained depending on the composition of the glucose pulse solution. An
overview is given in Table 3.1.

1chemostat cultures, continuous inflow and outflow
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Table 3.1: Description of the experiments.

experiment steady- perturbation window of time

state observation (s) points

condition (start → end)

1 aerobic 10 mM glucose 0 → 900 13

2 aerobic 10 mM glucose 0 → 340 13

3 aerobic 10 mM glucose 0 → 130 13

4 aerobic 10 mM glucose 0 → 395 13

5 aerobic 2.5 mM glucose 0 → 454 15

6 aerobic 2.5 mM glucose 0 → 455 14

7 aerobic 2.5 mM glucose 0 → 395 14

8 aerobic 2.3 mM glucose 0 → 118 11

9 aerobic 2.3 mM glucose + 0 → 118 11

2.3 mM acetaldehyde

10 aerobic glucose deprivation 0 → 455 14

(feed off)

11 aerobic glucose deprivation 0 → 455 14

(feed off)

12 anaerobic glucose deprivation 0 → 216 14

(feed off)

13 anaerobic 1 mM glucose 0 → 175 14

14 anaerobic 3 mM glucose 0 → 176 14

15 anaerobic 3 mM glucose 0 → 217 14

+ 3 mM acetaldehyde

The data set consists of measurements of absolute metabolite concen-
trations (in micromoles per gram dry weight) from glycolysis and some
of its branches and from the tricarboxylic acid cycle (TCA cycle). The
data are not equidistantly sampled: in most experiments the sampling
frequency is higher immediately after the pulse and decreases through-
out the rest of the time series. The window of observation also differs
between experiments.
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3.2.3 Data pre-treatment

The intracellular concentrations of different metabolites can differ by
more than five orders of magnitude [19]. Furthermore, the abundance of
a given compound is not necessarily related to its biological importance
[207]. Therefore, the data sets were autoscaled, so that all metabolite
levels have zero mean and unit variance. In this way, all compounds are
put on the same scale [16].

3.2.4 Goeman’s global test

Assume that n samples of p metabolites are measured, of which m
metabolites belonging to the same pathway are selected. Our selec-
tion of pathway metabolites is based on the Kyoto Encyclopedia of
Genes and Genomes (KEGG) [82, 83, 84]. Let i be the index for the
samples (i = {1, · · · , n}) and j the index for the selected metabolites
(j = {1, · · · , m}). The two conditions are labeled with a binary out-
come vector Y = {Yi} of 0’s and 1’s defining the two conditions (e.g.
aerobic = 0; anaerobic = 1) (see Figure 3.2(a)). The (n×m) matrix
X = (xij) contains concentration levels of selected metabolites. The
question do these metabolites behave differently for the two conditions
can be translated to the question are the metabolite levels predictive for
the outcome. Classically, the method that can be used for this goal is
logistic regression [64]. The logistic regression model is defined as [130]:

E (Yi|β) = h−1



α+

m
∑

j=1

xijβj



 (3.1)

where α is the intercept, βj the regression coefficient for metabolite
j and h the logit function [130]:

h (µi) = ln

{

µi

1− µi

}

where µi = E (Yi|β) (i = {1, · · · , n}). The regression coefficients βj

determine the additive effect on the logits of the outcome for a unit
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change of metabolite j. Stated otherwise, they indicate whether a cer-
tain metabolite affects the difference between the two conditions. The
regression coefficients βj are all zero if the group of selected metabolites
has no influence on the outcome. That answers the question whether
this group of metabolites differs between the conditions.
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Figure 3.2: Overview of the score test. (a) From the autoscaled data
matrix, m metabolites belonging to the same pathway are selected. A
binary outcome is defined. (b) A score statistic Q is calculated from the
mean centered outcome and the matrix of selected metabolites. (c) The
significance of the relation between the group of metabolites (pathway)
and the outcome is determined by performing a permutation test.
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The goal is thus to test the null hypothesis H0 : β1 = β2 = · · · =
βm = 0 against the alternative hypothesis HA: at least one of the βj ’s
is non zero. Unfortunately, the number of β′js is often much larger than
the number of samples leaving no room for classical testing procedures.
Goeman [59] states that this problem can be overcome by postulating
that all βj ’s are drawn from some common distribution. This distribu-
tion is characterized by E(β) = 0 and cov(β) = E(ββ′) = τ2Im where
τ is a constant number and Im the identity matrix of size m [60, 174].
The value τ2 now regulates the size of the β′js and under the null hy-

pothesis, E(ββ′) = 0, which means that τ2 = 0. The null hypothesis
and alternative hypothesis are equivalent to testing H0 : τ

2 = 0 against
HA : τ2 > 0.

To test the hypothesis, define ri =
∑

j xijβj and r = Xβ, then
E(r) = 0
and cov(r) = E(rr′) = E(Xββ′X ′) = XE(ββ′)X ′ = Xτ2X ′ = τ2XX ′

[59, 174]. Thus r is a random variable with expectation zero and a
covariance containing the parameter τ2, the same parameter which is
relevant in testing for the β′js. By doing this the model in equation 3.1
translates into a random effects model, and the null hypothesis becomes
a lack of fit test [108]. This can be tested using Rao’s score test, which
has the advantage to be very powerful for detecting small deviations
from the null hypothesis [157].

The score statistic is (Figure 3.2(b), see Supplementary Data 1 for a
derivation of the statistic) [59]:

Q =
(Y − µ)

′
R (Y − µ)

µ2
(3.2)

where µ = (µ1, · · · , µn)
′
and µ2 = (µ21, · · · , µ2n)

′
are the expected

value and the variance of Y and R = 1
m

XX ′ the configuration ma-
trix of the samples. Under the null hypothesis,

∑m

j=1 xijβj = 0, µi =

E (Yi|β) = h−1 (α) and µ2i = µi (1− µi) (i = 1, · · · , n) for a binary out-
come [183]. Because the value of the intercept α is unknown, the ex-
act values of µ and µ2 can not be calculated. Therefore, estimates µ̂
and µ̂2 of the mean and the variance of Y under H0 are used. For
a binary outcome Y, these estimates are µ̂i = 1

n

∑n

i=1 Yi and µ̂2i =
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µ̂i (1− µ̂i) (i = 1, · · · , n) [183]. The test statistic becomes:

Q =
(Y − µ̂)

′
R (Y − µ̂)

µ̂2
(3.3)

The statistic Q is based on differences in (autoscaled) metabolite le-
vels between two conditions (see Figure 3.2(b)). The test statistic is
obtained by first multiplying the mean centered outcome with the ma-
trix of selected metabolites (see Figure 3.2(b), step 1). This results in a
(1×m) vector where each element represents the difference between a
sum for the first condition and a sum for the second condition for one of
the selected metabolites (Figure 3.2(b), step1, (Y − µ)

′
X vector). The

differences are squared and averaged over the number of selected metabo-
lites (m) to obtain a value for the whole group that is not influenced by
the number of metabolites (see Figure 3.2(b), step 2). Dividing by the
variance of Y (= µ (1− µ) for a binary outcome) results in a statistic
Q that has a scaled chi square distribution [59] and is therefore statisti-
cally more tractable (see Figure 3.2(b), step 3). A p-value for the selected
group of metabolites (pathway) is calculated by permuting samples (see
Figure 3.2(c)). For small sample sizes, the Q statistic is calculated for
all possible permutations. For large sample sizes, the total number of
permutations is too large to evaluate them all. Instead, a large number
of permutations (for example, 100,000) are used. The p-value is the ra-
tio of the number of times that the Q value of the permuted outcomes
is larger or equal than the Q value of the real outcome over the total
number of permutations [59]. The p-values were Bonferroni corrected
for multiple hypothesis (pathway) testing. A significance level of 0.05
was used for the Bonferroni adjusted p-values.

Goeman’s global test is a method for quickly testing if changes in
a pathway are related to different conditions. It detects consistent dif-
ferences in patterns of metabolite levels between two conditions (see
Figure 3.3). It does not test in which direction a pathway is regulated
(up or down), nor it determines how many metabolites have changed
concentration levels between two conditions.
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Figure 3.3: An illustration of the type of differences detected by Goe-
man’s global test. In this (hypothetical) example, the concentration
levels of a group of six metabolites are shown for six samples. Three
samples are measured under condition 1 (blue circles) and another three
samples under condition 2 (red x-marks). There are consistent diffe-
rences in the pattern of metabolite levels between the two conditions
(metabolites 1, 3, 4 and 5 differ), so the test will give a significant result.

A general problem of testing two conditions, also occurring in biomarker
studies [1], is the presence of more than one effect in the data, which in-
creases the variation within one condition. If one effect exceeds the other,
this effect has to be removed before the second effect can be tested. This
can be done by performing the test on a subset of the data set that is
only influenced by the second effect.

3.2.5 Computational tools

Autoscaling was performed by using the PLS Toolbox version 5.2 for use
with Matlab [229]. Goeman’s global test was implemented in Matlab
[127]. The Matlab code and a short user manual how to use the programs
are given in Supplementary Data 5 and 6.
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Table 3.2: Classification of the metabolites in the Escherichia coli data
set.

KEGG pathway number of
metabolites
in the group

glycolysis + branches 7
TCA cycle 8
alanine, aspartate and glutamate metabolism 5
glycine, serine and threonine metabolism 4
valine, leucine and isoleucine degradation 4
valine, leucine and isoleucine biosynthesis 5
purine metabolism 5

3.3 Results and discussion

3.3.1 Results

3.3.1.1 Escherichia coli data set

The analysis is based on the first nine time points of the two fermenta-
tions and compares glucose and acetate growth for different pathways.
Because the data are in a quasi steady state during the exponential phase
and in another quasi steady state during the post-diauxic exponential
phase [227] (see Figure 3.1), they can be treated as non time-resolved
data and assigned to two conditions: pre- and post-diauxic shift (glu-
cose versus acetate growth). For each hypothesis, 18 samples are used:
8 of condition 1 (glucose growth) and 10 of condition 2 (acetate growth).
In total, there are 26 metabolites used, which can be grouped in seven
pathways following the KEGG database [82, 83, 84]. Table 3.2 gives the
number of metabolites per hypothesis (tested pathway). The pathways
overlap when containing highly connected metabolites (e.g. pyruvate).
More information about the overlap can be found in Supplementary Data
2, which gives a list of the metabolites of the E.coli dataset, together
with their pathway assignments. Table 3.3 reports the Q statistic and
the p-value for the different groups. The results show that all studied
pathways are different when glucose growth is compared with acetate
growth.
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Table 3.3: Results of the score test for the Escherichia coli data set. The
permutation test is based on all permutations. Results are significant
when the Bonferroni adjusted p-value is smaller than 0.05. Significant
results are indicated in bold.
Pathway Q not Bonferroni

statistic adjusted adjusted
p-value p-value

glycolysis + branches 200 < 10−4 0.0002
TCA cycle 135 0.0001 0.0008

alanine, aspartate and glutamate metabolism 152 < 10−4 0.0002

glycine, serine and threonine metabolism 126 < 10−4 0.0002

valine, leucine and isoleucine degradation 163 < 10−4 0.0002

valine, leucine and isoleucine biosynthesis 163 < 10−4 0.0002
purine metabolism 164 0.0004 0.0027

3.3.1.2 Saccharomyces cerevisiae data set

For this data set, two groups of metabolites were tested. One was a
group of 6 metabolites belonging to glycolysis. The other group exists
of 7 metabolites from the TCA cycle. Pyruvate is included in both
groups, so in total there are 12 metabolites. A list of metabolites of
the S. cerevisiae dataset, together with their pathway assignments, is
given in the Supplementary Data 3. A test statistic per time point was
calculated at four time points: steady state (t = 0), 10 seconds, 1 minute
and 2 minutes after the pulse. The test was applied to three hypotheses.
The first one was if aerobic and anaerobic conditions are different for
the selected groups of metabolites. The second hypothesis compared
the response to a glucose pulse with the response to short-term glucose
deprivation (feed off). The last one looks for differences between larger
and smaller glucose pulses (10 mM versus ≤ 3 mM). Table 3.4 gives an
overview of the number of samples and metabolites used per hypothesis.

The results for the first hypothesis are shown in Table 3.5. At each
of the four time points, a significant result (p < 0.05) for both groups
of metabolites was found when comparing aerobic and anaerobic condi-
tions.

The very large difference between aerobic and anaerobic conditions
(large Q statistic, low p-value) makes it difficult to distinguish between
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Table 3.4: Overview of the number of samples and metabolites per hy-
pothesis for the Saccharomyces cerevisiae data set.

outcome pathway number total number number

(perturbation 1/ of number of of

perturbation 2) metabolites of samples samples

samples pert.1 pert.2

aerobic / anaerobic

glycolysis 6 15 11 4

TCA
cycle

7 15 11 4

glucose pulse (aerobic)

/ glucose deprivation
(aerobic)

glycolysis 6 11 9 2

TCA
cycle

7 11 9 2

glucose pulse of 10 mM

(aerobic) / glucose
pulse ≤ 3 mM (aerobic)

glycolysis 6 11 4 7

TCA
cycle

7 11 4 7

another set of two conditions. Therefore, the remaining hypotheses were
tested only on the aerobic data (see Table 3.4). At steady state (before
the perturbation), the experimental conditions are the same for all aero-
bic experiments (aerobic, glucose-limited, steady state). There are only
small fluctuations in metabolite levels due to natural variation and ex-
perimental noise. Because the second and the third hypothesis test the
effect of different perturbations, they are only tested for the time points
at 10 s, 1 min and 2 min (after the perturbation). The results are shown
in Table 3.6. The test gave a significant p-value for glycolysis and the
TCA cycle for the last two time points when glucose pulse experiments
are compared with short-term glucose deprivation (feed off).

For the first time point, a significant p-value for glycolysis was found
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Table 3.5: Results of the score test for the Saccharomyces cerevisiae
data set when comparing aerobic and anaerobic conditions. The permu-
tation test is based on all permutations. Results are significant when the
Bonferroni adjusted p-value is smaller than 0.05. Significant results are
indicated in bold.

pathway time Q not Bonferroni

point statistic adjusted adjusted

p-value p-value

glycolysis

steady state 114 0.001 0.002

10 s 81 0.001 0.002

1 min 79 0.001 0.002

2 min 83 0.002 0.003

TCA cycle

steady state 166 0.001 0.002

10 s 147 0.001 0.002

1 min 128 0.001 0.002

2 min 106 0.001 0.002

when comparing large and small glucose pulses.

3.3.2 Discussion

Comparing glucose with acetate growth in E. coli, our study showed
significant differences for all studied pathways. Lowry et al.[113] re-
ported that the carbon source (glucose, acetate) affects the intermedi-
ates of glycolysis, TCA cycle, purine metabolism and alanine, aspartate
and glutamate metabolism. Glycine, serine and threonine metabolism
have a precursor in glycolysis (3-phosphoglycerate) (see Supplementary
Data 4). Therefore, it is likely that the effect is also observable in these
pathways. In the same way the difference between acetate and glucose
growth also manifests itself in valine, leucine and isoleucine biosynthesis
and degradation (see Supplementary Data 4).
For the S. cerevisiae data set, both glycolysis and the TCA cycle are
significantly different when aerobic conditions are compared with an-
aerobic conditions. For glycolysis, an explanation could be that under
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Table 3.6: Results of the score test for the 11 aerobic experiments in the
Saccharomyces cerevisiae data set. The permutation test is based on
all permutations. Results are significant when the Bonferroni adjusted
p-value is smaller than 0.05. Significant results are indicated in bold.

outcome pathway time Q not Bonferroni

(perturbation 1 / point statistic adjusted adjusted

perturbation 2) p-value p-value

glucose

pulse/glucose
deprivation

glycolysis

10 s 18 0.036 0.073

1 min 53 0.018 0.036

2 min 51 0.018 0.036

TCA cycle

10 s 3 0.273 0.545

1 min 18 0.018 0.036

2 min 27 0.018 0.036

glucose pulse of 10

mM/glucose pulse
≤ 3 mM

glycolysis

10 s 31 0.003 0.006

1 min 11 0.118 0.236

2 min 10 0.112 0.224

TCA cycle

10 s 4 0.115 0.230

1 min 8 0.112 0.224

2 min 5 0.430 0.861

anaerobic conditions, glycolysis is the principal energy source, and thus
of adenosine triphosphate (ATP) [4]. The pyruvate formed by glycolysis
is fermented to ethanol [221]. If oxygen is available, pyruvate is further
oxidized in the TCA cycle to yield more ATP [4], so that less glucose is
needed for supplying the same amount of ATP. Therefore, glucose uti-
lization is more efficient under anaerobic than under aerobic conditions
[4], leading to different levels of glycolytic intermediates between aerobic
[125] and anaerobic conditions [140].
The TCA cycle and the electron-transport chain have two reactions in
common: the succinate dehydrogenase (SDH) reaction and the fumarase
(FUM) reaction [28]. Therefore, the electron-transport chain can not
function without TCA cycle activity, which makes the TCA cycle an
important pathway for ATP production under aerobic conditions [22].
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The TCA cycle loses its function in ATP synthesis under anaerobic con-
ditions [117], because the electron-transport chain can not function with-
out oxygen. TCA cycle activity is therefore much lower in the absence
than in the presence of oxygen [28, 22, 117], resulting in different TCA
cycle metabolite levels under aerobic compared to anaerobic conditions.
For both glycolysis and TCA cycle, a significantly different behavior is
observed after a minute when comparing aerobic glucose pulses with
glucose deprivation. Glucose removal causes a decrease in fructose-1,6-
bisphosphate (FBP), an activator of pyruvate kinase (PYK). Lower FBP
levels result in lower PYK activity, which causes phosphoenolpyruvate
(PEP) accumulation. PEP inhibits phosphofructokinase (PFK) and re-
presses glycolysis [15].
Glucose deprivation enhances respiration and down regulates fermenta-
tion [15, 141, 163], increasing the levels of the TCA cycle intermediates
[15, 230].
When larger (10 mM) and smaller (≤ 3 mM) glucose pulses are com-
pared, a significant result for glycolysis is only observed at the beginning
of the experiments. This effect is due to the rapid glucose uptake du-
ring the first 30 seconds after the pulse [124, 125]. After this period of
30 seconds, the metabolite levels decrease to a steady state [125, 216],
which is only slightly higher than the initial steady state [125]. There-
fore, the influence of the extent of the pulse is only observable directly
(< a minute) after the pulse.
The largest part of the glucose influx is redirected to the ethanol branch
[231]. As a consequence, a larger pulse has no significant influence on
the TCA cycle.
From all the points mentioned above it can be concluded that the results
of Goeman’s global test, applied to metabolomics data, correspond with
physiology as described in the literature.
When analyzing time points from dynamic experiments, the results of
the test changed in time, indicating that Goeman’s global test is able to
detect the propagation of perturbations along the network. We believe
that it will be useful to extend the test to permit the analysis of time
series data, instead of discrete time points. This route will be explored
in subsequent work.
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To our knowledge, this is the first study where an approach for establish-
ing significant differences between conditions at the pathway (or module)
level is applied to metabolomics data. Therefore, implementing other
tools from microarray studies that have the same goal for application on
metabolomics data and conducting a comparative study of these tools is
a direction for future research.
An analysis technique often used in metabolomics is PLS-DA (Partial
Least Squares - Discriminant Analysis) [138, 226]. As the name indi-
cates this technique falls into the class of discrimination techniques. It
builds a linear regression model to discriminate two given classes from
each other, for example healthy versus diseased. It generally makes no
use of pathway information, although it can also be applied on a group
of selected metabolites of a pathway instead of on the whole data set.
Goeman’s global test uses logistic regression and tests if all regression
coefficients are zero. Testing at once that not all metabolites in a path-
way are identical under two conditions is not a trivial task to perform
with PLS-DA. Goeman’s global test provides an easy way to carry out
this task with a single test and is therefore a more direct tool to look for
changes in pathways.
In this study, Goeman’s global test was applied on microorganisms to
relate a pathway with different environmental conditions, but also other
applications of this method are possible. In medical biology where one
has data of healthy versus diseased people, Goeman’s global test can be
used to examine if a certain metabolic pathway is significantly related
with having a disease or not. The samples from the healthy people can
be regarded as condition 1 and those of the diseased people as condi-
tion 2. In the cases that the tested pathway is activated or inhibited by
the disease, large differences in metabolite levels between healthy and
diseased can be detected. This will result in a large Q statistic and a
small p-value. Goeman’s global test can also be performed when some
metabolites from the studied pathway are missing due to for example
sensitivity of the analytical method, like it was the case for the data
sets in this study. However, the results will change, depending on which
metabolites are included. If the correlation of the missing metabolite
with the outcome is almost equal to the average metabolite-outcome
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correlation for the pathway, this has almost no effect on the Q-statistic.
If a metabolite that has a much higher or lower correlation to the out-
come than average is missing, the value of the Q statistic will decrease
or increase respectively.
As mentioned in the methods section, Goeman’s global test is able to
detect small deviations from the null hypothesis, which is advantageous
when a difference in regulation of a pathway causes only very small dif-
ferences in concentration levels of only a few metabolites in the studied
pathway. In this case Goeman’s global test will also detect the changes
in the pathway between two conditions.
As a consequence of the property of detecting small differences between
conditions, a significant result can also be obtained when there is a
change in the concentration of only one metabolite. This can be il-
lustrated by the following hypothetical experiment. Three data sets of
normally distributed random numbers with zero mean and unit variance
are generated with 15 rows and 5, 20 and 30 columns respectively. Each
of the three data sets is combined with the autoscaled column of steady
state concentrations of fructose-1,6-bisphosphate (FBP) from the Sac-
charomyces cerevisiae data set. The steady state concentrations of FBP
differ several orders of magnitude between aerobic and anaerobic con-
ditions. The Q statistic and p-value for testing if there is a difference
between aerobic and anaerobic conditions are calculated for the three
data sets consisting of the steady state FBP column and the 5, 20 and
30 columns of random data respectively. The results are shown in Table
3.7. Significant results are found when the FBP column is combined with
5 and 20 columns of random numbers. For the data set with the FBP
column and 30 columns of random numbers, the result is not significant.
The larger the number of random columns added to the data set, the
lower the value of the Q statistic and the higher the p-value.
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Table 3.7: Results of Goeman’s global test for the data sets consisting
of the autoscaled concentrations of FBP in the Saccharomyces cerevisiae
data set and columns of normally distributed random numbers with zero
mean and unit variance. Significant results are indicated in bold.

data set Q statistic p-value

FBP + 5 columns of random numbers 41.0395 0.003

FBP + 20 columns of random numbers 21.3772 0.046

FBP + 30 columns of random numbers 19.9447 0.081

When a metabolite belongs to more than one pathway, a change in the
level of only this metabolite can also mean that another pathway than the
one under study is changed between two conditions. In this case, Goe-
man’s global test can result in a false positive. As an option, one could
test the null hypothesis that at least one of the regression parameters is
zero (H0: β1 = 0 or β2 = 0 or · · · or βm = 0) against the alternative
hypothesis that all parameters are non zero (HA: β1 6= 0 and β2 6= 0 and
· · · and βm 6= 0). This is the goal of so-called Intersection-Union Tests
(IUT) [10, 9, 42], which are not yet generalized for metabolomics. If
these tests would be used in metabolomics, they would detect only diffe-
rences in a group of metabolites (from the same pathway) if the levels of
all metabolites in the pathway change. This is often not the case, like it
is shown in the following example. The presence of oxygen influences the
activity of glycolysis [4]. As can be observed in Figure 3.4, this leads to
different levels of only three of the measured metabolites in this pathway
(fructose-1,6-bisphosphate, phosphoenolpyruvate and pyruvate). When
a null hypothesis like that of IUT would be tested, this would lead to
a non-significant result. So these types of tests would be too strict in
detecting differences in pathways between conditions, which can result
in false negatives.
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Figure 3.4: Steady state concentration levels of metabolites of gly-
colysis in the S. cerevisiae data set under aerobic (blue circles) and
anaerobic (red x-marks) glucose-limited conditions. Abbreviations:
G6P, glucose-6-phosphate; F6P, fructose-6-phosphate; FBP, fructose-
1,6-bisphosphate; 3PG, 3-phosphoglycerate; PEP, phosphoenolpyruvate;
PYR, pyruvate.

In summary, one can conclude that a good pathway statistic would
be a test for a null hypothesis that is intermediate between the H0 of
Goeman’s global test and the H0 of IUT (for example, H0: Less than two
of the regression parameters are non zero, against the alternative HA:
At least two of the regression parameters are non-zero). Developing such
tests will be a direction for future research.

Currently, the applicability of tools like Goeman’s global test is re-
stricted by limited network coverage. Data sets contain metabolites from
only a limited number of pathways, compared to the whole metabolic
network of an organism. This means that only a relatively small number
of pathways can be tested. This is expected to improve in the near-
future thanks to continuous improvements in analytical technologies for
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metabolomics.

3.4 Conclusion

Calculating a single statistic for a group of metabolites avoids multiple
testing for each metabolite separately. Predefined groups of pathways
or functional modules can be used in this approach. The feasibility of
using Goeman’s global test, originally designed for microarray data, in
metabolomics was studied. To apply Goeman’s global test in metabo-
lomics, the data have to be scaled, because the abundance of a given
metabolite is not necessarily related to its biological importance. The
results of Goeman’s global test correspond with the physiology of studied
organisms, which shows that the test is applicable in metabolomics. In
this study the predefined groups were pathways, but the approach can
also be extended to functional groups (e.g. lipid classes).
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