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Chapter 6 

 

Trend analysis of time-series data: a novel method for 

untargeted metabolite discovery 
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Summary 

A new strategy for biomarker discovery is presented that uses time-series 

metabolomics data. Data sets from samples analysed at different time points after 

an intervention are searched for compounds that show a meaningful trend 

following the intervention. Obviously, this requires new data-analytical tools to 

distinguish such compounds from those showing only random variation. Two 

univariate methods, autocorrelation and curve-fitting, are used either as stand-

alone methods or in combination to discover unknown metabolites in data sets 

originating from target-compound analysis. Both techniques reduce the long list of 

detected compounds in the kinetic sample set to include only those having a pre-

defined interesting time profile. Thus, new metabolites may be discovered within 

data structures that are usually only used for target-compound analysis. 

The new strategy is tested on a sample set obtained from a gut fermentation studie 

of a polyphenol-rich diet. In the study, the initial list of over 10,000 potentially 

interesting features was reduced to less a few hundred, thus significantly reducing 

the expensive and time-consuming manual examination.  
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6.1 Introduction 

Metabolic profiling and metabolomics are rapidly gaining importance in 

pharmaceutical and nutritional intervention studies. Metabolomics is part of the 

greater “–omics” studies that also include proteomics and genomics and it is 

possibly the most-complex of the –omics. Metabolic profiles easily contain 

thousands of compounds; however, for a given research question, not all may be 

of interest. Thus, the major difficulty in metabolomics usually is the extraction of 

relevant information from the immensely complex sample profiles recorded.  

Metabolomics studies are performed to generate knowledge on the metabolism of 

specific (mixtures of) compounds. Basically, two types of studies can be 

identified, intervention studies and kinetic studies. The main difference between 

the two is the time factor. In intervention studies, data sets are compared at two 

time points, e.g., pre-intervention and post-intervention, and the aim is to discover 

new metabolites that are formed and/or disappear due to the intervention. In 

kinetic studies on the other hand, the evolution of known metabolites over time is 

monitored. From a data-analytical perspective, both types of studies require 

different methods to achieve the aspired goal(s). 

Hyphenated chromatography and mass spectrometry is commonly applied for both 

intervention and kinetic studies. In the discovery of new metabolites (i.e. 

intervention studies) chromatographic profiling is performed in the full-scan 

mode, thus allowing the identification of possible new metabolites due to their 

difference in the intervention and control samples. Recording of kinetic profiles of 

known metabolites in kinetic studies, on the other hand, is usually performed in 

single-ion monitoring (SIM) in gas chromatography – mass spectrometry (GC-

MS) or multiple-reaction monitoring (MRM) in liquid chromatography – mass 

spectrometry (LC-MS), which exhibit an increased sensitivity and selectivity for 

the selected compounds. With the further development of sensitive high-resolution 

mass spectrometers, quantification of target compounds can now also be 
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performed using full-scan profiling methods. Therefore, data intended to establish 

variations of specific compounds over time no longer provide information on the 

specific analytes only, but additionally allow the detection of unknown metabolic 

changes in the sample set of a kinetic study. In this way, new metabolites can be 

discovered from data sets originally only intended to monitor the behaviour of 

specific analytes over time. A way to do so starts from realising that all 

compounds showing a meaningful variation during or after the intervention could 

potentially be of interest. For example, certain compounds might first be formed 

and then excreted. Therefore, their metabolic profile will first increase and then 

decrease over time. Of course, many other profiles are also possible. However, no 

random behaviour is expected for an important metabolite. The occurrence of 

certain “interesting” behaviours can be used for the extraction of interesting 

metabolites from complex sample sets. Here, the definition of what is considered 

an “interesting” time profile remains by the researcher to be answered. Clearly, 

new data-analytical methods are required for this route of biomarker discovery. 

When performing chromatographic profiling, very complex, higher-dimensional 

data sets are obtained. Multivariate approaches such as Parallel Factor Analysis 

(PARAFAC) [1] or (n-way) partial-least squares (PLS) [2] are commonly used to 

analyse such data sets. They are usually not intended to study in detail the 

evolution of each metabolite over time, but can be used to discover which 

compounds change between different stages of the individuals, e.g. before and 

after treatment, and extract information on the correlation of compounds in 

complex data sets, e.g. in the study of metabolic pathways [e.g. 3-5]. In principle, 

multivariate methods can also be applied to dynamic metabolomics data, but the 

(very) large number of variables may present a problem. This can be overcome 

e.g. by variable reduction
 

[6-9]. Another approach to deal with such multi-

dimensional data sets is the use of principle component analysis (PCA). As PCA is 

designed for first-order data, interpretation of time-series data, which is commonly 

of higher order, is rather complex and much information is confounded in the 
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resulting data. Several authors tried to deal with this problem [5,10]; however, 

multivariate modelling of dynamic metabolomics data remains challenging.  

Another factor today when dealing with such large data sets is computational 

limitations. Often, extensive programming effort is required to reduce the needed 

computational memory. However, if the research question is to test which 

metabolites follow a specific kinetic model (or show a smooth variation) only 

local sections of the data are analysed. In this case, univariate techniques may be 

more adequate, which not only simplify the interpretation, but also require 

significantly less computational power.  

In this chapter, we propose the use of data sets obtained from kinetic studies (also) 

for the discovery of novel metabolites. The strategy is based on the detection of 

peaks in GC-MS data sets that show a specific change in their time-response 

profile following a single-dose intervention. Two univariate approaches are 

considered. Kinetic curves obtained for a single volunteer at a time are 

investigated for their smoothness through the use of autocorrelation. In the second 

route, a simple kinetic model is fitted through the data. The goodness of fit of the 

signal with the fitted curve is then analysed. From both tests, a short list of 

potentially interesting metabolites is obtained that needs to be evaluated manually 

based on the research question. The procedure is tested on time profiles obtained 

for samples from a gut fermentation study used to investigate the influence of a 

polyphenol-rich diet on the metabolic profiles of human.  

 

6.2 Experimental 

6.2.1 Sample background  

The samples used in this study originated from a gut microbial fermentation 

experiment. Faecal samples from six volunteers were mixed with a wine/grape 

juice extract blend to investigate microbial-induced metabolic changes after 

polyphenol digestion. Batch culture fermentations were carried out at the 
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University of Ghent. For each volunteer, samples were collected at baseline (0 h) 

and at six time points (2, 4, 8, 24, 32, 48 h). Experimental details on the in-vitro 

gut fermentations can be found elsewhere [11]. 

 

6.2.2 Sample preparation and chromatographic analysis 

All samples were prepared for GC-MS analysis as described in [12]. In short, after 

a first centrifugation step, the acidified samples were extracted three times with 

ethyl acetate. The combined organic layers were evaporated to dryness and 

derivatised using N,O-bis[trimethylsilyl]trifluoroacetamide (BSTFA). The gas 

chromatographic analysis included a 1:10 split injection (1 µL injection volume) 

and a temperature programmed separation from 45 °C to 300 °C at 3 °C/min. The 

column used was a VF-17ms (30 m x 0.25 mm, df = 0.1 µm) from Varian (Varian, 

Middelburg, The Netherlands). The gas chromatograph used was an Agilent 6890 

(Agilent, Amstelveen, The Netherlands) with a Waters MicroMass GCT time-of-

flight accurate-mass mass spectrometer (Waters, Etten-Leur, The Netherlands). 

Spectra were recorded in the EI-mode from 6 to 30 min at a sampling time of 0.3 

s, an interscan time of 0.1 s and a scan range of m/z 50-600. Source and 

quadrupole temperatures were set to 250 ºC and 180 ºC, respectively. 

The internal standard was trans-cinnamic acid-d6 (Sigma-Aldrich, Zwijndrecht, 

The Netherlands). In this study, the between-batch variation was of less interest as 

all samples of one volunteer were analysed in one batch. This makes long-term 

stability of the instrument slightly less important in comparison to other 

metabolomics studies and thus, no stringent long-term quality control system was 

applied. The within-batch stability was confirmed using the internal standard that 

was added to all samples and the samples of one volunteer were analysed in 

random order.   
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6.2.3 Data pre-processing 

The GC-MS chromatograms of all samples were subjected to Markerlynx
TM

 (an 

add-in to Masslynx
TM

, Waters (Etten-Leur, The Netherlands)) for data pre-

processing. A detailed description of Markerlynx is out of scope of this article and 

the authors refer to the Waters’ manual [13].  

Markerlynx first reduces the data size by means of a peak picking algorithm, 

removing most of the noise in the chromatogram. In order to understand the 

structure of the peak table generated by the software package, one should bear in 

mind that a GC-MS chromatogram is in fact a two-dimensional matrix with 

chromatographic scan number (or retention time) as columns and mass traces as 

rows. The peak picking algorithm detects retention time / mass pairs in that matrix 

that should belong to a chromatographic peak, and lists them with the respective 

intensity value per sample. These pairs are then aligned for all samples. If a 

retention time / mass pair is not detected in a sample the intensity for that pair in 

that sample is set to zero.  

Due to the peak picking process, one compound can be described by several rows 

(i.e. retention time / mass pairs), depending on parameter settings in the software 

as well as the peak’s chromatographic or mass spectrometric properties (e.g. peak 

width, intensity or fragmentation pattern). Both peak-picking and alignment are 

defined by parameters given by the user that need to be properly selected. A 

guideline on parameter selection has been presented in Chapter 3. For visualisation 

of the aligned peak table obtained for one volunteer, a chromatogram can be 

reconstructed, as exemplified in Figure 6.1.  
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Figure 6.1 Reconstructed chromatogram from detected retention time / mass pairs obtained from 

Markerlynx
TM

. The intensity values for volunteer three at sampling time point five (corresponding 

to 24 h) are plotted against their respective retention time. Note that every peak in this 

chromatogram can represent a different mass. 

 

In the figure, the intensity values for one subject at one sampling time point are 

plotted for all retention time / mass pairs versus their respective retention time. 

The software finally also performs normalisation of the samples on an internal 

standard, user-defined by its retention time and mass. The parameters selected for 

peak detection and alignment are given in Table 6.1.  

 

Table 6.1 Parameter values used in Markerlynx
TM

 for peak detection and alignment. 

Parameter Settings 

High mass / low mass (Da) 

Mass tolerance (abs) 

Noise elimination level 

Masses per retention time 

Minimum intensity (%) 

Mass window (Da) 

Retention time window 

50 – 600 

0.01 

6 

20 

1 

0.05 

0.2 
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The obtained aligned peak lists were imported into Matlab 2008b (The 

Mathworks, Natick, MA, USA) for further processing. In a first step, the data was 

reduced to only include retention time / mass pairs between 9 min and 22 min and 

having a mass-to-charge ratio of 70 Da and higher. These windows were known 

from previous studies to contain most relevant biological information and were 

necessary to reduce the computational effort. 

 

6.2.4 Analysis of time profiles 

The aligned peak lists obtained by the data pre-processing software contains 

thousands of retention time / mass pairs describing hundreds of compounds 

present in the samples. As outlined in the introduction, a possibly interesting 

feature (retention time / mass pair) can be defined as “showing per individual a 

certain behaviour over sampling time, as opposed to only random variation”. For 

finding patterns in time-series data, two approaches can be envisaged: i) by 

calculating the autocorrelation of the signal and ii) by testing the goodness of fit of 

the signal with a certain expected time profile. Note that both methods were 

performed on time profiles of single volunteers at a time, meaning that in principle 

only one volunteer is needed for the extraction of potentially interesting 

metabolites. Nevertheless, the inclusion of more volunteers will increase the 

confidence in the interpretation of the metabolites obtained after a given 

intervention. In this way, the huge aligned peak list generated by the pre-

processing software may be reduced to a short list of retention time / mass pairs, 

defined as “potentially of interest” by the researcher. 

 

Calculation of autocorrelation 

Autocorrelation is a parameter related to the smoothness of a curve: the smoother 

the signal or the more shape a curve has, the closer the autocorrelation is to 1. If 

only random variation is present in the data, autocorrelation should be zero or 

near-zero. Negative autocorrelation is possible with data series showing high 
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frequency noise, but it is of no interest in this study. We are interested in picking 

those retention time / mass pairs showing autocorrelation values close to 1, 

meaning their time curves show a smooth trend. Various autocorrelation functions 

have been described in literature. Here we selected the function by Vivó-Truyols 

et al. [14]:  
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where yi corresponds to the intensity at the i
th

 sampling point, and n the number of 

time points. The values of y should be previously centred by the mean of y 

calculated over all time points. Note that ρ is described by the sum of squares of 

each time point yi and its previous time point yi-1. This type of equation is also 

called ‘lag 1’-autocorrelation as only the intensity of the previous time point is 

being taken into account. Lag 1 was selected as higher lags did not improve the 

results (data not shown).  

 

Curve-fitting 

Autocorrelation can be used to determine metabolites showing a trend over 

sampling time. Therefore, high autocorrelation assures that the curve is smooth, 

but nothing can be said regarding the type of kinetic profile obtained. From 

pharmacokinetics it is known that most metabolites show a kinetic behaviour that 

can be described by first-order kinetics [15]. It can therefore be of interest to flag 

those metabolites showing this specific behaviour from the aligned peak list. An 

example of an equation describing a concentration profile following first-order 

kinetics can be found in Eq. 2 [16]: 
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The function includes four parameters: the intensity at maximum, Cmax [pA], the 

two absorption and elimination constants, ka and ke, and the lag time, t0. A full 
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description of the equation can be found in [17]. This function is referred to in the 

remaining of this chapter as a one-compartment model. 

The optimum parameters for Cmax, ka, ke and t0 for any given curve were calculated 

using the fminsearch function in Matlab, using the simplex algorithm. As no type 

of curve shape should be excluded no constraints were set on either of the 

parameters. For this function, starting values of the parameters need to be entered 

by the user. This might be problematic in this application since around 10,000 fits 

should be performed and therefore, an automated method should be used to select 

the initial parameters, based on standard starting values. Realistic starting values 

for ka and ke are for example 0.06 and 1.6 respectively. These values were selected 

according to the experience of the research team. The starting value for Cmax was 

set as 1.5 times the maximum of the kinetic curve. Finally, a starting value of 0 

was selected for t0. Using the optimised parameters, the model is then fitted to the 

curve and the goodness of fit is tested by the significance of chance correlation 

between the predicted values and the experimental values of the curve using the t 

statistic [17]. A p-value can be calculated from this t statistic, where p-values close 

to one indicate a high probability that the model explains only chance correlation 

(i.e. the fitting is not significant). 

All calculations were performed in Matlab 2008b. 

 

6.3 Results and discussion 

6.3.1 Investigation of the time profiles 

As mentioned in the experimental section, the measure of autocorrelation indicates 

the smoothness of a signal. We are interested in those compounds (i.e., those rows 

in the aligned peak list) showing an autocorrelation above a certain threshold. 

However, when there is no variation (a flat curve) the autocorrelation is one. This 

kind of variation is not relevant from a biological perspective, but would 

unfortunately be picked up as “relevant” based on the autocorrelation value. 
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Therefore, curves giving ρ-values of 1 were excluded. Another factor to take into 

account when calculating autocorrelation is the effect of the data pre-processing 

software. In our computation of the autocorrelation, all zeros are assumed to be of 

biological origin, i.e. an analyte that is not present in the sample. Clearly, a too 

high threshold for peak detection and / or misalignment of peaks resulting in more 

zeros in the peak table may severely affect the autocorrelation and must be 

avoided.  

When time profiles are fitted to a one-compartment model (described in Section 

6.2.4), the selection of parameter values for optimum curve fitting is crucial for a 

correct biological evaluation of the kinetic curves. However, in this study, we 

were not interested in the biological interpretation of the found parameter values 

(i.e. as in a bioavailability study, in which the parameter values give quantitative 

information on kinetics such as excretion and formation of a metabolite). Instead, 

we are only interested whether the kinetic curve of a retention time / mass pair 

may possibly be described by such a function. Therefore, it is not critical to find 

the real optimum set of parameters and a possible solution in a local minimum was 

tolerated. However, there could be situations in which the fact that the solution is 

trapped in a local minimum could affect significantly the quality of the fitting. 

This results in a p-value larger than expected, and therefore, flagging a kinetic 

curve as non-significant where in fact it is relevant. The impact of this problem is 

minimised by the use of combined information on kinetic fits and autocorrelation 

(p and ρ- values). Cases with high p-values obtained due to solutions being 

trapped in local minima tend to give high ρ- values as a curve susceptible to be 

fitted with the kinetic model should be smooth. Therefore, local-minima-cases are 

likely to be found only in situations with high ρ- values. The use of combined 

information (p and ρ- values) is explained in the next section. 
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6.3.2 Study results  

The sample set obtained from the gut fermentation study was analysed as 

described in Section 6.2.2. For all retention time / mass pairs and all individuals, a 

ρ-value as a measure of autocorrelation as well as a p-value from the curve-fitting 

process is obtained. Figure 6.2 gives a graphical overview of the results. Four 

quadrants can be established for this figure: high ρ and low p (quadrant I), low ρ 

and low p (quadrant I), low ρ and high p (quadrant III) and high ρ and high p 

(quadrant IV). The thresholds for defining the edges of each quadrant (i.e., to 

define what is a high and what is a low value of ρ and p) are subjective. They need 

to be selected according to the research question, balancing the risks of excluding 

relevant peaks versus that of having to manually review a huge number of 

compounds. To our experience, the thresholds should not be selected too strict and 

0.6 for autocorrelation and a critical p-value of 0.05 or 0.1 are good thresholds. 

 

Figure 6.2 Representation of ρ- versus p-values for all retention time / mass pairs calculated as 

described in the text. Each cross in the plot corresponds to one pair, which can be classified in 

four groups: high ρ- and low p-value (I), low ρ- and low p-value (II), low ρ- and high p-value 

(III) and high ρ- and high p-value (IV). 
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The first quadrant contains all retention time / mass pairs having a high 

autocorrelation and a low p-value, i.e. the signals are smooth and there is a good 

fit to the first-order kinetics equation. These pairs are most interesting. In the 

second quadrant, retention time / mass pairs which time curves follow first-order 

kinetics over time can be found, but their autocorrelation is low. After visual 

inspection of some of the kinetic profiles of some of the pairs, it became apparent 

that such pairs do not describe interesting metabolites and they were not included 

in further analyses. Why curve fitting results in a low p-value for pairs that have a 

low autocorrelation needs to be investigated further. One reason for the apparent 

good fit could be the presence of zeros as experimental values at not-consecutive 

sampling times (e.g. as exemplified in Fig. 6.3B). This could force the non-linear 

algorithm to find a solution with very low ka and kb values (most of the fitted 

function is a base-line), which yields to an apparently good fit.  

In the third quadrant, pairs are found which kinetic profiles have a low 

autocorrelation and a high p-value. These are certainly not of interest as they only 

describe random behaviour. In the fourth quadrant, a high autocorrelation is 

combined with a high p-value. These retention time / mass pairs may also be 

potentially interesting as their kinetic profiles have high autocorrelation but are not 

well-described by first-order kinetics. For cases like these, other models may be 

required or a manual check needs to be performed to see whether the solution was 

trapped in a local minimum, causing a high p-value. It is up to the analyst to 

decide whether these pairs should be retained for further (manual) analysis. 

Examples for kinetic profiles for each quadrant can be found in Figures 6.3. Figure 

6.3A corresponds to a case (i.e. retention time / mass pair) found in the first 

quadrant, Figure 6.3B to one in the second quadrant, Figure 6.3C to one in the 

third and 6.3D to a point in the fourth quadrant (see figure captions). In each plot 

the fitted kinetic curve of one subject is plotted, together with the experimental 

data. The experimental data points are marked with -x- and the fitted curves are 

shown as solid lines. While it is clear that a good fit and a high autocorrelation are 
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obtained for the retention time / mass pair in Fig. 6.3A, it is less obvious why an 

apparently good fit was obtained for the definitely not smooth curve in Fig. 6.3B 

(see discussion above). The time profiles shown in Figure 6.3C and D both cannot 

be well-described by the current one-compartment model. The time profile in 

Figure 6.3C clearly describes random noise, but the latter profile clearly indicates 

a trend, which is confirmed by the high ρ-value. In this particular case, the 

experimental profile shows first a decrease and then an increase of the time-

profile. Eq. 2 is unable to model such behaviour, and therefore a high p-value is 

obtained. Obviously, other kinetic models could describe such curves and it is up 

to the analyst to decide whether to include other models or to manually investigate 

such type of profiles. 

 

Figure 6.3 Examples of the kinetic curves for retention time / mass pairs found in each quadrant 

in Figure 6.2: (A) corresponds to one pair in quadrant I (retention time = 9.84 min and mass-to-

charge ratio = 147 Da), (B) to one in quadrant II (retention time = 18.38 min and mass-to-charge 

ratio = 327 Da), (C) to one in quadrant III (retention time = 16.16 min and mass-to-charge ratio = 

314 Da) and Fig. (D) to one in quadrant IV (retention time = 11.72 min and mass-to-charge ratio 

= 102 Da). The experimental curves are plotted as crosses and the fitted lines are shown as solid 

lines. 
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One should take into account that Fig. 6.2 represents the ρ- vs. p- values of all 

peak features for all volunteers. However, often one is only interested in a 

metabolite if the time profiles of a majority of the volunteers show the same or a 

comparable behaviour. Therefore, an additional constraint was introduced: only if 

more than half of the volunteers (in the present study four or more) have ρ- values 

above and p-values below a certain threshold the retention time / mass pair is 

included for further manual assessment.  

As mentioned, the thresholds for defining which retention time / mass pairs should 

be investigated further are subjective but not very critical. Evidently, the limited 

number of time points (seven) in this study can introduce uncertainty in the ρ- and 

p-values, meaning that the thresholds should not be selected too stringent. 

Although the use of more sampling time points reduces this uncertainty, the 

decision has to be balanced against an ethical perspective and/or analysis costs. A 

ρ-value of 0.6 and a critical p-value of 0.05 are good thresholds. In our case, this 

yielded around 100 time/mass pairs (considering that for at least half of the 

individuals the ρ- values and the p-values should fulfil the conditions imposed 

above). One should note that these retention time / mass pairs now need to be 

manually evaluated and identified. Clearly, our approach reduced the burden of 

data interpretation significantly: instead of investigating about 10,000 variables 

(after pre-processing in Markerlynx
TM

), we have now reduced the data to only 

about 100 pairs.  

As described in Section 6.2.2, more than one time / mass pair in the aligned peak 

list could refer to the same compound. It must now be determined from the raw 

chromatograms whether time / mass pairs in two consecutive rows in the reduced 

peak list (i.e. the list of potentially interesting retention time / mass pairs deduced 

by the described method) describe the same compound or not. If the difference in 

retention time is very small this seems likely; however, there are situations in 

which this is not the case. Despite the high resolution of gas chromatography, co-

elution is still an issue, especially in complex matrices such as simulated gut 
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fluids. Also, background interferences may have had a smooth signal of a given 

shape over sampling time, for which a good fit was obtained. Hence also “noise 

pairs” can end up in the deduced list of potential interesting metabolites. It can 

also happen that only one retention time / mass pair is found to be of interest for 

one compound. This can have two reasons: either i) not more retention time / mass 

pairs were detected by the data pre-processing software for that compound or ii) 

not more of the detected pairs pass all constraints. While this is usually not of 

further importance (as the metabolite is detected), one should set the values in the 

pre-processing software not too rigidly to reduce the chance of missing an 

important metabolite. In practice, this for example means setting a low intensity 

threshold for peak detection. The inclusion of more noise in the feature table 

should not matter too much in this case as noise should follow random behaviour 

over sampling time and thus should not be deduced as a potentially interesting 

metabolite by our method. Possible explanations why not all (detected) ions of one 

metabolite will behave according to theory (i.e. the kinetic curve of all ions of one 

compound will be comparable) are background interferences or other phenomena 

such as detector overloading or mass discrimination.  

 

6.3.3 Biological interpretation 

A full discussion on possible biomarkers obtained is out of scope of this article. 

Clearly, any biomarker must be properly validated, preferably in a second study 

targeted on the biomarker(s). For this final section, some of the possible markers 

obtained are discussed from a biological perspective without further validation and 

only a few aspects are mentioned. 

In the current study, retention time / mass pairs found in quadrant one in Figure 

6.2 were expected to be of most interest and only the boundaries (i.e. the 

thresholds for ρ and p) of this quadrant were tested. Figure 6.4 gives an overview 

of all retention time / mass pairs found to be potentially of interest using the 

above-mentioned thresholds of ρ greater than 0.6 and a p-value below 0.05 for at 
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least four individuals. Each dot represents one retention time / mass pair. One 

region is marked by the two vertical dotted lines. This region has the width of an 

average chromatographic peak. Thus, all mass-to-charge ions found in that region 

may describe the same compound, which needs to be verified in the raw 

chromatograms in the data acquisition software.  

 

Figure 6.4 Representation of the retention time / mass pairs found to be of potential importance 

by the proposed strategy applying a threshold for ρ > 0.6 and p < 0.05. The two dotted lines 

indicate the estimated width of a chromatographic peak. 

 

Table 6.2 gives an overview of the obtained retention time / mass pairs for several 

combinations of thresholds for ρ and p. For this data set, it can be seen that for a 

given threshold for ρ, changing the critical p-value from 0.05 to 0.1 does not 

change significantly the number of obtained retention time / mass pairs. The last 

column gives an estimation of how many metabolites are represented in the 

number of retention time / mass pairs. As described before, several pairs can 

originate from one compound and thus, taking an average peak width, the number 

of real compounds or metabolites can be estimated. These now need to be 

manually reviewed for the likelihood that they indeed represent possible new 

biomarkers. Knowing the background of the present (polyphenols) study, phenolic 
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acids were expected as major metabolites, which was confirmed by the mass 

spectra of the compounds in the reduced peak lists. In fact, from the estimated 

number of metabolites deduced from our method as given in Table 2, 14 phenolic 

acids were identified.   

 

Table 6.2 Combinations of ρ- and p-values and the respective number of retention time / mass 

pairs found to be of interest. An estimation of the number of metabolites corresponding to these 

pairs is also given. 

 

ρ-value greater 

than 

p-value 

smaller than 

Obtained retention 

time / mass pairs 

Estimated number 

of metabolites 

0.6 
0.05 

0.1 

62 

62 
34 

0.5 
0.05 

0.1 

121 

121 
50 

0.4 
0.05 

0.1 

172 

174 
60 

 

 

Figure 6.5 shows the kinetic profiles of one of them, vanillic acid. Here, the peak 

areas for vanillic acid were determined from the data acquisition software and 

plotted against sampling time for all volunteers. It can be seen that for all 

volunteers this compound is first formed and then after about 8 h slowly excreted 

with one volunteer showing a much higher response than the rest.  

 

Figure 6.5 Kinetic curves of all volunteers over sampling time for vanillic acid (retention time = 

14.82 min and 297 Da). 
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Figure 6.6 shows another collection of kinetic profiles for an unknown metabolite. 

Here, the inter-individual variability is much higher. In fact, two groups can be 

identified: volunteers for which this metabolite increases within the sampling time 

of 48 h (solid lines) and volunteers whose kinetic profiles of this metabolite show 

that it is first formed and then excreted (dashed lines). One volunteer does not 

show any response for that metabolite. If such metabolites are of interest one 

needs to discard the constraint that ‘only metabolites which time profiles are 

considered interesting for more than four subjects should be retained’. 

 

Figure 6.6 Kinetic curves of all volunteers over sampling time for a metabolite found in quadrant 

I (retention time = 9.21 min and m/z = 147 Da). To illustrate the inter-individual variation for this 

metabolite, solid and dotted lines have been used to distinguish between different curve shapes. 

 

If required, all unknown metabolites can be identified by further experiments (for 

example MS
n
) and / or by comparison of the mass spectra with libraries such as 

NIST. 
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6.4 Conclusions 

In kinetic metabolomics studies, the evolution of specific metabolites over time is 

usually investigated. With the development of fast and sensitive mass 

spectrometers, chromatographic profiling can be performed in conjunction with 

target-compound analysis without compromising either analysis. Thus, we can 

obtain quantitative information on the time profiles of (known) metabolites, while 

simultaneously identifying new metabolites from the profiles. Clearly, advanced 

analytical techniques as well as sophisticated data analytical tools are required in 

order to extract the important information from the huge quantity of data 

generated.  

For potentially interesting metabolites, non-random behaviour is expected over 

time, i.e. a certain smoothness or curve shape is expected. This information can be 

used to extract those compounds, disregarding all with random curve shapes. 

Using autocorrelation as a measure of the smoothness of the curve and fitting a 

simple first-order kinetics equation through the curve allows a quick analysis of 

the kinetic curves of all compounds present.  

In our example, the number of peaks to be investigated manually was reduced 

from 10,000 to about a hundred, making this method a useful tool to decrease 

laborious manual data evaluation Choosing the thresholds for the ρ- and p-value 

was not critical, but obviously the less strict, the more metabolites need to be 

verified (and identified) manually. 

Since the metabolism of polyphenols was investigated in this study, phenolic acids 

were expected to be major metabolites. This is confirmed by the obtained peak 

lists, which are dominated by phenolic acids.  
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