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Analytical chemistry is the chemistry discipline that provides measurement tools 

to gain chemical information on the composition and properties of materials. 

These tools can be divided into classical tools, also called wet-chemistry, and 

instrumental tools. In the latter group of methods, apparatus are being used to 

measure physical properties of the samples like, for example, (light) absorption or 

conductivity. In order to obtain truly quantitative information on the composition 

of complex mixtures, simply acquiring a spectrum usually does not give the 

desired information as a calibration should relate the measured property (e.g. 

absorption) with the desired property (e.g. concentration). Additionally, the 

obtained spectra are often very complex and useful information can be confounded 

in the data. Therefore, a preceding separation step is often applied, in which the 

material is separated into bands/peaks consisting of one or a few compounds, 

which are then more readily identifiable and quantifiable. This (sub-) field is 

called separation sciences with chromatography being the most important 

technique.  

In more recent years a new field has emerged in analytical chemistry, called 

chemometrics. Chemometrics is the discipline that uses mathematical tools to 

extract information from the obtained analytical data. Even though chemometric 

tools were used in the oldest analytical experiments, only with the development of 

personal computers did the field really become a distinguished part of analytical 

chemistry. Most analytical instruments produce hundreds if not thousands of 

variables per sample. New multivariate techniques needed to be developed that 

can deal with correlations in the data. Examples here are multivariate calibration 

and classification analysis. Other typical chemometric applications include data 

pre-processing, data compression and visualisation.  

The background of this thesis is the development of chemometrical tools that aid 

in the conversion of large data sets into useful information. Such large data sets 

are typically obtained in –omics applications (e.g. metabolomics, flavouromics, 

etc.), in which large experimental studies are usually performed. The intention of 
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such studies usually is the generation of hypotheses rather than verifying 

expectations. From these studies, (chromatographic) profiles are obtained that then 

need to be converted to the desired information. The thesis hereby does not focus 

on the application area, but focuses on ways how to obtain good data and how to 

treat the data in order to derive to the desired information. Figure 1.1 shows a 

typical analytical work flow of an intervention study.  

 

 

Figure 1.1 Overview of a typical analytical workflow in large-scale experimental studies 

 

(Experimental) study design, sample preparation, chromatographic analysis and 

data pre-processing and analysis should all be carried out in a way that they serve 

the goal of the study/experiment. This requires the goal to be clear before 

conducting a large-scale experiment. The different fields of the workflow interact 

with and depend on each other, meaning that a given decision in one field directly 

impacts the others. For example, a given analytical technique requires certain 

sample preparation but also demands certain data pre-processing. On the other 

hand, if a given data analysis technique is required to answer the research 

question, study design and sampling are directly impacted. Clearly, all parts of the 

workflow interact with each other and only if experts from all areas work together 

on an analysis strategy before the study is being conducted, a valid outcome to the 

research question can be ensured. 

In the past, finding (bio-)markers responsible for or indicative of a certain 

(biological) process has been limited to (few) target compounds. Analytically, 

target compound analysis always results in more reliable, quantitative data and 

should therefore be the method of choice when applicable. However, usually one 

or a few (bio-)markers cannot describe a (complex) system accurately. It is rather 

the interaction of many (most of them still unknown) markers that is needed. The 

need for the identification of more markers is one of the major reasons why 
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chromatographic profiling or fingerprinting has become so popular in recent years. 

Obviously, technical advancements in chromatographic and detection systems 

were also needed allowing the acquisition of full profiles of samples in a robust, 

(semi-)quantitative and sensitive manner. Figure 1.2 shows the increase in 

publications since 1960 when searching for “chromatography and fingerprinting” 

and “chromatography and metabolomics” (Web of knowledge, November 2012). 

Metabolomics is the study of all small molecules within a biological system and as 

such a perfect application area of chromatographic profiling (note that in the 

Figure, the data from 2011 to 2020 is extrapolated from all data of 2011/2012). 

 

 

Figure 1.2 Number of publications found when searching Web of knowledge. 

 

In chromatographic profiling methods, every aspect of the analytical workflow is 

selected in such a way that it can deal with a maximum number of compounds. 

This requires sample preparation to be minimal, the separation technique to be 

broad and the detection to be as universal as possible. Sample preparation and 

analysis must also be robust and reproducible as many samples are usually being 

compared that are often acquired over a long period of time. One key aspect here 

is automation of the process. Although much instrument advancements have been 

achieved, there is still a clear need for improvement in this field. It is needless to 
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say that the resulting chromatograms (or spectra) can never be of the same quality 

as when every part had been optimised for a few target compounds only. All these 

factors render data-analytical pre-processing techniques that compensate for the 

“less-than-perfect” chromatographic methods even more important. These include 

peak detection or peak alignment methods. The increasing interest in 

fingerprinting applications has also resulted in a higher demand on data-analysis 

techniques. Comparing the obtained chromatographic profiles manually (i.e. 

visually) is often not possible either due to the sheer number of samples and 

variables but also because differences between samples are often very small and 

not visible without computational help. However, published chemometric methods 

are rarely automated. As the methods are also very complex a good understanding 

of the mathematical processes is necessary to ensure a correct application and 

interpretation of the methods and the obtained results. Simpler, automated 

chemometric methods are still needed that are able to deal with the huge quantity 

of data. 

 

Experimental design 

Experimental (study) design is a very important part of analytical chemistry in 

general, and when setting up profiling experiments more specifically. Choosing 

the study design can be tricky as usually many factors have to be considered. In 

real life, the choice of the experimental design not only depends on the goal of the 

experiment, but also on many practical limitations like financial or ethical aspects 

and more often than not, studies have to be performed with less-than-optimal 

designs.  

The topic of experimental design is not covered in this thesis. Many textbooks 

exist on general experimental design [e.g. 1] and a good review has recently been 

published by Dejaegher et al. [2].  
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Sample preparation 

Sample preparation is mentioned here as a separate field although it is by nature 

related to the analytical technique of choice. Gas chromatography (GC) often 

requires extensive sample preparation as analytes need to be volatile in order to be 

amenable for GC analysis. Also, samples must usually be cleaned up in order to 

avoid instability of the system due to dirty samples. The latter is although to a 

lesser extent, also true for liquid chromatographic (LC) analysis. There are good 

reviews on sample preparation for chromatography available in literature [3, 4]. 

Ramos [5] has published a critical overview on all current sample preparation 

techniques. The big pitfall of sample preparation is that it is often offline, labour-

intensive and requires the use of large volumes of solvents. Key aspects improving 

sample preparation are therefore automation and miniaturisation. Pfannkoch et al. 

[6] have recently published a chapter on automation of sample preparation for GC 

analysis. For large-scale profiling experiments, automation and miniaturisation 

becomes even more important. The instruments’ response must be stable over 

hundreds, sometimes thousands of samples while background noise must be 

limited. Yet, sample clean-up must be minimal in order to result in informative 

fingerprints of the samples.  

‘Micro-extraction in packed sorbent’ (MEPS) [7] is a relatively new miniaturised 

solid-phase extraction method that has been shown to be an excellent tool to 

automate sample preparation protocols. In this method, the extraction material is 

situated in the injection needle of a standard LC or GC syringe. Therefore, no or 

minimal modification of the system is necessary. When coupling MEPS to GC 

there are two drawbacks: i) compounds eluting from the extraction bed often need 

to be derivatised in order to be amenable for GC analysis and ii) the elution 

volume must either be extremely low to accommodate standard GC injection 

volumes or large-volume injection techniques must be applied. For both 

challenges, a rather simple solution can be found. In Chapter 2 of this thesis, we 

present an automated MEPS-gas chromatographic-mass spectrometric (GC-MS) 
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method for the analysis of phenolic acids in plasma. Using a special (but 

commercially available) injector from ATAS GL (ATAS GL International, 

Veldhoven, The Netherlands), 40 µL of sample could be injected into the GC 

system which is a very suitable elution volume for the extraction by MEPS. With 

the derivatisation reagent being dissolved in the elution solvent, in-situ 

derivatisation can take place in the specially-designed (but again, commercially 

available) sintered-bed liner. This method was developed and tested on the 

analysis of plasma samples. 

 

Chromatographic analysis 

As stated above, a chromatographic separation is in most cases an essential step 

for the analysis of complex mixtures. This is especially true when low-abundant 

compounds in the mixture are of interest. The main chromatographic techniques 

are gas and liquid chromatography often in combination with mass spectrometry 

(MS) as the detector. Mass spectrometers further “separate” eluting compounds 

according to the mass-to-charge ratios of the intact molecules or the fragments 

formed upon ionisation. Therefore, not only an additional separation mode is 

being used but also the unique identification of the eluting compounds is enabled 

or at least, simplified.  

While chromatography matured immensely over the years, still new developments 

and improvements are being made. There is on-going work on improving 

efficiencies and sensitivities of the existing systems and developing new systems 

that allow the separation of mixtures in a detail not possible in the past. Important 

instrumental improvements are for example the development of ultra-high 

pressure liquid chromatography (UPLC) or the development of new stationary 

phases for GC and LC (e.g. monolithic columns). The development of 

comprehensive two-dimensional chromatography is maybe one of the most 

important developments in recent years. Here, two chromatographic systems 

(columns) are coupled in series in such a way that peak capacities are multiplied 
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and (in case of active modulation) sensitivities are greatly improved. In this thesis, 

we have not focussed on two-dimensional chromatography as a technique itself 

but on the data obtained: in comparison to one-dimensional chromatography two-

dimensional data is obtained (or even three-dimensional, if MS is used as the 

detection system). This type of data requires new methods for data pre-processing 

and analysis.  

 

Data pre-processing 

Chromatographic data, especially in large sample series, usually requires some 

data pre-processing or clean-up before any data-analytical technique can be 

applied. Firstly, outliers need to be detected and removed. Secondly, noise and 

background signal need to be removed and the samples need to be corrected for 

any analytical variation due to sample preparation and analysis. Finally, 

normalisation of the samples is often performed in order to increase the weight of 

the instruments’ response to real compounds and to down-weigh noise. A good 

general overview on data pre-processing techniques and their applications and 

pitfalls is presented by Van den Berg et al. [8]. Bro and Smilde [9] provided a 

good review on pre-processing for multivariate classification. In large-scale 

(chromatographic) profiling studies, additional variation can occur due to the 

duration over which the samples are acquired. Thoughtfully-selected quality 

control samples are then especially needed, something frequently pointed out in 

especially metabolomics publications [10, 11], but not always performed well in 

practice. These control samples can then be used for the correction for batch-to-

batch variation or for signal alignment. H. Draaisma et al. have published a 

method to account for differences between analytical data sets; whether these 

differences come from batches being analysed over a long period of time or 

whether two analytical methods have been applied [12]. 

The most commonly applied alignment approaches make use of warping of the 

(raw) signal [e.g. 13-15], or use algorithms based on matching detected peaks [e.g. 



15 

 

16, 17]. Most instrument manufacturers have developed their own alignment 

software and more software exists freely online (e.g. MetAlign [18] or MzMine 

[19]). However, most of the existing software packages need to be applied as a 

“black box”, meaning that the developers do not share detailed information on the 

algorithms behind the software. That renders their application more difficult in 

practice as the optimum parameter settings are sometimes difficult to determine. In 

Chapter 3, we show how with little analytical effort, parameter selection for 

alignment using a given software package can be optimised. The method is based 

on using quality control samples, often anyhow included in the analysis plan.  

Another issue when comparing many chromatograms is peak detection. Data 

analysis is immensely simplified if detected peaks can be used as opposed to using 

the “raw” signal of the chromatogram as the input data (i.e. the chromatographic 

response at a given time). This makes sense since the chromatographic peaks are 

directly related to the chemical compounds present in the sample. In one-

dimensional chromatography, peak detection is rather simple with many software 

programmes available. In two-dimensional chromatography, however, it is less 

straight-forward and peak detection has been the topic of research ever since two-

dimensional chromatography has been developed. In two-dimensional gas 

chromatography, one peak eluting from the first-dimension column is usually 

modulated and analysed several times in the second dimension. Peaks therefore 

need to be detected in a two-dimensional space. The only algorithm available at 

the time of research was the watershed algorithm published by Reichenbach et al. 

[20]. In Chapter 4, we describe a new peak-detection algorithm for two-

dimensional chromatography. It is based on detecting one-dimensional (1D) peaks 

in the unfolded second-dimension chromatograms and then merging those 1D 

peaks describing the same two-dimensional (2D) peak (“mountain”). The peak’s 

starting- and ending points for each one-dimensional “slice” are also detected 

allowing the quantification of the entire 2D peak.  
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Data analysis 

Automating data analysis is crucial in large-scale profiling studies. Many existing 

methods still require manual input, creating a bottle-neck in the whole analytical 

process. Additionally, new methods need to be developed that can deal with the i) 

huge quantity of data and ii) the structure of data obtained from new 

instrumentation such as two-dimensional chromatography. 

Multivariate methods are an excellent tool to analyse the complex, multi-

dimensional data obtained by modern instruments.  However, most methods are 

not or only partially automated, something that is indispensable when large 

profiling experiments are being performed. One major hurdle is that many of these 

data analysis methods require the input of the number of chemical compounds 

present in the sample. This parameter is the number of components the 

(multivariate) model will use to model the variation in the data. As the number is 

not commonly known most published methods rely on the manual interpretation of 

the results obtained for various numbers of components, jeopardising the 

automation of the process. In Chapter 5, we tried to solve this problem with a new 

cross-validation procedure. Here, the overall error of cross-validation generally 

decreases and starts to increase once the correct number of components has been 

reached. This property is easy to detect in an automated manner. 

Multivariate techniques are based on the analysis of the whole data set, including 

all redundant information and investigating correlations in the data. The strong 

point of the methods is that no or little pre-knowledge has to be entered into the 

model and therefore, pure, untargeted information is obtained. However, 

interpreting the results can be difficult and good validation is needed in order to 

ensure that the data is being modelled correctly. Including pre-knowledge on the 

data into the model may help, but results in even more complex models. Looking 

at the data in a univariate way, i.e. per variable (“compound”), can simplify the 

inclusion of pre-knowledge in the data analysis. In time-series analysis, for 

example, samples are taken at consecutive time points. This pre-knowledge can be 
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used to scan all variables for a pre-defined interesting time trend. This is the basis 

of the two methods described in Chapter 6 and 7. In the first method, an 

interesting time trend obtained for one volunteer is defined as being smooth 

(measured by its autocorrelation) and following a certain kinetic model. In the 

second method, kinetic time curves at three dose levels were being measured. An 

interesting trend now is not only defined by its smoothness, but also by the fact 

that it must be the same for all doses. In both methods, the originally thousands of 

variables were reduced to just a few possible biomarkers that follow the pre-

defined time trends. This limited set only now requires, as with the other 

multivariate techniques, further validation.  

In Chapter 8, a new measure for automatically indicating the quality of a 

chromatogram obtained from 2D-chromatography is presented. In 1D-

chromatography the quality of a chromatogram is often defined by the resolution. 

As mentioned earlier, however, the structure of the data obtained from  2D-

chromatography is inherently different from that of 1D-chromatography. 

Obtaining a two-dimensional separation space also means that quality measures 

used for one-dimensional chromatography cannot directly be transferred to 2D-

chromatography. That means that the common resolution function cannot be 

directly applied as its method is based on linear data, which is not the case in 2D-

chromatography. One should notice that one peak eluting from the first-dimension 

column is modulated several times for analysis in the second-dimension column. 

Therefore, it is not clear between which 1D-peaks the resolution should be 

calculated. In this chapter, we have developed a new resolution function based on 

the valley-to-peak ratio between the apices of 2D-peaks (“mountains”) in the 

three-dimensional separation space. We have introduced quality indicators of a 

“good” two- (or better: three-) dimensional chromatogram and defined for which 

peaks a resolution measurement makes sense from a chromatographer’s point of 

view. 
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Biological interpretation 

The (biological) interpretation of the data is not really considered in this work. 

However, it is needless to say that meaningful interpretations can only be 

performed on good analytical data obtained from a well set-up experiment. It is 

also noteworthy that much biological interpretation is performed on non-validated 

data and biomarkers. It seems that it is generally accepted that even though 

validation of biomarkers must be performed eventually, due to the difficulty and 

costs of validation studies scientists are often forced to base their conclusions on 

non-confirmed data. Another subject not discussed in this thesis is the topic of 

identification. In GC-MS the eluting peak (compound) is fragmented, resulting in 

spectra containing several (mass) peaks. These can be compared against existing 

mass spectral libraries such as the NIST library. Still, unique identification 

remains difficult and unambiguous identification can only be performed by 

analysing the suspected (standard) compound under the same conditions. For LC-

MS, identification is even more difficult as usually, only one mass peak is 

obtained (i.e. no fragmentation is usually performed in LC-MS). Accurate mass 

data can exclude many possibilities, but usually, further fragmentation is necessary 

to allow or simplify identification. A detailed discussion on the topic of 

identification of metabolites has been published in the doctoral thesis of J. van der 

Hooft [21]. 

 

Final remarks 

Chromatographic separations have been used for about a hundred years. While in 

the early days only one or a few compounds could be separated, recent 

improvements in instrumental systems and software now allow the separation of 

hundreds or even thousands of compounds. This means a new way of investigating 

processes is made possible. More detailed profiles can be obtained in a sensitive 

and (semi-)quantitative manner, resulting in more understanding of the studied 

systems. This in turn leads to improved industrial processes, more certainty in 
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evidence or e.g. a better understanding of the human body and its environment. 

Chromatographic profiling is one of the major tools aiding the study of these 

processes. However, as with all new techniques, new pitfalls and difficulties arise 

that still need more research and development. One key aspect in chromatographic 

profiling is automation, both for sample preparation and analysis as well as for 

data processing. In this thesis, several attempts were made to solve some of the 

issues that have come up with the increased use of chromatographic profiling. 

Even though the applications were of biological nature, the methods developed 

can easily be transferred to other areas such as food development and industrial 

processes. 
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An automated method for the analysis of phenolic acids in plasma based 

on ion-pairing micro-extraction coupled on-line to gas 

chromatography/mass spectrometry with in-liner derivatisation  
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Summary 

A new method is presented for the analysis of phenolic acids in plasma based on 

ion-pairing ‘Micro-extraction in packed sorbent’ (MEPS) coupled on-line to in-

liner derivatisation-gas chromatography-mass spectrometry (GC-MS). The ion-

pairing reagent served a dual purpose. It was used both to improve extraction 

yields of the more polar analytes and as the alkyl donor in the automated in-liner 

derivatisation method. In this way, a fully-automated procedure for the extraction, 

derivatisation and injection of a wide range of phenolic acids in plasma samples 

has been obtained. 

An extensive optimisation of the extraction and derivatisation procedure has been 

performed. The entire method showed excellent repeatabilities of under 10% and 

linearities of 0.99 or better for all phenolic acids. The limits of detection of the 

optimised method for the majority of phenolic acids were 10 ng/mL or lower with 

three phenolic acids having less-favourable detection limits of around 100 ng/mL. 

Finally, the newly-developed method has been applied in a human intervention 

trial in which the bioavailability of polyphenols from wine and tea was studied. 

Forty plasma samples could be analysed within 24 h in a fully-automated method 

including sample extraction, derivatisation and gas chromatographic analysis. 

  



23 

 

2.1 Introduction 

Metabolic profiling and metabolomics are rapidly gaining importance in 

pharmaceutical and nutritional intervention studies. Metabolomics is the 

comprehensive study of the metabolome, i.e. it involves the comprehensive 

identification and quantification of all metabolites present in biological systems 

such as plants, animals or humans. When gas chromatography (GC) is used as the 

analytical method, the metabolic fingerprint includes small molecules only. These 

molecules are usually analysed in complex matrices such as plasma, urine or 

faeces. GC fingerprints offer an unsurpassed peak capacity and sensitivity 

allowing the analysis of thousands of compounds at good detection limits. 

Although GC systems are very robust, sample preparation is essential. When body 

fluids are to be analysed by GC, large-molecular weight compounds need to be 

removed before analysis and many compounds of interest require a prior 

derivatisation step. These steps are often offline, labour-intensive and require the 

use of high amounts of solvents. Key aspects bringing sample preparation forward 

are therefore automation and miniaturisation.  

Automation of sample preparation has been progressed substantially with the 

introduction of solid-phase microextraction (SPME) [1] and robotic solid-phase 

extraction (SPE) systems. SPME and GC are nowadays routinely coupled with or 

without (prior) derivatisation. While SPME possesses some advantages over 

traditional sample preparation methods such as low or no solvent consumption and 

the relative ease of online coupling to chromatographic systems, it also has some 

major disadvantages, mainly related to the lack of coatings that allow the 

adsorption of polar compounds [2]. Coupling robotic SPE systems with GC is 

more complicated. The amount and nature of the extraction effluent is usually not 

compatible with GC and most analytes require a derivatisation step in order to 

make them amendable for GC analysis. ‘Micro-extraction in packed sorbent’ 

(MEPS) [3] is a relatively new miniaturised SPE method that has been shown to 

be an excellent tool to automate sample preparation protocols. MEPS does not 
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require (expensive) robotic systems as it utilises the ‘normal’ syringe of the auto-

sampler of the chromatographic system. The sorbent material is inserted into the 

syringe needle and the sample extraction is performed by pulling and pushing the 

plunger up and down. In that way, the analyte solution is taken up and the analytes 

are adsorbed onto the packing material. The whole extraction procedure can be 

programmed via the auto-sampler software. Methods coupling MEPS on-line with 

GC (-mass spectrometry) have been published, but they mainly involve the 

analysis of compounds that do not require any derivatisation prior to GC analysis 

[e.g. 4-6].  

In this work, the focus was laid on the analysis of (derivatised) phenolic acids in 

plasma. Phenolic acids can be found at wide concentration levels in the plasma 

and need to be analysed in the presence of other, highly-abundant compounds. For 

their analysis, we utilised ion-pairing MEPS-GC and introduced an online 

derivatisation procedure based on ‘thermally-assisted hydrolysis and methylation’ 

(THM). As shown by Kaal and co-workers [7] automated on-line derivatisation of 

organic acids can be performed using tetramethylammonium hydroxide in a 

packed liner of a programmed temperature vaporiser (PTV) injector without any 

modifications of the GC-system. Realising that typical ion-pairing reagents are the 

same compounds as those used in THM derivatisation, i.e. tetra-alkylammonium 

hydroxides, the use of these compounds for the dual purpose of improved 

extraction of polar analytes by ion-pairing and alkyl donation during THM was 

studied. In this way the whole analysis including the sample preparation could be 

performed in one single step without any operator intervention. Besides 

minimising human errors and possible sample losses, automating the extraction 

and derivatisation procedure significantly increased the analysis speed, thereby 

reducing analysis time and costs. An additional advantage, especially for large-

scale experiments, is that samples were derivatised just before the injection. 

Because many derivatised compounds were unstable, this reduced the risk of 

degradation of the derivatives during storage in the auto-sampler. 
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The optimised MEPS-THM-GC-MS procedure was tested on the analysis of 

phenolic acids in samples from a human intervention trial that focussed on the 

bioavailability of polyphenols in wine and tea extracts.  

 

2.2 Experimental 

2.2.1 Samples and materials  

Tetrabutylammonium hydroxide (TBAH), β-glucuronidase containing circa 10 % 

sulfatase activity from Helix pomatia Type H-5 as well as all phenolic acid 

standards were obtained from Sigma-Aldrich (Zwijndrecht, The Netherlands). 

Commercial human plasma was purchased from Innovative Research (Novi, 

Michigan, US). Methanol, sodium acetate, ethylenediaminetetraacetic acid 

(EDTA) and hydrochloric acid were purchased from Merck (VWR International, 

Amsterdam, The Netherlands). 

For the human intervention trial, plasma samples of thirty male volunteers were 

collected at 0 h (baseline) and at nine time points following the intervention 

(placebo, wine or tea). A full cross-over design was applied and the samples were 

pooled for each sampling time point. For more details on the study set-up, see van 

Velzen et al. [8]. 

2.2.2 Sample preparation 

A phenolic acid stock solution was prepared in methanol at a concentration of 

approximately 25 µg/mL per compound. This stock solution was diluted with a 50 

% methanol/water solution to result in concentrations as described later in the 

respective paragraphs. The compound list is shown in Table 2.1. The target ions 

were determined by injecting individual standards and selecting (relatively) unique 

ions in the mass spectrum exhibiting good ionisation. 
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Table 2.1 Phenolic acid standards used for method development, together with the retention 

times and their target ion. 

 Time 

 [min] 

Target ion 

[Da] 

2,6-dimethoxybenzoic acid 15.32 165 

3-hydroxybenzoic acid 16.45 138 

3-hydroxyphenylacetic acid 16.86 152 

4-hydroxyphenylpropionic acid 18.44 278 

homovanillic acid 18.79 238 

m-coumaric acid 19.72 164 

4-hydroxy-3-methoxy phenylpropionic acid 19.81 308 

3,4-dihydroxybenzoic acid 20.69 154 

3,4-dihydroxyphenylpropionic acid 21.45 350 

3-o-methylgallic acid 21.49 184 

ferulic acid 21.64 194 

4-o-methylgallic acid 21.66 184 

gallic acid 23.05 170 

 

For the plasma samples, 100 µL plasma was stabilised with sodium acetate 

containing 0.1 % EDTA. The sample was then acidified with hydrochloric acid 

(pH < 2) and milli-Q water containing 3 % TBAH was added to result in a final 

volume of 400 µL. Of this solution, 100 µL was transferred into a GC-vial 

containing an insert and stored in the auto-sampler. For the spiking experiments, 8 

µL of the phenolic acid standard solution were added to the mixture and the 

amount of water added was decreased in order to maintain a final volume of 400 

µL. 

The samples of the human intervention trial were prepared in two ways: i) as 

described above and ii) including an enzymatic reaction step. Hereby, 100 µL 

plasma was stabilised with sodium acetate containing 0.1% EDTA. The sample 

was then acidified with hydrochloric acid (pH < 2), 8 µL β-glucuronidase (1500 

units in 150mM sodium acetate) was added and milli-Q water containing 3% 

TBAH was added to result in a final volume of 400 µL. The sample solution was 

then incubated at 37 ºC for 45 min, after which 100 µL was transferred to a GC-

vial. 
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2.2.3 GC-MS analysis 

All GC-MS analyses were performed on a Shimadzu GC-MS-QP2010 (Den 

Bosch, The Netherlands). The GC system was equipped with an Optic-3 PTV 

injector (ATAS GL, Eindhoven, The Netherlands) and a “Focus” XYZ robotic 

auto-sampler (ATAS GL). All analyses were performed using a sintered-bed liner 

(ATAS GL). The column was a VF-17ms (30 m x 0.25 mm, df = 0.1 µm) obtained 

from Varian (Varian, Middelburg, The Netherlands) and the column flow was 

constant at 1.2 mL / min with helium as the carrier gas. The GC analysis was 

performed in 35 min with a starting oven-temperature of 70 ºC (hold time 5 min) 

and a single ramp of 10 ºC/min to 320 ºC (hold time 5 min). 

Full-scan mass spectra were recorded in the mass window from 60 to 800 Da in 

the electron-impact (EI) mode at 70 eV. The MS source and the GC-MS interface 

were kept at 200 °C and 280 °C, respectively. 

2.2.4 Extraction and injection parameter 

MEPS was performed using a 250 µL syringe from SGE Analytical (Victoria, 

Australia) and a C18 sorbent (ATAS GL). The sorbent bed was conditioned with 

two times 100 µL methanol and milli-Q water each before every extraction. 

Details on the MEPS extraction, the derivatisation and the injection method are 

presented in Section 2.3. 

 

2.3 Results and discussion 

The first step in the optimisation of analytical methods is the definition of the 

requirements that the method should meet. In our case, the focus was on the 

analysis of phenolic acids in plasma. However, to also obtain comprehensive 

information on the samples, full-scan GC-MS spectra were recorded. The phenolic 

acids should be measured at ng/mL-levels and all different kind of phenolic acids 

should be included, ranging from the very polar to the far less polar extremes. 
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Additionally, due to the limited availability of plasma in human intervention trials, 

the method should require a maximum of 100 µL sample volume. Finally, the 

method should be fully automated from extraction to derivatisation and injection 

to the GC-MS system, allowing the measurement of large sample series without 

the risk of sample instability and with the benefit of minimising human errors and 

analyst time.    

 

2.3.1 Method development for the analysis of phenolic acids in plasma 

Injection and derivatisation of phenolic acids 

The automated derivatisation procedure consisted of several steps: Injection of the 

sample mixture including the derivatisation reagent at low temperatures into the 

PTV injector, followed by drying and incubation of the injected sample inside the 

liner at an elevated temperature; and finally, the actual derivatisation of the sample 

including the transfer of the derivatives to the GC column at a higher PTV 

temperature. Automating the entire procedure of derivatisation and injection was 

possible using the Focus auto-sampler and a PTV injector [7,9]. 

In a series of model experiments, the derivatisation of the phenolic acids was 

optimised with respect to the derivatisation reagent. N,O-

bis[trimethylsilyl]trifluoroacetamide (BSTFA) is commonly used as a 

derivatisation reagent for phenolic acids. However, when using BSTFA, the 

sample has to be absolutely free of water; something very difficult to achieve in an 

on-line extraction method. In the on-line derivatisation methods published by Kaal 

et al., tetramethylammonium hydroxide (TMAH), a reagent forming methylated 

derivatives from acids and alcohols was used. However, in our case, TMAH 

cannot be used because some of the phenolic acids occur naturally in their 

methylated form. Therefore, when using TMAH, no difference can be seen 

between the naturally-methylated derivatives and the methylated products of the 

derivatisation reaction, resulting in a loss of information. For that reason, we 
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selected tetrabutylammonium hydroxide (TBAH) as the reagent; a comparable 

derivatisation reagent that will yield butylated derivatives. In literature, TBAH has 

been used in studies of wood [10] or lignins [11]. To our knowledge, it has so far 

not been used as a derivatisation reagent for the analysis of phenolic compounds in 

plasma. One of the disadvantages of using TBAH is the lack of library spectra, 

which are abundantly recorded for silylated phenolics and, to a lesser extent, 

methylated phenolics. 

A key factor in PTV-automated TMAH or TBAH derivatisation is the temperature 

at which the sample / reagent mixture is injected. This temperature must be high 

enough to evaporate the solvent while avoiding extensive reagent loss. Here, we 

selected a temperature of 70 °C, which is just above the boiling point of methanol, 

but below the boiling point of TBAH. 

The influence of the concentration of TBAH on the derivatisation yield was tested 

for a test mixture containing five phenolic acids (see Fig. 2.1). The black bars 

correspond to a low concentration of TBAH (0.5%) and the striped bars 

correspond to a high concentration (2%). Clearly, the derivatisation yield was 

strongly dependent on the concentration of the reagent which hence needed to be 

optimised. For our work, a concentration of 1% TBAH in methanol was found to 

be optimum. If the concentration was higher too much reagent entered the GC 

column resulting in a loss of chromatographic performance (extremely broad 

reagent peak covering a large range of the chromatograms and the deterioration of 

peak shapes). 
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Figure 2.1 Normalised peak areas of five phenolic acids: (1) phenylpropionic acid, (2) 4-

hydroxybenzoic acid, (3) 2-hydroxy-5-methoxybenzoic acid, (4) dihydroxybenzoic acid and (5) 

4-o-methylgallic acid. The black bars correspond to a low concentration of TBAH in methanol 

(0.5%) and the striped bars to a high concentration of TBAH (2%). 

 

As expected, besides the concentration of the reagent, we saw that the incubation 

time also had a strong effect on the derivatisation yield. When the incubation time 

was selected too short (< 60 s) the sample was not completely derivatised. For the 

phenolic acids, an incubation time of 80 s was found to be optimal. The final PTV 

temperature did not have a strong impact on the derivatisation yield. When varied 

between 350 ºC and 450 ºC, no clear effect could be observed (data not shown). 

After optimisation of all parameters the following injector settings were found to 

be optimal for the compounds listed in Table 2.1: Initial injection temperature of 

40 ºC followed by an immediate increase to 70 ºC with a ramp rate of 10 ºC/s 

(hold time of 80 s), then an increase to 400 ºC at a ramp rate of 30 ºC/s (300 s), 

followed by a decrease to 350 ºC until the end of the GC analysis time. The split 

flow of the injector was high (150 mL/min) during the injection and drying of the 

sample and low (5 mL/min) during the incubation time. A split of 1:5 was applied 

during transfer of the derivatives to the GC column.  

Figure 2.2 gives an example of a mass spectrum and chromatogram of a fully-

butylated compound, 3-hydroxyphenylacetic acid. The molecular mass of non-

butylated 3-hydroxyphenylacetic acid is 152 Da, which is the main fragment in 

this spectrum (Fig. 2.2A). The peaks at m/z 264 and 208 of the butylated 

compound can be attributed to the addition of two butyl groups, each of 56 Da. 
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This pattern is very typical for all spectra and the number of additions can aid in 

the identification of unknown compounds. When investigating the chromatogram 

at extracted ions of 152 Da, 208 Da and 264 Da (overlaid in Fig. 2.2B) it can be 

seen that the compound is fully derivatised: only one peak could be found in the 

chromatogram and this peak contains all three ions. Mono-or non-butylated 3-

hydroxyphenylacetic acid would elute earlier than the fully-derivatised compound 

and have an equal spectrum except that it will lack the mass peak at 264 Da or 208 

Da respectively. These peaks were not present in the chromatograms. 

 

 

Figure 2.2 The mass spectrum obtained for 3-hydroxyphenylacetic acid after butylation (A) and 

its three extracted ion chromatograms overlaid (B). The solid line in 2.2B corresponds to 152 Da, 

the dotted line to 208 Da and the dashed line to 264 Da (see insert). 

 

 

Optimisation of the MEPS extraction procedure 

The second step towards a fully automated method was the optimisation of the 

MEPS-procedure of the analytes from plasma. As with all SPE procedures, a 

MEPS method consists of several steps: activation of the cartridge, loading of the 

sample onto the cartridge, washing of the sorbent bed to remove interferences, 

elution of the compounds of interest and cleaning the sorbent including re-

conditioning for the next analysis. All these steps have to be optimised. One of the 

first difficulties encountered was that the more polar compounds did not have 

enough interaction with the C18 sorbent bed of the MEPS needle. Because of the 
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wide diversity of the target compounds applying a more polar packing material 

was not an option. Therefore, we considered improving the interaction of the 

sorbent with the polar compounds by the use of an ion-pairing reagent. TBAH, our 

derivatisation reagent, is also known to act as an ion-pairing reagent. It was 

therefore obvious to use it as both, the ion-pairing reagent during the loading step 

and the derivatisation reagent for the THM reaction. For this reason, TBAH was 

added to the sample solutions prior to the MEPS extraction. Figure 2.3 shows the 

effect of various concentrations of TBAH in the sample on the peak areas of a 

selected set of compounds. Note that the concentration of TBAH in the elution 

solvent (methanol) was kept constant. 

 

 

Figure 2.3 The peak areas, normalised to the total sum, of six phenolic acids plotted together for 

various concentrations of TBAH in the sample. Grey lines: 3,4-dihydroxyphenylpropionic acid, 

gallic acid, 3,4-dihydroxybenzoic acid; black lines: 3-hydroxybenzoic acid, 3-

hydroxyphenylacetic acid and 4-hydroxyphenylpropionic acid. 

 

As expected, the more polar compounds (grey lines in Fig. 2.3) experienced a 

larger increase in recoveries with increased TBAH concentration (e.g. the more 

polar gallic acid experienced an increase of 84%), whereas less polar compounds 

(black lines in Fig. 2.3) such as 4-hydroxyphenylpropionic acid only increased 

with 11%, when comparing no addition of TBAH with the addition of 3% TBAH. 

Note that not all compounds of comparable polarity benefited in the same way 

from the addition and the ion-pairing step needed to be adjusted carefully 
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according to the compounds of interest. In our case, we have decided to add 3% 

TBAH to the samples prior to the MEPS extraction.  

In order to obtain the lowest detection limits, the maximum sample amount of 100 

µL plasma was used in all experiments. MEPS sampling was performed by 

pumping the plunger up and down the extract five times. This number was found 

to be optimal for the extraction of phenolic acids. After loading, the sorbent was 

washed with 100 µL acidified water (pH < 2), which satisfactorily removed all 

interferences. A drying step followed by pumping 100 µL air through the sorbent 

with the plunger. 

The maximum injection volume for the in-liner derivatisation method and 

therefore the maximum elution volume for MEPS has been earlier determined to 

be 40 µL [9] (without further modifications of the system). When eluting the 

analytes with 25 µL we did not achieve acceptable recoveries for most compounds 

(only 5%). Increasing the elution volume to 40 µL also did not result in acceptable 

recoveries. One explanation for this effect lies in the MEPS-set up itself. In 

principle, molecules are eluted from the sorbent by taking up the elution solvent 

(methanol) with the plunger and then pushing the methanol including the analytes 

back out of the “Barrel Insert and Needle assembly” (BIN) into the injector. The 

BIN is that part of the MEPS needle that contains the extraction material. 

However, when taking up the methanol, most molecules are located at the top of 

the solvent layer and due to the dead volume of the BIN they remain in the syringe 

when eluting the solvent. This problem could easily be tackled by including an 

extra air step in the elution process: after taking up the methanol, the syringe was 

taken out of the solvent reservoir and the plunger was pulled up an additional 

20%. This created an extra mixing effect of the methanol and the analytes, 

resulting in much higher recoveries. In our case, the average increase of response 

was eight-fold. The dead volume of the BIN, of course, is inherent of the system 

and cannot be changed. Taking this knowledge into account, we developed a new 

multiple elution/injection-technique that improved the recoveries significantly. In 
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this multiple elution/injection-step, the analytes were eluted several times using 

the same volume (25 µL and later 35 µL) of methanol. After the first elution and 

injection, the injected extract was dried in the PTV liner at low temperature. In the 

meanwhile, the (remaining) analytes in the sorbent were again eluted with 25 µL 

(or later 35 µL) methanol and injected at the same temperature. This process was 

repeated up to three times. Using the combination of the PTV-injector and the 

XYZ robotic auto-sampler these multiple injections are easy to perform in a fully 

automated way. Figure 2.4 shows the recoveries of four phenolic acids when the 

elution is changed from a single elution step (1 x 25 µL), to double elution (2 x 25 

µL), triple elution (3 x 25 µL) and a triple elution of three times 35 µL. It could be 

seen that the triple elution step with 35 µL elution volume was optimum for all 

analytes. We did not continue with more elution steps as the recoveries were now 

increased to an acceptable level of > 80% for all compounds.  

 

 

Figure 2.4 Comparison of recoveries of four phenolic acids (3-hydroxybenzoic acid -solid-, 3-

hydroxy-4-methoxyphenylpropionic acid -dotted-, 3-hydroxyphenylacetic acid -striped- and 4-o-

methylgallic acid -squared-) resulting of a single elution/injection (s_25 µL), a double 

elution/injection (d_25 µL), a triple elution/injection (t_25 µL) and a triple elution/injection of 35 

µL (t_35 µL). 
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A beneficial side effect of the multiple elution steps was that it also significantly 

decreased carry-over effects that were observed after the extraction of plasma 

spiked with very high concentrations of the phenolic compounds (>2000 ng/mL). 

Nevertheless, in order to decrease carry-over even further, an extra washing step 

with iso-propyl alcohol was included after the extraction. The carry-over values 

were now acceptable for most compounds (lower than 0.7%); however, some of 

the compounds still showed a very high carry-over (20%). As we did not observe 

this high carry-over at expected plasma levels, we did not pursuit further 

optimisation of the washing steps.  

 

Sensitivity, linearity and repeatability of the new method 

One of the method requirements was to achieve a high sensitivity for all phenolic 

acids in plasma, down to the ng/mL-level. The sensitivity and linearity of the 

method were tested using the phenolic acid standard mixture spiked to plasma. 

Most of the phenolic acids gave detection limits of 10 ng/mL or lower. Some 

compounds, however, mainly the derivatives of benzoic acid, had detection limits 

of up to 100 ng/mL. For our experiments, these detection limits still met the 

method requirements. If lower detection limits are required for some compounds 

all steps of the extraction/injection/derivatisation method can be further optimised 

in view of the maximum sensitivities of those compounds.  

The linearity of all compounds was 0.99 or better in the range from the LOD to 

5000 ng/mL. This is a very wide linear range, which is especially useful in 

applications such as metabolomic studies, in which compounds can be present in a 

wide concentration range. 

The repeatability of the whole, fully-automated method, including extraction and 

derivatisation, was excellent with RSD’s below 10% for six injections, using a 

spiked plasma sample (500 ng/mL), Table 2.2. 
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Table 2.2 Limits of detection and repeatabiliy’s (in % RSD) of the phenolic acids used for 

method development. 

 
LOD 

[ng/mL] 
% RSD 

2,6-dimethoxybenzoic acid 10 5.1 

3-hydroxybenzoic acid  100 5.3 

3-hydroxyphenylacetic acid 10 13.7 

4-hydroxyphenylpropionic acid 50 5.2 

homovanillic acid 10 14.5 

m-coumaric acid 10 10.9 

4-hydroxy-3-methoxy phenylpropionic acid 10 6.2 

3,4-dihydroxybenzoic acid 100 6.7 

3,4-dihydroxyphenylpropionic acid 10 7.2 

3-o-methylgallic acid 100 4.8 

ferulic acid 10 5.7 

4-o-methylgallic acid 20 6.1 

gallic acid 50 5.3 

 

With respect to the re-usability of the sorbent material, all optimisation 

experiments (> 300) were performed without any deterioration effects. However, 

for some compounds, especially when higher concentrations were measured, 

carry-over can be a problem and must be thoroughly investigated. 

2.3.2 Application of the optimised method to a human intervention trial 

The ultimate test of the newly-developed fully automated method is its application 

to a real sample set. Our sample set came from a study in which 30 volunteers 

experienced three single-dose interventions (placebo, wine, tea) and plasma was 

taken at baseline and at nine time points after the intervention. Afterwards, the 

samples were pooled per sampling time point and intervention, resulting in a 

sample set of 30 samples per intervention. These samples were prepared as 

described in Section 2.2 and analysed by the automated ion-pairing MEPS-GC-

MS method combined with in-liner derivatisation. The sample preparation time 

was 20 minutes and the GC analysis time was 35 minutes per sample. The whole 

automated triple extraction/injection procedure was rather long (around 8 min), 

but it could already be started during the GC analysis of the previous sample. QC 

samples were used to verify the stability of the instrument throughout the whole 
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series. Commercial plasma was spiked with the phenolic acids mixture resulting in 

a plasma concentration of 1000 ng/mL. The average repeatability of absolute peak 

areas for these phenolic acids was 15%. Note that these values included sample 

preparation, extraction, derivatisation and injection of the sample, i.e. the whole 

analytical variability and were obtained without correction with an internal 

standard. Table 2.3 gives an overview on the repeatability’s of all phenolic acids 

given in Table 2.1.  

 

Table 2.3 Repeatabiliy’s (in % RSD) of the phenol acids spiked to plasma as quality control 

samples. 

 % RSD 

2,6-dimethoxybenzoic acid 19 

3-hydroxybenzoic acid  9 

3-hydroxyphenylacetic acid 11 

4-hydroxyphenylpropionic acid 12 

homovanillic acid 11 

m-coumaric acid 14 

4-hydroxy-3-methoxy phenylpropionic acid 7 

3,4-dihydroxybenzoic acid 12 

3,4-dihydroxyphenylpropionic acid 28 

3-o-methylgallic acid 31 

ferulic acid 8 

4-o-methylgallic acid 7 

gallic acid 27 

 

The repeatability’s found here are slightly higher than those found during method 

development. Method development did not include the effect of different plasma 

samples, which may explain the difference found here. The plasma study samples 

may have contained extra compounds that influenced the analytical procedure. As 

an average repeatability of 15% was still very acceptable we did not investigate 

this effect further. 

In the human intervention study presented here, the bioavailability of tea and wine 

polyphenols was to be studied. Polyphenols are taken up in the body where they 

are further metabolised to form smaller phenolic acids. Hence, their presence in 

plasma is an indicator for the bioavailability of polyphenols in tea and wine. While 
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it has been suggested that phenolic acids in plasma are present in their conjugated 

forms only [12], we wanted to measure both forms, i.e. measure plasma samples 

with and without the addition of deconjugation enzymes. This was to additionally 

investigate changes in the plasma in other than the polyphenolic compounds. As 

expected, we could not detect any phenolic acids in plasma without the 

deconjugation step. That means that they are indeed not present in their free form 

or that their concentration is below the limit of detection of the method.  

 

Figure 2.5 Total-ion chromatogram of a plasma sample of the tea intervention after enzymatic 

reaction at time point 24 h. 

 

Figure 2.5 shows the chromatogram of the deconjugated sample after 24 h (tea 

intervention). Here, some phenolic acids could be identified. These are marked 

and numbered in the Figure: 3-hydroxybenzoic acid (1), mandelic acid (2), 

homovanillic acid (3), syringic acid (4), 4-hydroxy-3-methoxyphenylpropionic 

acid (5), 4-o-methylgallic acid (6), ferulic acid (7) and caffeic acid (8). Clearly, 

apart from syringic acid, phenolic acids were not the main compounds found in the 
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GC-MS profile (Table 2.4), but the total-ion profile is dominated by fatty acids 

and cholesterol derivatives (putative assignments). 

 

Table 2.4 Tentative assignment of compounds found in the plasma sample at sampling time point 

zero, following the tea intervention. 

 

Compound ID* Time [min] 

Tributylphosphate 13.81 

Reagent 14.43 

Lauric acid 15.73 

Reagent 16.19 

Unknown 16.83 

Unknown fatty acid 17.39 

Myristic acid 18.03 

Unknown fatty acid 19.17 

Unknown fatty acid 19.78 

Palmitic acid 20.04 

Unknown  20.70 

9-E-oleic acid 21.25 

Stearic acid 21.76 

Unknown fatty acid 21.90 

Unknown fatty acid 21.99 

Unknown fatty acid 22.29 

Unknown fatty acid 22.43 

Cholesta-3,5-diene 25.44 

EDTA 26.51 

Cholesterol 26.98 

Cholest-4-en-3-one 27.76 

Unknown  28.28 

 

It is needless to say that much more information is present in the data and 

advanced data-analytical methods are needed to extract that information from this 

complex sample set. 
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2.4 Conclusions 

A new fully-automated method for the analysis of plasma has been presented 

based on MEPS coupled on-line to in-liner derivatisation-GC-MS. TBAH was 

used as the combined ion pairing / derivatisation reagent.  

The optimised method resulted in a good repeatability and sensitivity and allowed 

the analysis of all compounds of interest in a very wide linear range (greater than 

two orders of magnitude). The newly-developed method was capable of analysing 

compounds at low levels even in the presence of other compounds present at high 

concentrations. This has been shown when applying the method to a human 

intervention study. 40 samples were analysed using one MEPS BIN without seeing 

any deterioration of the sorbent material. The samples were analysed within 24 h 

without any human intervention thereby minimising expensive time of the analyst 

as well as human errors. After deconjugation, (low-concentrated) phenolic acids 

could be determined in plasma in the presence of highly-abundant compounds of 

similar chemistry (e.g. fatty acids). 
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Chapter 3 

 

Parameter selection for peak alignment in chromatographic sample 

profiling: Objective quality indicators and use of control samples 
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Summary 

In chromatographic profiling applications, peak alignment is often essential as 

most chromatographic systems exhibit small peak shifts over time. When using 

currently available alignment algorithms, there are several parameters that 

determine the outcome of the alignment process. Selecting the optimum set of 

parameters, however, is not straight-forward and the quality of an alignment result 

is at least partly determined by subjective decisions. 

Here, we demonstrate a new strategy to objectively determine the quality of an 

alignment result. This strategy makes use of a set of control samples that are 

analysed both spiked and non-spiked. With this set, not only the system and the 

method can be checked, but also the quality of the peak alignment can be 

evaluated.  

The developed strategy was tested on a representative metabolomics data set using 

three software packages, namely Markerlynx
TM

, MZmine and MetAlign. The 

results indicate that the method was able to assess and define the quality of an 

alignment process without any subjective interference of the analyst, making the 

method a valuable contribution to the data handling process of chromatography-

based metabolomic data. 
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3.1 Introduction 

Chromatography in combination with mass spectrometry is widely used for the 

analysis of complex samples. Recently, a new way of looking at the obtained 

chromatograms has evolved. Rather than focussing on a limited set of target 

compounds, the whole chromatogram, either as the total ion chromatogram or the 

set of spectra, is considered. The chromatogram is thus treated as a fingerprint of 

the sample. This approach especially gained popularity in metabolic profiling 

where it is often applied to detect new (bio) markers in large data sets by means of 

multivariate analytical techniques. These multivariate techniques require peaks to 

be aligned, meaning that any given compound must be present at exactly the same 

time point in all chromatograms. While the potential of chromatographic 

fingerprinting is undisputed, the choice of a suitable alignment strategy out of the 

algorithms available is not an easy task and represents a major obstruction for 

further acceptance and use of chromatographic profiling.  

The development of alignment strategies has received a great deal of attention in 

recent literature. The most commonly applied approaches make use of warping of 

the (raw) signal [e.g. 1-3], or use algorithms based on matching detected peaks 

[e.g. 4,5]. In the current study, only the latter strategy is investigated. An overview 

on alignment software packages freely or commercially available can be found in 

a recent review by Katajamaa et al. [6]. The problem in using and improving 

published alignment strategies is that not all algorithms are well described. 

Moreover, input parameters usually need to be selected for peak alignment that are 

not always straight-forward to determine.  

Parameters to be set in most software packages can be divided into two groups. 

The first group comprises parameter settings that are instrument-dependent or a 

property of the acquired chromatograms (e.g. maximum output level of the mass 

spectrometer or average chromatographic peak width). The optimum values for 

these settings are easily determined and (usually) constant for all chromatograms 
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of the data set. In contrast, other settings are less objective and must be optimised 

by trial-and-error. These include for example parameters that define real 

chromatographic peaks versus noise or window sizes in which peaks in two 

chromatograms are considered the same. Selecting these parameters correctly is 

not only a time-consuming process; it also involves a decision making by gut 

feeling or experience. So far, little has been published describing options for 

eliminating this subjective nature of parameter selection in data alignment.  

In our opinion, the use of chromatographic profiling and metabolomics also 

requires a new way of assuring a good quality of the data, both during the 

recording and in the alignment step. The quality of data acquisition can be 

assessed by means of control samples. This part of the quality control is similar to 

that in classical target compound analysis, albeit that the test is more critical. 

Especially the condition of retention time stability will be stricter. For the second 

part of quality control testing, i.e. assessing the quality of peak alignment, new 

criteria need to be defined. Whereas one control sample very often suffices for the 

first (chemical) part of the quality control procedure, more samples are needed to 

be able to judge the quality of an alignment operation. Only by using more 

samples from different individuals, the inter-individual variation (resulting in 

differing chromatograms) that might affect the alignment can be taken into 

account. A good alignment result is obtained if all peaks of the same origin are 

aligned, while peaks of different origin are not misaligned. The easiest way to 

check the quality of an alignment process is to use spiked samples of different 

individuals from the trial and monitor the alignment of the spiked compounds. 

Inclusion of the non-spiked analogues in the sample set and comparing the 

chromatograms pair-wise adds additional information on incorrect alignment in 

the other areas of the chromatogram. These regions should be identical in the 

aligned spiked and non-spiked chromatograms. All deviations are false positives 

which might result from not properly aligned peaks or other sources of variation 

due to the chemical analysis. In this way, the settings resulting in the best 
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alignment throughout the entire chromatogram of the set of control samples can be 

determined. Since the control samples are actually samples from the trial, the 

parameter settings resulting in the best alignment of this representative control 

sample set will then also result in the best alignment of the entire sample set.   

In this article, we will discuss a new strategy for the selection of optimum 

parameter settings for data alignment procedures in chromatographic sample 

profiling. We will define two quality indicators that allow an objective judgment 

on what constitutes a good alignment of a given data set. The basis for the 

evaluation is a balanced control sample set containing a given number of real 

samples from the trial analysed both spiked and non-spiked. Several sets of input 

parameters will be evaluated for three different software packages and by means 

of the developed quality indicators the optimum alignment settings are derived.  

 

3.2 Theory  

The quality of data alignment is determined by two factors: i) are spiked 

compounds aligned to the same retention time and ii) are there false positives? 

Both factors can be investigated by comparing the pair of the aligned spiked and 

non-spiked chromatograms of one control sample. Assuming optimal alignment 

and no variation due to the chemical analysis, a residual chromatogram, obtained 

by the subtraction of the aligned non-spiked chromatogram from the aligned 

spiked chromatogram, should only contain peaks resulting from spiked 

compounds. All other peaks are false positives. To establish the values for the two 

quality indicators defined above, a procedure is needed to determine whether a 

peak in the residual chromatogram is a spiked compound or a false positive. A 

schematic representation of the approach is shown in Figure 3.1. The starting point 

of the procedure is the peak list obtained from the given alignment software. 

Inputs for the alignment software were chromatograms of 10 different individuals 

analysed both spiked and non-spiked (see Section 3.3.1 for details) and the set of 
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parameters for peak detection and alignment. The output peak list contains 

intensity values for each detected retention time / mass pair in all chromatograms 

(see Section 3.3.3 for details). Next, for one sample pair (i.e. spiked and non-

spiked) at a time, the residual chromatogram is calculated as described above.  

 

 

Figure 3.1 Schematic overview of the strategy developed to determine the optimum parameter 

settings for peak alignment. 
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Peaks are evaluated in the residual chromatogram according to their intensity, 

starting with the most-intense peak. For each peak, a retention time range is 

defined as the retention time of the maximum ± half a peak width. Since the 

retention times of the spiked compounds are known, it can be determined whether 

the detected peak originates from a spiked compound: only if the previously 

established retention time of one spiked compound falls within this time window, 

the detected peak is considered a potential spike. In a next step, the masses of this 

spike found in the retention time window are compared to the mass spectrum 

(consisting only of the top five masses round to nominal values) of the spiked 

compound: only if three out of five masses of the mass spectrum can be found in 

the mass list of the potential marker, it is considered to originate from this (spiked) 

compound. Otherwise, it is registered as a false positive. If no spiked compound 

can be found in the retention time window of the detected peak, it is registered as a 

false positive as well. The intensities of all detected peaks in the retention time 

window are now set to zero in order for them to not be evaluated again. This 

process is repeated until all 19 spiked compounds are found once in the 

chromatogram or with a maximum of 100 repetitions (selected as five times the 

number of spiked compounds). The number of times this process should be 

repeated also depends on the response level of the spikes. If the intensities are very 

low the number of repetitions might have to be increased. Note that this number is 

only impacted by the computational power and has no impact on the developed 

algorithm. 

The whole process is repeated for all subjects and the mean values of spiked 

compounds and false positives retrieved of all subjects are taken and collected for 

each set of parameter settings. Plotting the residual chromatogram is a rapid 

qualitative method to visually asses the quality of a set of parameters. In contrast, 

calculating the above mentioned two quality indicators is a more quantitative, 

objective measure for the determination of the quality of alignment of a given data 

set and the suitability of the set of input parameters for alignment. 
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3.3 Instrumentation and methods  

3.3.1 Control samples 

The control set was prepared by a random selection of 10 out of 150 urine samples 

from a nutritional intervention study where the bioavailability of polyphenols was 

studied (see ref. [7] for details). The urines of these 10 volunteers were split and 

one part was spiked with a solution of 19 reference compounds. This resulted in 

two groups of samples for the control set: 10 spiked urine samples and 10 “blanks” 

(i.e. non-spiked urine samples). The identities of the 19 reference compounds used 

as spikes are given in Table 3.1, together with their retention times, their 

molecular weight (MW) and the top five mass fragments used as a simplified mass 

spectrum. The reference compounds selected belong to the same compound class 

as the target compounds investigated in the trail. 

 
Table 3.1 Retention times, molecular weight and the five most dominant mass peaks of the 19 

spiked compounds used in this study. 

 
Time 

[min] 
Compound name MW 

[Da] 
Main mass fragments  

[m/z] 

10.18 

11.23 

12.12 

12.61 

13.25 

13.52 

14.14 

14.42 

15.97 

16.27 

16.97 

17.05 

17.13 

17.20 

17.90 

18.72 

18.96 

19.25 

21.17 

m-toluic acid 

3-phenylpropionic acid 

mandelic acid 

salicylic acid 

trans-cinnamic acid 

3-hydroxybenzoic acid 

3-hydroxyphenylacetic acid 

4-hydroxybenzoic acid 

2,3-dihydroxybenzoic acid 

2,6-dihydroxybenzoic acid 

trans-2-hydroxycinnamic acid 

2,4-dihydroxybenzoic acid 

3,4-dihydroxybenzoic acid 

3,5-dihydroxybenzoic acid 

trans-3-hydroxycinnamic acid 

trans-4-hydroxycinnamic acid 

3,4,5-trihydroxybenzoic acid 

2,4,6-trihydroxybenzoic acid 

caffeic acid 

208.1 

222.1 

296.1 

282.1 

220.1 

282.1 

296.1 

282.1 

370.1 

370.1 

308.1 

370.1 

370.1 

370.1 

308.1 

308.1 

458.1 

458.1 

397.1 

65 

75 

73 

73 

75 

73 

73 

73 

73 

73 

73 

73 

73 

73 

73 

73 

73 

73 

73 

91 

91 

147 

91 

103 

193 

147 

193 

75 

75 

147 

147 

193 

75 

203 

219 

75 

75 

75 

119 

104 

163 

135 

131 

223 

164 

223 

147 

147 

161 

281 

281 

147 

219 

249 

281 

147 

219 

193 

207 

179 

147 

161 

267 

281 

267 

193 

267 

293 

355 

355 

355 

293 

293 

443 

355 

381 

208 

222 

253 

267 

205 

282 

296 

282 

355 

355 

308 

370 

370 

370 

308 

308 

458 

443 

396 
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3.3.2 Sample preparation and chromatographic analysis 

Details on the preparation and gas chromatographic (GC) analysis of the samples 

can be found in ref. [7]. In short, the acidified urine samples were extracted three 

times by liquid-liquid extraction using 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 1:20 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 mass 

spectrometer (Waters, Etten-Leur, The Netherlands). 

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

Zwijndrecht, The Netherlands). 

3.3.3 Software packages 

Three software packages for data alignment were used in this study: Markerlynx
TM

 

(an add-in to Masslynx
TM

, Waters (Mass., USA)) [8], MZmine [9] and MetAlign 

[10], the two latter being freely available online. It is not within the scope of this 

article to explain in detail how the software packages work nor is it fully possible 

to give detailed explanations as the real algorithms are not always disclosed by the 

authors. However, they all work by detecting peaks in the retention time / mass – 

plane and distinguishing real (chemical) peaks from noise. These pairs are then 

aligned over all samples. While all three packages were originally designed for 

liquid-chromatographic-mass spectrometric (LC-MS) data sets, their applicability 

to gas chromatographic-mass spectrometric (GC-MS) data should be feasible. 

Nevertheless, one aspect must be taken into consideration. In LC-MS, eluting 

compounds usually only give rise to a molecular ion peak with little 
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fragmentation. In GC-MS, however, stronger fragmentation occurs with electron-

impact ionisation, i.e. one compound is described by several fragments. In the 

peak lists obtained from the software packages, several detected retention time / 

mass pairs thus describe the same compound, which makes data interpretation 

slightly more complicated. 

From their main principles, the three data alignment packages are based upon a 

similar alignment principle.  However, whereas Markerlynx
TM

 and MZmine make 

use of the accurate mass dimension, at least if acquired by the instrument, 

MetAlign rounds to nominal masses. If wanted, the data can then be normalised 

and / or further classification of the samples can be performed. Since all three 

packages include normalisation on a user-defined internal standard, it was opted to 

include the normalisation step in the processing in the software packages. All 

aligned data sets were then exported in the ASCII-format for further processing in 

Matlab 7.1 (The Mathworks, Natick, MA, USA). 

Markerlynx
TM 

The parameters to be set in Markerlynx
TM

 pertain to the peak detection algorithm, 

alignment of detected peaks and the selection of the internal standard. Parameters 

related to peak properties such as peak width or general settings such as the m/z 

range scanned by the mass spectrometer or the retention time window acquired by 

the GC, were set to fixed values. All other parameters were varied one at a time 

resulting in 11 sets of parameters that were evaluated using the procedure 

presented here. 

To allow Markerlynx
TM

 to detect the internal standard, its retention time and mass 

must be specified. In our case, the internal standard eluted at 13.21 +/- 0.05 min 

and its main ion had a mass of 211.1 +/- 0.1 Da. 
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MZmine 

Note that this study was performed using MZmine, v1. To date, MZmine2 is 

available, but it has not been tested for this chapter.  

For peak detection, MZmine requires parameters that define peaks and distinguish 

them from noise. As in Markerlynx
TM

, parameter settings concerning the 

chromatographic behaviour of peaks such as e.g. peak width were not varied 

during the optimisation procedure. For peak alignment, only the (recommended) 

option of the “fast aligner” was tested as the other alignment procedure resulted in 

frequent crashes of the computer. The main parameters to be set here define the 

window, both in the chromatographic and the mass dimension, in which two peaks 

in two chromatograms are considered to be the same.  

The selection of the internal standard must be performed manually in the aligned 

peak list. The requirement is that the retention time / mass pair used for 

normalisation must be present in all samples in order to be used. The retention 

time of the pair used for normalisation was 792.762 s and its m/z value was 

211.107 Da. In MZmine, 13 sets of parameters were evaluated. 

MetAlign 

In MetAlign, instrument-dependent parameters concern the retention time region 

in the chromatogram to consider and the maximum amplitude of the mass 

spectrometer. The values for these parameters were taken from the data acquisition 

software. These parameters were not varied throughout the study. The internal 

standard is defined by its (nominal) mass and its scan number (211 Da and scan 

1082) that can be readily obtained from the chromatograms. For peak detection, 

three parameters are required of which one, the average peak width, was not 

varied as it is rather constant throughout the chromatograms. Two alignment 

strategies can be selected, “rough” or “iterative”, with the latter requiring the user 

to select input parameters for the calculation of the chromatographic shift profiles. 
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In our case, both options were tested and altogether, nine sets of parameters were 

tried in MetAlign. 

3.3.4 Data processing of the aligned data sets  

As described in the experimental section, the control sample set used for the 

evaluation of the parameter sets comprised twenty samples, i.e. ten pairs of a 

spiked urine sample and its non-spiked equivalent (i.e. the 10 sample pairs each 

differ only by the 19 added reference compounds).  

For one set of parameter settings, the data set contains intensity values for all 

detected retention time / mass pairs of the twenty samples. The number of detected 

retention time / mass pairs depends on the peak detection parameters applied and 

varies with varying settings. Depending on the size of the obtained data sets and 

the power of the computer used for the calculations, the data may need to be 

reduced. In our case, it was opted to only allow retention times between 10 min 

and 22 min. This was possible since it was known that all compounds of interest 

elute within this time window. By reducing the data this way, the number of 

detected retention time / mass pairs was between 1,000 and 30,000, depending on 

the software package used and the selected parameter settings. Note that in this 

way, (mis-)alignment at the beginning and the end of the chromatograms was not 

included in the tests. 

 

3.4 Results and discussion 

Proper selection of the input parameters for the alignment software is essential to 

obtain optimum alignment results in chromatographic profiling experiments. Only 

identical peaks should be aligned to the same retention time. Using spiked 

samples, only the correct alignment of the spiked compounds can be investigated. 

While this is important information, all information on the quality of alignment in 

other areas of the chromatogram is missed and the argument on the overall quality 
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of the alignment is less strong. When including the non-spiked samples as well, 

information is obtained on the alignment of the spiked compounds as well as on 

in-correct alignment in other areas.  

The nature of the spiked compounds should be related to the analytical question of 

the sample set. In most cases, one or more classes of compounds are of interest 

(e.g. amino acids or fatty acids). The spikes should be of the same class(es) and 

one should ensure that the intensities vary. This can be done by spiking various 

concentrations or by testing the response factors of the spiked compounds. When 

only high-intense spikes are used the algorithm is not as robust as the quality of 

alignment may decrease for less intense peaks. Another factor that is related to the 

intensity levels is the number of repetitions of the procedure shown in Figure 3.1. 

For our sample set, the two quality indicators were determined repeating the 

procedure until all spiked compounds are found or after 100 repetitions. This 

number was selected as five times the number of spikes. Since the algorithm 

detects peaks according to intensities (starting with the most-intense peak) this 

number might have to be increased in order to ensure that the non-detection of 

low-intense spikes is due to poor alignment and not due to the low intensities.  

The residual chromatogram as defined in Section 3.2 can be a useful tool in 

determining the quality of alignment. If no variation (e.g. from the instrument or 

the sample preparation) is present in the data, a residual chromatogram of one 

subject should only contain retention time / mass pairs originating from the spiked 

components. The optimum parameter settings thus result in a set of residual 

chromatograms containing the maximum number of pairs that originate from the 

spiked compounds, while detecting the lowest number of false positives.  
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Figure 3.2 Parts of the reconstructed chromatograms obtained with two sets of parameter using 

Markerlynx: one set resulting in good peak alignment (A) and one resulting in poor alignment 

(C). The spiked (purple) and non-spiked (black) chromatograms are overlaid in Figs. A and C, 

whereas their respective residual chromatograms are shown in Figs. B and D. These 

representative settings are taken from set 5 and 11 using Markerlynx for peak alignment (see 

Table 3.2 for details). 

 

Figure 3.2 gives an example of a part of the chromatograms reconstructed from the 

aligned peak list of one subject and the resulting residual chromatograms for two 

sets of parameter settings: one resulting in good peak alignment (Figs. 3.2A and 

B) and one set resulting in poor peak alignment (Figs. 3.2C and D). The 

reconstructed chromatograms in Figs. 3.2A and C show an overlay of the spiked 

(purple) and non-spiked (black) samples by plotting the intensity values versus the 

respective retention time. Figs. 3.2B and D represent the respective residual 

chromatograms. Note that only the chromatograms of one sample, spiked and non-

spiked, are shown, whereas for the determination of the number of spikes and false 

positives found, an average of all samples is taken. In case of good alignment (Fig. 
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3.2A and B), the residual chromatogram is dominated by peaks originating from 

spikes. The spikes named A to G in Fig. 3.2A (purple chromatogram) can all be 

found back in the residual chromatogram (3.2B). If the parameter set for peak 

detection and alignment is poor (Figs. 3.2C and D), not all spikes can be identified 

and the number of false positives in the residual chromatogram is higher (see 

Table 3.2). Negative peaks in the residual chromatograms mean that the intensity 

at this retention time was lower in the spiked sample than in the blank. These 

peaks can also be considered as false positives, meaning that the input data for the 

algorithm used to establish the two quality indicators must be investigated as 

absolute values. 

A point of discussion of the proposed strategy remains the window in which 

retention times are included for finding potential markers as well as the criterion 

of having an agreement of three out of five masses between potential marker and 

spiked compound. For our data set, however, these criteria have shown to be 

reasonable. 

3.4.1 Selection of optimum parameter settings in the alignment software 

packages 

For a given software package, the starting values of the parameter settings were 

the ones given by the authors. Parameters that were not instrument or method 

dependent were then systematically varied, resulting in as many data sets as the 

number of times the parameter settings were changed. This resulted in 11 sets for 

Markerlynx
TM

, 13 sets for MZmine and nine sets for MetAlign. 

Table 3.2 gives all sets of parameters used to detect and align peaks in 

Markerlynx
TM

.  For all eleven settings a different number of peaks are detected 

and a varying quality of the alignment is obtained. Evidently the number of 

detected peaks is largely dependent on the noise threshold. Nevertheless, the 

number of detected peaks does not significantly influence the alignment result as a 
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comparable number of spikes are found back and little variation is found for the 

number of false positives found as defined here. 

Varying the parameter “number of retained masses per retention time” (see set 2, 4 

and 5) has little influence on the number of detected peaks, but does strongly 

influence the alignment result: if only very few masses are retained (e.g. five), 

only 3.7 out of 19 spiked compounds are found back on average, compared with 

18.4 when 100 masses are collected (set 5). When the minimum intensity of a 

mass peak to be included is changed from the recommended 1% of the height of 

the base peak to 10% (set 2 and 6), less peaks are detected as expected, but 

unfortunately, also the quality of alignment is tremendously decreased. Using the 

parameter settings of set 6, only 6.9 markers are found on average (in comparison 

to 18 in set 2). Also, more false positives are included. 

For comparison of the peak list obtained for a sample with the detected peaks of 

another (reference) sample, two windows are used: the mass window and the 

retention time window. When the mass window is increased from 0.05 Da to 1 Da 

(set 7, 9, 10), the number of detected markers is decreased, but more importantly, 

many more false positives are included in set 9 and 10. Increasing the retention 

time window from 0.2 to 1, results in only 8.1 markers being found back (see set 9 

and 11). 

Varying the mass tolerance parameter (see set 2, 7 and 8) neither has a great 

influence on peak detection nor on the quality of the alignment, with the 

intermediate value of 0.1 resulting in a slightly better alignment result (18.8 out of 

19 markers found on average versus 18).  
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Table 3.2 Sets of parameters applied in Markerlynx and the number of detected peaks as well as 

number of markers and false positives found.  

 

Settings:  1 2 3 4 5 6 7 8 9 10 11 

Mass tolerance (abs) 0.01 0.01 0.01 0.01 0.01 0.01 0.1 1 0.1 0.1 0.1 

Noise elimination 

level 

1 6 20 6 6 6 6 6 6 6 6 

Number of masses 

per retention time 

50 50 50 5 100 50 50 50 50 50 50 

Minimum intensity 

(%) 

1 1 1 1 1 10 1 1 1 1 1 

Mass window (Da) 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.5 1 0.5 

Retention time 

window [min] 

0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 1 

Number of peaks 13296 4920 2781 2434 2882 1925 4415 4350 2596 2256 1398 

Number of spikes 

found  

18.4 18 18.3 3.7 18.4 6.9 18.8 18.4 17.7 17.8 8.1 

Number of false 

positives 

58.6 70.9 55.7 91 58 93.1 47.1 58.3 82.3 82.2 91.9 

 

The (peak detection and alignment) algorithms in MZmine are more robust and 

only extreme changes from given standard values have a strong influence on the 

alignment result (see Table 3.3). With all markers being found in all settings, the 

number of false positives becomes more important. With most settings it averages 

between 3 and 7 and only for some sets the number increased substantially. This 

was particularly the case when the noise level was set to extreme values or the 

tolerance size for the retention times in the alignment settings was set extensively 

large (e.g. 10% in set 13). An important problem with MZmine is the possible 

misalignment of the internal standard. Since it is a prerequisite that the internal 

standard must be present in all samples with the same retention time / mass pair, 

other less selective ions than the most specific ion may need to be used for 

normalisation or no normalisation on an internal standard may be possible. In our 

case, when the noise level was set too high, the characteristic ion of 211.1 Da 

could not be found in all samples and the second, less-characteristic ion of 73.1 Da 

was used for normalisation for this set. For all other sets, however, the ion of 

211.1 Da could be used. 

 



60 

 

Table 3.3 Sets of parameters applied in MZmine and the number of detected peaks as well as 

number of markers and false positives found. 

 

Settings:  1 2 3 4 5 6 7 8 9 10 11 12 13 

m/z bin 

size (Da) 

0.25 0.25 0.25 1 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25 

Noise 

level 

4 16 0.5 4 4 4 4 50 4 4 4 4 4 

Tolerance 

for m/z 

variation 

(Da) 

 

0.05 

 

0.05 

 

0.05 

 

0.05 

 

0.5 

 

1 

 

0.05 

 

0.5 

 

0.5 

 

0.5 

 

0.5 

 

0.5 

 

0.5 

Tolerance 

for 

intensity 

variation 

(%) 

 

20 

 

20 

 

20 

 

20 

 

20 

 

20 

 

50 

 

20 

 

10 

 

20 

 

20 

 

20 

 

20 

Balance 

between 

m/z and 

tR 

 

10 

 

10 

 

10 

 

10 

 

10 

 

10 

 

10 

 

10 

 

10 

 

40 

 

5 

 

10 

 

10 

m/z 

tolerance 

size 

 

tR 

tolerance 

size (%) 

 

0.2 

 

 

1 

 

0.2 

 

 

1 

 

0.2 

 

 

1 

 

0.2 

 

 

1 

 

0.2 

 

 

1 

 

0.2 

 

 

1 

 

0.2 

 

 

1 

 

0.2 

 

 

1 

 

0.2 

 

 

1 

 

0.2 

 

 

1 

 

0.2 

 

 

1 

 

1 

 

 

1 

 

0.2 

 

 

10 

Number 

of 

variables 

 

7450 

 

4171 

 

8251 

 

7450 

 

7830 

 

8535 

 

7450 

 

1551 

 

6089 

 

6083 

 

6091 

 

5868 

 

5127 

Number 

of spikes 

found  

 

19 

 

19 

 

19 

 

19 

 

19 

 

19 

 

19 

 

18.3 

 

19 

 

19 

 

19 

 

19 

 

18.7 

Number 

of false 

positives 

 

6 

 

13.7 

 

7.1 

 

6 

 

5 

 

5.3 

 

6 

 

55.8 

 

3.8 

 

3.5 

 

4 

 

3.9 

 

51.1 
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Table 3.4 Sets of parameters applied in Metalign and the number of detected peaks as well as 

number of markers and false positives found. 

 

Settings:  1 2 3 4 5 6 7 8 9 

Peak slope 

factor 

1 5 1 1 1 1 1 1 1 

Peak threshold 

factor 

2 2 10 2 2 2 2 2 2 

Regions 100/ 

200 

100/ 

200 

100/ 

200 

10/ 

20 

10/ 

20 

10/ 

20 

10/ 

20 

10/ 

20 

10/ 

20 

Alignment rough rough rough rough it. it. it. it. it. 

Maximum shift 

per 100 scans 

- - - - 40 60 40 40 40 

Minimum factor - - - - 10 / 5 10 / 5 50 / 5 50 / 5 10 / 5 

Minimum 

number of 

masses 

- - - - 4 / 2 4 / 2 4 / 2 8 / 2 8 / 2 

Number of 

variables 

19268 5879 6172 27913 33336 33343 33315 33308 33291 

Number of 

spikes found  

19 19 19 19 19 19 19 19 19 

Number of false 

positives 

7.8 9 7.8 3.2 3.7 3.7 10.4 10.4 3.7 

 

 

In MetAlign (Table 3.4), most parameter settings are defined by the nature of the 

chromatogram or the instrumental method. Varying the peak slope factors or peak 

threshold factors around reasonable values did not change the peak detection and 

alignment outcome. Most influence on the alignment result had the maximum shift 

allowed of the window for peak search. If chosen too high, the number of false 

positives is increasing. Nevertheless, the actual number still is rather low, being 

decreased from around eight to around three when allowing a maximum of 10 to 

20 scans. Varying the other alignment parameters did not change the alignment 

results much with all markers being found and only small changes in the number 

of detected false positives. This is of course only true if varied around reasonable 

values from a chromatographic point of view. 

For our data set, we found that the selection of the parameter settings is rather 

robust for all packages and that slight variations around reasonable values did not 

markedly influence the quality of the alignment. However, it cannot always be 
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predicted from theory which set of parameters will result in optimum alignment of 

the data set and a small set of combinations needs to be evaluated. The assessment 

of around 10 sets of settings should be sufficient to select the optimum parameter 

settings in an objective way. The starting values as proposed by the authors for 

LC-MS data sets were adequate for our data set, even though it was obtained by 

GC-MS. Using the strategy developed here the optimum settings for alignment of 

chromatographic data sets can be obtained in a systematic and objective manner. 

A similar approach might also be applicable to spectroscopic data, though the 

investigation of this was not within the scope of this article.   

When comparing the output of the three packages, MetAlign results in by far the 

largest number of detected peaks, suggesting a lot of noise still being present in 

the data set. Using our defined criteria for analysing the quality of alignment, the 

large number of detected peaks did not negatively influence the end result. On the 

contrary, all markers were detected in all sets of parameters tested and, on average, 

the number of false positives was very low. In Markerlynx, however, this number 

was very large even though the numbers of detected peaks in the various sets are 

limited. In addition, for some sets, only very few markers were found back. The 

number of detected variables could, however, compose a problem for a common 

personal computer and data reduction may need to be applied in order to obtain 

data of a workable size. 

Theoretically, an infinite number of combinations for sets of parameters are 

possible per package. In practice, the computational time to process one set is 

around four to six hours and therefore, the number of sets of parameters that can 

be evaluated is limited. The requirement for user input during the computations 

further restricts the number of sets of parameters that can be assessed. In 

Markerlynx
TM

, the user is only required to enter the values in the beginning and no 

further user input is necessary. For MZmine, first the user needs to load and read 

the data, then define the peak detection parameter and in a third step, align the 

data. If required, the marker for the internal standard must be found and selected 
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manually from the aligned peak list and normalisation is then performed. 

MetAlign first performs baseline correction using a user-defined parameter, which 

is the most time-consuming process. The second step, in which the user has to 

define the internal standard and the alignment parameter, is rather fast.  

 

3.5 Conclusions 

Chromatographic fingerprinting as e.g. used in metabolomic experiments usually 

requires the use of multivariate techniques in order to obtain useful information. 

An important prerequisite in the analysis is that the chromatographic peaks are 

aligned. 

An objective assessment of the quality of an alignment operation can be derived 

from a set of appropriately selected control samples. These control samples are 

routinely analysed within a chromatographic experiment. In contrast to the 

multiple analysis of one control sample as performed in targeted approaches, 

control samples from a representative number of individuals in a trial need to be 

included for this type of quality control. In addition, they must be analysed both 

spiked and non-spiked. The obtained new (control) data set is then used for the 

determination of the optimum values for peak alignment in the respective software 

packages.   

The strategy of investigating the number of retrieved spiked compounds together 

with the number of false positives is a suitable tool to select the settings which 

result in the best alignment of all chromatograms.  
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Chapter 4 
 

 

Development of an algorithm for peak detection in comprehensive two-

dimensional chromatography 
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Summary 

A method for peak detection in two-dimensional chromatography is presented. It 

is based on a traditional peak detection method, developed for one-dimensional 

chromatography. In a second step, a decision tree is applied to decide which one-

dimensional peaks are originated from the same compound and have to be 

'merged' into one two-dimensional peak. To this end, different features of the 

peaks (second-dimension peak regions and second-dimension retention times) are 

compared and different criteria (common peak regions, retention time differences, 

unimodality in the first dimension) are applied. The user controls this decision tree 

by establishing several options and “switches”. Recommendations for the set of 

options and switches are given. The algorithm was tested with GC×GC 

chromatograms obtained for a commercial air-freshener sample, detecting and 

merging the modulated peaks belonging to the same compound. A utility that 

calculates and sums peak areas from merged peaks is added to facilitate automated 

quantification. Although the algorithm was developed for GC×GC, its application to 

comprehensive two-dimensional liquid chromatography (LC×LC) data should at most 

require minor modifications. 
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4.1 Introduction 

Comprehensive two-dimensional chromatography has proven to be a very 

powerful tool for the analysis of complex samples. Two columns, which separate 

the sample according to different properties of the analytes, are connected in 

series. In two-dimensional gas chromatography, the interface between the two 

columns is most commonly a (cryotrapping) modulator that traps the effluent of 

the first column during a given modulation period, focuses it, and then injects it as 

a narrow band into the second column. During the elution of a compound (peak) 

from the first dimension, several short-time analyses are performed in the second 

dimension. This requires the second-dimension analysis to be around two orders of 

magnitude faster than the first-dimension analysis [1]. To achieve this requirement 

in practice, the length and characteristic diameter (column diameter in case of 

open-tubular columns and particle diameter in case of packed columns) of the 

second-dimension column are usually smaller than the one of the first-dimension 

column. 

In comprehensive two-dimensional gas chromatography (GC×GC), the column set 

usually comprises a non-polar and a polar column, which implies firstly a 

separation based predominantly on boiling-point and secondly a separation 

according to polarities. The term ‘orthogonal dimensions’ can be used if the 

separations (retention times) in both columns are fully independent from each 

other [2,3]. In truly orthogonal systems, a significant increase in peak capacity is 

obtained in comparison with traditional (one-dimensional) chromatography, since 

the individual peak capacities of the two columns can be multiplied [2,4,5]. In 

orthogonal systems co-eluting peaks in one dimension are statistically more likely 

to be separated in the other dimension. Due to the increase in peak capacity, more 

peaks can be detected in the two–dimensional space and more-complex samples 

can be analysed. 
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When using contemporary, high-resolution analytical instruments, the translation 

of data into useful information demands the use of computer-assisted data 

processing. This demand does not only exist in the chromatographic field, but also 

in other disciplines of analytical chemistry [6]. When progressing from one-

dimensional to two-dimensional chromatography, the quantity and complexity of 

the data are invariably increased, making computerised data processing even more 

necessary. Unfortunately, methods for data handling in comprehensive two-

dimensional chromatography are still at the basic stages of their development [7]. 

Ideally, such methods should include
 
[8] (i) visualisation of multidimensional data 

(conversion and plotting of the matrix), (ii) data pre-processing (removing 

artefacts and baseline correction), (iii) peak detection, and (iv) peak quantification. 

There are few software packages commercially available that perform all these 

tasks [9]. Most packages involve only step (i) and to the authors’ knowledge, only 

Twee-D [7] and GC Image [8] have been designed to perform all four steps. 

The focus of this paper is on the algorithms for peak detection, i.e. step (iii) above. 

This step implicitly requires a definition of what constitutes a two-dimensional 

chromatographic peak, as well as a robust algorithm able to demarcate it in the 

two-dimensional chromatogram. The only method found in the literature to 

perform this task was the watershed algorithm, adapted for peak detection by 

Reichenbach and co-workers [8]. 

In this paper, a novel approach for peak detection in comprehensive two-

dimensional chromatography is presented. The method is based on conventional 

peak-detection algorithms for one-dimensional chromatography. This is logical 

because comprehensive chromatography involves sequential fast second-

dimension analyses, each of which resembles a single chromatographic run. The 

one-dimensional approach is then adapted for use with comprehensive two-

dimensional chromatography. Although the algorithm was developed for GC×GC, 

its application to comprehensive two-dimensional liquid chromatography (LC×LC) 

data should at most require minor modifications.                                   
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4.2 Theory 

4.2.1 Overview 

A general flow chart of the peak detection 

algorithm is depicted in Figure 4.1. The algorithm 

includes several steps: (i) data folding, (ii) 1D peak 

detection, (iii) two-dimensional peak merging and 

(iv), quantification of the generated 2D peaks. In 

this thesis, 1D and 2D are the abbreviations of one-

dimensional and two-dimensional respectively. The 

primary data generated by a GC×GC or LC×LC 

experiment are the same as in one-dimensional 

chromatography: a two-column matrix is obtained, 

with the first column representing the time and the 

second the corresponding signal. This is simply the 

time-response stream of the detector, which is 

acquired independently of the modulation 

operation of the two-dimensional separation 

system, Since the modulation period and the 

sampling frequency are known, the raw data matrix 

can be converted and re-grouped to form a two-

dimensional matrix (step i above). The column 

indices of the matrix represent the direction of the 

first dimension (
1
D) and the row indices represent 

the signal in each independent second-dimension 

(
2
D) analysis. The matrix resulting from this “data 

folding” can be plotted to yield a typical contour 

diagram (or colour diagram).   

               Figure 4.1 Flow chart of the algorithm developed. 
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One should note that the time axis and the matrix can be created directly if the 

number of experimental data points per unit modulation time is constant. This is 

possible if the inverse of the sampling frequency is an exact multiple of the 

modulation period. Otherwise, interpolation is necessary. 

In this chapter, each signal set that corresponds to a single injection in the second 

dimension column is considered as equivalent to a one-dimensional 

chromatogram. As stated above, this is a single column of the data matrix. In each 

such chromatogram the individual peaks are detected (step ii). As usually, several 

individual peaks in consecutive one-dimensional chromatograms should be due to 

the same compound (ideally at least four) a “peak-merging algorithm” is applied. 

Basically, in this step the algorithm decides which one-dimensional peaks belong 

to the same compound (step iii). All steps will be explained in detail in the 

following sections.   

The 2D peaks obtained after applying step i through iii can then be quantified in 

the fourth step, if required. Each 1D peak belonging to a 2D peak cluster is 

integrated independently and the areas and/or heights of all peaks within a cluster 

are summed automatically. 

 

4.2.2 Peak detection in 1D chromatograms 

Once the data have been arranged in a consistent two-dimensional matrix as 

explained in the previous section, a one-dimensional peak detection algorithm is 

applied to all 1D chromatograms (i.e. to each row of the data matrix). This is done 

by considering the information in each 1D chromatogram independently. 

Accordingly, a 1D peak is defined here in the same manner as in one-dimensional 

chromatography. 

The algorithm for peak detection has been explained elsewhere and only a general 

overview is given here. For further details, see ref. [10]. The process is depicted in 

Figure 4.2. For each 
1
D chromatogram, the first- and the second-order derivatives 

are computed using the Savitzky-Golay algorithm [11]. Figure 4.2A shows the 
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analysis (original signal, first- and the second-order derivatives) performed on the 

1D chromatogram at 
1
tR = 4.47 min, between 

2
tR = 1.67 and 2.3 s. To allow a 

comparison of the three plots on the same scale, the intensity of the signal is 

plotted in pA, the first derivative (pA.s
-1

) is divided by a factor of 1,000 and the 

signal of the second derivative (pA.s
-2

) is divided by a factor of 400,000.  

 

 

Figures 4.2 Measurements for 1D peak detection (A) and schematic "box-dot" representation in a 

two-dimensional chromatographic map (B). In Figure 4.2A, the original signal (black line), first- 

(red line) and second-derivatives (blue line) are shown. Characteristics of this one-dimensional 

peak are indicated: label (1) maximum intensity of the peak, label (2) second-dimension retention 

time, label (3) peak start and label (4) peak end.  

Figure 4.2 B shows the translation of the detected 1D peaks to the 2D chromatogram. The 2D 

peak’s starting point, end point and maximum are also indicated. 
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From the original signal and the first- and the second-order derivatives, several 

properties of the chromatographic peak can be defined, namely (1) the maximum 

peak height, (2) the peak retention time, (3) the peak starting-point and (4) the 

peak end-point (see Fig. 4.2A).  For detecting the peak start and the peak end, two 

thresholds are defined by the user, i.e. Thr0 and Thr1. The first threshold, Thr0, acts as 

a limit for low-concentration compounds. Only peaks with a peak height exceeding 

Thr0 are considered. Note that Thr0 is set as a value above the baseline (e.g. 10 pA 

above baseline) and not as an absolute value. Thr1 is used for determining points (3) 

and (4), which are defined by inspecting the first derivative. The peak starting-point 

(3) is the first point in the first derivative that is above Thr1. The peak end-point (4) is 

the last point of the first derivative that is above -Thr1. One should note that Thr1 is 

especially required if tailing peaks are to be determined. If no significant tailing is 

expected, and the chromatogram could be properly baseline-corrected, Thr1 can be set 

to zero, and the peak start and the peak end is defined when the first derivative 

changes its sign.  However, to the author’s experience, Thr1 should be set slightly 

above zero. In practice, the first derivative often does not reach zero (but only 

approaches it) and a low threshold value accounts for this observation. 

The peak region of each individual peak in one second-dimensional chromatogram is 

defined using the peak start and the peak end. The bottom chromatogram in Figure 

4.2 depicts a schematic representation of 1D peaks in the two-dimensional space. The 

peak regions are depicted as rectangles, and the peak maxima are indicated by a dot. 

For convenience and simplicity, this representation will be used in the remainder of 

this thesis.  

 

4.2.3 Merging 1D peaks into 2D peaks 

After detecting the 1D peaks present in each individual one-dimensional 

chromatogram, an algorithm that merges the 1D peaks into a single '2D cluster' is 

applied. Such a 2D cluster is defined in this chapter as a collection of 1D peaks in 

consecutive 1D chromatograms that have been considered to belong to the same 2D 
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peak, and therefore are merged or associated to form a single object. In this definition, 

the difference between a 2D cluster and a 2D peak is the capacity of the former to 

grow and thereby incorporate more 1D candidate peaks (in further steps of the 

algorithm). When a 2D cluster cannot be extended with more 1D peaks, the 2D peak 

is defined. The merging rules must be defined based on objective criteria. The user 

has control over some parameters that govern these criteria.  Depending on the 

complexity of the sample and the nature of the analyte (e.g., the user may expect more 

or less tailing peaks), these parameters have to be modified in order to optimise the 

result. The peak-merging algorithm follows the scheme presented in Fig. 4.3. As can 

be seen, several criteria are applied consecutively. The algorithm begins by 

considering the first 1D peak in the first second-dimension chromatogram as the first 

2D cluster (with only one element). In a second step, all 1D peaks found in the next 

second-dimension chromatogram are considered as candidates for merging. Two 

criteria are applied to discard (or accept) the merger of these 1D peaks with the first 

2D cluster, namely the overlap criterion and the unimodality criterion. After all these 

steps, there can be zero, one or more peaks left that are acceptable candidates for 

merging. If more than one peak meets the overlap and unimodality criteria, then the 

candidate peak with the second-dimension retention time closest to the previous 1D 

peak (merged in the 2D cluster) is selected for merging. In case only one candidate 

peak is left, this peak is merged with the first peak. If no peak is found as a merger 

candidate for the 2D cluster, then this is considered as a complete 2D peak. If in 

contrast a merging candidate has been selected, the 2D cluster is enlarged and the 

algorithm will consider the peaks found in the following second-dimension 

chromatogram for more merger candidates. When a new 1D peak is not merged with 

a previous cluster, it is considered to be the start of a new 2D cluster. 
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Figure 4.3 General flow chart of the merging procedure of adjacent 1D peaks to form 2D 

clusters. 

 

The overlap criterion 

This criterion examines the degree of overlap of the peak regions of two 1D peaks in 

consecutive second-dimension chromatograms. We define 1D peak A as the last 1D 

peak of the existing 2D cluster and 1D peak B as the candidate 1D peak to merge. 
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The criterion compares the peak region (see Section 4.2.2 for the definition of peak 

region) of 1D peak A and 1D peak B, as pictured schematically in Fig. 4.4.  

 

 

Figure 4.4 Schematic representation of peak regions of adjacent 1D peaks for different cases. The 

"box-dot" representation of Fig. 4.2 is used to depict peaks. 

 

To simplify the visualisation, the peak regions are represented as rectangles with a dot 

as the peak’s maxima as defined in Figure 4.2 (Section 4.2.2). A ratio of overlap is 

calculated by dividing the length of the region where the two peaks overlap by the 

width of 1D peak A in the second dimension (length of the peak region). Depending 

on the adjacent peak regions considered, five different situations can be distinguished 

(Fig. 4.4):  

 

a. Both peaks start and end at the same 
2
D retention times 

b. Peak A starts later than peak B and it also ends later 

c. Peak B starts later than peak A and it also ends later 

d. Peak B starts later than peak A, but it ends earlier 

e. Peak A starts later than peak B, but it ends earlier 

 

Note that detected peak widths in the second dimension can also vary in adjacent 

chromatograms, based on the relative amounts of solute introduced into the 
2
D 

column (and not due to polarity changes). The ratio of overlap, OV, is calculated 
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according to 
a

b
OV =  with b being the peak region of the candidate peak (1D peak B) 

that is overlapped with the peak region of the 1D peak A and a being the peak region 

of peak A. OV can also be given as a percentage, i.e. OV [%] = OV×100. A 

threshold, ThrOV, is then selected by the user. If OV is greater than ThrOV, the 

candidate 1D peak B is accepted to be subjected to the next criteria; if not, this 

candidate peak is rejected and the algorithm proceeds to the next candidate 1D peak. 

Cases (d) and (e) are special cases as in each case one of the peaks is incorporated in 

the peak region of the other peak. In both cases, the candidate peak B is always 

accepted.  

In GC×GC, the peak regions of adjacent 1D peaks should in principle obey the 

trend as pictured in Fig. 4.4B due to the increase in temperature between 

successive second-dimension chromatograms. In practice, however, the peak 

regions may show all variations described in Fig. 4.4. This is because a 

comprehensive GC system cannot be ideally controlled. The data treatment should 

be able to deal with acceptable variations. There are several operational reasons 

that can result in variations of the second dimension retention times: 

- concentration-dependent retention (and peak shape) due to non-linear 

distribution isotherms 

- non-instantaneous re-injection of the focussed peak into the second-

dimension column 

- non-consistent cooling of the cryotrap zone/ heating of the zone. 

- inaccurate timing control of each modulated release 

- non-uniform temperature programme or GC oven heating zones  

 

The unimodality criterion 

The 1D peaks that met the criterion explained in the previous section are then 

tested against the next criterion (unimodality). To apply this criterion, the signal 

obtained by plotting the intensities at the maxima of a 2D cluster (i.e., the "peak-
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maxima profile") has to be considered. One should note that this peak-maxima 

profile represents the chromatographic peak profile in the first dimension. 

Therefore, it should only show one maximum. In other words, the peak should be 

unimodal. In Figure 4.5, the peak-maxima profiles of the two circled 2D clusters 

in Fig. 4.5A are depicted in Figs. 4.5B. In these figures, the pink dots shown in 

Fig. 4.5A are shown with the first-dimension retention time (
1
tR) still on the 

horizontal axis, but the y-axis now represents the signal intensity. The blue dots 

represent interpolated points, the origin of which is explained below.  

 

Figure 4.5 GC×GC-FID chromatogram of air-freshener sample (A) and peak-maxima profiles of 

labelled clusters (B top and bottom). In B, purple dots represent the experimental peak-maxima 

profile, whereas interpolated points are represented as blue dots. The top figure in B corresponds 

to cluster 1 in A; the bottom figure corresponds to cluster 2. 

 

Due to the limited number of modulation cycles per one-dimensional run, the 

number of data points available in the first dimension is limited (i.e. the data 

density is low, typically 4 or 5 points per first-dimension peak), which results in a 

poor representation of the "peak-maxima profile". Fortunately, the data contained 

in the second dimension can be used to supplement the information on the first-
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dimension peak. In the second dimension the data acquisition rate is much (two 

orders of magnitude or more) higher than in the first dimension, so that more 

information is obtained in this direction. Part of this information is used to enrich 

the information in the peak-maxima profile.  

We want to interpolate the signal between peak maxima labelled as “j” and “k” in 

Fig. 4.5A. First- and second-dimension retention times for those two peaks are 
1
tR 

= 4.53 and 
1
tR = 4.60 min, and 

2
tR = 0.04 and 

2
tR = 0.039 min (corresponding to 2.4 

and 2.34 s), respectively. Taking into account the data-acquisition frequency at 

which the signal is collected, six points can be found between 0.039 and 0.04 min 

in the y-axis. However, as peaks “j” and “k” are found in consecutive second-

dimension injections, no points are found in between 4.53 and 4.60 min (x-axis). 

Information of the extra points in the y-axis (obtained at both 
1
tR = 4.53 and 

1
tR = 

4.60) is used to interpolate the signal in the x-axis. Suppose for example that we 

want to interpolate the signal at 
1
tR=4.532 min, which corresponds to 

2
tR=0.0394 

min if one draws a line between “j” and “k”. Consider hj and hk the intensities at 

1
tR = 4.53 and 

1
tR = 4.60, respectively, both obtained at the same second-

dimensional retention time (
2
tR=0.0394). The interpolated peak height at 

1
tR = 

4.532 min is calculated as follows:  

( ) ( )

( ) ( ) kj

jkkj

kj

kkjj

dd

dhdh

dd

dhdh
h

+

+
=

+

+
=

11

11
int       Eq. 1 

where dj and dk are the time differences (in x-axis units) of the interpolated point 

to points j and k, respectively (in this case this yields dj = 4.532-4.53 and dk=4.60-

4.532). If this operation is repeated for all the points collected in the second-

dimension axis (6 points in our example), an interpolated signal (blue points in 

Figs. 4.5B) is obtained.  

The unimodality criterion works by monitoring the peak-maxima profile. With 

increasing first-dimension retention times, if a maximum has already been 

detected (labelled b Fig. 4.5B, top), only candidate peaks with decreasing 

intensities can be accepted. If in this situation the intensity of the maximum of the 
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candidate peak is greater, the previous 2D cluster is considered complete and a 

new cluster is started. It can be seen in the figure that, because of the unimodality 

criterion, the 2D peak is split at 
1
tR ≈ 4.05 min (between 1D peaks c and d). 

Whether 1D peak d is considered as the final peak of the first 2D cluster or as the 

first peak of the next 2D cluster depends on the difference in the second dimension 

retention times (
2
tR). This part will be explained below (Closest maximum). The 

comparison of results when either the peak-maxima profile or the interpolated 

peak-maxima profile is considered will be discussed in Section 4.4. 

 

Closest maximum 

After applying the overlap and unimodality criterion, there may still be more than 

one 1D peak which qualifies to be merged with an existing 2D cluster. This is 

because more than one peak has been detected at the same first dimension 

retention time. In that case, the second-dimension retention times (
2
tR) of the 1D 

peak candidates are compared. The candidate closest to the last 1D peak in the 2D 

cluster will be selected. 

 

4.2.4 Direction of merging 

The procedure and criteria described in Sections 4.2.3 can be applied in two ways: 

i.e. (i) from the left to the right in the chromatogram (in the direction of increasing 

first-dimension retention times) or (ii) from the right to the left in the 

chromatogram (decreasing first-dimension retention times). Case (ii) means a 

slight modification of the flow-chart depicted in Fig. 4.3: the "initial peak" is the 

last peak in the list of 1D peaks, and the peaks considered for candidate peaks in 

the next 
1
D chromatogram are found making Cnext=Cini-1. It is possible that the 

results obtained in case (i) differ from the results obtained in case (ii). As there is 

no compelling reason to follow either direction, we should take both results into 

account. Therefore, the algorithm presented in this work performs peak clustering 

in both directions - methods (i) and (ii). In a second step, the resulting peak 
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clusters are compared, and the best results from both methods (i) and (ii) are 

selected. This is done in the following way. Suppose that a certain clustering 

(configuration A) has been obtained using method (i, increasing 
1
tR) and a 

different result (configuration B) has been obtained using method (ii, decreasing 

1
tR). It can be demonstrated that the chromatogram can be divided into 

independent regions. A “region” in a chromatogram is defined as a group of 2D 

peaks in which a change from configuration A to configuration B does not require 

a change in the configuration of the 2D clusters found in other regions of the 

chromatogram. Therefore, either configuration A or B can be selected in each 

region independently, without affecting the remaining results of other regions. 

The algorithm selects the best configuration (A or B) in each region. This “best 

configuration” for each region is selected in such a way that the differences in the 

second-dimension retention times for merged peaks within each 2D peak are 

minimal. This is calculated as follows: in the first step, the mean of the differences 

in second dimension retention times are calculated for each 2D peak within an 

independent region. In a second step, the mean of these mean differences is 

calculated. For this computation, only those 2D peaks that include more than one 

1D peak are considered. The same value is calculated for both configurations: left 

to right and right to left. The configuration giving rise to the lowest retention time 

differences is considered to be the "best configuration" for this particular region. 

The algorithm applies this criterion to all regions. Normally, the final result is a 

mixture of A and B configurations. 

Fig. 4.6 depicts an example of the result obtained by mixing both configurations 

for a sample of air-freshener (see ‘4.3 Experimental’ for sample description and 

parameter settings).  
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Figure 4.6  GC×GC-FID chromatogram of air-freshener sample. The two indicated regions are 

enlarged in Figure 4.7. 

 

Two enlarged zones are depicted in a separate figure. Figs. 4.7A and B depict the 

enlarged zone of region 1. Fig. 4.7A shows the merged peaks according to the 

right-to-left method (decreasing 
1
tR) and 4.7B shows the merged peaks according 

to the left-to-right method (increasing 
1
tR). Similarly, Figs. 4.7C and D depict the 

other enlarged zone (region 2) in Fig. 4.6 (Fig. 4.7C corresponds to the right-to-

left method and Fig. 4.7D corresponds to the left-to-right method). In region 1, the 

differences in second-dimension retention times of the merged peaks were lower 

in the left-to-right method, so this configuration (Fig. 4.7B) was selected. In region 

2, the right-to-left method (Fig. 4.7C) proved better. 
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Figure 4.7 Results of the right-to-left (A and C) and left-to-right (B and D) merging criteria when 

applied to region 1 (A and B) and region 2 (C and D) of the chromatogram depicted in Figure 4.6. 
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4.2.5 Quantification of the generated 2D peaks 

The generated software also includes an integration tool, which allows the user to 

quantify the target analyte(s). As explained in the previous sections, each 2D peak 

contains several 1D peaks. These 1D peaks are integrated in a first step according 

to the trapezoidal method and then summed to yield the overall area of the 2D 

peak.  

 

Figure 4.8 (B) shows the intensity versus the second-dimension retention time at 
1
tR = 6.4 min in 

Fig. A. Two methods of integration methods for overlapping peaks are shown in Fig. C and D. 

 

The peak area of a 1D peak can be calculated in two ways, as depicted in Figs. 

4.8C and D. Fig. 4.8B is the second-dimension chromatogram at 
1
tR = 6.4 min of 

the chromatogram of the air-freshener sample shown in Figure 4.8A. As can be 
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seen, the two peaks are not well resolved. The area for peak 1 in Fig. 4.8B can be 

calculated by integrating the area under the curve from the peak start to the point 

where the two partly overlapping peaks are split (Fig. 4.8C). The alternative 

method is to subtract the area under the line connecting the peak start and the peak 

valley (named a in Fig. 4.8D) from the total area under the curve as calculated in 

the first method. Both methods can also be applied to peak 2.  

For the purpose of further testing the methods, both ways of calculating the peak 

areas were applied to a standard mixture of n-alkanes, ranging from C14 to C22 

and to an air-freshener sample, to which the alkane mixture was added to yield 

concentrations of 200 mg/L for each alkane. For all standards and samples, C16 

was chosen as an internal standard. The results obtained for n-alkanes C19 to C22 

were compared with the result obtained by ChemStation (Agilent) (see Section 

4.4).  

 

4.3 Experimental 

4.3.1 Chemicals 

An air-freshener was bought locally and used in this study. The air freshener was 

diluted 1:100 in hexane and injected directly. 

The alkane standard mixture (Sigma Aldrich) containing n-alkanes ranging from 

C16 to C22 was prepared by diluting a stock solution, yielding concentrations 

ranging from 50 mg/L to 1000 mg/L.  

The air-freshener was spiked with the alkane mixture, yielding concentrations for 

each n-alkane of 200 mg/L (sample A) or 500 mg/L (sample B) and then diluted 

1:100 in n-hexane.  

 

4.3.2 Instrumentation 

The instrument used in this study was an Agilent Model 6890 gas chromatograph 

(Agilent Technologies, Burwood, Australia) with a flame-ionisation detection 

(FID) system (operated at 100 Hz data-acquisition frequency). The GC was 
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retrofitted with a longitudinally modulated cryogenic system (Everest Model, 

Chromatography Concepts, Doncaster, Australia). Both instrument and method 

were the same for the air-freshener sample and the analysis of the alkane standard 

mixture. 

The column set for the air-freshener sample included a low-polarity BPX5 first-

dimension column   (30 m x 0.25 mm; 0.25 µm film thickness) and a more polar 

BPX50 second-dimension column (1 m x 0.1 mm; 0.1 µm film thickness). Both 

columns were from SGE International (Ringwood, Australia). 

A modulation period of 4 s was applied for all analyses and the cryogenic trap was 

set to -10ºC. 

The GC system was operated under temperature-programmed conditions from 90 

ºC to 250ºC (15 min) at 3 ºC/min and hydrogen was used as the carrier gas at a 

flow rate of 1 mL/min. A split injection (20:1) was applied with an injection 

volume of 1 µL. 

 

4.3.3 Software 

The instrument was controlled by the ChemStation software Rev.A.09.01 [1206] 

(Agilent, Waldbronn, Germany) and data treatment was performed by home-built 

routines, written in MATLAB 6.5 (The Mathworks, Natick, MA, USA). The raw 

data obtained by the GC×GC system can be exported from the instrument software 

in comma-separated values format (*.csv) and then processed with the developed 

program. 

 

4.4 Results and discussion 

The performance of the algorithm was tested on chromatograms obtained for the 

air- freshener sample. The optimal parameter settings for the sample are described 

in Table 4.1. Setting the right parameters requires some chromatographic 

experience or knowledge about the sample or target analyte(s).  
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Table 4.1 Optimal parameter for the air-freshener sample. 

 Air-freshener 

Thr0 10 

Thr1 2 

Ratio of overlap, 

ThrOV 
0.2 

Unimodality option 1 

 

Concerning peak detection (Section 4.2.2), the algorithm proved able to detect the 

individual peaks. The number of detected peaks varied with Thr0. The lower Thr0, 

the more peaks were detected. For this sample, setting Thr0 = 10 pA gave a 

reasonable result. If it was chosen lower, too much noise was detected as peaks. 

As in conventional, one-dimensional chromatography, setting the correct threshold 

can sometimes be problematic, especially if peaks with low intensities have to be 

detected. In these cases, a trial-and-error approach for optimising Thr0 is 

recommended. The user has the opportunity to inspect the overlapped second 

dimension chromatograms. In these chromatograms, the signal intensities are 

plotted against the first dimension retention time. This type of plot simplifies 

setting the right Thr0 for peak detection. An alternative can be to define Thr0 as a 

function of the noise. This alternative can be useful if the user have no prior 

knowledge on the intensities of the peaks of interest. As this was not the case, Thr0 

and Thr1 were selected manually by the user. Thr1 was set at 2 pA.s
-1

,
 
which is a 

reasonable value when no strong peak tailing is expected. For our sample, setting 

Thr1 to either 2 pA.s
-1

 or 0.2 pA.s
-1

 did not significantly change the result of the 

merging procedure. However, setting it equal to zero is not recommended, because 

the peak regions become too large and the merging process may be jeopardised.  

Concerning the ratios of overlap, different ThrOV values (see Section 4.2.3) were 

tested for the air-freshener sample. It was found that a slight variation in ThrOV did 

not significantly change the merging results. For example, no changes were found 

when ThrOV was varied between 10% and 30%. Fig. 4.9 compares the results 

found with different ThrOV values. Differences were significant when ThrOV was 

set to 80% (B) instead of 20% (A); peaks were not correctly merged with ThrOV 
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set at 80%. In the authors’ experience, a good recommendation is to use a ThrOV 

value of about 20%. Nevertheless, considering the experimental conditions, this 

2D peak is quite broad and one should inject a standard to verify the merging of 

the correct 1D peaks. Obviously, the lower the extent of overlap required merging 

peaks, the more individual peaks are merged into 2D clusters. 

 

Figure 4.9 Resulting GC×GC-FID chromatograms if different thresholds of overlap (ThrOV) are 

chosen: The left figure (A) corresponds to ThrOV = 20% and the right figure (B) to ThrOV = 80%. 

 

The unimodality criterion (see Section 4.2.3) was tested and the results obtained 

from using both sub-options (either considering interpolated peak-maxima or not) 

were compared. Clearly, including the interpolated points will result in splitting 

more 2D clusters, as the chance is greater that an increase in the intensities of the 

peak-maxima profile will be found. Completely disregarding the unimodality 

option may be considered if the target peak is distorted; the use of the unimodality 

option might result in splitting a grossly deformed peak. The peak-maxima profile 

of a poorly shaped 2D cluster may contain some variation in the intensities of the 

peak-maxima profile; however, knowing that one 2D cluster is described requires 

the program to have the capability to not split this peak. Fig. 4.10 shows the 

different merging results for two groups of 2D clusters using a threshold of 

overlap of 20%. In Fig. 4.10A, no unimodality option was applied and 
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consequently all individual peaks in 

consecutive chromatograms were merged. 

The chromatographer, however, expects 

the two peaks of group 1 to be split. In 

Figs. 4.10B and C the unimodality option 

was applied, selecting either of the sub-

options (disregarding the interpolated 

points – Fig.4.10B – and including the 

interpolated points – Fig.4.10C). If only 

the intensities of the maxima are 

considered, some information may be lost 

and candidate peaks can be incorrectly 

merged (false mergers of different 

compounds). On the other hand, 

interpolated points might not describe the 

real first-dimension chromatogram 

correctly and this may result in false 

splitting of peaks that are due to the same 

compound. As for the compounds in Fig. 

4.10, it was found that considering the 

unimodality and disregarding interpolation 

gave the best results.  

Figure 4.10 Comparison of the results 

obtained using the peak merging 

algorithm with different options of 

unimodality. A, unimodality option 

disabled; B, unimodality option enabled, 

no interpolation; C, unimodality option 

enabled and interpolation used between 

data points. 
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In our experience, this is the case for most samples and we propose selecting the 

unimodality option without interpolation points as a first option. The merging 

results depicted in Fig. 4.10B and C can be explained by inspecting the peak-

maxima profiles with and without including the interpolated points as illustrated in 

Fig. 4.5. Fig. 4.5B (top) shows the peak-maxima profile (purple dots) and the 

interpolated points between the maxima (blue dots) of the first group of the 2D 

cluster circled in Fig. 4.5A. For these two 2D clusters it does not matter whether 

the interpolated points are considered or not, as they do not add an extra minimum 

to the profile. Hence, the algorithm (as shown in Fig. 4.10B) splits the two 2D 

clusters due to the application of the unimodality criterion, independent of whether 

the interpolated points are included or not. For the second 2D cluster circled in 

Fig. 4.5A, however, different merging results are obtained when applying the 

unimodality option with and without including the interpolated points. This can be 

explained by inspecting the peak-maxima profile of that 2D cluster (Fig. 4.5B, 

bottom); the interpolated points clearly show a minimum between the peak 

maxima j and k and therefore, the 2D peak that is connected in Fig. 4.10B is split 

in Fig. 4.10C. 

As discussed in Section 4.2.3, the second-dimension retention times of the 1D 

peaks merged to form this 2D peak may vary irregularly and, hence, each 2D peak 

may contain slightly varying second-dimension retention times. In practice, only 

one value for 
2
tR is given, usually that of the 2D peak maximum. If the 

2
tR values 

of a 2D peak are similar or equal to the modulation period, the variation of the 

second dimension retention times may cause the 2D peak to be split and appear at 

the top and at the bottom of the 2D chromatogram (i.e. in the contour plot). The 

algorithm will still detect and merge the 
1
D peaks correctly. However, to simplify 

visualisation, a shift of the chromatogram by, for example, half of the modulation 

period will re-combine the split peak and allow an easier assignment and possible 

quantification of the 2D peak.   
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When plotting the original data (string of chromatograms) versus time, the 1D 

peaks belonging to the same 2D cluster must occur at regular intervals equal to the 

modulation period and must show the same peak shape. An additional criterion to 

obtain the correct merging result may be to only allow a certain variation from this 

difference in retention time (e.g. one standard deviation of the peak width) or to 

test for the similarity of the peak shapes of adjacent (merger-candidate) peaks.  

The different quantification methods as described in Section 4.2.5 were applied to 

the alkane standard mixture and to the two air-freshener samples spiked with n-

alkanes (at a concentration of 200 mg/L and 500 mg/L), using C16 as internal 

standard  (see Section 4.3 for further description of samples A and B). C21 was 

excluded in all calculations, since the quantification result differs significantly 

from the rest. The reason for that is not important at this stage as the aim of this 

study was only to introduce the quantification algorithm and compare it with the 

results obtained by the commonly used ChemStation software. ChemStation 

shows the unfolded chromatogram with the modulated 1D peaks. For 

quantification, the analyst first must decide which 1D peaks correspond to the 

same 2D peak and then (manually) integrate and sum those 1D peaks. 

The quantification result using the first method (Fig. 4.8C) for both samples are 

given in Tables 4.2 and 4.3. This method was chosen since no significant overlap 

of the n-alkanes with other components in the sample was expected. The values 

were calculated using calibration standards ranging from 50 mg/L to 500 mg/L. 

The corresponding regression factors are also given. 

 

Table 4.2 Quantification results for samples A and B obtained by the developed algorithm. 

 
Concentration 

sample A,inj 1 

Concentration 

sampleA, inj 2 

Concentration  

sample B,inj 1 

Concentration 

sample B,inj 2 

Regression 

factor R
2
 

C17 202.52 202.05 508.75 508.41 0.9998 

C18 202.40 202.02 508.55 507.91 0.9998 

C19 202.35 201.71 500.31 499.37 0.9986 

C20 204.13 203.16 509.41 509.41 0.9995 

C22 202.24 201.55 503.23 503.23 0.9993 
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Table 4.3 Quantification results for samples A and B obtained by ChemStation. 

 
Concentration 

sample A, inj1 

Concentration 

sampleA, inj 2 

Concentration 

sample B,inj 1 

Concentration 

sample B,inj 2 

Regression 

factor R
2
 

C17 212.47 212.05 523.72 523.34 0.9999 

C18 203.61 203.44 511.00 508.45 0.9998 

C19 202.08 201.67 504.73 504.25 0.9993 

C20 203.74 203.13 508.07 506.73 0.9993 

C22 201.99 200.99 502.57 501.10 0.9992 

 

Table 4.4 Relative standard deviations (RSD) in percentage for sample A and B calculated for 

both algorithms applied (our algorithm and ChemStation). 
 

 
RSD-value [%], 

ChemStation software 

RSD-value [%], developed 

algorithm 

Sample A 2.16 0.35 

Sample B 1.66 0.81 

 

Table 4.2 shows the results obtained by quantifying the samples using the 

developed algorithm and Table 4.3 shows the results obtained by using the 

ChemStation software. Both methods give comparable results and have RSD -

values lower than 3% with the developed algorithm yielding slightly lower values 

(see Table 4.4). The relative standard deviations were calculated by computing 

first the average of both injections, and then calculating the standard deviation 

over all alkanes for each sample (A and B). 

 

4.5 Conclusions 

Algorithms to detect peaks and quantify peaks in comprehensive two-dimensional 

gas chromatography are of great importance for the successful proliferation and 

implementation of this family of techniques. In the present study, an algorithm 

based on conventional peak-detection routines for one-dimensional 

chromatography was adapted to detect and construct peaks in two-dimensional 

chromatography. In comprehensive two-dimensional chromatography, the 

modulation process divides the chromatographic peak in the first dimension into a 

collection of peaks in consecutive second-dimension chromatograms. The kernel 
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of the algorithm is to decide when the peaks detected in these fast one-dimensional 

chromatograms originate from the same compound, and therefore should be 

merged into a single object (a 2D peak). Obviously, problems may arise when 

closely-eluting peaks are to be assigned. This is especially troublesome when there 

is no valley (and only a shoulder) between the two co-eluting peaks in both 

separation dimensions. This is because the method presented here makes use of 

the first derivatives. In this case, the injection of standards might help and/or peak 

deconvolution procedures may be applied. The latter is especially (or particularly) 

recommended when a multichannel detector (e.g. MS) is present. However, as this 

study was performed using a flame-ionisation detection system, deconvolution 

techniques were not discussed.  

The two thresholds used for 1D peak detection are manually selected. If chosen 

appropriately, they will result in the correct description of the 1D peaks. Broad 

ranges of the two criteria were found applicable in the present work, which implies 

that there is a great deal of tolerance in selecting appropriate values. 

Several criteria have been developed for peak merging, viz. the overlap ratio and 

the unimodality criterion. The first criterion compares the peak regions in the 

second dimension that are shared for adjacent (consecutive) peaks. The higher the 

degree of overlap, the greater is the possibility that both peaks belong to the same 

compound. The second criterion is based on the fact that the peak-maxima profile 

in the first dimension should only show one maximum. Both criteria are controlled 

by (user-modified) options. The threshold of overlap (ThrOV) and the unimodality 

criterion (that can be applied with different sub-options) have been demonstrated 

to be suitable criteria for correctly merging 1D peaks into a 2D cluster. For the 

sample studied here all compounds were clustered correctly. It could be shown 

that only little trial-and-error optimisation will usually lead to the correct threshold 

values and therefore the correct determination of the sample. Nevertheless, 

chromatographic experience, knowledge of the sample and target analyte(s) and 

good resolution will simplify this optimisation procedure. 
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The software also allows variations in the merging procedure, and it allows the 

user to manually merge and split peaks if required.  

It could also be shown that the developed algorithm is able to quantify 2D peaks 

correctly, yielding RSD -values that are at least as good as those obtained with the 

commonly applied ChemStation software. In addition, the routine does not require 

any user input and is therefore much faster and easier to handle. This is especially 

the case if many target peaks are to be quantified.  
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Chapter 5 
 

 

A new method for the automated selection of the number of 

components for deconvolving overlapping chromatographic 

peaks 
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Summary 

Mathematical deconvolution methods can separate co-eluting peaks in samples for 

which (chromatographic) separation fail. However, these methods often heavily 

rely on manual user-input and interpretation. This is not only time-consuming but 

also error-prone and automation is needed if such methods are to be applied in a 

routine manner.  

One major hurdle when automating deconvolution methods is the selection of the 

correct number of components used for building the model. We propose a new 

method for the automatic determination of the optimum number of components 

when applying multivariate curve resolution (MCR) to comprehensive two-

dimensional gas chromatography-mass spectrometry (GC×GC-MS) data. It is 

based on a two-fold cross-validation scheme. The obtained overall cross-validation 

error decreases when adding components and increases again once over-fitting of 

the data starts to occur. The turning point indicates that the optimum number of 

components has been reached. Overall, the method is at least as good as and 

sometimes superior to the inspection of the eigenvalues when performing singular-

value decomposition. However, its strong point is that it can be fully automated 

and it is thus more efficient and less prone to subjective interpretation. The 

developed method has been applied to two different-sized regions in a GC×GC-

MS chromatogram. In both regions, the cross-validation scheme resulted in 

selecting the correct number of components for applying MCR. The pure 

concentration and mass spectral profiles obtained can then be used for 

identification and/or quantification of the compounds. While the method has been 

developed for applying MCR to GC×GC-MS data, a transfer to other 

deconvolution methods and other analytical systems should only require minor 

modifications. 
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5.1 Introduction 

In the field of separation sciences, the development of two-dimensional 

chromatographic techniques such as comprehensive two-dimensional gas 

chromatography (GC×GC) or liquid chromatography (LC×LC) is the most 

important improvement made in recent years. In these methods, the peak capacity 

is increased by around one order of magnitude in comparison to one-dimensional 

systems. This increased separation power allows the analysis of mixtures to a 

detail not possible in the past. For complex samples, however, in spite of the high 

peak capacities, there is still a significant chance that not all compounds will be 

separated from each other, as has been demonstrated by Davis [1]. In such 

situations, the use of mass spectrometry as a detection system may help isolating 

the profiles of co-eluting compounds as it provides another separation dimension. 

Nevertheless, co-elution still represents a major hurdle in the identification of 

unknowns in complex mixtures.  

If a true (chemical) separation is not possible the mathematical deconvolution of 

the profiles represents an alternative to deal with partial co-elution. There are 

several chemometric techniques that deal with the problem of deconvolution for 

tri-linear data (such as e.g. GC×GC-MS data). The most important ones are the 

generalized rank annihilation method (GRAM) [2], parallel factor analysis 

(PARAFAC) [3] and multivariate curve resolution (MCR) [4]. All of them have 

their own advantages and also suffer from their own limitations. In our case, we 

have selected the MCR-alternating least squares (ALS) algorithm. However, the 

proposed cross-validation approach could be adapted to the other methods. 

In one-dimensional chromatography, automated deconvolution is not new. The 

‘Automated Mass Spectral Deconvolution and Identification System’ (AMDIS) 

[5] from the National Institute of Standards and Technology is a widely-used 

deconvolution software that is often already embedded in instrument software. 

However, to the authors knowledge, no transfer to two-dimensional 
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chromatography has yet been made. The major hurdle when automating 

deconvolution methods is that most methods require the input of the number of 

chemical compounds expected in the mixture. This number corresponds to the 

number of mathematical components used for creating a deconvolution model of 

the data. The solution often is to gradually increase the number of components and 

manually check the results for their model’s validity. For target-compound 

analysis, this is rather easy as the obtained spectra using a number of components 

increasing from one to n can be compared to existing library spectra of the known 

compounds. This method has been used, for example, by Parastar et al. [4] or 

Hoggard et al. [6]. For profiling applications however, the decision on when to 

stop adding components is less straight-forward. One attempt has been made by 

the latter-mentioned group [7]. In that paper, Hoggard et al. compare the obtained 

pure spectra using one to n components in a non-target region. The optimum 

number of components is detected when going from n to n+1 components results 

in the same spectra. In this case, an added component will just describe departures 

from bi-linearity (due to, for example, matrix effects). Other methods for 

determining the optimum number of components in a (semi-) automated way, 

although not applied to GC×GC-MS data, have been presented by Vivó-Truyols et 

al. [8] and Jellema et al. [9]. In the former, the structure of the residuals is 

investigated, looking to situations in which non-structured noise is obtained 

(which is a sign that the correct number of components has been detected). The 

latter method is based on singular-value decomposition, a technique that has also 

been frequently applied by other groups [e.g. 10, 11].  

In this work we demonstrate a new method for the automatic determination of the 

optimum number of components used in the MCR-ALS algorithm. We propose a 

cross-validation strategy in which the obtained overall error of cross-validation 

can then be used to determine the optimum number of components. The aim is to 

construct a simple and reliable method that can be the base of a curve-resolution 
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strategy. The new method is illustrated on a smaller and a larger region of a 

GC×GC-MS chromatogram. 

5.2 Theory 

5.2.1 Unfolding the data 

A GC×GC-MS apparatus is a third-order instrument [12]. This means that the data 

obtained can be organised as a third-order tensor (i.e. a “cube of data”), with the 

rows being the second-dimension retention time (
2
D-tR) points, the columns being 

the first-dimension retention time (
1
D-tR) points and the “slices” the mass-to-

charge ratios (m/z). In order to apply MCR to the data, 2
nd

-order (and not 3
rd

-

order) data should be produced. There are several ways to unfold the data and we 

decided to unfold the data as shown in Figure 5.1. 

 

Figure 5.1 Selected way of unfolding the three-way GC×GC-MS data. K corresponds to the first 

chromatographic dimension, L to the second dimension and M to the m/z-dimension.  
 

The first-dimension retention time scans are hereby set on top of each other, 

leaving the mass-dimension (M) as the common space in the augmented matrix. 

The obtained matrix, X, is then used for the cross-validation routine described 

below. 

 

5.2.2 Cross-validation routine  

The proposed method to find the optimum number of components is based on a 

two-fold cross-validation scheme [13], and is illustrated in Figure 5.2. 
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Figure 5.2 Overview of the proposed cross-validation scheme. See text for details. 

 

In a first step, the (unfolded) X-data matrix (see Section 5.2.1 for a description of 

the data augmentation) was divided into two parts, Xeven and Xodd, both used as 

calibration and as validation set. Each part contains half of the rows of the X-

matrix by selecting every second point in the new retention time axis for both Xeven 

and Xodd. Knowning that a fast-scanning mass spectrometer has been used in this 

study it can be assumed that in this way the data in either set still embodies the 

chromatographic nature of the signal (i.e. its continuity). As it will be illustrated 

later, this continuity is used to construct a predicted data set from the calibration 

set. Note that both Xeven and Xodd contain all m/z-channels. 

Two independent analyses were then performed per half data set (i.e. for Xeven and 

Xodd), as illustrated in Fig. 5.2. Each analysis consists of applying SIMPLISMA 

(“Simple-to-use, interactive, self-modelling, mixture analysis”) [14] to the 

calibration set, submitting the results of SIMPLISMA to MCR-ALS, and 

interpolating the results from MCR-ALS to construct the modeled X-matrix of the 

other half of the data (i.e. the validation set). These three operations 



101 

 

(SIMPLISMA, MCR-ALS and interpolation) were applied considering a different 

number of components (from 1 to nc), see Fig. 5.2. Firstly, SIMPLISMA is used 

to obtain an initial guess for the pure spectra that were then used as input for the 

MCR-ALS- routine. Both routines used were based on the work as presented by 

Jaumot et al. [15]. While these authors have developed an interactive tool for 

applying MCR-ALS we have used their routines in an automated manner. For 

example, SIMPLISMA was applied automatically finding those columns in the 

initial data matrix that offer the highest selectivity for each compound in the 

mixture. We have applied SIMPLISMA column-wise since it is easier to find 

selectivity in the m/z direction than in the chromatographic direction (i.e. finding 

m/z-channels that respond only to one compound is easier than finding retention 

times free of overlap). The output of the SIMPLISMA algorithm is a (collection 

of) initial guesses of pure spectra that are then the input of the MCR-ALS 

algorithm. Although other initial (pure) spectra may have been selected if one was 

to manually select them, we skipped this manual optimization step and accepted 

the automated answer from SIMPLISMA as the valid one. For a more detailed 

discussion of the different ways of finding initial guesses in MCR, refer to Vivó-

Truyols et al. [16].  

MCR-ALS is now applied in a second step to determine the pure chromatographic 

profiles and m/z-channels of all the compounds present in the data. MCR is a 

matrix-decomposition method that decomposes the matrix into so-called scores C 

and loadings S
T
 that are capable of modeling the original matrix excluding an error 

E (Eq. 1), where X in this case is Xeven or Xodd.  

X = C·ST
 + E        Eq. 1 

Generally, the solution of MCR is refined by alternating least squares, applying 

constraints like non-negativity, unimodality or known selectivity. At the end of the 

process, MCR returns the pure concentration profiles (C) and spectra (S) for nc 

components considered for both input matrices Xeven and Xodd (in our case, for 

Xodd, Codd and Sodd are obtained and for Xeven, Ceven and Seven are obtained). Note 
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that Codd and Ceven are still under-sampled chromatographic profiles, whereas Sodd 

and Seven are not under-sampled (all the m/z channels were considered). 

In a third step, the modeled concentration profiles (Codd and Ceven) are used to 

interpolate an estimation of the profiles of the other half of the data set that was 

not used for modeling. This is done by linear interpolation. One should remember 

that Xodd and Xeven were selected in a way that the continuity of the 

chromatographic nature of the data set is more or less sustained. Linear 

interpolation is therefore very suitable to model the other half of the data set. If the 

number of scans per second-dimension peak is very low (e.g. if a slow-scanning 

mass spectrometer has been used or if very narrow peaks elute from the second-

dimension column) other interpolation methods should be selected.  

In this way, Codd is used to obtain (Ceven)
int

, and Ceven is used to obtain (Codd)
int

 

(where the superscript “int” indicates that the values were interpolated). Next, the 

least squares estimation for S (i.e. the modeled Ŝ) is obtained from the interpolated 

values of C. For simplification, Eq. 2 shows the modification of Eq. 1 to solve for 

S when Xodd is used as the original X-matrix:  

Ŝeven = ((Ceven)
int

’·(Ceven)
int

)
-1 · (Ceven)

int
 · Xeven   Eq. 2 

In a next step, the modeled matrix even is obtained by the application of Eq. 1: 

even = (Ceven)
int

 · Ŝ even      Eq. 3 

Of course, Ŝodd and odd are obtained in the same way, using the interpolated 

concentration profiles for Codd ((Codd)
int

 ) and then obtaining odd.  

The overall cross-validation error is the sum of the squared differences between 

Xeven and even and between Xodd and odd. These steps are repeated for nc number 

of components and the error is monitored. In case limited computational power is 

an issue it is advisable to restrict the maximum number of components to use (i.e. 

how often the loop is to be repeated) to the maximum number of chemical 

compounds expected. In our case, as we are investigating smaller regions of the 

chromatogram, it was set to 10 components as we did not expect more than 10 
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peaks to appear in any small region of the GC×GC-MS chromatogram. Note that 

this number only effects the computational time and is not critical to the developed 

algorithm.   

 

5.3 Experimental 

5.3.1 Sample background and instrumentation 

The sample used to exemplify our method is an algae sample obtained from 

Wetsus and NIOO (Nederlands Instituut voor Onderzoek Oppervlaktewater). Raw 

dried algae cells were mixed with a 0.25 M aqueous trimethylsulfonium hydroxide 

(TMSH) solution. A very small aliquot of this mixture was put manually into a 

micro-cup which was placed into a liner, sealed and inserted into an Optic 3 PTV 

injector (ATAS GL) at room temperature. The injector was then first heated to 120 

°C  at 5 °C/s (1.5 min.) and then up to 250 °C (30 °C/s) where it was kept until the 

end of the run. The GC instrument was a HP7890 (Agilent, Amstelveen, The 

Netherlands) equipped with a LECO (Mönchengladbach, Germany) dual-stage, 

quad-jet thermal modulator. For detection, a LECO Pegasus III TOF-MS system 

was used. The acquisition rate of the TOF-MS was 100 spectra / second at a mass 

range of 50 to 500 Da. 

5.3.2 Chromatographic analysis 

The GC temperature programme of the first-dimension column started at 60 °C for 

4.5 min, followed by a ramp of 5 °C / min to 220 °C  followed by 10 °C  / min to 

325 °C with a final hold of 4 min. The second-dimension column followed the 

same programme with a temperature offset of 5 °C. The modulation time was 6 s. 

The GC×GC separations were performed using a 30 m x 0.25 mm I.D. TC-5MS 

column (5% phenyl-methyl siloxane) with a film thickness of 0.25 µm (GL 

Sciences) and as the second-dimension column an IntertCap 17 (50% phenyl-

methylsiloxane) of 2 m x 0.1 mm I.D. with a film thickness of 0.1 µm (GL 
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Sciences). The 2D-GC data was exported as cdf-file and read into Matlab© for all 

further processing. 

5.3.3 Data pre-processing and analysis 

Figure 5.3 shows the entire GC×GC-MS chromatogram used as example 

chromatogram in this work (see Experimental for further sample information). 

Two regions (annotated A and B in Fig. 5.3) were selected from this 

chromatogram to exemplify our method. All masses below 80 Da were excluded 

as they do not reflect specific chemical information. This is not necessary for the 

developed algorithm but it simplifies building good models by MCR-ALS.  

 

Figure 5.3 Example GCxGC chromatogram. See experimental section for details. Two regions 

are indicated in which the cross-validation routine was applied. 

 

The method was applied to each region individually. In a first step, the data in the 

respective region was unfolded and the cross-validation routine was applied to the 
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unfolded data as described in Section 5.2. Multivariate curve resolution-alternate 

least squares (MCR-ALS) was performed for each first-dimension retention time 

“slice” using a non-negativity constraint in all dimensions, a maximum of 50 

iterations and a 0.1 % convergence criterion. The algorithm applied was adapted 

from [15]. We decided to limit the constraints to non-negativity. The reason is that 

if we applied more constraints, the model was not flexible enough to model small 

departures from bi-linearity (originated from the compounds themselves) and the 

number of components obtained was incorrect. Generally, the more constraints 

applied the less flexible a model is. By using only one set of parameters (rather 

than manually optimising them for every application as done in [15]) less perfect 

models were accepted for reaching the greater goal, automation. 

 

5.4 Results and discussion 

The cross-validation strategy outlined in Section 5.2 has been developed in order 

to automatically determine the optimum number of components to be used for 

deconvolution (in our case by MCR). This can be done because the strategy allows 

the detection of situations of over-fitting: the overall cross-validation error should 

decrease with the number of components until over-fitting starts to occur (i.e. 

when the number of components is larger than the number of chemical compounds 

present in the mixture). This can be explained by the interpolation step. 

Interpolation only works on smooth chromatographic profiles, meaning that the 

obtained interpolated concentration profiles only make sense when the number of 

components is still lower than or equal to the number of chemical compounds 

present. Once the number of components is higher than the number of chemical 

compounds, noise is being modeled. However, as noise is a random (non-smooth) 

component, the interpolation step (which supposes that the profiles are smooth) 

will increase the error of the model. The result is that the previously decreasing 
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error of cross-validation will now increase - something that can be easily detected 

in an automated manner.  

 

Figure 5.4 Selected region in GC×GC chromatogram (A) and the obtained errors of cross-

validation for one to ten components (B). 

 

The newly-developed cross-validation scheme is illustrated for the peak region 

depicted in Figure 5.4A, which corresponds to region A in Fig 5.3. From visual 

inspection two peaks can be seen in this figure (as annotated by the arrows). One 

would therefore expect an optimum model using two components. Note that the 

(mathematical) model just tries to describe the variation in the data and thus could 

not distinguish between a real, chemical compound and other (unwanted) 

chromatographic effects as for example column bleed that may appear in the 

chromatogram. Fig. 5.4B shows the plot of the overall error of cross-validation 

versus the number of components. As expected, the error decreases first when 

adding components and then increases again once the model starts to overfit the 

data (at four components, see encircled). Therefore, the optimum number of 

components for the region depicted in Figure 5.4A is not two but three. Note that 

even though only a slight increase can be observed it is enough to be detected in 

an automated manner. That the correct number of components indeed is three can 

be seen when looking at the obtained pure concentration profiles (Fig. 5.5A) and 

spectra (5.5B). 
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Figure 5.5 Obtained pure concentration profiles for component one (solid line), two (dotted line) 

and three (dashed line) (A) and the corresponding pure mass spectra for component one to three 

(B). 

 

Clearly, there are three peaks present, which is what the cross-validation 

procedure was finding and what was not visual in the total-ion chromatogram in 

Fig. 5.4A. If a fourth component is added to build the model, the obtained pure 

chromatogram and spectrum of the fourth component are the same as the ones of 

the second (data not shown). As mentioned previously by Hoggard [8], the 

appearance of very similar spectra with additional components is a sign that the 

optimum number of components had been reached.  

In literature, a manual evaluation of the obtained residuals by a given model is 

also often used to select the correct number of components: the number of 

components is increased gradually and the obtained residuals are inspected (e.g. 

[8]). If a peak is still present in the error matrix (i.e. that part of the matrix that has 

not been modelled; the component E in Eq. 1), the residuals will still show some 

structure and not just random variation as would be expected when only noise was 

left. This structure should disappear once the correct number of components has 

been reached. Figure 5.6A shows the residuals along the retention time axis for 

one, two and three components for the same example region shown in Fig. 5.4 (see 
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Figure caption). To produce this plot, the m/z direction is summed for each 

residual in the same way that the TIC represents the sum over all m/z channels in a 

chromatogram. From the figure, it becomes clear that no conclusion can be drawn 

from the structure of the residuals, something we have seen in all of our test 

regions (data not shown).  

 

 

Figure 5.6 Obtained residuals of the MCR-ALS routine applied to the chromatogram shown in 

Fig. 5.4A (A). The black solid line corresponds to the (sum of) the residuals using one 

component, the dotted line to two components and the dashed line to three. (B) shows the 

percentage variance explained by SVD for one to ten components. 

 

Another method often applied to determine the number of components is to 

inspect the accumulated sum of eigenvalues by performing singular-value 

decomposition (SVD) on the data matrix (e.g. [9]). Fig. 5.6B shows the explained 

variance obtained for one to ten components. One should note that, as the 

percentage of variance explained by the SVD is calculated with the same data used 

to perform the decomposition (i.e. it is not cross-validated), the percentage of 

variance explained will always decrease when adding more components. In this 

method the optimum number of components is usually determined by finding a 

change in the way the explained variance is decreasing (from a certain number of 

components onwards it only decreases slowly). Automatically detecting this 

slower decrease in a decreasing “curve” is intrinsically more difficult than 
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detecting an increase (compare Figs. 5.4B with 5.6B) and in this case, one would 

visually struggle to determine the number of components to use.  

Application to larger regions 

Figure 5.7A shows region B of Fig. 5.3, together with the plot of the error of 

cross-validation (5.7B) obtained by our method and the variance explained when 

performing singular-value decomposition (5.7C).  

 

Figure 5.7 (A) Part of the GCxGC-TIC chromatogram shown in Fig. 5.3, (B) the error of cross-

validation and (C) the variance explained by a SVD. 

 

In this example, the error of cross-validation does not increase when overfitting 

has occurred but continues a gradual decrease. This might be due to the presence 

of structured noise that is unfortunately surprisingly common in analytical 

instrumentation [17]. Structured noise makes the addition of an extra component 

during the interpolation step (Section 5.2.2) beneficial from the residuals point of 

view. Or, in other words,  sometimes noise can be interpolated as it shows a 

smooth trend. In situations like this, a good rule-of-thumb is to stop adding 

components when the decrease in the cross-validated error is less than 10 %. The 

resulting optimum number of components, when applying this rule of thumb for 

this example would then be four. This is the same number as one would probably 
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select from the plot obtained from SVD (Fig. 5.7C). The results from the MCR-

ALS routine using four components can be seen in Fig. 5.8.  

 

 

Figure 5.8 Obtained pure chromatograms (A) and spectra (B) from the MCR-ALS routine when 

using four components for the chromatogram shown in Fig. 5.7. 

 

Figs. 5.8A show the obtained pure chromatograms, re-folded as two-dimensional 

chromatograms and Figs. 5.8B show the obtained pure spectra for these four 

components. From these plots, it can be deduced that indeed four peaks are present 

and a fifth component will only describe noise (data not shown). Clearly, the 

method can also be used for larger regions though there will be a practical limit, 

especially when an automatic solution is desired (e.g. the 10%- rule-of-thumb may 

fail or other stopping points may be necessary). Also, larger regions require higher 

computational power, something that still represents a huge problem when 

common personal computers are used for the calculations. 
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5.5 Conclusions 

A new method for the automatic determination of the optimum number of 

components for applying MCR to GC×GC-MS data has been presented. It is based 

on a two-fold cross-validation scheme. The obtained overall cross-validation error 

decreases when adding components and increases again once over-fitting of the 

data starts to occur, i.e. when too many components have been used to build the 

model. In practice, however, the error sometimes follows a slow decrease only. 

This has been seen when the region analysed via MCR is relatively large. For 

these cases other rules on selecting the optimum number of components from the 

cross-validation plot have been developed, although they are not universally-

applicable yet and still require some user-intervention. Overall, the method is at 

least as good as and sometimes superior to the inspection of the SVD eigenvalues. 

Its strong point lies in the fact that it is fully automatic and in that way making it 

efficient and less subject to subjective manual interpretation. 

The developed method has been applied to smaller and larger regions in a 

GC×GC-MS chromatogram. In both cases the cross-validation scheme resulted in 

selecting the correct number of components for applying MCR-ALS in the 

respective region.  
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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.  

 



115 

 

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]: 

)))(exp())((exp(),,,,( 00max0max ttkttk
kk

k
CttkkCf ae

ea

a

ea −−−−−⋅
−

⋅=   Eq. 2 

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 



130 

 

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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Chapter 7 

 

Untargeted metabolite discovery in kinetic data from multi-

dose intervention studies  
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Summary 

A new strategy for biomarker discovery is presented that is based on multi-dose 

kinetic metabolomics data. Gas chromatography – mass spectrometry (GC-MS) 

data sets recorded in the full scan mode are scanned for compounds showing a 

meaningful trend following the different doses and sampling time points. From a 

biological point of view, a meaningful trend denotes a compound that responds 

similarly at all doses and follows a smooth trend along the time points. This type 

of information can be used to distinguish relevant metabolites from those 

compounds not following the expected trends. The method is based on analysing 

the time and dosage trends of each compound via principal component analysis. 

As only local information is analysed at a time (meaning no correlation with other 

metabolites is taken into account), the proposed model flags relevant metabolites 

even if their trend is different from that of any other compound. The new method 

is therefore an attractive way to reduce the long list of detected compounds in a 

metabolomics sample set to include only those having the expected smooth time 

profile that is common for all doses.  

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

of a polyphenol-rich diet. For this study, the initial list of over 25,000 potentially 

interesting features was reduced to less than 250, thus significantly reducing the 

expensive and time-consuming manual examination.  
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7.1 Introduction 

Metabolic profiling and metabolomics are rapidly gaining importance in 

pharmaceutical and nutritional intervention studies. Metabolomics is the 

comprehensive study of the metabolome, i.e. it involves the comprehensive 

identification and quantification of all metabolites present in biological systems 

such as plants, animals or humans. When gas chromatography (GC) is used as the 

analytical method, the metabolic fingerprint includes small molecules only. Yet, 

metabolic profiles easily contain thousands of compounds. However, for a given 

research question, not all of these may be of interest. Thus, the major difficulty in 

metabolomics usually is the extraction of relevant information from the immensely 

complex sample profiles recorded.  

The study of the metabolome can be performed in two ways. The first way is to 

record comprehensive metabolic profiles at two occasions, i.e. before and after an 

intervention. The goal here is to scan which compounds change due to an 

intervention. The second way of studying the metabolome is to focus on target 

compounds only in, for example, a kinetic study. Kinetic studies are sometimes 

carried out in conjunction with multiple doses in order to establish the relationship 

between concentration profiles and dosage levels. While such targeted analyses 

allow monitoring target compounds very sensitively and selectively, all other 

possible metabolic changes are missed. With the development of new and better 

analytical instrumentation, the two historically separate studies, metabolic 

profiling (i.e. untargeted analysis) and targeted kinetic or dose-response studies, 

can be combined in a single analysis. Realising this, a new strategy for biomarker 

discovery utilising sample sets intended only for target-compound analysis 

becomes apparent. Clearly, this calls for new data-analytical methods that are able 

to use the pre-knowledge on the expected trends and therefore extract only those 

compounds following these trends from the complex data sets. 
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A widely used method for untargeted data analysis is Principal Component 

Analysis (PCA). In PCA, the original variables are projected onto so-called latent 

variables or principal components that point in the direction of the highest 

variance present in the data. PCA is generally not able to take into account the 

structure of complex experimental designs. For example, when multiple sources of 

variation exist in data possessing a high number of uncorrelated variables, the 

principal components will point to an average direction, complicating the 

interpretation of the PCA model. Incorporation of pre-knowledge on the data 

structure into the model can be done by combining Analysis of Variance 

(ANOVA) with simultaneous component analysis (SCA) [1,2] or PCA [3]. More 

recently, this methodology of ANOVA and SCA, also named ASCA, has been 

further enhanced by combining it with Parallel Factor Analysis (PARAFAC) [4]. 

PARAFAC as a stand-alone method [5] or (n-way) Partial Least Squares (PLS) [6] 

are also commonly applied to analyse such higher-dimensional structured data 

sets. While the above-mentioned multivariate methods are very useful for many 

types of applications, they have one disadvantage in our case: multivariate 

methods are based on the analysis of correlations between variables (metabolites). 

Such correlations can be of less interest in kinetic dose-response studies. Here, 

every metabolite may exhibit a different time profile, meaning that any data-

analysis method should be applied locally, i.e. on one potential metabolite at a 

time. 

In the previous chapter we have utilised the idea of looking for compounds 

meeting expected trends as a new method for metabolite discovery in time-series 

gas chromatography – mass spectrometry (GC-MS) data. In that work, for each 

detected compound at a time, the time profile was investigated to see whether it 

followed a pre-defined smooth kinetic trend for the majority of volunteers in the 

study. This concept of using pre-knowledge on the time profiles of metabolites 

was also applied in the current study which includes multiple doses and time 

points. Interesting metabolites now are those having a smooth time trend that is 
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common for all doses. The tool to do so is by fitting a PCA model locally and 

monitoring the magnitude of the explained variance by the first loading and its 

smoothness. From both features, a short list of potentially interesting metabolites 

is obtained. This (reduced) list should be evaluated manually based on the research 

question. The procedure is tested on kinetic dose-response profiles obtained from 

samples of a gut fermentation study used to explore the influence of a polyphenol-

rich diet on the human metabolic profiles. 

 

7.2 Experimental 

7.2.1 Sample background and preparation 

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

experiment that investigated microbial-induced metabolic changes after 

polyphenol digestion. In short, a polyphenol mixture was subjected to a simulated 

digestion by gut microbes in an in-vitro Simulator of the Human Intestinal 

Ecosystem (SHIME) [7] at three different levels. Samples were then collected at 

15 time points (1, 2, 3, 4, 5, 8, 9, 10, 11, 12, 13, 14, 18, 21, 24 h) for each of the 

three polyphenol dosage levels (“low, middle and high”). The fermentations were 

carried out at the University of Ghent. Experimental details on the gut 

fermentations can be found elsewhere [8].  

 

7.2.2 Sample preparation and chromatographic analysis 

All samples were prepared for GC-MS analysis as described in ref. [9]. 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, Sigma-

Aldrich, Zwijndrecht, The Netherlands). The gas chromatographic analysis 

included a 1:10 hot-split injection (1 µL injection volume, 280 ºC injector 

temperature) and a temperature-programmed separation from 45 °C to 350 °C at 8 
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°C/min. The column 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 7890A with a 5975 quadrupole-MS analyser (both from Agilent, 

Amstelveen, The Netherlands). Full-scan mass spectra were recorded in the mass 

window from 50 to 600 Da in the electron-impact (EI) mode at 70 eV. The MS 

source and the GC-MS interface were kept at 200 °C and 320 °C, respectively. 

The internal standard was trans-cinnamic acid-d6 (Sigma-Aldrich). This internal 

standard was used to correct for analytical variation. Additionally, a reference 

standard mixture containing phenolic acids spiked to a comparable matrix (i.e. QC 

sample) was systematically analysed throughout the whole series of samples in 

order to identify other sources of variance in the analysis series. Phenolic acids 

were selected as they were known to be the major metabolites formed in this 

study. The relative standard deviation of these selected compounds spiked at a 

concentration of 4 µg / mL was typically around 7% for peak heights, after 

normalisation by the internal standard.  

7.2.3 Data pre-processing 

In total, 45 GC-MS chromatograms were obtained and subjected to MetAlign [10] 

for data pre-processing. MetAlign performs background and noise removal by 

pruning the original data in order to contain only those retention time / mass pairs 

that are likely to originate from a chromatographic peak. The retained retention 

time / mass pairs belonging to different samples are then aligned by using either 

“rough alignment” or an “iterative alignment” procedure. For our data set, both 

options were tested and the rough alignment resulted in a satisfactory alignment of 

all samples in a timely manner. A detailed description of MetAlign is out of the 

scope of this article and the authors refer to the MetAlign manual for more details 

[10]. Due to the peak-picking process performed by MetAlign, one compound can 

be described by several rows (e.g. one retention time / several masses), depending 

on the parameter settings in the software as well as the peak’s chromatographic or 
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mass spectrometric properties (e.g. intensity or fragmentation pattern). 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. The software finally performs a normalisation of the samples on an 

internal standard, automatically located by its retention time and mass. The 

parameters selected for peak picking and alignment are given in Table 7.1.  

Table 7.1 Parameter values used in MetAlign for baseline correction and alignment. 

Parameter Settings 

Retention time begin / end (scans) 

Maximum Amplitude 

Peak slope factor 

Peak threshold factor 

Peak threshold 

Average peak width at half height 

Scale on marker peak 

Initial peak search criteria 

1 – 1500 

5500000 

0.5 

1 

1000 

5 

211 Da / 348 

0 – 4 

1500 – 8 

 

A schematic of the obtained peak table for our sample set is shown in Figure 7.1. 

This schematic is the input matrix for our method presented in this work. 

 

 

Figure 7.1 Schematic of the sample set used in this study. Samples were taken at 15 time points 

between 1 h and 24 h for three doses resulting in 45 chromatograms as rows in the data matrix 

and around 25,000 columns corresponding to the retention time / mass pairs “detected” by 

MetAlign. 
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The obtained aligned peak lists were imported into Matlab 2008 (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. 

 

7.2.4 Analysis of kinetic dose-response profiles 

Figure 7.2 shows a schematic of the re-arrangement of the data set before principal 

component analysis, PCA. Consider first the chromatographic signal at a single 

retention time / mass pair for all 45 chromatograms (corresponding to all 15 

sampling time points at 3 doses). This data subset can be rearranged to a 3x15 

matrix; the rows correspond to the doses and the columns to the 15 sampling time 

points. This matrix is submitted to PCA, as explained below. Before PCA, the data 

is pre-processed by standard-normal variate (SNV) transformation [11]. In SNV 

scaling, the data is first centred row-wise and then scaled (row-wise) to unit 

standard deviation. Centring is commonly performed to remove offsets, while 

scaling will give all variables within a row, i.e. dose, the same variance thus they 

will get an equal chance to participate in the PCA model. Column-wise mean-

centring was not applied as this would disrupt the structure of the data too much. 

One should note that one of the core means in the method presented here is to 

check the smoothness of the loadings along the different sampling time points (see 

below). As each column corresponds to one sampling time point, column-wise 

mean-centring would shift the relative position of each sampling point, thus 

modifying the value of the smoothness. An in-depth discussion on data pre-

processing is out of the scope of this article and more details can be found in 

literature [12].  
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Figure 7.2 Schematic overview on the method presented here. See text for further explanation. 

 

After pre-processing, PCA is performed with the subset of the data. As the 

columns of the matrix correspond to sampling time points, the first loading of the 

PCA model corresponds to a description of the time profile that describes the 

maximum variance of the data, i.e. the common trend explaining all three doses 

the best. Two features of this common trend are monitored: i) the variance 

explained by this common trend (relative to the total variance of the matrix), and 

ii) its smoothness. A compound is considered relevant when both features are 

high. Firstly, the relative variance explained by the first loading informs about 
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how common this trend is. In other words, a low relative explained variance would 

mean that the amount of information retained by this first loading is low and this 

compound does not show a common pattern among the different doses. Secondly, 

the loadings should be smooth. An interesting peak or metabolite (experiencing a 

change due to the intervention) should not show too many maxima and valleys 

during the 24 hours following the intervention. If it does, it is likely that the 

variation experienced by this peak is due to a random variation and hence the 

compound is not of interest.  

Autocorrelation constitutes one way to measure the smoothness of the loadings: 

the smoother the signal, 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 would be obtained for data series showing high 

frequency noise. In our case, we are interested in selecting those retention time / 

mass pairs whose loadings of the first principal component show a smooth trend, 

meaning they will have an autocorrelation value close to 1. Various 

autocorrelation functions have been described in literature. In this study, the 

function by Vivó-Truyols et al. [13] was selected: 
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where yi corresponds to the value of the first PCA loading at the i
th

 sampling time 

point, and n to the number of sampling time points. The values of y should be 

previously centred by the mean of y calculated over all time points. 

Autocorrelation functions assume that the sampling time points are equally 

spaced. This condition is not fulfilled in this work. However, as we are not 

interested in absolute values of ρ but in relative ones (comparing to other cases 

measured at exactly the same sampling points), the condition of having equally-

spaced sampling points could be ignored. Note that ρ is partially described by the 

sum of squares of each time-point yi and its previous time point yi-1. This type of 
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equation is also called ‘lag 1’-autocorrelation [14] 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).  

 

7.3 Results and discussion 

The key feature of our new approach for metabolite discovery is the inclusion of 

pre-knowledge on combined concentration profiles and dosage levels. Only 

biomarkers that have similar concentration profiles for all doses are of interest and 

thus, data analysis on the concentration profiles of individual dosages is not the 

most logical choice. A data analysis method is presented below that takes time 

profiles and dosage information simultaneously into account. 

7.3.1 Local PCA 

As shown in the schematic in Figure 7.2, PCA is performed on the data matrix of 

one retention time / mass pair at a time. For each pair, a ρ-value as well as a 

number for the percentage of explained variance is obtained. These two can be 

plotted against each other as shown in Figure 7.3. Here, each cross in the figure 

corresponds to one retention time / mass pair. Several interesting observations can 

be made in this plot. Firstly, there are a lot of retention time / mass pairs which are 

associated with a negative or ‘close to zero’ autocorrelation value. Due to the low 

number of sampling points, random behaviour yields ρ-values that are not exactly 

zero. Additionally, high-frequency noise (yielding negative ρ−values) may be 

introduced in the data due to the pre-processing software. The negative ρ-values 

are not of interest in this case, which becomes clear when investigating the 

loadings of a retention time / mass pair associated with a negative autocorrelation 

(Fig. 7.3B). The loadings shown are not smooth and when the three doses are 

overlaid, only noise is detected for this retention time / mass pair.  
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Figures 7.3 (A)Values of ρ and % of variance explained obtained for each retention time / mass 

pair after applying the local PCA method described in section 5.2.3. Each cross corresponds to 

one retention time / mass pair. The time trends of two retention time /mass pairs (encircled) are 

depicted in B and C. Here, the dash-dotted line corresponds to dose 1, the dashed line 

corresponds to dose 2, and the solid line to dose 3. Inserted in the figures are the corresponding 

loading plots. 

 

The most relevant retention time / mass pairs are those that result in a PCA model 

which first loading has a high autocorrelation (high ρ-value) and which first 

principal component describes most of the variance. High autocorrelation in the 

first loading corresponds to a smooth evolution of this compound over time and a 

high value of explained variance means that the shape of this evolution is common 

to all doses. Retention time / mass pairs with high ρ and high variance explained 

are located at the top right corner of Fig. 7.3A. An example is shown in Figure 

7.3C. The overlaid dosage-curves clearly show a common trend for all doses 

(which makes the explained variance with the first PC high) and the corresponding 
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loadings (insert in Fig. 7.3C) are smooth (making the autocorrelation value high). 

The choice on how many retention time / mass pairs are to be (manually) checked 

is somewhat arbitrary and needs to be tested for each sample set. Table 7.2 gives 

an overview on the number of markers obtained with various, reasonable 

thresholds. As can be seen when decreasing the cut-off point for the ρ-value from 

0.85 to 0.7 at a threshold of 90% explained variance, the number of detected pairs 

increases from 26 to 250. When the threshold for relative explained variance was 

lowered to 70%, many more retention time / mass pairs were detected, especially 

in combination with a ρ-cut-off of 0.7. These thresholds yield more than 1000 

pairs being flagged as “potentially of interest”. The fourth column gives an 

estimation of how many potential metabolites are represented by the number of 

retention time / mass pairs that have to be verified. 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.   

Table 7.2: Combinations of ρ- values and percentage variance explained and their respective 

number of retention time / mass pairs (features) found to be of interest. An estimation of the 

number of metabolites corresponding to these pairs is also given. 
 

ρ 
% var. 

expl. 
Features Compounds 

0.85 

0.8 

0.7 

0.85 

0.7 

90 

90 

90 

70 

70 

26 

222 

250 

79 

1182 

7 

18 

23 

24 

100 

 

Apart from choosing the thresholds in a way that no interesting features are 

missed, the number of false positives should also be reasonable (low). In other 

words, the number of time / mass pairs that are wrongly flagged as potential 

biomarkers (when in fact they are not) should be low. One way to measure the 

type I error is performing random permutation tests [15]. In this case, we have 
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permuted the metabolite labels so that in each PCA model the dosages of different 

metabolites are included. For each permutation, one ρ-value and one value for the 

percentage explained variance is obtained. 

For every set of thresholds as presented in Table 7.2, a false discovery rate, fdr, 

can now be calculated using Eq. 2: 
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fdr =       Eq. 2 

where f(perm) and f(real) are the number of pairs found to be potentially of 

interest when the data is permuted (perm) and non-permuted (real). N(perm) 

equals the number of permutations and N(real) equals the number of retention 

time / mass pairs in the original data set. For 2 million permutations and using a 

threshold of 0.85 as the minimum ρ -value and including only compounds which 

PCA model can explain more than 90% of variance with their first principal 

component, 26 retention time / mass pairs or about seven compounds could be 

identified as potentially interesting metabolites (see Table 7.2). When the class 

labels are permuted, only one retention time / mass pair is found above these two 

thresholds, resulting in a false discovery rate of 9.4e
-4

. For the other thresholds, the 

false discovery rates are 0.0024, 0.0030, 0.0342 and 0.0506, respectively. These 

values can also be used to (additionally) verify which threshold combination will 

result in the most meaningful and reliable markers. As can be seen only the last 

combination of thresholds (ρ = 0.7 and % explained variance greater than 70%) 

results in a false discovery rate higher than 5%. Also, using 90% rather than 70% 

explained variance as threshold results in a roughly 10-fold lower fdr, indicating a 

higher confidence in the markers obtained using those thresholds.  
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7.3.2 Global PCA  

In order to compare the results from the previous section with standard techniques, 

the data set as presented in Fig. 7.1 was also subjected as a whole to PCA. In this 

case, the data was mean-centred column-wise (i.e. per retention time / mass pair) 

before PCA analysis.  

 

Figures 7.4 (A) PCA score plot obtained when applying PCA to the whole data set. Numbers 

correspond to the sampling time points and encircled regions correspond to doses. Captured 

variances are 50.67% (PC 1) and 22.75% (PC 2). The score plot for dose 2 is depicted in detail in 

B. The arrow depicts the direction of increasing sampling time. (C) depicts the loadings plot for 

the first PC. 

 

Figure 7.4A shows the score plot of the first two principal components obtained, 

with the first PC describing 50.67% of the variance and the second PC 22.75%. It 

can be seen that the variance captured by the first PC mainly corresponds to dose 

effects (see circled groups in the figure) while the second PC mainly describes the 

effect of sampling time. However, for both effects, no clear separations can be 
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obtained. Fig. 7.4B is a zoom into Fig. 7.4A for the second dose with the arrow 

pointing along the direction of the sampling time points. For this dose, the time 

trend is visible with the first and the last sampling time points being clustered 

together. This suggests that metabolites that have similar starting and end 

concentrations, e.g. metabolites that are first formed and then disappear at the 

time-scale of the experiment, have the strongest impact on the PCA model. 

However, for the other doses, no such clear time trend can be detected, meaning 

that the variance captured by the first PC is not only based on sampling time 

points. The loadings plot of PC 1 is depicted in Fig. 7.4C. In this figure, all 

retention time / mass pairs that have an absolute value of the loading value above 

the noise level are interesting possible metabolites for further (manual) 

assessment. That is because their impact on the PCA model is the largest. 

However, in contrast to the local PCA model, in global PCA a PCA model is fitted 

to the data set as a whole. The model therefore tries to find latent variations in 

sampling time and dose that can be explained by a combination of metabolites. In 

other words, the model finds a “common pattern” that is able to explain the 

variability in the data at all doses and at all sampling times. The obtained 

“interesting metabolites”, i.e. those which are flagged by a large absolute value of 

the loading, are therefore difficult to interpret biologically as the variability in the 

data is due to different sources (time and dose). 
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7.3.3 Comparison of the two methods 

 

Figures 7.5 Loadings of the first PC obtained by global PCA vs. the single value M obtained for 

local PCA. M is obtained by multiplying ρ by the % of variance explained. Each point in the plot 

corresponds to one retention time / mass pair. Circles (A-D) correspond to particular retention 

time / mass pairs whose kinetic dose-response profiles are depicted in detail below. In Figs. A-D, 

the dash-dotted lines correspond to dose 1, dashed lines correspond to dose 2 and the solid lines 

to dose 3. 

 

Figure 7.5 shows the results of both PCA methods plotted against each other. For 

simpler visualisation, the autocorrelation value and the relative variance explained 

by the local PCA model are multiplied to a single value M. Therefore, M 

constitutes a single number collecting both the smoothness of the first loading and 
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its importance. In the top figure of Fig. 7.5, the loading of the first PC from the 

global PCA method (as seen in Fig. 7.4C) is plotted against M. Each point in the 

plot corresponds to one retention time / mass pair. Following the discussions in 

Sections 7.3.1 and 7.3.2, both methods highlight interesting retention time / mass 

pairs when a high M (X-axis) or a high absolute value of the loading (Y-axis) is 

obtained. However, as will be discussed below, different subsets of retention time 

/ mass pairs are being flagged as “interesting” by the two methods. In fact, four 

groups of extremes can be found in Fig. 7.5. The kinetic dose-response curves of 

an example for each group are depicted in Figs. 7.5A to 7.5D: retention time / 

mass pairs that have a low M-value and a loading close to zero (A), pairs that have 

a high loading (positive or negative) and a low M-value (B), pairs that have a high 

loading (positive or negative) and a high M-value (C) and those that have a high 

M-value but a loading close to zero (D). Retention time / mass pairs in group A are 

of least interest as they will not be flagged as “interesting” by any of the methods. 

They only describe noise as can be clearly seen in Fig. 7.5A. Pairs in group B will 

only be flagged with the global PCA model as their loading is rather high while 

their M-value is low. That means that they are important for the overall PCA 

model, but do not exhibit a smooth, common trend for all doses. This becomes 

clear when overlaying the kinetic dose-response curves of one retention time / 

mass pair in that group (7.5B). Clearly, no common trend can be observed and 

when the loadings for this pair are investigated no smooth time trend can be seen 

(plot not shown). Fig. 7.5C gives an example of a kinetic dose-response curve for 

a pair present in group C (high M-value, high loadings). The pairs in this group 

will be flagged as “of interest” with respect to both PCA models. It can be seen 

that a (rather) smooth trend is obtained for all doses, which explains why it is 

picked up by the local PCA method. When the global PCA model is considered, it 

can only be said that this compound shows a high correlation with other 

compounds that are important for the PCA model. The opposite can be said for 

pairs found in group D. These pairs do not contribute much to the global PCA 
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model, i.e. they would not be picked up with the global PCA method; however, a 

smooth, common trend can be seen for all doses (see Fig. 7.5D).  

7.3.4 Biological interpretation  

Any data-analytical method is best validated biologically, meaning that the results 

obtained must be interpretable and answering the biological question of the study. 

Table 7.3 gives an overview on the possibly interesting metabolites found by both 

methods. For applying PCA locally, all metabolites were selected which are 

associated with a ρ-value of greater 0.8 and 90% explained variance. For the 

global PCA method, the threshold selected was an absolute value of the loading 

above 0.03. Note that this number is derived visually from the loadings plot (Fig. 

7.4C). While there is generally a good agreement between the two methods some 

metabolites are only found when PCA is applied locally, while others are only 

flagged by the overall PCA method. Knowing the background of the present 

(polyphenol) study, phenolic acids were expected as major metabolites, which was 

confirmed by the mass spectra of the compounds in the reduced peak lists. 
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Table 7.3 List of metabolites flagged by the local PCA and global PCA methods. Local PCA was 

performed using ρ > 0.8 and > 90% of explained variance as thresholds. With global PCA, a 

threshold of 0.03 for the absolute value of the loadings was used. A cross in the corresponding 

column (local PCA or global PCA) means that the corresponding metabolite was flagged by the 

corresponding PCA method. 
 

Retention 

time [min] 
Compound ID 

Local 

PCA 

Global 

PCA 

8.12 

8.31 

8.73 

9.88 

10.20 

11.09 

11.44 

11.65 

12.16 

12.75 

13.01 

13.20 

14.43 

14.88 

14.95 

15.16 

15.70 

15.80 

16.24 

16.76 

17.12 

17.25 

17.29 

17.55 

19.67 

 Phenylacetic acid 

 Catechol 

 Unknown 

 Phenylpropionic acid 

 Unknown 

 Unknown 

 Unknown 

 Pyrogallol 

 3-hydroxybenzoic acid 

 3-hydroxyphenylacetic acid 

 4-hydroxybenzoic acid 

 4-hydroxyphenylacetic acid 

 3-hydroxyphenylpropionic acid 

 4-hydroxyphenylpropionic acid 

 Vanillic acid 

 Unknown 

 3,4-dihydroxybenzoic acid 

 3,4-dihydroxyphenylacetic acid 

 Unknown 

 Syringic acid 

 2-hydroxyphenylvaleric acid 

 P-coumaric acid 

 3-o-methylgallic acid 

Gallic acid 

Unknown 

X 

X 

 

X 

X 

X 

 

X 

X 

X 

X 

 

 

X 

X 

X 

X 

X 

 

X 

 

X 

X 

X 

 

X 

 

X 

X 

 

 

X 

 

X 

X 

 

X 

X 

X 

 

 

X 

X 

X 

 

X 

 

 

 

X 

 

Figure 7.6 shows the kinetic profiles of two of them, vanillic acid (A) and 4-

hydroxyphenylacetic acid (B). Vanillic acid (ρ = 0.84, % variance explained = 

92.37 %) is flagged by the local PCA method only. Clearly, all three curves have a 

common trend and a smooth loading (insert in Fig. 7.6A). 4-hydroxyphenylacetic 

acid (ρ = 0.78, % variance explained = 65.74%) is flagged by the global PCA 

method only. This is easy to understand as our requirement was a common profile 

for all three doses and, as can be seen in Fig. 7.6B, this is not the case for this 

metabolite. For two of the doses, no clear response profile is obtained, while for 
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the third, a typical appearance-disappearance curve can be observed. Thus, the 

percentage of variance explained is rather low. The loadings obtained with the 

local PCA method for this metabolite (insert in Fig. 7.6B) are difficult to interpret 

and seem to be dominated by the response profile of the third dose. Generally, the 

global PCA method is flagging compounds which correlations are described well 

by the first principal component. The understanding of why certain compounds 

have high loadings in the global PCA method is not easy as the global PCA model 

is based on mixed effects (time and dose). With the local PCA method, however, 

the interpretation of the results is very straight-forward and the only factor to 

consider is how many possible metabolites may be included in the (manual) 

analysis of the results, i.e. which thresholds to select.  

 

Figure 7.6 Kinetic dose-response profiles of two metabolites, vanillic acid (part A) and 4-

hydroxyphenylacetic acid (part B). The dash-dotted lines correspond to dose 1, dashed lines 

correspond to dose 2 and the solid lines to dose 3. 
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7.4 Conclusions 

Scanning data sets for compounds that meet expected trends is an interesting route 

for data reduction in metabolomics. In the current kinetic multi-dose study, an 

interesting metabolite was defined as having a smooth trend over sampling time 

that is common for all doses. When principal component analysis is performed 

locally, i.e. on one compound at a time, the information obtained can be used to 

extract compounds defined to be of interest while dismissing all others. Therefore, 

a quick analysis of the kinetic curves of all compounds present in the sample set 

can be carried out.  

Using the newly developed method a list of thousands of possible metabolites 

could be reduced to just 18 compounds that meet the set of pre-knowledge criteria 

(i.e. concentration and dosage profiles). In order to validate that possible markers 

are not obtained due to chance, permutation tests were performed. When applying 

PCA to the sample set as a whole as commonly performed, some of these markers 

were missed, while others were selected that do not follow a specific pattern with 

dose and/or time. With our method, easily interpretable results are obtained and 

laborious (manual) data analysis is greatly reduced. 
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Chapter 8 
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Summary 

A new resolution metric for two-dimensional chromatography is proposed and 

tested. This resolution measurement is based on the concept of the (one-

dimensional) valley-to-peak ratio, which has been adapted and modified for two-

dimensional chromatography. Two questions are considered related to the 

computation of the resolution of a given (two-dimensional) peak. First, the 

concept of peak neighbourhood is revised, since it changes drastically from one- to 

two-dimensional chromatography. In a chromatogram resulting from a two-

dimensional analysis, one peak may be surrounded by more than two neighbouring 

peaks. However, the neighbouring peaks can be remote from the peak or some 

interfering peaks may be in between. In these cases, it is not meaningful to 

compute the resolution between them. A method is proposed to determine whether 

a resolution measurement between two two-dimensional peaks is reasonable. Second, 

a measurement of the valley-to-peak ratio in two-dimensional chromatography is 

proposed. The measurement is based on the concept of the saddle point (which is 

defined for two-dimensional surface plots). A study of the correlation of the valley-to-

peak ratio with the error obtained for quantification is presented. The new metric can 

be used as an estimator of the quantification errors. Also, valley-to-peak ratios can be 

calculated for one or more target peak(s) to estimate the separation quality of the 

entire chromatogram. This makes the proposed measurement suitable for optimisation 

purposes.  

Although the concept was developed for two-dimensional gas chromatography, its 

application to other two-dimensional separation methods should only require minor 

modifications – if any. 
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8.1 Introduction 

The use of comprehensive two-dimensional chromatography for the analysis of 

complex mixtures has greatly increased during the last decade. Improvements in 

instrumentation and applications have made this set of techniques a powerful 

alternative to one-dimensional chromatography, especially when high peak 

capacities are needed [1]. High peak capacities are desirable for the analysis of 

complex samples, especially for chemical fingerprinting [2]. In comprehensive 

two-dimensional gas chromatography (GC×GC), two columns are connected in 

series, which separate the sample according to different properties of the analytes. 

The interface between the two columns is most commonly a cryotrapping 

modulator that traps the effluent of the first column during a given modulation 

period, focuses it, and then injects it as a narrow band into the second column. 

During the elution of a compound (peak) from the first dimension, several fast 

analyses are performed in the second dimension. The resulting chromatogram is 

usually presented as a three-dimensional contour or colour plot (first-dimension 

retention time, 
1
tR, second-dimension retention time, 

2
tR, and intensity). If the two 

columns are orthogonal, i.e. if the retention mechanisms of both columns are 

completely independent, the overall peak capacity of the system is obtained by the 

multiplication of the peak capacities of both columns: 
1
nc x 

2
nc [1,3,4,5]. 

Nevertheless, the probability of co-elution of two or more peaks is still quite high, 

especially if very complex samples are analysed, and if the neighbouring peaks 

have similar physical-chemical properties that cannot be readily differentiated by 

the chosen dimensions. Therefore, a resolution measurement in two-dimensional 

chromatography is still of significant interest.  

Comprehensive two-dimensional separations require a redefinition of conventional 

one-dimensional interpretation criteria. We will take the resolution concept 

existing for one-dimensional chromatography as a starting point and adapt it for 
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two-dimensional (2D) chromatography. This is logical, since 2D chromatography 

can also be viewed as an evolution of one-dimensional (1D) chromatography. 

Prior to developing the concept of resolution in two-dimensional chromatography, 

the concept of "peak vicinity" has to be revised. For one-dimensional 

chromatography, the resolution measurement is defined for any target peak and its 

neighbouring peak. Obviously, only two peaks (before and after the target peak) 

can be defined as "neighbours" of the target peak. In two-dimensional 

chromatography, and especially in the presentation of data in a 2D plane, it is 

obvious that peaks may be located anywhere around a given peak and that any 

number of neighbouring peaks may lie in any direction. In a complex GC×GC 

chromatogram comprising tens, hundreds, or even thousands of peaks, a 

significant proportion of them may be potential "neighbours" of the target peak. 

Criteria have to be developed to decide whether a resolution measurement 

between a given peak pair is of interest from the chromatographic viewpoint, for 

example when a third peak is (partially) located between the peak pair. An 

objective measure is required to decide whether the interference of the third peak 

renders the computation of the valley-to-peak ratio of the first two peaks obsolete. 

There is scant information available in the literature on resolution measurements 

in two-dimensional chromatography. This is not surprising, since practical 

instrumental methods for column-based comprehensive two-dimensional 

chromatography were not available in the past. Existing resolution measurements 

can be divided into two groups, namely i) measurements evolved from the 

classical one-dimensional resolution concepts and ii) metrics derived from 

multivariate studies.  

The first group of definitions tries to follow the chromatographer's intuition by 

projecting peaks to one dimension and applying conventional (1D) resolution 

measurements. Giddings et al. [6] developed a resolution function for two-
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dimensional separations that was extended in 1996 by Schure [7]. Other groups 

that worked on similar approaches include Davis [8], and Shi and Davis [9].  

The second class of definitions tries to find a resolution measurement that predicts 

the error when multivariate techniques are applied to the two-dimensional data 

format. These definitions are based on the concept of selectivity of second-order 

instruments [10]. The definitions of Messick and Kalivas [11] and of Ho et al. [12] 

constitute examples of two-dimensional resolution measurements that can be 

applied to two-dimensional chromatography. Synovec et al. [13] demonstrated 

that Ho's definition of resolution can be used as an estimator of the errors obtained 

when the generalized rank-annihilation method (GRAM) is used to deconvolve 

(partially) overlapping peaks. Some caution has to be observed when applying 

some of these measurements. With Ho’s resolution definition, for example, peaks 

that are completely separated in one dimension, but are completely overlapped in 

the other yield a resolution value of 0 (even if the two peaks appear on the two-

dimensional map as two well-separated spots). This is in accordance with the 

performance of GRAM, which fails in this case. However, it is not reasonable 

from a chromatographic viewpoint.  

Except Schure’s definitions, all resolution concepts require knowledge of the 

individual profiles of the (partially overlapping) peaks. This information is, 

however, not available for a two-dimensional separation, unless the individual 

peaks are injected separately or deconvolution procedures are applied. 

Alternatively, theoretical models may be used to predict the peak shape, but this 

decreases the practical applicability of the resolution measurements.  

The scope of this work is to develop an algorithm for an easily-accessible 

resolution measurement that works with the raw experimental data acquired by the 

instrument. The first author proposing a valley-to-peak ratio measurement in two-

dimensional chromatography was Schure [7]. However, his definition can only be 

applied to Gaussian-shaped peaks. In the present work, a general valley-to-peak-

ratio measurement is proposed that is applicable to peaks of any shape. 
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The valley-to-peak ratio can be used for different purposes. In some cases, the 

valley-to-peak ratios for one target peak to all its surrounding peaks may be of 

interest. If the aim of the analysis is to get a single value representative of the 

separation of the whole chromatogram, the peak pair resulting in the worst 

resolution may be considered. This will especially be of interest when optimisation 

procedures are to be performed.  

The calculated valley-to-peak ratios can be extended to an estimation of the error of 

quantification. Quantification of peaks in two-dimensional chromatography has been 

adequately described in the literature [14-16] and no further details will be given here. 

Here, peak quantification is based on the work presented in Chapter 4. The algorithm 

was developed and tested for real samples in two-dimensional gas 

chromatography. Advantages and drawbacks of the method are discussed. Although 

the algorithm was developed for GC×GC, its application to comprehensive two-

dimensional liquid chromatography (LC×LC) data should only require minor 

modifications. 

 

8.2 Theory 

8.2.1 Peak detection in two-dimensional chromatography: peak regions and 

trajectory profiles 

Prior to a resolution measurement in 2D chromatography, a chromatographic peak 

in the two-dimensional plane has to be defined. A peak eluting from the first-

dimension (
1
D) column is sampled several times into the second-dimension (

2
D) 

column. Khummueng et al. [17] introduced the concept of the modulation ratio to 

describe the number of cuts required per first-dimensional peak. They come to the 

conclusion that three to four cuts are needed. This is in accordance with other 

authors [18,19].  

A peak detection algorithm for 2D chromatography has been described in Chapter 

4. Basically, this algorithm is a two-step process. First, the individual peaks are 
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detected, comparable to peak detection in 1D chromatography. Second, a decision 

tree is applied in order to decide whether these individual peaks have to be 

"merged" because they originate from the same compound (i.e. as sub-samples 

from the same peak). Some features of this approach are needed to illustrate the 

concept of resolution and these are described below.  

Fig. 8.1A shows the result of the peak detection-algorithm when applied to a 2D 

gas chromatogram of an air-freshener sample. The one-dimensional (1D) peaks 

detected in the “raw” second-dimension chromatograms are depicted as pink dots. 

If two or more 1D peaks are found to be originating from the same compound, 

they are merged to form a 2D peak. This is represented by pink (“merging”) lines 

connecting the corresponding 1D peaks. 

 

Figure 8.1 (A) Region of interest of the GC×GC chromatogram of the air-freshener sample. The 

detected 1D peaks are depicted as pink dots. They are connected by pink lines if they form a 

"merged" 2D peak. The peak region of 2D peak 2 is depicted as white rectangles. Part (B) shows 

the (partially interpolated) intensity profile along the white, dotted line connecting peak 3 and 4. 

 

In Fig. 8.1A, the "peak regions" of 2D peak 2 are depicted. The concept of a peak 

region is equivalent to the peak width in 1D chromatography. In this case, 

however, it is illustrated as a collection of boxes (see Fig. 4.2 for more details). 

Each box represents the peak width of a given 1D chromatogram. The edges of all 

boxes that belong to individual peaks that have been merged constitute the peak 

region of the 2D peak. This will be used to illustrate the concept of peak vicinity 

(next section).  
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In Chapter 4, the "peak-maxima profile" was introduced to describe the peak 

merging algorithm. This is obtained when plotting the trajectory along all maxima 

belonging to one 2D peak. If one were to monitor the signal of the 

chromatographic detector along the pink line, the "peak-maxima profile" of a 

given 2D peak is obtained. Because the number of data points available in the first 

dimension is limited (due to the low number of modulation cycles that sample the 

first-dimension peak), an interpolation method may be used. This takes advantage 

of the greater information (much higher number of data points) obtained in the 

second dimension to complement the information of the peak-maxima profile. The 

"peak-maxima profile" can be extended to represent the signal along any given 

trajectory between two points A and B located in the 2D chromatogram. Fig. 8.1B 

depicts the interpolated “trajectory profile” between peak 3 and 4 as shown in Fig. 

8.1A (white dotted line).  

8.2.2 Peak vicinity  

In 1D chromatography, only two peaks can be considered "neighbours" of a target 

peak (the peaks eluting immediately before and after). This does not hold for a 2D 

chromatogram. In that case, more than two peaks can be neighbours of a target 

peak. However, a resolution measurement between two peaks is only meaningful 

if no other peaks are located between the two peaks of interest. Implicitly, this 

provides a definition of what constitutes neighbouring peaks. Several criteria have 

been developed that define what constitutes peak neighbours. The examination of 

the peak vicinity is described by the peak-region test. 

Consider two 2D peaks for which peak vicinities are to be tested. The goal is to 

establish whether a computation of the resolution between these two peaks is 

sensible. The peak-region test evaluates whether peak regions (defined in Section 

8.2.1.) of third peaks are located between the two peaks. These third peaks are 

called interferents or interfering peaks. To this end, the non-interpolated trajectory 

profiles (see Section 8.2.1.) along all the connecting lines between the various 1D 
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peak maxima of the two target peaks are examined. Four situations can be 

distinguished, as illustrated in Figs. 8.2A to C and Fig. 8.3. 

 

Figure 8.2 Trajectory profiles (dashed lines) and peak regions (white boxes) of some peaks 

depicted in Fig. 8.1A. For more details, see text (Section 8.2.2). 
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Figure 8.3 Schematic representation of three 2D peaks (black solid dots) to highlight a feature of 

the peak-region test (Section 8.2.2). The peak region of peak 2 is depicted as black rectangles. 

The black empty dots represent non-interpolated points on the trajectory profile connecting peak 

1 and 3. 

 

Figs. 8.2A to C are taken from a chromatogram of an air-freshener sample (see 

Section 8.3.1 for sample description), whereas Fig. 8.3 depicts a simulated 

situation. In all these figures, the target peak is peak 3 and its vicinity is examined. 

In Fig. 8.2A, the vicinity of 2D peak 3 is tested against 2D peak 2. All connections 

between the peak maxima of both 2D peaks are depicted as pink dotted lines. In 

this case, no line crosses the peak region of another 2D peak and, therefore, 2D 

peaks 2 and 3 are considered "neighbours". 

In Fig. 8.2B, the vicinity of 2D peaks 3 and 1 is tested. Some of the trajectory 

profiles (pink dotted lines) connecting the peak maxima of peaks 1 and 3 pass 

through the peak region of 2D peak 2. However, because not all lines pass through 

the peak region of the interfering peak 2D peaks 3 and 1 are considered 

"neighbours". 

In Fig. 8.2C, the vicinity between 2D peaks 3 and 5 is tested. All trajectory 

profiles connecting the peak maxima of peaks 3 and 5 pass through the peak 
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region of peak 4. Therefore 2D peaks 3 and 5 are not considered "neighbours" and 

computing the resolution between peaks 3 and 5 is not considered meaningful. 

There may be cases in which another 2D peak is not recognised as interfering 

when two peaks are connected. Consider the case depicted schematically in Fig. 

8.3, in which the peak vicinity of 2D peaks 1 and 3 is tested. An interfering peak 

(peak 2) is located between peaks 1 and 3. The light grit represents the 
1
D 

chromatograms. The 1D peak regions of the interfering peak (peak 2) are depicted 

as rectangles. Due to the limited number of data points in the first dimension, the 

trajectory profile is only described by two points, depicted as empty dots, in 

addition to the start and the end of the trajectory (black dots, peak 1 and 3). None 

of the two empty dots lie within the peak region of peak 2. Therefore, peak 2 

would not be recognised as an interfering peak. To accommodate this situation, an 

extra condition is introduced. The line crossing the two peaks of interest must not 

cross any line connecting the 1D peaks of another (interfering) 2D peak. Including 

this criterion will now exclude this combination and recognise 2D peak 2 as 

interfering. This situation rarely occurs in practice. However, it can happen and, 

therefore, it must be accounted for. Note that no interpolation is performed to 

obtain more information along the trajectory profile. One could suggest that the 

use of interpolated trajectory profiles would make this criterion redundant. 

However, this means that the peak vicinity would depend on the data acquisition 

rate of the instrument: low data acquisition rates may result in situations in which 

an interferent peak is not detected (as is the case in Fig. 8.3). Therefore, the use of 

this extra condition is always recommended to ensure the detection of all 

interfering peaks. 

8.2.3 The valley-to-peak ratio in two-dimensional chromatography 

Once the concept of the peak vicinity is established, computing the resolution 

between two peaks (that are defined as true "neighbours") is the next task. The 

definition of the valley-to-peak ratio between two 2D peaks is based on the 

4 

5 
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concept of the saddle point. A saddle point corresponds to the minimum when 

following a surface in one direction and the maximum when crossing it in a 

different direction (in case of a horse saddle, these directions are from the horses 

head to its tail and from right to left, respectively).  

This definition can be easily adapted to 2D peaks in two-dimensional 

chromatography. Each 2D peak is a three-dimensional “mountain” (
1
tR, 

2
tR and 

intensity). The saddle point between the top of the mountains (i.e. the maxima of 

the 2D peaks of interest) can be described as the lowest point that a hiker would 

reach when walking from the top of the first mountain (the maximum of the first 

2D peak) to the top of the second mountain (the maximum of the other 2D peak), 

taking the path with the least possible descent. 

Fig. 8.4A is an example of two peaks present in the chromatogram of the air-

freshener sample. When applied to this example, the peak-vicinity test (Section 

8.2.2) concludes that the two peaks are "neighbours", and therefore that the 

resolution between them is a meaningful parameter. In the calculation of the 

valley-to-peak ratio, the concept of trajectory profiles is again invoked. The 

trajectory profiles of all 1D maxima of peaks 1 and 2 are depicted as dashed pink 

lines in Fig. 8.4A. For the calculation of the valley-to-peak ratio, only the 

trajectory profiles that are free of interference (i.e. do not pass through the peak 

region of another peak) will be used. By definition, as the peaks are "neighbours", 

at least one of the trajectory profiles has to be free of interference of a third peak. 

In the example shown in the figure, all connections are considered, because there 

is no interfering peak located between the two 2D peaks. However, this may be 

different in other cases. 
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Figure 8.4 Chromatogram and trajectory profiles corresponding to two peaks of the air-freshener 

sample. (A) all 1D peaks are connected by trajectory profiles (pink dashed lines). The minima of 

these lines are marked as white dots (labelled a-j). (B) the overall maxima of the two 2D peaks 

(max 1 and 2) and the saddle point S are shown. For details, see text. 

 

 
Figure 8.5 Chromatogram corresponding to three peaks of the fungicide sample. The trajectory 

profile linking 1D peak d of peak 2 with peak 1 is overlaid (pink dashed line). The crossing point 

of this trajectory profile with one merging line of 2D peak 2 is labelled C. 

 

An additional criterion is applied that may result in trajectories being discarded 

prior to the next calculation steps. In certain cases, a trajectory profile can cross 

the "merging lines" (see Section 8.2.1) of either of the 2D peaks of which the 

resolution is being calculated (see Fig. 8.5). This can happen in two ways (i) the 

intensity of the trajectory profile at the “crossing point” C is below the intensity of 

the merging line at this point or (ii) the intensity of the trajectory profile is above 
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the intensity of the merging line. In case (i), this particular profile is excluded from 

the calculation of the saddle point as it is not free of interference (peak 2 itself 

constitutes an interference). 

In Fig. 8.4A the minima of the (interference-free) trajectory profiles are depicted 

as white crosses, named a-j. The saddle point is the most-intense (highest) 

minimum (labelled e in Fig. 8.4A). The valley-to-peak ratio is now calculated 

using the two overall maxima of the 2D peaks and the saddle point (labelled S in 

Fig. 8.4B). Consider the lines that link max1, S and max2 in Fig. 8.4B. The 

distance between max1 and S, d1,S, and the distance between S and max2, dS,2, can 

be calculated using Eq. 1 and 2: 

d1,S = ( ) ( )2221

,1,1 SS RR tt ∆+∆      Eq. 1 

dS,2 = ( ) ( )2221

2,2, SS RR tt ∆+∆      Eq. 2 

where 
SRt

,1

1∆ and 
SRt

,1

2∆ are the differences in time between max1 and S in the first 

and second dimension respectively and 
2,

2

SRt∆  are the differences in time between 

S and max2 in both dimensions. 

Since the intensities of the two maxima, hmax1 and hmax2, and the saddle point, hS, 

are known, a plot as shown in Fig. 8.6 can be created to compute the valley-to-

peak ratio. Note that the same features that can be identified in the concept of the 

one-dimensional valley-to-peak ratio can be recognised in this figure. The 

intensity g is defined as follows: 

g = 
SS

SS

dd

hdhd

,2,1

1max,22max,1

+

+
.     Eq. 3 

Once g is defined, f can be easily derived as it is the subtraction of hS from g. 

Therefore, the valley-to-peak ratio is defined as 

  
( )

g

hg

g

f
V S−

== .      Eq. 4   
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Figure 8.6 Schematic diagram of the calculation of the valley-to-peak ratio between two 2D 

peaks via their saddle point. 

 

There is a clear link between the concept of valley-to-peak ratio defined here and 

the definition given by Schure [7]. In Schure’s work resolution is also calculated 

using the maxima of two 2D peaks. However (in contrast to what is proposed 

here), the 2D chromatogram of two peaks is generated by “slicing” through the 

three-dimensional chromatogram along a straight line connecting the maxima of 

the two 2D peaks (equivalent to the line connecting max1 and max2 in Fig. 8.7A). 

In Fig. 8.7B, the intensity of this slice is plotted against the distance in time. 

 

Figure 8.7 Comparison of two resolution concepts (see text for details). (A) M is the minimum 

on the trajectory profile between the two peaks and S is the saddle point. The intensity profile 

from max1 to max2 following a line through the minimum M is depicted in (B). The intensity of 

the saddle point S is represented by the horizontal dashed line. 
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Schure proposed to calculate the valley-to-peak ratio using the minimum on this 

line, labelled M in Fig. 8.7. From the graph, the valley-to-peak ratio can be 

estimated as 0.922. If the new definition is applied, the minimum on this line is not 

used in the calculation, but rather the saddle point between the two 2D peaks, 

labelled S in Fig. 8.7. Using the saddle point, the valley-to-peak ratio is 0.868. The 

definition given by Schure is equivalent to the new one if the 2D peaks are 

Gaussian shaped. In that special case the saddle point is located on the straight line 

between the two peak maxima (i.e. M and S would coincide in a figure such as 

Fig. 8.7). The definition given in this article is more general, as it can also 

correctly accounts for non-Gaussian peaks. Because the peaks in Fig. 8.7 are not 

Gaussian, the valley found on the straight line between the two maxima (M) gives 

an erroneous impression of the separation (i.e. M is lower than S and, therefore, 

the valley-to-peak ratio is larger, suggesting a better resolution). 

Assuming Gaussian-shaped peaks, the valley-to-peak ratio and the resolution may 

be combined [7]: 








 −
−=

2

1
ln

2

1 V
Rs       Eq. 5   

where Rs is the resolution in two-dimensional chromatography [6], and V is the 

valley-to-peak ratio defined by Eq. 4. We will use this function to calculate the 

resolution that corresponds to a specific valley-to-peak ratio, even in the case of 

non-Gaussian shaped 2D peaks.  Since chromatographers are more familiar with 

resolution than with valley-to-peak ratios, the definition given in Eq. 5 will also be 

used in the “Results and Discussion”-Section.  

As mentioned before, more than one peak can be considered as a "neighbour" of a 

target peak for which the resolution may be calculated. If the objective is to give 

an overall value of resolution for a target peak, all the values of valley-to-peak 

ratios calculated between the target 2D peak and its neighbouring 2D peaks have 

to be collected in a single value. Since the valley-to-peak ratio is normalised 
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(varies between 0 and 1), the overall valley-to-peak ratio of a 2D peak can be 

represented by the product of all valley-to-peak ratios calculated for that peak. 

 

8.3 Experimental 

8.3.1 Chemicals 

Two groups of samples were used. A commercially available air-freshener bought 

in Melbourne, Australia was used in this study to illustrate the application of the 

concept of valley-to-peak ratios to a real sample (Section 8.2). The sample was 

diluted in n-hexane to a concentration resulting in suitable peak heights. The 2D 

peaks were detected using the program described in Chapter 4 using the following 

parameters: Thr0 = 30 pA, Thr1 = 2 pA.s
-1

, ThrOV = 0.2 and a unimodality option 

of 1. Thr0 and Thr1 are thresholds used for peak detection in the one-dimensional 

chromatograms, whereas ThrOV and the unimodality option are used for the peak-

merging algorithm. 

For the discussion of the performance of the developed valley-to-peak ratio 

measurement (Section 8.4), a pesticide-mixture containing eight fungicides was 

used. It was provided by the Department of Primary Industry (Melbourne, 

Australia). The standard mixture was diluted with n-hexane yielding a 

concentration of about 2.5 mg/L for each fungicide. Nine different sets of 

conditions were created by varying the flow rate and the temperature-

programming rate (see Table 8.1). The parameter for peak detection and peak 

merging here were set as follows: Thr0 = 40 pA and Thr1 = 2 pA s
-1

, ThrOV = 0.2 

and the unimodality option was 1. 
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Table 8.1 Experimental design carried out to create the different peak-separation situations used 

in Section 8.4. 

Condition 

number 

Flow rate 

[mL/min] 

Temperature rate 

[°C/min] 

1 0.5 3 

2 1 3 

3 1.5 3 

4 0.5 8 

5 1 8 

6 1.5 8 

7 0.5 12 

8 1 12 

9 1.5 12 

 

8.3.2 Instrumental details 

The instrument used in this study was an Agilent Model 6890 gas chromatograph 

(Agilent Technologies, Burwood, Australia) with a flame-ionisation detector (FID) 

operated at a data-acquisition frequency of 100 Hz. The GC was retrofitted with a 

longitudinally modulated cryogenic system (Everest Model, Chromatography 

Concepts, Doncaster, Australia).  

The column set included a low-polarity BPX5 first-dimension column   (30 m x 

0.25 mm; 0.25 µm film thickness) and a BPX50 second-dimension column (1 m x 

0.1 mm; 0.1 µm film thickness). Both columns were from SGE International 

(Ringwood, Australia). 

A modulation period of 4 s was applied for all analyses and the cryogenic trap was 

set to -10 ºC. 

Unless stated otherwise, the GC was operated under temperature-programmed 

conditions from 90 ºC to 250 ºC at 3 °C/min, held at 250 °C for 15 min. Hydrogen 

was used as the carrier gas at a flow rate of 1 mL/min. The injection volume for all 

samples was 1 µL. A split injection with a split ratio of 20:1 was applied for the 

air-freshener and a pulsed splitless injection was applied for the fungicides. 
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8.3.3 Software 

The instrument was controlled by Chemstation software (Agilent, Waldbronn, 

Germany) and data treatment was performed by home-built routines, written in 

MATLAB 6.5 (The Mathworks, Natick, MA, USA). The raw data set can be 

exported from the instrument software in comma-separated-values (*.csv) format 

and then processed with the developed program. 

A personal computer with a 1.4 GHz Intel® Celeron® M Processor and 512Mb 

RAM was used for all data treatment.  

 

8.4 Results and discussion 

8.4.1 Performance of the valley-to-peak ratio measurement 

In order to test the performance of the valley-to-peak ratio in practice, the 

chromatogram obtained for the pesticide mixture was selected. Fig. 8.8 depicts the 

region of interest of the resulting chromatogram. Peak 2 is the target peak for 

which the valley-to-peak ratios are calculated (see Table 8.2). 

 

Figure 8.8 Chromatogram corresponding to the region of interest of the fungicide sample (eluted 

under condition 2). Pink dotted lines indicate peaks that are considered neighbours of peak 2. 
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The inspection of Fig. 8.8 is instructive to illustrate the operation of the peak-

vicinity algorithm. Only five peaks are considered "neighbours" of peak 2. 

Consequently, the valley-to-peak ratio is calculated between peak pairs 2-1, 2-3, 2-

4, 2-6 and 2-8. For peak pair 2-1 and 2-3, no other 2D peak is located between the 

pair and therefore, the resolution can be calculated between them. This is in 

accordance with the chromatographer's intuition. The algorithm also considers the 

peaks 6 and peak 8 to be neighbours of peak 2, even though these peaks are far 

apart. This is because at least one trajectory profile from peak 2 to peak 6 (or 8) 

was found to be unobstructed (i.e. no peak regions of other peaks were crossed). In 

our experience, the developed criteria are suitable to determine meaningful peak-

pair combinations, for which the valley-to-peak ratio is then calculated. Note that 

the concept of peak vicinity does not consider how far the peaks are separated, but 

only whether a peak is located in between. Therefore, it can happen that peaks that 

are located far apart (such as peak pair 2 and 6 in Fig. 8.8) are still considered 

neighbours. Another remark is that often a peak pair is excluded (meaning the 

resolution is not calculated) even though inspection of the colour plot may suggest 

that the peaks involved could be neighbours. This can easily happen when the 

integration thresholds are below the threshold of plotting the peaks. Interfering 

peaks can often only be identified using the concept of peak regions, rather than 

by inspecting the colour plot. Peak pair 2-7 is an example. Intuitively, one may 

think that peaks 2 and 7 are neighbours (especially because peaks 2 and 6 also 

are). However, when the algorithm examines all the trajectory profiles between 

peaks 2 and 7, it is found that the peak region of peak 6 is always in between. This 

would certainly bias the value of the valley-to-peak ratio (resolution) if it was to 

be calculated. The saddle point would be higher than expected, not because the 

peaks are less resolved, but because of the interfering peak.  

Even though the values for the valley-to-peak ratio theoretically range between 

zero (no resolution) and one (perfect resolution), the values for this calculation for 

two-dimensional peaks vary only slightly. This is not surprising, since all peaks 
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are well resolved (see Table 8.2). This again is in accordance to the 

chromatographer's intuition. A valley-to-peak ratio of 0.98 equates to a Rs-value of 

about 1.5, which is considered as well-resolved. For peaks 6 and 7, which are 

clearly not completely resolved, the valley-to-peak ratio is 0.87, which 

corresponds to a resolution Rs of 1.17. One should be careful when using of Eq. 5, 

since the peak distance is not considered when the valley-to-peak ratio is 

computed. Therefore, once two peaks are baseline-separated, the valley-to-peak 

ratio approaches unity and the conversion to Rs loses accuracy. This starts to 

happen with values of valley-to-peak ratio above 0.97 (which is equivalent to 

Rs>1.5). 

Table 8.2 Valley-to-peak ratios and resolution values for 2D peak 2 of the fungicide sample. 

 
2D peak 

combination 

valley-to-peak 

ratio 

Resolution 

RS 

2 – 1 0.995 1.73 

2 – 3 0.993 1.68 

2 – 4 0.992 1.66 

2 – 6  0.999 1.95 

2 – 8  0.999 1.95 

Overall resolution 

(minimum) 

 

0.992 

 

1.66 

Overall resolution 

(product) 

 

0.973 
 

 

In Table 8.2, the values of the overall valley-to-peak ratio (the minimum and the 

product of all values) are also given for the target peak. These values can be used 

as an estimate of how well the target peak is resolved from all other 

(neighbouring) peaks. This may be useful in certain applications, for example 

when the objective of the analysis is to resolve only a few target peaks. Note that 

the product as a single value for one target peak is dependent on the number of 

peaks that are considered as neighbours. This calls for caution for well-resolved 

peaks. In this case, the overall valley-to-peak ratio is a result of multiplying 

several quantities close to 1. The reason why the valley-to-peak ratio is not exactly 

equal to unity for well-resolved peaks is random noise. The more neighbours 
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present, the lower the overall valley-to-peak ratio may become, which does not 

follow the chromatographer’s intuition. This can be remedied by setting all 

individual valley-to-peak ratios that exceed a certain threshold to 1.  

There may be applications in which a chromatographer needs to establish an 

overall quality criterion for the entire chromatogram. In such cases, since all peaks 

are target peaks, the overall valley-to-peak ratio of each peak is calculated. 

Subsequently, the minimum, the product, or the mean of all values may be 

computed, to obtain a single value expressing the resolution of the whole 

chromatogram. In our case, the computing power was inadequate to compute all 

valley-to-peak ratios for all 2D peaks in a two-dimensional chromatogram of 

average complexity.  

8.4.2 Relation between the error of quantification and the valley-to-peak ratio 

Valley-to-peak ratios provide an objective estimate of the separation between 

peaks. However, this may not be adequate. The chromatographer may want to 

relate this value to the error obtained in the quantification of the target peaks. This 

would add additional meaning to the computation of valley-to-peak ratios. In order 

to investigate the relation of the error of quantification and the valley-to-peak 

ratio, a target mixture of eight peaks was considered. Nine different experimental 

situations were created, for which the separation (and therefore the resolution) of 

the peaks was changing. This allowed a measurement of the error of quantification 

in different situations of partial overlap. In order to generate the different 

experimental situations, an experimental design was carried out. For simplicity, 

only two factors were considered, namely the flow rate and the temperature-

programming rate (see Section 8.3). These factors are expected to greatly 

influence the separation. Three levels were considered for each factor, which 

resulted in a design with 3
2
 = 9 experiments (see Table 8.1). Some attention has to 

be paid to the ”intensity threshold” Thr0 when changing experimental conditions 

(see Chapter 4 for details on this threshold). If Thr0 is chosen too low, noise might 
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be detected as peaks. The noise level is different under different conditions and, 

therefore, care must be taken to either set the threshold correctly for each set of 

conditions, or to discard peaks that are known to be due to noise. 

Fig. 8.8 represents the separation obtained at condition 2. It should be noted that 

only peaks 6 and 7 showed significant variation in resolution at the nine different 

sets of conditions described in Table 8.1. Therefore, only these two peaks plus 

peak 8 were selected as target peaks for this study. Peak 8 was included to also 

examine one well-resolved peak. 

Under certain conditions (e.g. condition 6), the resolution between peaks 6 and 7 

was so low that the peak-detection algorithm merged the two peaks to form one 

2D peak. The peak-detection algorithm separates peaks when a valley is found in 

between them (the first derivative is monitored). Strongly overlapping peaks 

(showing just a shoulder, not a valley) will be merged to a single peak and 

therefore, no resolution measurement can take place. 

To evaluate the error in determining the area, a quantification method described 

elsewhere in Chapter 4 was applied to compute the volume of the target 2D peaks 

(equivalent to the area in 1D chromatography). Quantification of 2D peaks is 

performed by integrating the 1D peaks individually and then summing the areas of 

the 1D peaks that were merged to form the 2D peak of interest. In order to 

minimise quantification errors, the sample was prepared only once and the same 

sample was injected under the nine different conditions. Then, one of the 

experiments (condition 1, in which all peaks were perfectly separated) was 

selected as a reference. The quantification error was calculated as % of relative 

error (ε), as follows:  

 

100
exp

expexp
×

−
=

ected

erimentalected

a

aa
ε       Eq. 6 

where aexperimental is the sum of the (1D) areas of the target peak and aexpected is the 

sum of the areas of the target peak at the reference condition (i.e. condition 1). An 
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internal standard was used to minimise errors due to non-repeatable injection 

volumes or instrumental errors, and to compensate for the variations in signal 

response at different experimental conditions. Peak 5 was chosen as an internal 

standard, as it was well separated from all other peaks under all conditions. Prior 

to applying Eq. 6, the areas were normalised using the internal standard procedure. 

In Fig. 8.9 the relative error in quantification is plotted vs. the valley-to-peak ratio 

of the target peaks (6, 7 and 8). For each target peak, the product of all valley-to-

peak ratios in which the target peak was involved was used (Section 8.2.3). We 

expect that the error of quantification is related to the valley-to-peak ratio; the 

lower the value of the valley-to-peak ratio, the greater the error in quantification is 

expected to be. In Fig. 8.9, this trend is clearly observable.  

 

Figure 8.9 Relative error of quantification – using Eq. 6 – versus the valley-to-peak ratio for 

peaks 6 (open diamonds), 7 (open squares) and 8 (open triangles) under the nine different 

experimental conditions described in Table 8.1. To compute an overall value of the valley-to-

peak ratio of each target peak, the values are multiplied.  

 

For valley-to-peak ratios greater than 0.6, the plot becomes more scattered and a 

trend is harder to define. This is probably due to the fact that the error expressed 

by Eq. 6 includes all instrumental errors, which are more relevant in situations of 

low overlap. However, it can be concluded that for almost all peaks with a valley-

to-peak ratio above 0.85, a relative error of less than 10% is observed.  
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Table 8.3 Valley-to-peak ratios (v2p) for 2D peaks 6, 7 and 8 analysed under nine experimental 

conditions. 

2D peak  

comb. 

v2p 

cond.1 

v2p 

cond.2 

v2p 

cond.3 

v2p 

cond.4 

v2p 

cond.5 

v2p 

cond.6 

v2p 

cond.7 

v2p 

cond.8 

v2p 

cond.9 

6-5 0.9999 0.9997 0.9998 0.9996 0.9997 - 0.9992 0.9995 0.9997 

6-7 0.9377 0.8712 0.8171 0.7728 0.6773 - 0.7918 0.5520 0.2954 

7-8 0.9996 0.9996 0.9992 0.9992 0.9992 0.998 0.9992 0.9992 0.9983 

 

Table 8.3 shows the valley-to-peak ratios for the target peaks under all 

experimental conditions. As can be seen, the valley-to-peak ratios of peak 7-8 are 

always greater than 0.998. Accordingly, the relative errors associated with the 

quantification of peak 8 are always lower than 7%. In contrast, for 2D peaks 6 and 

7, the valley-to-peak ratios decrease to 0.29 for situation 9 (flow rate of 1.5 

mL/min and a temperature-programming rate of 12 °C/min) with a relative error of 

quantification up to 61% for peak 6 and 47% for peak 7. 

 

8.5 Conclusions 

The concept of the valley-to-peak ratio was successfully adapted to two-

dimensional separations. Two problems were tackled in this context, namely i) 

determining which are neighbouring peaks and ii) the calculation of valley-to-peak 

ratio for non-Gaussian peaks. 

In a two-dimensional separation space, one peak is surrounded by more than two 

peaks. Therefore, prior to the calculation of the valley-to-peak ratio, criteria have 

to be applied to determine which peak pairs have meaningful resolution values 

(i.e. which peaks can be considered neighbours). In this paper, a method has been 

proposed to investigate the peak vicinity. The method assures a calculation of 

valley-to-peak ratio free of artefacts due to interferents. In addition, the peak-

vicinity concept proved to be in accordance with chromatographic intuition. 

A measurement of valley-to-peak ratios in two-dimensional separations was 

proposed, based on the saddle-point concept. The use of the saddle point allows 

the calculation of valley-to-peak ratios for real (experimental) peaks, which are not 
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of Gaussian shape. For the samples analysed, reasonable values for the valley-to-

peak ratio were obtained. In addition, an approximate conversion of the valley-to-

peak ratio to the resolution as given by Schure was applied, yielding indicative 

values for the resolution of peaks in comprehensive two-dimensional 

chromatography. 

The error associated with the quantification of (modulated) 2D peaks could be 

related to the valley-to-peak ratios. The lower the valley-to-peak ratio the greater 

the expected error. Although this relation is not exact, it does provide a useful 

estimate. For the sample analysed, the error of quantification was below 10% 

when the valley-to-peak ratio was above 0.85. 
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Summary 

Chromatography exists for over a hundred years and has become an important part 

of analytical chemistry. With the development of new instrumentations and 

columns that can measure more analytes at higher sensitivities simultaneously a 

new tool has been made possible: chromatographic profiling. Here, samples are 

measured untargeted and their entire profiles are then correlated to their properties, 

the chemical process or whatever type of research question needed to be answered. 

One special type of application of chromatographic profiling is the so-called –

omics application such as e.g. metabolomics.  

In chromatographic profiling, huge quantities of data are obtained, and 

hypothetically, a tremendous increase in information can be obtained from 

profiling studies. Unfortunately, methods that can deal with the data in a timely 

manner are still lacking. To date, automated data pre-processing and analysis have 

become one of the major bottlenecks of large-scale sample analyses. In this thesis, 

we have tried to deal with some of the issues in a practical yet sound way. We 

have focused on developing new methods that either result in better data (i.e. more 

robust and reliable), better pre-processing or better analysis of the data, all with 

the aim to improve the link from samples to information. 

In Chapter 1, a general introduction to the set-up of large-scale profiling studies is 

presented. The analytical workflow from experimental design to biological 

interpretation is discussed and all methods developed in this thesis are linked to 

the workflow. The importance of automation, whether it is of instrumental or data-

analytical nature is highlighted. Only when all or most parts of the workflow are 

automated, reliable and robust data is obtained in a timely manner in large-scale 

experiments. Automating sample preparation is hereby seemingly one of the 

simplest steps, provided the appropriate instrumentation is available. In Chapter 2, 

an automated sample preparation method based on “Micro-extraction in a Packed 
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Sorbent” (MEPS) for the analysis of plasma by gas chromatography is presented. 

As the micro-extraction material is incorporated into the gas chromatographic 

system, no manual handling of the samples is required. Thanks to the extraction 

material being not very specific (C18 in our case), broad chromatographic profiles 

could be obtained. Additionally, compounds in very low abundances could be 

measured in the presence of other high-abundant compounds. 

All data analysis methods are either based on peak tables or on the raw 

(chromatographic) data. Alignment of the signal over all samples is hereby a 

necessity. While this is relatively simple for detected peaks it becomes more 

challenging when aligning the raw signal. Luckily, software (commercial or 

freeware) exists that performs signal alignment; however, setting all parameter 

correctly within the software can be difficult and time-consuming. In Chapter 3, 

we show how with little analytical effort, the parameter selection for alignment 

using any given software package can be optimised. The method is based on using 

quality control samples, often anyhow included in the analysis plan.  

(Automatic) peak detection can immensely simplify further data analysis as the 

proceeding method does not have to deal with the parts of the data that are 

irrelevant (i.e. noise), providing it has been detected as such. In Chapter 4, a new 

peak detection algorithm for chromatograms obtained from two-dimensional gas 

chromatography is presented. Peaks are hereby detected as “mountains”, i.e. a 

peaks’ start and end point in the first and second chromatographic dimension are 

identified. In this way, quantitative data for the peaks are obtained. 

In profiling studies less than perfect (chromatographic) data is often obtained, and 

depending on the complexity of the samples not all compounds are usually 

separated chromatographically. In such cases mathematical deconvolution presents 

a powerful alternative. In Chapter 5 a new method is presented that automatically 

determines the number of components to use in a mathematical deconvolution 

model. It is based on a cross-validation procedure that makes use of the fact that 

the overall error of cross-validation will first decrease when adding more 
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components and then increase once the optimum number of components has been 

reached. In this way, a general method has been developed that does not require 

any manual intervention. 

In many profiling studies it is not known what changes in the data can be 

expected. Therefore, in addition to the instrumental side that should be as versatile 

as possible, any proceeding data-analytical method should be non-specific and 

include the entire information available. This includes information on the samples 

that may be present, e.g. about the sampling time or sample groups. Including such 

pre-knowledge in the data analysis will not only simplify the method but also 

should result in more relevant information. The obtained results from broad, 

multivariate methods often require a high understanding of the data and biological 

knowledge and often the results are still subject for interpretation. Incorporating 

pre-knowledge in the method will force the model in a certain direction thus 

excluding results not relevant for the present data. In Chapter 6 and 7, two 

methods for the analysis of data obtained from kinetic studies are presented. The 

data sets that these methods were based on differ in one respect: in Chapter 6, the 

kinetic data were taken from several volunteers that were exposed to one particular 

dose and in Chapter 7, the kinetic data were taken from one volunteer at several 

doses. Thus, in both cases pre-knowledge on the structure of the data was present. 

In Chapter 7, an additional knowledge was that the responses of the several doses 

should follow the same trend. For both studies, two methods were developed that 

even though they differ inherently in their mathematical nature, both aim at 

reducing the thousands of (often redundant) variables present in such data sets to a 

reasonable number. 

In Chapter 8 a new method to express resolution in two-dimensional 

chromatography has been developed. Resolution is a very important measure 

when comparing sample chromatograms and it is often used to determine the 

goodness of a given chromatogram. In one-dimensional chromatography 

resolution is well-defined, but its definition cannot be directly transferred to data 
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obtained from two-dimensional chromatography. We have developed a new 

resolution function based on the valley-to-peak ratios between peaks. We have 

defined a new measurement of “vicinity”, i.e. a measurement to check between 

which peaks in a two-dimensional (2D) chromatogram a resolution minimum 

occurs. Finally, the 2D resolution method developed can be used to determine the 

overall quality of a 2D chromatogram. 
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Samenvatting 

Chromatografie bestaat al meer dan honderd jaar en is éen van de belangrijkste 

technieken binnen de analytische chemie. Met de ontwikkeling van nieuwe 

apparatuur en kolommen die gevoeliger kunnen meten en een hoger scheidende 

vermogen hebben is een nieuwe manier van meten mogelijk gemaakt: het 

zogenaamde “chromatographic profiling”. Hier worden hele profielen van 

monsters gemeten en het gehele profiel wordt dan, afhankelijk van het doel, 

gecorreleerd aan de eigenschappen van de monsters, aan het (bio-)chemische 

proces, etc.  

In “chromatographic profiling” worden grote hoeveelheden data gegenereerd en 

dat zal in theorie een enorme toename aan informatie kunnen betekenen. Helaas 

ontbreken er nog steeds automatische methoden die met deze hoeveelheid aan data 

om kunnen gaan. In dit proefschrift trachten wij het proces van monsters tot 

informatie te verbeteren. Onze focus lag hierbij op het ontwikkelen van nieuwe 

methoden die betere data genereren, methoden die het voorbewerken van de data 

faciliteren danwel methoden die de data-analyse zelf verbeteren.  

Hoofdstuk 1 is een introductie over “chromatographic profiling”. Dit hoofdstuk 

beschrijft de opzet van een grootschalig experiment. Elk “profiling” experiment 

kan in verschillende onderdelen verdeeld worden: van het opzetten van de studie 

tot en met de biologische interpretatie, van monstervoorbewerking en analyse tot 

de data verwerking. Alle stappen worden hier uitgelegd en de methodes, die in dit 

proefschrift zijn ontwikkeld, worden aan éen van de onderdelen gekoppeld. Het 

grote belang van automatisering in alle onderdelen wordt hierbij in het bijzonder 

genoemd. Het eenvoudigst realiseerbaar lijkt automatisering van de 

monstervoorbewerking omdat hiervoor alleen de juiste apparatuur nodig is. In 

hoofdstuk 2 beschrijven wij een nieuwe methode voor de automatische opwerking 

van plasma monsters met MEPS (“micro-extraction in a packed sorbent”) en gas 

chromatografie. Wanneer MEPS en gas chromatografie on-line gekoppeld worden 
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is het extractiemateriaal aanwezig in de naald van de injectiespuit en zijn er dus 

geen manuele handelingen van de monsters meer nodig. Dit is niet alleen sneller 

en goedkoper, maar de kans op fouten is ook sterk gereduceerd. In onze methode 

gebruikten wij een universeel C18 gemodificeerd adsorptie materiaal en kregen 

daardoor een breed profiel van onze plasma monsters. Ook was het mogelijk om 

komponenten tegelijkertijd in hele hoge als ook zeer lage concentraties te bepalen. 

Alle beschreven data-analytische methodes in de literatuur die bedoeld zijn voor 

“chromatographic profiling” zijn gebaseerd op de ruwe data of op piektabellen. In 

beide gevallen is de juiste uitlijning (alignment) van het signaal of de pieken 

essentieel. Met gedetecteerde pieken is alignment redelijk eenvouding, maar de 

alignment van ruwe data is nog steeds moeilijk, ondanks dat er al veel literatuur 

over dit onderwerp gepubliceerd is en er (commerciele) softwarepakketten 

verkrijgbaar zijn. Het probleem met het gebruik van software is dat er normaal 

gesproken vele parameters ingesteld moeten worden, iets wat niet altijd even 

makkelijk is. In hoofdstuk 3 laten wij zien hoe op een analytisch eenvoudige 

manier de parameters voor een gegeven softwarepakket te bepalen zijn. De 

methode is gebaseerd op kontrolemonsters, die meestal toch wel in een 

grootschalig experiment meegenomen worden.  

Data-analyse wordt veel eenvoudiger als er met piektabellen gewerkt kan worden 

omdat de methodes dan geen rekening hoeven te houden met de ruis in de data. In 

hoofdstuk 4 is een nieuwe piekdetectie-algoritme voor data van twéé-dimensionale 

chromatografie beschreven. Hierbij worden de pieken niet alleen als maximum 

gedetecteerd, maar als hele “bergen” in de twee dimensies. Op die manier is het 

ook mogelijk om kwantitatieve informatie over de pieken te verkrijgen. Onze 

(automatische) methode resulteerde in vergelijkbare kwantitatieve data als 

manueel-geintegreerde data maar met vaak een betere herhaalbaarheid. 

In grootschalige (profiling) experimenten is de verkregen (chromatografische) 

scheiding vaak niet perfect en daarom zijn (automatische) data-analytische 

methoden erg belangrijk om de gewenste informatie te bekomen. Met name in 
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complexe monsters zijn komponenten vaak niet chromatografisch te scheiden en 

wiskundige deconvolutiemethoden zijn nodig om de zuivere piekinformatie (i.e. 

componentinformatie) te verkrijgen. In hoofdstuk 5 wordt een nieuwe methode 

voor de automatische bepaling van het aantal wiskundige komponenten voor een 

deconvolutiemodel beschreven. De op cross-validatie gebaseerde methode wordt 

geïllustreerd in verschillende gebieden van een chromatogram. De methode maakt 

gebruikt van het feit dat de fout van het cross-validatie algoritme eerst afneemt als 

er meer komponenten voor het modeleren meegenomen worden en dan plotseling 

toeneemt als het juiste aantal komponenten bereikt is. Deze buiging in de curve 

kan eenvoudig op een automatische manier gedetecteerd worden. 

Vele profileringsexperimenten zijn heel open opgezet en alle mogelijke 

verschillen in de meetgegevens kunnen van belang zijn. Daarom moeten de 

opgenomen profielen zo breed mogelijk zijn en moeten de data-analytische 

methoden van het gehele profiel gebruik maken. Vaak worden multivariate 

methodes toegepast die hiervoor in principe uitstekend geschikt zijn. Soms is het 

echter moelijk om de gewenste informatie te krijgen omdat de data bijvoorbeeld te 

veel ruis bevat. Ook is er soms aanvullende informatie over de monsters 

beschikbaar, bijvoorbeeld over de monstername. In dat geval kan het verstandig 

(of zelfs noodzakelijk) zijn om deze informatie mee te nemen in de data-analyse. 

In hoofdstuk 6 en 7 worden zulke situaties besproken. De methodes in beide 

hoofdstukken zijn ontwikkeld voor verschillende typen kinetische studies: in 

hoofdstuk 6 kregen meerdere vrijwilligers één dosis van een komponent of 

mengsel en monsters werden over een bepaald tijdsbestek genomen, terwijl in 

hoofdstuk 7 monsters van één vrijwilliger over dezelfde tijdsduur genomen 

werden, maar dan na het toedienen van drie verschillende doses. Dus, in beide 

hoofdstukken is de factor tijd in de data-analyse opgenomen en het feit dat iets 

ingenomen werd dat op een te voorspellen manier teruggevonden zou moeten 

worden (als komponent danwel als metaboliet). Bijkomend is dat in hoofdstuk 7 

de komponent in drie verschillende doses toegediend werd wat ook in de 
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omschreven methode is meegenomen. De twee in hoofdstuk 6 en 7 beschreven 

methodes verschillen uit wiskundig perspectief maar dienen hetzelfde doel: het 

verminderen van de hoeveelheid variabelen tot een redelijke hanterbare data set. 

In hoofdstuk 8 is een nieuwe definitie van resolutie in twéé-dimensionale (2D) 

chromatografie beschreven. Terwijl de resolutie in één-dimensionale 

chromatografie goed gedefineerd is, kan deze definitie niet zo maar voor 2D 

chromatografie toegepast worden. Daarom is een nieuwe manier van 

resolutiebepaling noodzakelijk. De hier omschreven methode is gebaseerd op de 

“berg-tot-dal-ratio” tussen pieken in het 2D chromatogram. Er is ook een definitie 

gegeven die beschrijft tussen welke pieken een resolutie meting zinvol is. De 

nieuwe methode kan dus gebruikt worden om de algemene kwaliteit van een 2D 

chromatogram te bepalen. 
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