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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. 
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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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