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Abstract 

Data processing tools are valuable to the analytical chemist as they can 

speed up the analysis, and sometimes solve problems that are not feasible to 

solve in a traditional manner. However, the complexity of many data 

processing tools can make their use daunting for the inexperienced user.  

This thesis includes two applications and two tools for data processing. The 

first application focuses on minimizing the manual input, reducing the time 

required for a simple task. The second application required more manual 

input, in the form of parameter selection, but process far more data.  The 

data processing tools both include features that simplify the manual work 

required. The first by including visual diagnostics tools that helps in setting 

the parameters. The second via internal validation that makes the tool’s 

process more robust and reliable, and thereby less sensitive to small changes 

in the parameters. 

No matter how good or precise a data processing tool is, if it is so 

cumbersome that it is not used by the analytical chemists that need it, it is 

useless. Therefore, the main focus of this thesis is to make data processing 

easier. 

 

 

  



 

Populärvetenskaplig sammanfattning 

Moderna analysinstrument kan generera data om hundratals kemiska 

föreningar samtidigt. De här datamängderna kan i många fall vara opraktiska 

att tolka manuellt, eftersom det helt enkelt skulle krävas väldigt mycket tid: 

att göra dataanalysen för komplicerade projekt manuellt skulle kräva flera 

månader av arbete. Genom att datorisera analysen kan tiden reduceras till 

timmar eller minuter. Datoriserad analys har dock sina svårigheter: 

parametrar måste väljas. Om parametrarna är dåliga, blir även resultatet 

dåligt. 

Den här avhandlingen fokuserar på datoriserad dataanalys. Två av 

publikationerna handlar om tillämpad datoriserad dataanalys. I den första så 

automatiseras en analys av sockerarter på antikroppar. Där tillämpas den för 

att jämföra fyra olika läkemedelspreparat som består av antikroppar. I en 

senare, ännu opublicerad studie, så testas metoden för diagnosticering av 

alkoholism. Vi hoppas att också kunna testa metoden för diagnosticering av 

leversjukdomar.  

Den andra publikationen är en metod för livsmedelssäkerhet. Vi analyserar 

normalt en serie kemiska substanser som är giftiga eller riskerar att hamna i 

mat, till exempel besprutningsmedel eller toxiner från mögel. Det finns dock 

avsevärt mycket fler substanser som kan vara skadliga. Den här metoden är 

utvecklad för att hitta okända substanser. Om olyckan är framme, och det 

inte är någon av substanserna i den ’normala’ serien, så kan den här metoden 

användas för att ta reda på vilken substans det är. Det är också möjligt att 



 

tillämpa metoden proaktivt genom att analysera och jämföra 

produktionsomgångar.  

Den tredje publikationen är ett mjukvarupaket för analys av kemiska data. 

Ett speciellt fokus ligger på användarvänlighet. Många mjukvaror kräver att 

användaren ska kunna välja parametrar utan hjälp. I den här mjukvaran  

finns det visuella verktyg som underlättar valet av parametrar. I de flesta 

analyssteg går det att analysera en liten del av datan: om resultaten inte 

verkar tillfredställande så behöver parametrarna ändras. De visuella 

verktygen ger då en fingervisning om hur parametrarna skall ändras. 

Verktygen som hjälper användaren att hitta bra parametrar, både snabbt och 

enkelt, kan förbättra de slutgiltiga resultaten.  

Det fjärde manuskriptet handlar om en förbättrad metod för dataanalys. 

Metoden har gjorts om så att den blir snabbare och mer robust. Ett internt 

valideringssystem gör att metoden kan förkasta felaktiga resultat. Det gör 

metoden mindre känslig, säkrare, och mer tillförlitlig. 

I framtiden kommer allt fler processer att datoriseras. Det gäller även 

analysmetoder, både inom forskning, och i andra delar av samhället, där till 

exempel medicin, livsmedel eller miljö analyseras. Den här datoriseringen 

kan göra kemiska analyser snabbare, enklare och billigare. Den här 

avhandlingen handlar om datoriserade analyser, både att applicera dem, och 

att göra dem lättare att använda. 
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Introduction 

The topic of this thesis is data analysis in analytical chemistry and how to 

use the large amount data produced by modern analytical instruments in an 

efficient manner. The prime example of an analytical method that can 

generate a large amount of data is chromatography coupled to mass 

spectrometry. The chromatography first separates the analytes based on 

chemical properties, and the mass spectrometer analyse their molecular 

mass. As the analytes can divide into fragments in the mass spectrometer, 

there is also structural information available. Targeted analysis simplifies the 

data analysis problem by focusing on a limited number of the analytes, 

which are identified and quantified. In non-targeted analysis, all chemical 

compounds are considered to be analytes, and are analysed to investigate 

sample properties that depend on many analytes, or on unknown analytes. 

The analytes are not identified or directly quantified. Instead the signals they 

generate in the instrument are used. If a few analytes prove interesting, they 

are identified at a later stage.  

Given the high number of analytes in complex samples, the chemical 

analysis can give an enormous amount of data [1], making the data analysis 

complicated and unfeasible to do manually. The large amount of data also 

gives new possibilities: all peptides or all metabolites can be investigated, 

showing the full effect of a treatment. This also allows investigation of 

unexpected analytes: peptides or metabolites that were not expected as a 

result from the treatment. In paper II, this was employed in food safety 

analysis. Traditional food safety analysis methods analyse a limited list of 

harmful compounds. However, there are millions of chemical compounds, 
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and many of them are harmful for humans. It is not possible to analyse all 

harmful compounds with traditional methods, even if the analysis of most of 

them would be very simple given the doses required for toxic effects. By 

employing a non-targeted method, all chemical compounds in the sample 

can be investigated. Any analytes that have a highly different intensity 

compared to control samples, i.e. samples that are known to be 

uncontaminated, are further investigated.  

Software 

As the analytical instruments produce more data and become more available, 

more researchers are developing and using data analysis softwares. As the 

availability and quality of the instruments have increased, so have the 

possibilities of non-targeted analysis, and with them, the interest in non-

targeted analysis. Today there is a plethora of softwares for data analysis. 

Some process raw data, such as extracting peaks and creating and aligning 

peak tables [2-6]. Some do analyse the peak tables, for instance comparing 

peaks or identifying peaks [7-12]. There are also many softwares that do 

both data processing and analysis. They start with raw data and produce peak 

comparisons or a list of significant markers [13-20]. 

Most modern data analysis software can import several different file formats, 

and most instruments software can export data to these file formats. 

Examples of the file formats include netCDF, mzXML, mzML and mzData. 

Thus, a dataset can then be analysed with different data analysis tools, 

instead of being limited to the vendor software. There are several reviews 

comparing different data analysis softwares [21]. Some do the comparison 

by processing the same dataset [22-27]. Using multiple data analysis tools 

for the actual data analysis has been suggested, as the results of the different 

softwares are not completely overlapping [24]. Differences in peak 
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detection, peak matching or statistical evaluation can cause different 

methods to reach different conclusions regarding the same data. For 

instance, Tautenhahn et. al. [23] compares three different peak detection 

methods. There were hundreds of peaks that were not detected by all 

methods. If a peak which is detected only by some methods is a biomarker, 

only those methods will be able to indicate it. Another example is Lu et. al. 

[26], which evaluated three software packages on a dataset consisting of 

standards and standard mixtures. They found a large difference in the 

identified peaks as well as the quantitative results. 

One difficulty in evaluating a data analysis tool is the difficulty of 

establishing a ground truth. The list of peaks that the software identifies as 

significant markers can be manually investigated; however it is very difficult 

to determine if the data analysis missed any significant markers. Evaluating 

individual process steps, such as peak detection, can be even more 

problematic, because the intermediate result tend be much larger than the 

final result.  Most real samples in non-targeted analysis contain a huge 

amount of analytes, giving rise to hundreds or even thousands of peaks, and 

only a few biomarkers. Investigating each peak manually will require an 

unfeasible amount of time, in addition to the difficulty of evaluating missed 

peaks.  

One approach to algorithm evaluation is to compare different data analysis 

softwares is to assume that the features identified by more than one software 

are accurate [23, 24]. This leaves a problem if some of the algorithms are 

similar, and still requires evaluation of the features identified only by one 

software, but it reduces the time required for the complete evaluation. The 

risk is that the evaluation only indicates how similar the different algorithms 

are, rather than the quality of the results. 
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Data analysis algorithms yield different results depending on the parameter 

settings. Therefore the parameters require tuning, and the algorithm results 

needs to be examined. Parameter evaluation features, i.e. tools for assessing 

the results of the process and parameters before running the process, are 

surprisingly absent in many data analysis softwares. One example of a 

parameter evaluation feature is the peak detection evaluation in TracMass2 

[paper III]. There a small part of the sample (one PIC) is processed and the 

results are shown. Besides showing the detected peaks and the raw data, the 

results from the zero area filter convolutions, the estimated noise and the 

smoothed PIC is shown, see Figure 1. These can help the user identify 

problems and estimate parameters. If the zero area filter widths are too wide, 

it does not matter how well the noise estimate has been optimised, the 

process will miss peaks. By looking at the zero area filter convolutions, the 

problem can be quickly assessed and solved.  

Some parameters are intuitive to set, such as peak width or mass accuracy. 

Other parameters are less so, examples including noise level and smoothing 

width. One strategy is to analyse a standard mixture [23]. As the contents are 

known, the parameters can be changed until all the analytes are detected. 

This will make sure that the parameters are sufficiently good, even if they 

are not necessarily optimised. One problem arises regarding impurities: they 

are real chemical analytes, and will give rise to real signals. This poses the 

question whether they should be accepted as peaks, and if so, how they will 

be identified. There have been datasets created completely from standard 

mixtures for method evaluation [26, 28, 29]. Even though large amounts of 

effort have been put into these datasets, their complexity is still lower than 

real samples. Still they are very useful for evaluating automated data 

analysis processes as most of the peaks are known, and have known 

concentration. For instance, Lu et. al. [26] determines false positives and 

false negatives in different software packages using standard mixtures. 
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While the false positives might be impurities, the false negatives will be 

accurate, and both still contributes to the understanding of the results.  

 

 

Figure 1. The parameter evaluation feature in the peak detection step in 

TracMass2. The zero area filter lines (ZAF in the figure) have peaks where 

the raw data have a peak of similar width, and valleys next to it. By looking 

at where the peaks and valleys appear, and how big they are, the zero area 

filters can easily be optimised. 

Furthermore, a standard does not always behave as a real sample, as it 

usually is less complex. A standard should have the same or at least similar 

components, in the same concentration range. Most complex samples 

contain hundreds to thousands of compounds, in concentrations ranging 

from below the detection limit to well beyond the linear range. In targeted 

analysis, most of these compounds are removed by the sample work up. In 
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nont-argeted analysis it is not known which compounds are of interest, so all 

of them have to be analysed. Creating a standard for such an analysis is quite 

difficult, and much time and effort can be saved by setting the parameters 

without using a standard. For processing methods that work with several 

samples in parallel, such as alignment, using standards is even more 

troublesome, as one standard will not be enough, and the different properties 

of the samples in the dataset place a higher demand on the quality of the 

process parameters. As the results of data analyses differ, because of the 

parameter settings or the choice of data analysis methods, they require 

evaluation. This is usually done only at the end of the data analysis. 

However, there are some advantages of evaluating the results during the 

process. Finding errors at an early stage can save time, as the later 

processing steps do not need to be repeated. Attributing an error to a specific 

step in a chain of processing steps is difficult if only final summary statistics 

are available. By doing an evaluation in every step, errors become much 

easier to locate. Finally, the evaluation results can be used to optimise the 

process parameters as diagnostics tools can be used to identify errors in the 

individual steps.  

XCMS is an open source data analysis software for non-targeted analysis. It 

started out as an R application [2], but is now available as an online 

application [14], available at https://xcmsonline.scripps.edu. It is one of the 

most cited open source applications, and it has become more accessible and 

easier to use with the online version. The R application uses command 

prompt, and require extensive knowledge to set the parameters correctly. 

The online version instead uses parameter sets: there is an extensive series of 

parameters sets, which are chosen according to the method used. This allows 

any user to quickly get decent parameter settings; provided they know which 

chromatographic and mass spectrometric method was used to create the 

dataset. It is also possible to create new parameters sets. XCMS online 



 20 

features both data processing and statistical analysis in one pipeline: raw 

data is uploaded, parameters are chosen and the analysis is started, ending 

with plots and tables of the statistical results. The complete pipeline 

procedure is appreciated due to the time required for upload and analysis. 

There is no feedback of the parameters settings, except for the final 

statistical evaluation. 

Another widely used open source data analysis software is MZmine [13]. 

MZmine has a modular construction, to facilitate adding or modifying 

methods and algorithms. It is written in Java to be available on any platform. 

Some of the algorithms, for example the Mass detection step, allow a 

preview of the results, but not all of them do. Some algorithms also have 

prohibitive computation times, making optimisation of the parameter settings 

difficult. An example of this is the Chromatogram builder, which becomes 

very slow when there are many peaks. To summarize, MZmine has a large 

data analysis capability, provided the user has the necessary experience to 

select the correct methods and parameter settings. Other softwares include 

OpenMS [16], MetAlign [15], and MSFACTs [3], but I will not go into 

details on them. 

Paper III includes a newly released software: TracMass2; and its application 

in a non-targeted food safety application. The major feature of TracMass2 is 

that it has visual diagnostics tools in every step, to facilitate setting the 

parameters faster and more accurately.  

Data analysis methods for HPLC/MS 

Mass spectrometry is a very useful tool to the analytical chemist, especially 

as it can work as the detector when coupled to HPLC. Then the problem with 

analytes with the same mass is reduced, as they can often be 

chromatographically separated. The mass spectrometer also helps the HPLC 
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as it increases its peak capacity vastly, as well as provides structural 

information.  

The structural information a mass spectrometer provides is the mass of the 

analytes, and sometimes also fragments which gives the mass of 

substructures of the analyte. Accurate mass enables the identification of the 

elemental composition of the analyte. The analyte can also be analysed by 

MS/MS: the ions are fragmented in a collision cell, and the masses of the 

fragments are analysed. All this information can be compared with databases 

[30-33] to identify the analyte, or at least narrow it to a few candidates. This 

has been a large asset to the field of proteomics, as mass spectrometry and 

databases has helped to identify and sequence peptides and proteins [34-40]. 

HPLC/MS generates very complex data. It is two dimensional, and peaks 

shift in both time and mass dimensions. There are data analysis methods that 

can analyse multi-dimensional peaks. Those methods are usually used to 

analyse hyphenated chromatography, or diode-array detectors [41-45]. 

However, in HPLC/MS the peaks are generally much narrower in the mass 

dimension compared to the time dimension. This has led to several 

successful methods that reduce the dimensionality, using only the time 

dimension in the peak detection step. Peak detection in one dimension 

requires less complex algorithms than multidimensional peak detection 

algorithms. Simpler algorithms are easier to optimise, possibly leading to 

better results, and can have shorter computation times. More complex, 

multidimensional peak detection algorithms, such as MCR [46], can 

certainly be used for HPLC/MS [47, 48], but since the peaks are usually well 

resolved in the mass dimension, there is nothing to gain by using a more 

complex algorithm. 

A simple way to reduce the dimensionality is to sum the intensities within 

predetermined mass windows in every scan. The results are extracted ion 
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chromatograms [49, 50]. While very simple, the method has two problems: 

peaks that have data points on both sides of the border between two windows 

will be divided. They will have gaps or irregular intensities. The second 

problem is that the noise will increase in all peaks as baseline is added to 

them. The first problem can be overcome by using overlapping mass 

windows, e.g. the first window is 49.5 to 50.5, and the second is 50 to 51, 

and so on. The latter problem is more difficult to deal with and will result in 

reduced precision in detection and quantification. One way is remove 

intensities below a threshold, prior to the summation. Another possibility, if 

centroid data is used, is to take the highest mass value in each bin, rather 

than the sum of all the values. This solves the baseline problem, but retains 

the overlapping mass window problem. 

Some methods, such as Regions of Interest (ROI) [23] and Pure Ion 

Chromatograms (PIC) [51, 52] group data points from subsequent scans. If 

a series of data points have similar m/z values, they are grouped, and treated 

as chromatogram at a single mass. Both methods also remove data which is 

unlikely to contain peaks, to speed up further data analysis steps. The 

algorithms are quite similar, and yield similar results. ROI identifies regions 

where there is little variation in the mass values between scans, as peaks 

arising from chemical compounds will have a mass that spreads less than the 

m/z values of the baseline. This is because the data points belonging to a 

peak of chemical nature will be distributed around the mass of the 

compound, while data points belonging to the baseline will be uniformly 

distributed. PICs follow ions by the same principle: if the deviation in mass 

is sufficiently small, it is the same ion. Both methods filter the results based 

on ROI/PIC length and intensity. By using such methods, the dimensionality 

can be reduced as the subsequent peak detection step is not required to 

handle the mass dimension, without an increase in noise or a risk of splitting 

peaks over adjacent mass windows. 
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When the dimensionality has been reduced, and peaks are in the form of 

one-dimensional chromatograms rather than two dimensional profiles in 

mass and retention time, the peaks must be identified. This is done by peak 

characteristics, such as intensity and shape [53]. Intensity alone is not 

sufficient, as column bleed and similar artefacts can produce high intensity 

signals, which have no relation to the sample or the analytes. Matched 

filtering [54-60] is one strategy for taking the peak shape into account when 

performing peak detection, and it is employed in several different data 

analysis softwares. Peak detection using matched filtering is based on cross-

correlation of the chromatogram (EIC, ROI or PIC with a filter based on the 

second derivative of the peak shape, for instance a Gaussian function, see 

figure 2. This filter accentuates peaks, especially those of a matching peak 

shape, adding or increasing the valleys between them, while also smoothing 

them. Then peaks can easily be detected as local maxima. While it is 

possible to do statistical analysis on raw data rather than peak lists, it is 

disadvantageous as there is a lot of baseline that will muddle both the 

statistical analysis and the interpretation. By using peak lists the statistical 

analysis is improved as the chemical information is presented in a much 

clearer form with much less noise from the baseline. The interpretation also 

becomes simpler as the relevant variables each correspond to a chemical 

compound.  
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Figure 2. An illustration of matched filtering. The upper line is raw data. The 

middle line is a second derivative Gaussian filter. Every element in the 

Gaussian filter is multiplied with a corresponding element in the raw data, 

and the products are summed. This gives a single value in the result. The 

Gaussian filter is then moved one data point, and the process is repeated. The 

result is a smoothed chromatogram where peaks are accented, with valleys 

in-between. Now peaks can be detected as local maxima. 

Once peaks have been detected, they need to be grouped across samples, so 

that they can be used in statistical analysis. Shifts in retention times can 

make this straight forward task quite complicated. To solve this problem, 

several different alignment methods have been developed. Liquid 

chromatography has quite general separation mechanisms, such as the 

hydrophobic-hydrophilic interaction in reverse phase. This gives liquid 

chromatography quite general retention time shifts: peaks that have similar 

retention time usually have similar shifts. An example of this is shown in 

Figure 3. This has led to warping techniques [25, 61-70], which stretches 
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and compresses the time axis of the different samples so that the peaks’ 

retention times match. This can be done on both raw data and on peak lists.  

Regardless of whether warping is done, peaks have to be grouped 

afterwards, so that all peaks in a group correspond to the same analyte. Once 

the peaks have been grouped, peak tables can be produced, which can be 

subjected to a statistical analysis suitable for the project. If the alignment or 

peak grouping has been done incorrectly, peaks in the same group will not 

belong to the same analyte. This will severely deteriorate the statistical 

analysis, as well as the interpretation, which is why alignment is such an 

important step in data analysis. That is part of the reason why so many 

alignment methods have been developed. The other part is that peak shifts 

can be quite complicated, and different datasets can show different peak shift 

characteristics. If peaks at similar retention times do not show similar 

retention time shifts, for example as shown in figures 4 and 5, warping fails. 

If the warping algorithm warps the time axis so that one of peak group 

becomes very narrow, without retention time shifts between samples, peaks 

at the same retention time but with different retention time shifts will be 

spread out, still having large retention time shifts between samples. In liquid 

chromatography, these differences can be so drastic that peaks change 

elution order [71]. There is a way around these problems: the 

Generalized fuzzy Hough transform (GFHT) alignment [72-75] was 

developed for NMR, where such problems are much more common. Rather 

than assuming that peaks that have similar retention times have similar 

shifts, it is based on the assumption that the peak shifts have the same origin, 

even if they do not exhibit the same shift. This is quite natural: for instance, 

an acid and a base will have their properties changed differently from a pH 

change, one will be more in its charged form, and the other will be more in 

its neutral form. That in turn will affect their affinity to the stationary phase 

differently and therefore also affect their retention times differently. One 
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example of a drastic peak shift only affecting one analyte can be seen in 

figure 6. though the cause of that peak shift is not known. The principle 

behind GFHT alignment can be illustrated as modelling peaks on each other. 

Continuing the above example, the pH can be measured by the retention time 

of the acid. If the pH is known, the retention time of the base can be 

estimated. There is no need to estimate the pH to estimate the position of the 

peaks; rather the peak belonging to the acid can be used to estimate the 

retention time of the peak belonging to the base. Warping would assume that 

they would have the same shifts if they had the same retention times, see 

Figure 7. 

 

Figure 3. An example of when retention time shifts are similar for peaks that 

are close to each other. Each dot is a peak in this sample, and the Y-axis 

shows how much it shifts compared to the average retention time for that 

analyte in the entire dataset. While the peak shifts are large, and require a 

complex non-linear function to be explained, they are also very systematic in 

that the shifts of nearby peaks are relatively similar. 
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Figure 4. An example of when peak groups with similar retention times 

exhibit different retention time shifts. While there are trends in the peak shifts 

from the retention time, the dominating peak shifts does not correlate well 

with any function of the retention time, no matter how complex.  

 

Figure 5. The retention times of two different peak groups, exhibiting a 

relatively large difference in peak shifts. These two groups come from the 

ground truth of the alignment evaluation dataset M1 [22]. 
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Figure 6. Warping creates structure by shifting the retention time axis, while 

GFHT instead identifies structure by comparing peak shifts over the dataset. 

In all four plots, the samples have been sorted on the peak patterns to make 

the GFHT models easier to see. Plot (a) and (c) are untreated data. Plot (c) 

and (d) have been warped. The dataset (a and b) exhibits peak shifts which 

are very similar for peaks at the same retention time. Therefore the peaks 

from the same analyte are much closer to each other after warping in (b) 

compared to (a). The dataset which (c) and (d) comes from has much larger 

differences in peak shifts for peaks at the same retention time. After warping, 

peaks from the same analyte are still not tightly grouped.   
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Figure 7. One analyte exhibits a large peak shift. Another peak at the same 

retention time but different mass, is largely unaffected. The samples have 

been sorted on the retention time of the shifting analyte and the cause of this 

shift is not known.  

Part of this thesis covers the implementation and improvement of the GFHT 

alignment for liquid chromatography. The original version for NMR uses an 

iterative algorithm to fit the peaks to the peak shift model. This is a quite 

time consuming process. When directly applied to chromatography, it was 

also prone to overfitting. In the first implementation [52], a penalty function 

was added to reduce the risk for overfitting. In the second implementation, 

the method was divided into four algorithms. Two of them make initial 

assignments based on the number of peaks in each sample, and the elution 

order in some cases. This initial assignment lets the algorithm create the 

models by regression rather than iteration. To increase the robustness and 

reliability, an internal cross-validation step has been added.  



 30 

Methods 

Glycan Analysis 

One of the first projects I was involved in as part of this thesis was a glycan 

analysis project [paper I]. It used a microfluidics system with an affinity 

capture column, rather than a traditional LC system. The microfluidics 

system is set in a CD (compact disc), similar to one used in a computer, but 

instead of a data layer, there are 54 microfluidics systems, as shown in figure 

8. The liquids are directed via liquid routers: structures that control the flow 

of the liquids into different channels by the spinning speed of the CD. The 

systems contain two columns: one affinity capture column and one 

graphitised carbon black column, to purify the sample. Once eluted, the 

sample is co-crystallised with matrix and analysed with MALDI-MS. In this 

study, four therapeutic antibodies were studied. More details can be found in 

[76]. 

The glycosylation pattern can affect the immunogenic properties, the serum 

half-life and the efficacy. The aim of the project was to see if there was a 

difference between the four antibodies, as well as creating a quick analysis 

method for glycosylation patterns.  
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Figure 8. A microfluidics CD. There are six sets of nine microfluidics 

systems set in the CD. 

The data analysis is fairly straight forward, as it is one-dimensional data: the 

sample is purified with microfluidics, then analysed by mass spectrometry. 

One of the bigger issues is that the microfluidics platform combined with the 

MALDI produces comparatively large variability in the baseline and the 

signals. In spite of a baseline subtraction, use of peak height proved to be 

more reliable than peak area. As MALDI has known problems with 

quantification, the data was normalised: all variables (peaks) in each sample 

were divided by the sum of all of all variables in the sample. Now all 

samples have the same area, making the analysis much more repeatable. 

Two of the peaks were much larger than the other peaks, often over ten times 

as large. To avoid drowning the variance of the smaller peaks, the dataset 

was scaled to unit variance. The dataset was analysed with PCA, in which 

the four antibodies were found separated. Classification was also done with 
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SIMCA. To simulate analysis from different batches, noise was added 

artificially. The noise level was estimated from earlier data on different 

batches, which had been analysed by ion-mobility/time-of-flight mass 

spectrometry [77]. 

TracMass2 workflow 

TracMass2, used in paper II and published in paper III, is a data processing 

software package. It processes raw data to produce peak tables. As the 

statistical analysis varies widely depending on the project, there is no 

statistical analysis included in TracMass2. The main focus of TracMass2 is 

visual feedback: in every step there are visual diagnostics tools to assist in 

parameter tuning and validation of the results. 

TracMass2 starts with a raw data viewer, shown in figure 9, which displays 

the base peak chromatograms or the total ion chromatograms of the datasets. 

This is to get an overview of the dataset and to remove outliers and other 

samples that are not to be processed, such as water blanks.  
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Figure 9. The chromatogram viewer. It is the first step in TracMass2, and is 

used to get an overview of the dataset, and to exclude samples that are not to 

be processed. The four tabs on top are used to navigate through the steps in 

TracMass2. 

The first processing step is the Tracking, shown in figure 10. Tracking 

produces PICs. The tracking can be done on a small piece of the dataset, and 

individual PICs can be viewed. This can be used to optimise the parameters 

quickly, and to assess the results. By reviewing the results of a small part of 

the dataset, the parameters can be changed, as new results can be produced 

quickly. Thus, many parameter settings can be tested in a short time. The 

mass limits can also be viewed for individual PICs and the nearby data 

points, assisting in tuning the mass limit parameter. By viewing peaks, the 

intensity cut-off and PIC length can be easily tuned. Having good 

parameters, lead to good results, so easy parameter optimisation is an 

important asset to a data processing software. 
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Figure 10. The tracker. In the upper right corner there is a plot showing raw 

data. Pushing Process Visible processes the raw data in the plot and shows 

the results as red lines. The individual PICs can be viewed in the plot in the 

lower right corner. They can be selected either by clicking one of the red 

lines in the upper plot, or by the navigation panel in the bottom, where PICs 

are sorted by descending intensity. By inspecting a small selection of the 

data, the parameters and the results can be assessed and optimised before 

processing the entire dataset. 

The PICs are then used in the peak detection step, shown in figure 11. The 

parameters are optimised using individual PICs. The results of the zero area 

filtering, the noise estimate and the detected peaks are plotted together with 

the PIC, allowing a quick assessment of the effects of a change in 

parameters. 
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Figure 11. The peak detection uses zero area filtering to identify peaks. The 

plot shows a PIC, as well as some diagnostics: the flat dotted line is the noise 

estimate, and the two smooth lines are the results from the zero area filtering. 

Wherever one of zero area filter lines have a maximum above the noise 

estimate, a peak is detected, and marked with a circle.  

The peaks are then grouped by clustering: peaks that are sufficiently close 

are assumed to belong to the same analyte. The clustering has two 

parameters: deltaTime and deltaMass. These two indicate the expected shifts 

in the time and mass dimensions. The addition of the GFHT alignment at the 

end of the alignment sequence allows erroneously merged clusters to be 

split, so a large deltaTime is preferred. The clustering can be done on a small 

retention time and m/z region of the dataset to speed up the parameter 

optimisation. 

After the clustering, there is a warping step. It uses a warping method based 

on semiparametric time warping [25, 78]. The warping step has a single 

parameter which determines the variability of the warp path. The warp paths 

of all the samples are shown, and individual warp paths or samples can be 
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inspected together with their peaks, see figure 12. The warping is sufficiently 

quick that it can be optimised manually on the entire dataset. After the 

warping is done, the dataset is clustered again to get new peak groups. If the 

warping is successful, the new groups will have much smaller retention time 

shifts. This leads to a better capability to resolve closely eluting analytes. It 

can also give more confidence in the peak grouping, as the risk of including 

a peak that does not belong is lower in a small peak cluster, compared to a 

large peak cluster. 

 

Figure 12. The warping step. Upper plot shows the warp paths of all the 

samples. If one of the samples or one of the warp paths is selected, it is 

plotted in the lower panel, together with the relative peak shifts of that 

sample. 

The final, optional step is the GFHT alignment, which can split erroneously 

merged clusters. The parameters can be optimised by inspecting individual 

clusters. Thanks to the internal validation in this step, the GFHT is much 

more robust than earlier, and can produce good results with a wide array of 

parameters, even if many clusters were erroneously merged in the preceding 
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clustering step. The peak lists can then be exported, either from the second 

clustering step, or the GFHT step. There is no statistical evaluation in 

TracMass2. This is because the statistical method of choice is very 

dependent on the goals of the project. 

Details on the GFHT method 

The newly implemented GFHT [paper IV] method operates on individual 

ambiguous peak clusters, i.e. groups of peaks where at least one sample 

contribute with more than one peak. Peak matching is required before doing 

GFHT. This can be a simple peak clustering, or it can be a complete 

alignment, which has problems with a few ambiguous peak groups. GFHT 

operates on the ambiguous peak groups, so it is compatible with any 

alignment method that produces ambiguous peak group when 

correspondence is uncertain. 

The first step in the GFHT is to identify patterns in all the unambiguous peak 

clusters with one peak from each sample, i.e. all groups of peaks where each 

sample contribute exactly one peak. The retention times of the unambiguous 

peak clusters are put into a matrix, each row represents a sample and each 

column represents a cluster. This matrix is then mean centred and processed 

by PCA. PCA extracts the systematic variation in the retention time shifts. 

As noise is not systematic, it will have reduced effect on the results, 

compared to simply modelling peaks directly on each other. PCA also 

creates orthogonal patterns, which behave well in regression. The scores are 

the peak shift patterns: the peak shifts that are systematic across the dataset. 

The loadings correspond to how much each pattern affects the individual 

peak clusters. To deal with local effects a second set of patterns, using only 

the twenty unambiguous peak clusters closest to the ambiguous peak cluster 

to be resolved, is created. That twenty peak clusters are selected is a trade-

off between noise reduction and local effect. Another strategy could be to 



 38 

use all peaks within a certain retention time. The variance of the global 

patterns is then removed from the local patterns to avoid collinearity, as 

collinearity can cause problems in the regression. 

Once the patterns have been created, the ambiguous peak cluster is 

compared to the unambiguous peak clusters at the same retention time. If 

one unambiguous cluster have peaks with the same retention times as a 

subset of the peaks in the ambiguous cluster, it is assumed that these peaks 

are isotopes, adducts or fragments of the same analyte, and they are grouped. 

This is illustrated in figure 13. 

 

Figure 13. An illustration of the first algorithm in the new implementation of 

the GFHT alignment. The chromatograms are grouped in sets of three. Each 

set corresponds to a sample. In each set there is a chromatogram with m/z M, 

one with m/z M+1 and one with M+2. In one of the sample, there are two 

peaks with m/z M. Since the second analyte has a peak at m/z M+1, but not a 

peak at M+2, we can discard it from the group. This figure uses artificial data 

for clarity. In paper IV, this is illustrated in more detail, with real data. 
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If most samples have one remaining peak in the ambiguous cluster, those 

peaks are regressed against the peak patterns. This creates a model, which is 

validated internally with cross-validation. The peaks whose positions cannot 

be predicted sufficiently well during the cross validation are excluded from 

the model. The final model is then used to determine the correspondence of 

the remaining peaks: the peaks that have a retention time close to what the 

model predicts are grouped together. If a sample has two peaks with 

retention times close to the predicted one, the closest peak is taken. This is 

illustrated in figure 14. 

 

Figure 14. the second algorithm uses all samples with exactly one peak to 

create a model based on the patterns of the dataset. This model is used to 

determine which peaks in the other samples belong in the group. This 

illustration uses artificial data for clarity. In paper IV, this is illustrated in 

more detail, with real data. 
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If most samples have the same number of peaks, for example two peaks in 

each sample, those peaks are temporarily grouped by retention time order, 

i.e. the first eluting peak in each sample is put into one group, and the second 

elution peak is put into another group, and so on. These peak groups are then 

regressed against the peak patterns. The models are cross-validated and 

tested against all peaks, and are then used to create an updated peak group 

assignment. This is repeated until a consistent assignment is found. If no 

consistent assignment is found, no peaks are grouped, and the peak cluster is 

left unchanged for the fourth algorithm. If a consistent assignment is found, 

the models are used to determine the correspondence of the remaining peaks 

in the ambiguous cluster. See figure 15. 

 

Figure 15. The third algorithm makes and initial grouping based on elution 

order. It then creates models based on the peak patterns in the dataset. These 

models are then used to assign correspondence to the peaks in the samples 

that have too few or too many peaks. This figure uses artificial data for 

clarity. In paper IV, this is illustrated in more detail, with real data. 
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If there is no dominating structure of the peaks, an iterative method is used. 

Initial models are created, using a three level full factorial design for the 

coefficients. Each factor corresponds to one peak pattern. The best initial 

model is the optimised using Nelder-Mead simplex [79]. To avoid 

overfitting, a penalty function is added during the optimisation. Once model 

converges, it is verified with cross-validation. The peaks that are consistent 

are temporarily removed. This is the repeated until no new consistent models 

can be created. Then all peaks are tested against all models, and the peaks 

are grouped by the model that they fit best, with at most one peak per sample 

and model. See figure 16 for an example. 

 

Figure 16. An illustration of the fourth algorithm. By iteratively fitting a 

peak pattern model, the algorithm strives to find structure in an ambiguous 

peak group were initial assignments cannot be made. Peaks that can be 

accurately modelled are grouped, while peaks that show no structure are 

discarded. 
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Results and discussion 

One of the big issues with data processing methods is the validation: are the 

results accurate? The method in paper I has the most straight-forward 

validation, since it classifies samples with known classes. A portion of the 

samples can be excluded from the model, and then classified with the model. 

If they are classified correctly, the models are at least reasonably accurate. 

That an unsupervised classification also could group the samples correctly 

gives even more confidence in the result: the model can accurately group the 

samples without any information about the classes. 

The validation for the method in paper II is also fairly simple: a group of 

unknown compounds are spiked into a few samples. As the retention times 

and the m/z values of these compounds are identified, we know that the 

method is capable of finding unknown compounds. There were a few false 

positives, but visual inspection was able to discard them. There were also 

some unexpected positives: a few impurities in the spiked compounds were 

also identified.  

The validation of algorithms, such as those in paper III and IV, tend to be 

more difficult. There are benchmark datasets for algorithm evaluation [22, 

23, 26]. The problem lies in the accuracy of the benchmark. For instance, Lu 

et. al. [26] determines false positives and negatives from standards. If an 

impurity in a standard is detected, then it will show up as a false positive, 

even though it is a real chemical compound. Another example is Lange et. 

al. [22]. Their alignment methods are validated by comparison with a set of 

ground truth groups. If these ground truth groups miss peaks, or have an 
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erroneous peak, it will deteriorate the validation. These method benchmarks 

are still useful, but they can only pass or fail. The validation of methods or 

benchmarks will always require some manual inspection, to ensure the 

accuracy of the validation. Some of these data processing methods require 

quite large amounts of data, but then a subset can be inspected. If there is no 

manual inspection, the risk is that it ends up as a comparison of algorithm 

similarities, rather than qualities.  

TracMass2 

There is a plethora of data analysis softwares available. Why not simply 

settle for one? Because using only one of anything brings weakness in its 

rigidity. As an example: liquid chromatography is compatible with almost all 

analytes. If we use only LC, we can save resources. However, sometimes we 

will encounter analytes or samples where LC performs poorly, of fails 

completely, such as gas samples. If we have a GC available, we could 

analyse those samples. Having additional data analysis softwares require a 

lot less space and money than an additional GC system. It has been shown 

that different softwares identify different peaks in the same dataset, so it can 

even be beneficent to run the same data analysis using different tools [24]. 

This is because these softwares use different algorithms and have different 

methods for setting the parameters. Including many or even all methods in 

one software is possible, and is quite likely to happen, but it is a major 

project as all methods will require diagnostics tools, and standardised input 

and output. The advantages of such software are that it will become much 

easier to compare different methods, and therefore get a deeper 

understanding of them and how they perform on different types of datasets. 

The risk of such software is that it becomes cumbersome to use because of 

all the alternatives, unless it can provide good recommendations for methods 

and parameters.  
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In the publication of TracMass2, three different peak detection methods were 

compared [52]. There was a very large difference between the results of 

these algorithms, in spite of them being quite similar: all three of them were 

of the matched filtering type. There were hundreds of peaks that differed 

between the algorithms, and given the similarity of the algorithms, the most 

like cause is different parameters. The differing peaks were investigated 

manually, with visual inspection of the raw data, to get a better 

understanding of the differences, and to validate the results. The parameters 

for centWave and matchedFilter were selected by testing fifty sets of 

parameters on the chromatogram from a standard, and selecting the best 

parameter set [23]. In spite of this quite rigorous parameter selection, 

hundreds of peaks were missed in each dataset. By using diagnostics tools 

the parameter optimisation can be done on one of the samples in the dataset, 

it can be done faster and produce more accurate parameters. By using visual 

diagnostics tools, it is easier to get an understanding of how the algorithm 

works, and how the parameters should be changed to improve the results. By 

using diagnostics tools, we also validate our parameters, allowing us to be 

more confident in our results. These are the utilities of including validation 

in parameter section, and we can do it in every step in the data analysis. We 

can inspect the results: the PICs, the peaks and the peak groups. We can 

inspect the processes: the decision limits, the zero area filters, the warp paths 

and the GFHT models. And this will help us in tuning the parameters and 

validating out results. 

Non-targeted food safety analysis 

The non-targeted food safety study in paper II demonstrates how well non-

targeted methods can be applied to everyday problems. The goal of the study 

was to develop a method for incidences of food contaminated with unknown 

substances leading to sickness. Orange juices were spiked with model 
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contaminants of varying concentrations, and then analysed in a blind study 

using non-targeted analysis. All the model contaminants were found, with 

only a few false positives, which could be identified with manual inspection 

of the output. Another unpublished blind study was performed on milk, with 

just as good results. The detection limit, here defined as the lowest limit it is 

feasible to detect an analyte, was estimated to 0.2 ppm. This is higher than 

the limits of detection for the targeted methods, but it is far lower than the 

toxicity levels of most chemicals, even those that are analysed by targeted 

methods. For comparison, phosgene, a chemical weapon, show effect in 

mice, rats and hamsters at 0.2 ppm in air [80]. Both of the non-targeted 

studies were done with a Bruker maXis UHPLC/MS. As the maXis II has 

been released, it is a reasonable assumption that the technological advances 

allow the detection limit to be pushed down further.  

Since the non-targeted method used the same chromatographic system as the 

targeted method for pesticides [81]. Thus, the data can both be used to 

quantify pesticides by targeted analysis and be used in a non-targeted 

analysis: we can use a single chromatographic run to do two different data 

analyses. One data analysis on the known retention times and masses of the 

pesticides, and one non-targeted data analysis.  By setting an appropriate 

decision limit, eliminating the few false positives, the method can be used 

batch analysis method. Every batch of foodstuff is going to be analysed for 

pesticides. Using the same data, a non-targeted analysis can also be done on 

the foodstuff. If there is a difference compared to the earlier batches there 

will be a warning, which can be further investigated. In this way, non-

targeted analysis can be incorporated in a proactive way without increasing 

required chemical analyses. 
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Generalized fuzzy Hough transform alignment 

In the new implementation of GFHT an internal validation step was 

included. Validation of alignment is difficult, but by testing the alignment 

models by cross-validation we can at least test whether the models are robust 

and consistent. As models that perform worse can be discarded, the overall 

performance of the alignment method can then be increased. A future 

application of internal validation in alignment is to employ it as a diagnostics 

tool. As a diagnostic tool, internal validation can be used to assess to 

robustness and reliability of the alignment.  Using cross-validation for 

internal validation is possible for several alignment methods. The 

requirement is that the alignment method interpolates between samples, such 

as PTW or GFHT, or between peaks, such as many warping methods. The 

addition of internal validation can simplify the otherwise difficult validation 

of many alignment methods. 

Compared to NMR, liquid chromatography has less complex peak shifts. 

However, they are more localised: changes in temperature during the 

chromatographic run can affect the retention times of the analytes that will 

elute. It cannot affect the retention times of the analytes that have already 

eluted, so they cannot be used to model the peak shifts from that temperature 

change. This is why there are local peak patterns in addition to the global 

patterns in the GFHT implementation for chromatography. The current 

version uses twenty peaks to create the local peak clusters. This is a trade-off 

between pattern accuracy and focus on the local effect. If more peaks are 

used, more accurate and generalising patterns can be made, but they will also 

be more spread out in retention time. In future versions, this can be made 

into a variable, depending on the size and complexity of the dataset. In a 

dataset with many peaks is used, the spread in retention time will be 

negligible, but the increase in accuracy and generalisation will be more 

valuable. 
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The new implementation of the GFHT alignment was tested by two datasets 

that were created for testing alignment methods (M1 and M2)[22]. These 

datasets have sets of peaks that could be grouped with very high confidence, 

denoted ground truth, which are to be grouped. To measure the success in 

grouping these, two metrics are used: recall and precision. Recall is a 

measure of how well the gold standard peaks could be grouped. Precision 

measures how many non-gold standard peaks were grouped. Applying 

GFHT to peaks aligned with warping showed no effect on the recall. This is 

a very good indication: GFHT only splits peak clusters, so it cannot increase 

the recall. That it splits clusters without decreasing the recall indicates that it 

splits the clusters correctly. The precision was slightly increased, though not 

enough to account for all the peak splits. This one of the caveats of the 

alignment test: peaks belonging to real chemical compounds that could not 

be grouped with sufficient confidence to be in the ground truth is not 

counted for in the recall and precision. Peaks belonging to a chemical 

compound that do have a peak group in the ground truth, but could not be 

included because of the high confidence criterion, will count against 

precision. MZmine, OpenMS, XAlign, XCMS and TracMass2 all have 

precision close to 0.7 in the M1 dataset, and 0.8 in the M2 dataset. The peak 

groups in in the ground truth have peaks in approximately 70% and 80% of 

the samples respectively. Therefore, grouping one peak from each sample in 

every group will result in a precision close to 0.7 or 0.8 depending on the 

dataset. All the samples are the same: extracts of Arabidopsis thaliana; so 

every peak group should have a peak from each samples, barring peaks 

missed in the peak detection step. The reason for the relatively low number 

of peaks is the high confidence requirement: peaks that could be assigned 

only with reasonable confidence have been discarded. Manual inspection 

indicates that there are likely outliers, though they have a much smaller 

effect, as they are much fewer. They are a possible cause to that XCMS have 

a lower recall with retention time correction, than without. With this in mind, 
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the alignment test is still very useful. Any alignment method that strays far 

from 0.7 and 0.8 in precision, or has a low recall, is most likely not suitable 

for aligning liquid chromatography data. 

Another interesting thing in the alignment test datasets is the differences in 

peak shifts: in M1, most ground truth peak groups exhibits shifts up to 20 

seconds. However, some peak groups have shifts over 140 seconds, see 

figure 17. Manual inspection of the peak groups reveal that some are likely 

outliers, but many peak groups have correct assignment. In the M2 these 

differences exist, but are much less pronounced, with most shifts at 5 

seconds, but some up to 35 seconds. These differences in shifts occur at all 

retention times. This is an example where warping will see problems: peaks 

at the same retention times having different shifts.  

 
Figure 17. the peak shifts observed in the ground truth data for the M1 and 

M2 datasets. There are large differences in the peak shifts at the same 

retention time, which warping is unable to accommodate. In this case, many 

peaks can still be resolved, but at the cost of a one hour long 

chromatographic runtime. 

While the latest implementation of GFHT is a large improvement, there are 

still some changes that could further improve it. The perhaps most difficult 

alignment problem is when there are large gaps in the alignment, such as 

when two different laboratories have produced datasets which are to be 

compared or joined. One of the datasets might have one hour long 

chromatographic runs, the other might have two hour long runs. While a 
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simple linear warp might deal with the big differences, there is no guarantee 

the peaks come close enough to be matched by another alignment algorithm. 

On the contrary: the complexity of the peak shifts is most likely to be much 

higher as there are many more sources of variance, and they are much larger. 

If there are peaks from different analytes that end up closely, it will be very 

difficult to match them correctly. In its current state, the GFHT cannot do it, 

and, to my knowledge, there is no alignment method that can. If we were to 

create two datasets, of the same samples, with some analytes identified, but 

analysed with different methods: how complex would the patterns be 

between the datasets? Would the patterns be consistent with those in the 

original two datasets? Would it be possible to add further experiments to 

span the domain sufficiently to be able to extrapolate the patterns between 

the two datasets? If yes, then it might be possible to actually solve the 

problem of aligning datasets created with different analysis methods. 

Another difficult alignment problem is when there is a very crowded peak 

cluster, which has many artefact peaks, for example from column bleed. This 

is a problem I have seen in different softwares, and it partially comes from 

poor peak detection parameters. It cannot be completely solved by changing 

the peak detection parameters, but it can be reduced. While the artefact 

peaks does not show any systematic behaviour, if they are numerous, they 

risk a spurious grouping simply from sheer quantity. While the penalty 

function in the fourth algorithm reduces that risk significantly, it does not 

remove it completely. I see two ways of further improving the GFHT for this 

situation. The first is using the loadings from the peak patterns to create a 

more accurate penalty function: if there is an existing peak cluster that has 

similar coefficients, the penalty is low, and if not, the penalty becomes high. 

The second solution is to require a model that is more consistent, and 

includes more peaks, when the peak cluster is crowded.  
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Glycan analysis 

There are some advantages with using a microfluidics system: it can do 

many analyses in parallel and it requires very small amounts of sample, 

solvents and reagents. The data analysis was an automated system to load the 

raw data, extract peak information, normalisation and scaling of peak tables 

and do statistical analysis. The resulting data from glycans attached to 

therapeutic antibodies were analysed and compared with PCA, see figure 18 

and 19. The different cell lines were successfully classified with SIMCA. To 

get an estimate of how well the classification would generalise between 

different batches, noise of the same magnitude as the previously observed 

batch differences was added. However, the real purpose of the project was 

not to classify, but rather to determine whether there was a significant 

difference between the cell lines. Since the different cell lines were 

successfully classified, we know there is a difference. This difference could 

affect the therapeutic efficacy of the antibodies. 
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Figure 18. A scores plot from the glycan analysis. The different cell lines 

from well separated groups. The ellipses mark three standard deviations for 

the individual groups.  

In more recent, not yet published projects, human glycans have been 

analysed for clinical purposes. The purpose is to create diagnostics methods. 

There both multivariate and univariate classification has been employed. A 

repeatability study was also done using these samples. The samples have 

many replicates, one sample has as many as fifteen replicates, some of the on 

many microfluidics CDs. An ANOVA reveals the variability between 

microfluidics CDs is very small compared to the other sources. Currently, 

the spin program is being optimised to reduce the method variability.  
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Figure 19. A loadings plot from the glycan analysis. The glycans that are 

close to each other in the plot, have similar behaviour in the data. The 

glycans that are in the same region of the plot has a similar distribution in the 

samples. The samples that are in the corresponding region in the scores plot 

(figure 18) have high values of those glycans. 

 



 53 

Summary and conclusions 

The first two articles in this thesis include multivariate semi-automated data 

analysis. In the first, the data analysis becomes much faster, thanks to the 

automated steps. It would still be feasible to do it manually, but then the data 

analysis would take as long, if not longer, than the chemical analysis. 

Applying the method for diagnostics and screening would increase the 

number of samples, making automated data analysis invaluable. While the 

datasets had few variables, the multivariate data analysis could still achieve 

classification, where the univariate failed.  

In the second article, it would not be feasible to investigate all peaks from 

orange juice to identify the few compounds which had been spiked into the 

samples. While it is simple identify and integrate a few peaks, that dataset 

contained thousands of peaks. To find and compare all peaks so that the 

model contaminants could be found would take weeks or months to do 

manually. With automated data processing, it can be done in a matter of 

minutes or hours. Given that the aim of the project was to create a method in 

case of emergency situations, where speed will be of outmost importance, 

completing this project would not have been possible without largely 

automated data analysis. If the method is to be applied pre-emptively as 

batch analysis, automated data processing becomes necessary simply due to 

the sheer amount of samples. 

The third article is the publication of TracMass2, a data pre-processing tool. 

Its main feature is that it has visual diagnostics tools to assist setting the 

parameters and assessing the results. As the number of parameters increases, 
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the more difficult it becomes to set them accurately, and the more advanced 

diagnostics tools are required. Visual diagnostics tools are generally easier to 

get an overview over, compared to numeric diagnostics tools, especially for 

the inexperienced user. Given the complexity of most algorithms, and their 

dependence on good parameter settings, it is necessary to have good 

diagnostics tools available.  

The fourth manuscript is about the implementation and development of the 

GFHT alignment for liquid chromatography. The changes were aimed at a 

faster and more reliable algorithm. The addition of an internal validation step 

increased the robustness, and also made the method less vulnerable to 

suboptimal parameters or poor results in the preceding peak matching. While 

there is still room for improvement in the GFHT alignment, it has taken a 

step forward in its reliability. 

Data processing and analysis are very valuable tools to the analytical 

chemist, however, they need to be reliable, fast and easy to use, otherwise 

they will not be employed when and how they should be.   

Future outlook 

As technology advances we get better instruments: instruments that are 

capable of detecting more analytes at lower concentrations. This will give us 

more data, which in turn will make data processing and data analysis tools 

more important.  

A limit to the use of data analysis tools is the difficulty in using them. It is 

difficult for an inexperienced user to tune parameters, and be confident in the 

results. Visual diagnostics tools can be quickly assessed by the user, and can 

both speed up the parameter tuning and make it more accurate. They can 

also help the inexperienced user become more familiar with the data 
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processing methods used, and get the user more confident in the results: if 

you see which peaks are detected and which peaks are missed, you at least 

have an idea of the quality of your results. In future data processing 

software, there is much to gain from including visual diagnostics tools. 

Robust and reliable methods are good for the inexperienced users: they need 

to know that they will get an acceptable result, even if they do not use 

optimal parameters. The addition of the internal validation step in the GFHT 

alignment is one way to make data processing methods more reliable. In 

future data processing software packages, additions that make the methods 

more reliable will be of great value to the user. 

To summarize, I hope that the developers of future data processing methods 

will think more of the user, and how the user will use the tools, so that these 

tools can become more available to all analytical chemists.  
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