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Chapter 1 

1 INTRODUCTION 

"Life's most important questions are, for the most part, nothing but 

probability problems" would fairly point Pierre Simone de Laplace in his 

famous “Essai philosophique sur les probabilités” published in 1816 [1]. It 

was that period when scientists started to include probability as a tool in 

answering some of the most difficult questions that puzzled the scientific 

community. Probability theory was used in different areas: from the 

statistical studies on the population of a state, from which the science of 

statistics inherited its name, until the accurate prediction of the position of 

the celestial bodies. It is precisely the rigorous mathematical way of 

expressing uncertainty and operating with chances what makes probability 

theory a ubiquitous tool in data analysis and in science in general. As the 

science and technology advanced, the power of statistical analysis was 

more and more required and proved to be essential in understanding the 

matter at the scales that are not accessible to the human eye (i.e. 

microscale and molecular level) or beyond human reach (i.e. cosmic level). 

These sorts of investigations, where the measurements include large errors 

and uncertainties, where prediction is made from previous observations, 

benefit the most from the statistical science. It is then obvious that 

analytical chemistry and the separation sciences cannot be comprehended 

without the use of statistics. Along the historical development of the 

sciences, statistics itself evolved and reshaped, as we will see in the future 

paragraphs of this chapter, from the Bayesian to frequentist which on its 

turn caused a division among the statisticians [2]. For over two and a half 

centuries, it has been a matter of debate the selection of the proper 

probabilistic tool for a particular problem. I will discuss on the main 
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differences of these branches of statistics in the next section of this chapter. 

However, I would like to point at this moment that Bayesian in its current 

form would not exist without the same notions present in the frequentist 

statistics. There is no “good” or “bad” statistics, there are only appropriate 

or not appropriate methods for a particular problem [3]. The aim of this 

thesis is to show through the concrete examples the use of Bayesian 

statistics in gas-chromatographic data analysis and system modelling.  

1.1 THE POWER OF BAYESIAN 

The work of the reverent Thomas Bayes, published posthumous in 

1763 and entitled “An Essay Towards Solving a Problem in the Doctrine of 

Chances” [4], contains what is arguably the first description of the theorem 

from the elementary probability theory now associated with his name. The 

adjective “Bayesian” however came in use only in the middle of the 

twentieth century, before that, the same theory was known as “inverse 

probability” due to approximation of the posterior with the likelihood in 

conditions of a flat prior. In its rigorous mathematical form, the Bayesian 

theorem, was expressed by Pierre Simon de Laplace, in his 1774 paper 

“Mémoire sur la Probabilité des Causes par les Évènements” [5]. 

Sequentially, Laplace refined his “principle” in his publications from 1781 

and 1786 in what we now call “Laplace’s rule of succession” for obtaining 

the probability of new events on basis of previous observations. Ironically, 

the World War II brought a considerable contribution to the development 

of the Bayesian statistics with the use of Bayes factor in the sequential data 

analysis of Turing’s work in breaking the Enigma code. 

The main idea of the Bayesian statistics is described by a simple 

equation: 

 𝑝(𝐵𝑖|𝐷) =  
𝑝(𝐷|𝐵𝑖)𝑝(𝐵𝑖)

∑ 𝑝(𝐷|𝐵𝑗)𝑝(𝐵𝑗)𝑗
 (1.1) 
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Which expresses by 𝑝(𝐵𝑖|𝐷) the “posterior probability” of an event Bi to 

occur given the data D. The quantity 𝑝(𝐷|𝐵𝑖)   is known as the “likelihood” 

or the probability to obtain (i.e. to model) the same data D when Bi is true. 

Finally, 𝑝(𝐵𝑖)  is the “prior probability” of the event Bi which quantifies the 

prior knowledge about the event Bi. In other words, a belief upon a 

hypothesis or an event changes from a prior belief when the facts – 

expressed here by the likelihood - are involved in the discussion. More 

details on the theoretical aspect of the Bayes rule will be discussed in third 

chapter of this thesis.  

When only two models or hypotheses are involved, the Bayesian rule 

takes its “odds ratio” form: 

 
𝑝(𝐻1|𝐷)

𝑝(𝐻2|𝐷)
=  

𝑝(𝐷|𝐻1)𝑝(𝐻1)

𝑝(𝐷|𝐻2)𝑝(𝐻2)
 (1.2) 

 

Where H1 and H2 are the competing hypotheses. In words, the 

posterior odds are equal to the prior odds multiplied by the likelihood ratio. 

The prior probability for each hypothesis is expressed in the previous 

equation by 𝑝(𝐻1) and 𝑝(𝐻2). The likelihood ratio, 
𝑝(𝐷|𝐻1)

𝑝(𝐷|𝐻2)
 is known as Bayes 

factor. It is a common practice to assign equal prior probabilities 

(i.e. 𝑝(𝐻1) =  𝑝(𝐻2) = 0.5 ) to the competing hypotheses when no other prior 

probability is available. It is obvious then from the Eq. (1.2) that the 

decision making in Bayesian paradigm is dependent on the comparison of 

the values of the posterior for each hypothesis and not on a comparison 

with a fixed value (i.e. not involving a threshold for a significance for one 

of the hypothesis). 

The “frequentist” statistics owes its rigorous formulation mainly to the 

works of Ronald Aylmer Fisher from the early 20th century. Although the 

“inverse probability” was already in use in the statistical field by that time, 

in his works from 1912 and 1922, Fisher moved from the inverse methods 
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to his own method (bringing the term “likelihood” into the official use). The 

detailed description of the frequentist method is beyond the scope of this 

thesis. However, it is important to mention here that the notion of the 

probability in both methods is rather different: in the frequentist statistics 

the probability of an event E to occur is defined by the frequency of 

occurrence of this event. The key concept in the frequentist statistics is the 

“p-value” which is the probability to observe an event E or more extreme 

under the assumption that the null hypothesis is true. All the information 

inferred on a parameter is extracted from the sample distribution (with or 

without a priori knowledge on the standard deviation and the mean of the 

distribution) and hence the outcome is highly sensitive to the properties of 

the sample: the sample size, the statistical significance of the sample etc. 

When used for hypothesis testing, the frequentist paradigm evaluates the 

p-value for a specific context of the “null hypothesis” and it compares its 

value with a cutoff value (i.e. typically α=0.05). If the p-value is smaller or 

equal than the significance value, the null hypothesis is rejected in the favor 

of the alternative hypothesis. In essence, the hypothesis testing in the 

frequentist approach is the test of the capacity to reject or to fail to reject 

the null hypothesis. In Bayesian paradigm, on the other hand, we compute 

directly the probabilities of the hypotheses and further compare the 

hypotheses as in the Eq. (1.2). To calculate a p-value of an observed 

sample, one needs first to specify a reference sample that could have been 

observed. The decision upon the reference set can severely alter the 

outcome of the testing.  

The main advantages of the Bayesian paradigm are [6]: 

1. Simple and intuitive framework that can be used to answer any 

scientific question (compared with complex interpretations of the 

frequentist paradigm) 
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2. Use of relevant priors (i.e. probabilities calculated with other data 

sets, known models, external factors indicating to the same event 

etc.). 

3. Direct calculation of the probability of a hypothesis 

4. Marginalization over the nuisance parameters (i.e. integration over 

the nuisance parameters). In the chapter 5 it will be presented an 

example of analytical integration over the parameters of complex 

Gaussian models. 

5. Natural and intuitive implementation of the Occam’s razor which is a 

way of assessment of the complexity of the model. Chapter 5 includes 

an example of usage of the Occam’s razors in form of Bayesian 

Information Criteria and Akaike Information Criteria. 

6. Incorporates the systematic errors provided by measurements 

and/or by the predictions. 

7. It is more robust to the sample size than the frequentist approach. 

In case of the Bayesian paradigm, increasing the data (i.e. increasing 

the information) results in a narrower posterior distribution (i.e. more 

power on the posterior distribution) but does not affect significantly 

the first moment of the posterior distribution.  

1.2 MODELLING AND DATA ANALYSIS IN GAS CHROMATOGRAPHY 

Since its first description in 1952, Gas-Chromatography (GC), has become 

very popular and, alongside the Liquid Chromatography (LC), one of the 

most used separation techniques. Its popularity and fast evolution is due 

to several advantages that GC has over other separation techniques: fast 

analysis, ease of separation (i.e. a small sample is required and a very 

complex samples can be separated), versatility, reliability and low cost [7].  

The typical GC system is described by an injector, carrier gas (typically 

Helium, Hydrogen or Nitrogen), a column (also referred to as the stationary 
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phase) and a detector (typically MS or FID).The schematic structure of a 

Gas Chromatographic system is illustrated in the Fig. 1.1.a. 

Depending on the type of the detector, the data obtained with such a 

system is of the second order (for FID) or third order (for GC-MS, GC-FT 

IR) [8]. The separation performance of a gas chromatographic system is 

described by the peak capacity (or effective peak number EPN): 

 𝐸𝑃𝑁1,2 = 𝑅1,2 − 1 (1.3) 

 Which is the maximum number of peaks of the same height that can be 

placed between the peaks of two reference compounds, assuming a 

resolution of 1 between each of those peaks. In the Eq. (1.3) 𝑅1,2 denotes 

the resolution between the reference peaks. 

In 1991 Professor Philips and his student Liu described first two-

dimensional gas chromatographic system (GCxGC) [9]. The new system 

would increase the separation capacity expressed in Eq. (1.3) by a power 

of 2 (i.e. 𝐸𝑃𝑁1,2 × 𝐸𝑃𝑁1,2
21 ). A schematic representation of the GCxGC 

system is shown in the Fig. 1.1 b. The type of the data obtained from a 

GCxGC system is also increasing in order with respect to one-dimensional 

GC if the same detector is used. One of the challenging tasks of 

chemometrics is the modelling and simulation of such a complex system. 

In the second chapter of this thesis it is described in detail the theoretical 

aspect of a two-dimensional GCxGC system in the context of modelling and 

prediction of the retention times.  

As for any other source of data, in gas chromatography, the data analysis 

consist mainly from two steps, namely (i) “cleaning” (or “preparing”) the 

data, and (ii) the extraction of the meaningful information. Pierce et al. 

structured the objectives of data analysis in chromatography in three major 

groups: (i) Preprocessing, (ii) Targeted analysis and (iii) Comprehensive  
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Figure 1.1 Schematic representation of GC (a) and GCxGC (b) systems 



New methods for modelling and data analysis in Gas Chromatography: a Bayesian view 

8 
 

 nontargeted analysis. While the preprocessing technique is usually a 

general step used to prepare the data to further analysis and may not be 

necessarily linked to one specific problem, the target and nontargeted 

analysis are procedures tightly linked to the context of the usage of the 

data (e.g. one may use a specific technique such as hypothesis testing to 

find differences in the data or use ANOVA to compare several groups). 

There are several different and well known procedures that can be classified 

as preprocessing techniques. The same work of Pierce [10] is listing the 

following preprocessing techniques applied widely to chromatographic 

data: baseline correction, noise reduction, normalization and retention time 

alignment. The authors however seem to include the peak detection in the 

baseline correction step, which may not be always the case. As for example 

the work of Lopatka et al. [11] present a Bayesian peak detection algorithm 

and only after the peak detection, the baseline is subtracted if necessary. 

That is to say, these two steps can be performed independently one from 

another. The work of Woldegebriel et al. [12] includes the possible drift in 

the model when detecting peaks. Another important preprocessing step 

that is not mentioned in the reviews is peak tracking or peak assignment 

which links two peak tables. The list of preprocessing steps in order of the 

application in a hypothetical pipeline would then be: 

1. Peak detection. A step that retrieves retention time also referred to 

as “the first moment” (for both dimensions when appropriate) and 

the peak width, also referred to as “the second moment”. There are 

several peak detection algorithms widely used. However, the 

Bayesian peak detection methods of Lopatka et al. (for GC-FID) [11] 

and Woldegebriel et al. (for LC-MS) [12] have various advantages 

over the classical ones when it comes to low intensity and noisy 

peaks, which is often the case in a real chromatographic data.   

2. Baseline Correction. A technique that is used to eliminate the low 

frequency components of the signal like the chromatographic drift. 

The chromatographic drift in GC usually occurs due to column 
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stationary phase bleed, background ionization and low frequency 

detector variations. 

3. Noise reduction. This step refers to either smoothing or filtering of 

the data (i.e. elimination of the high frequency components of the 

signal). The smoothing in GC is usually performed using Savitzky-

Golay method [13]. The filtration of the high frequency in GC-MS and 

GCxGC-MS data is typically made using Wavelet transform or Fourier 

transform.  

4. Normalization is usually done to correct for the variability introduced 

by sample manipulation and injection. For this purpose the use of 

internal standard is a common practice. However, when this cannot 

be applied, an alternative consists of bringing the total summation of 

the intensities of the chromatogram to one. This procedure is valid 

only in the assumption that the total summation of the intensities of 

the data sets is in a linear relation with respect to the total volume of 

the sample. For detectors like FID applied to hydrocarbons this 

assumption is reasonable. However, for other types of detectors 

(such as TOFMS) this assumption is not strictly true but the validity 

of the approximation stands in the fact that there is less variation in 

the total signal response than in the injection volume.   

5. Peak alignment. The fluctuation in the parameters of the system (e.g. 

pressure, flow and temperature fluctuations) cause a shift in 

retention time even when the samples are identical. Several 

algorithms (e.g. COW, DTW, PTW, CODA and others [14]) are widely 

used in alignment of chromatographic data. Important contribution 

on alignment involving Bayesian statistics come from the works of 

Kong et al. which introduced Bayesian Alignment Model (BAM) for LC-

MS data. 

6. Peak tracking. This preprocessing step is essentially an assignment 

problem: finding which peaks of two peak tables correspond to the 

same compound. These two peak tables are obtained analyzing the 
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same sample in two different experimental conditions (i.e. inlet 

pressure or/and temperature). This is usually needed in fitting the 

thermodynamic parameters (i.e. ΔS and ΔH), used further for 

modelling and simulation of the GC and GCxGC systems. It is 

important to stress here that peak tracking is different from the peak 

alignment. In peak tracking the experimental conditions are different 

but the sample is the same, whereas in peak alignment, the 

experimental conditions are the same, while the samples are different 

(but containing some common components). The changing of the 

conditions may result in a switch in elution order for some analytes – 

a problem which cannot be approached with the algorithms of the 

peak alignment. The existing peak tracking algorithms are essentially 

deterministic (i.e. a binary assignment is obtained). In the third 

chapter of this thesis, a Bayesian approach to the peak tracking is 

discussed. 

The second group of the data analysis in gas chromatography – targeted 

analysis – refers to quantification of a set of analytes of interest. By 

contrast, the non-targeted analysis refers to an exploration of the sample, 

in which all the possible compounds present are of interest (opposed to a 

relatively reduced list). 

The presence of overlap can jeopardize both the targeted and non-targeted 

analysis. There are different techniques to tackle such a problem. If the 

data is third order (or several samples can be analyzed at the same time) 

parallel factor analysis (PARAFAC) can be used [15]. PARAFAC resolves 

compounds (i.e. separates overlapped peaks) in the assumption that the 

multidimensional third-order signals of pure chemicals can be sufficiently 

defined by the outer product of three vectors and are additive in the 

presence of chromatographically overlapping components (i.e., data is 

trilinear). In other words, PARAFAC is a generalization of the PCA technique. 

When the data is of second order (or tri-linearity does not hold) multivariate 
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curve resolution - alternating least square (MCR-ALS) algorithm can be 

used [16].  

The main disadvantages of all these methods are the missing 

information on how many compounds are in the analyzed dataset. Another 

difficulty is the need to have common channels for all orders of 

measurement (i.e. a matrix in the case of second-order or a third-order 

tensor in the case of third-order). This is not always the case, especially in 

high-resolution mass spectrometry detectors, in which all masses are not 

detected at all times. This forces to pre-process the data (i.e. binning) with 

the undesired effect of bringing the data to a lower resolution. We will 

discuss more on the resolving overlapping compounds using Bayesian 

approach in the fifth chapter of this thesis.  

Targeted analysis goes beyond resolving chemical compounds. It also 

includes several screening and identification techniques. In the targeted 

analyses the prior knowledge about the data plays an important role and 

so it would be expected that there are some of Bayesian statistics based 

techniques of targeted analysis. A notable contribution in this sense is 

brought by Sun et al. which used a Bayesian approach in peptide detection. 

Woldegebriel et al. used Bayesian hypothesis testing in toxicology 

screening [17]. 

Untargeted analysis includes also the comparison of multiple 

chromatograms with a reference chromatogram, without the need to 

identify (and even detect) the compounds present. As the raw data is used 

directly in the analysis, misalignments have to be taken into account. The 

notable works on this topic are the work of Vial et al. [18] on comparison 

of tobacco samples and the work of Parsons et al. [19] on using Fisher 

ratios to compare diesel samples. While Vial is using alignment as 

preprocessing step for further PCA analysis, which can be time consuming 

when data is large and multiple data sets are involved, Parsons avoids the 

alignment step by performing the analysis in a moving window. Although 
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elegant and mostly efficient, the Fisher ratio approach is a threshold-based 

method and can show drawbacks. The drawbacks of threshold-based 

methods were presented in the previous part of this introductory chapter. 

In the fourth chapter of this thesis I will discuss a Bayesian approach 

combined with information technology metric, namely Jensen-Shannon 

divergence, for pairwise comparison of GCxGC-MS data sets. The method 

retrieves a probabilistic map which gives more room to interpretation for 

the user. 

1.3 OVERVIEW OF THIS THESIS 

Chapter  2 – Provides a detailed description of a modelling algorithm for a 

two-dimensional temperature-programmed gas chromatographic system. 

The prediction error assessment using cross-validation approach is 

described. A Bayesian framework is provided to calculate the credible 

interval of the predictions, which in this case coincides with the classical 

error propagation definition. 

Chapter 3 – Describes an application of Bayesian statistics in the peak 

assignment problem. A set of peaks from one peak table is probabilistically 

linked to a peak table from the same sample obtained with different 

experimental condition (i.e. different system settings like inlet pressure and 

temperature ramp). 

Chapter 4 – An application of Bayesian hypothesis testing combined with 

Jansen-Shannon divergence measurement for comparison of two GCxGC-

TOFMS chromatograms. The approach described in this chapter is based on 

a moving window in both chromatograms in which, the divergence between 

the distributions of the intensities is calculated. Further, the calculated 

values of the Jensen-Shannon divergence are used to estimate the 

likelihood ratio as a probabilistic measure of the meaningful differences 

between the two chromatograms. 
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Chapter 5 – A complete probabilistic Bayesian peak deconvolution 

framework is described with application to high resolution GC-Orbitrap 

data. The approach is based on Bayesian statistic using Laplace 

approximation of the integration of the likelihood over the model 

parameters. The algorithm is using Expectation Maximization algorithm 

with Bayesian Information Criterion (BIC) to assess probabilistically the 

number of components. Finally a score based search for identification of 

the retrieved spectra in a high resolution database is described.  

Chapter 6 – Includes summary, conclusive notes and future work that can 

be developed from the algorithms and methods described in this thesis. 
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Chapter 2 
 

2  RETENTION TIME PREDICTION IN TEMPERATURE-PROGRAMMED, 
COMPREHENSIVE TWO-DIMENSIONAL GAS CHROMATOGRAPHY: 
MODELING AND ERROR ASSESSMENT 

 

IN THIS CHAPTER WE PRESENT A MODEL RELATING EXPERIMENTAL FACTORS (COLUMN LENGTHS, 

DIAMETERS AND THICKNESS, MODULATION TIMES, PRESSURES AND TEMPERATURE PROGRAMS) WITH 

RETENTION TIMES. UNFORTUNATELY, AN ANALYTICAL SOLUTION TO CALCULATE THE RETENTION IN 

TEMPERATURE PROGRAMMED GC×GC IS ALMOST IMPOSSIBLE, MAKING THUS NECESSARY TO PERFORM A 

NUMERICAL INTEGRATION. IN THIS CHAPTER WE PRESENT A COMPUTATIONAL PHYSICAL MODEL OF 

GC×GC, CAPABLE OF PREDICTING WITH A HIGH ACCURACY RETENTION TIMES IN BOTH DIMENSIONS. ONCE 

FITTED (E.G., CALIBRATED), THE MODEL IS USED TO MAKE PREDICTIONS, WHICH ARE ALWAYS SUBJECT TO 

ERROR. IN THIS WAY, THE PREDICTION CAN RESULT RATHER IN A PROBABILITY DISTRIBUTION OF 

(PREDICTED) RETENTION TIMES THAN IN A FIXED (MOST LIKELY) VALUE. ONE OF THE MOST COMMON 

PROBLEMS THAT CAN OCCUR WHEN FITTING UNKNOWN PARAMETERS USING EXPERIMENTAL DATA IS 

OVERFITTING. IN ORDER TO DETECT OVERFITTING SITUATIONS AND ASSESS THE ERROR, THE K-FOLD 

CROSS-VALIDATION TECHNIQUE WAS APPLIED. ANOTHER TECHNIQUE OF ERROR ASSESSMENT PROPOSED 

IN THIS CHAPTER IS THE USE OF ERROR PROPAGATION USING JACOBIAN. THIS METHOD IS BASED ON 

ESTIMATION OF THE ACCURACY OF THE MODEL BY THE PARTIAL DERIVATIVES OF THE RETENTION TIME 

PREDICTION WITH RESPECT TO THE FITTED PARAMETERS (IN THIS CASE ENTROPY AND ENTHALPY FOR EACH 

COMPONENT) IN A SET OF GIVEN CONDITIONS. BY TREATING THE PREDICTIONS OF THE MODEL IN TERMS 

OF INTERVALS RATHER THAN AS PRECISE VALUES, IT IS POSSIBLE TO CONSIDERABLY INCREASE THE 

ROBUSTNESS OF ANY OPTIMIZATION ALGORITHM. 
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2.1 INTRODUCTION 

Comprehensive two-dimensional gas chromatography (GC×GC) is 

becoming widely used in the separation of very complex mixtures. As the 

comprehensive analysis of complex materials demands a high peak 

capacity, such a separation cannot be achieved using one-dimensional 

chromatography and two-dimensional chromatography offers a key 

advantage. The peak capacity in multidimensional chromatography is the 

multiplication of peak capacities of each separate dimension. This explains 

why GC×GC is finding applications in areas where complex samples are 

encountered (e.g., fragrance analysis, fatty acid separations, oil industry). 

Unfortunately, finding the optimal operating conditions for a GC×GC 

analysis is not easy. This is due, on the one hand, to the large number of 

parameters to optimize (column lengths and column diameters, film 

thicknesses, modulation time, pressure, temperature programs, etc.). On 

the other hand, the time needed to run a GC×GC experiment is often long, 

hence discouraging a detailed trial-and-error optimization. An optimal 

experimental design can reduce the number of experiments for a particular 

optimization to the minimum. Combination with a model relating retention 

to experimental factors (column lengths, diameters and film thickness, 

modulation time, pressures and temperature programs) would allow an 

even more reliable optimization. 

The importance of modeling retention time and band broadening in 

GC×GC has become a point of interest in the last decade [1–7]. However, 

modeling two-dimensional, temperature programmed gas chromatography 

is complex due to the large number of parameters involved and the non-

linear temperature dependence of some of them. Additionally, several key 

parameters change in time (e.g. retention) or in time and in space (e.g., 

carrier gas velocity), making the model more complicated. For example, as 

viscosity of the carrier gas is influenced by temperature, changes in 

temperature over time introduce changes in viscosity over time. This 
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continuous change of viscosity affects the pressure at the modulation point, 

and must be taken into account in a model. Another important aspect of 

model is the influence of thermodynamic properties (i.e., entropy and 

enthalpy terms) governing the process of desorption of a solute from the 

stationary phase (and thus retention). Normally these parameters (that are 

column- and solute-dependent) are unknown, and should be fitted on a 

least-squares basis. Such calibration of the thermodynamic properties is 

usually done by searching the enthalpy and entropy values that minimize 

the error in retention time prediction given a collection of experimental 

chromatograms. 

The above complications render an analytical solution for the retention 

time of an analytic impossible, making it thus necessary to perform a 

numerical integration to calculate the solution. Several studies about 

modeling gas chromatography systems have been published [1–13]. 

However, most of the previous attempts are presenting models for one-

dimensional systems [2] or two-dimensional systems with isothermal 

conditions [1,10]. Dormant al. [5] obtained good predictions using a two-

dimensional temperature-programmed model of gas chromatography. 

McGinitie et al. presented very good results of two-dimensional gas 

chromatography retention time predictions based on separate one-

dimensional gas chromatography models for each column independently 

[7]. All the above mentioned studies used numerical integration to predict 

retention time and the fitting of the thermodynamic properties in a least-

squares scheme, except those involving isothermal elution, for which an 

analytical expression of the retention could be used [1,2,12]. 

In this chapter, a complete two-dimensional temperature programmed 

GC model is presented. Opposed to the previous works that fitted the 

enthalpy and entropy in separate 1D-GC experiments [16], our model is 

based on using data from 2D-GC experiments to fit simultaneously the 

thermodynamic parameters in both dimensions. This shows interesting 
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advantages at a practical level, since it is not necessary to calibrate the 

model in separate 1D-GC systems. Our model is based on Poisseuile gas 

flow through two capillary columns as described in the work of Beans et al. 

[1] which describes better the interdependence of the conditions between 

the connected columns. We are extending the work of Beens et al. in to the 

temperature-programmed domain. Also, our approach allows having the 

minimum number of experiments needed only for fitting of thermodynamic 

indices. We explain the theoretical basis of the physical phenomena that 

occur in both columns and we indicate how entropy and enthalpy can be 

calculated using a few experiments. 

Once fitted (e.g., calibrated), the model is used to make predictions. 

Evidently these are always subjected to errors. In this way, the prediction 

can result rather in a probability distribution of (predicted) retention times 

than in a fixed (i.e., most likely) single value. Basically, the model error 

(difference between experimental and predicted) can be split into three 

components: irreducible error, bias and variance [14]. In this work, we will 

study all these error components, using a cross-validation strategy to find 

a bias-free (or bias-negligible) model. To this aim, we will split the 

experimental data into calibration and validation sets. Once the correct 

parsimony is selected, error propagation theory is used to calculate the 

variance of the predictions. The error assessment of the prediction model 

is of high importance when it is considered within the framework of 

optimization, since it affects its robustness [15]. In this chapter, we 

describe a deep study on the prediction error, and we compare the results 

found with the experimental error. The theoretical explanation of the error 

assessment techniques described earlier is discussed, along with a 

comparison of the computational performance between the different 

methods to estimate such error.  
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2.2 THEORY 

2.2.1 Temperature programmed GC×GC model 

In this section we describe the equations to model the retention time in 

both the first- and second-dimension of a two-dimensional GC×GC system. 

The model is based on the physical equations for laminar flow through 

serially connected tubes with different diameters, taking into account the 

retention of the compound in the stationary phase. The approach is similar 

to that followed by Snijders et al. [2] and Beens et al. [1].There are two 

ways of running a GC×GC system [16,17]: using constant inlet pressure or 

using constant inlet flow-rate. We will describe the model that uses 

constant inlet pressure, but the modification of the model to accommodate 

constant flow-rate is straight forward. With a constant inlet pressure, and 

supposing that the viscosity and temperature do not change in time and 

space, the velocity at each position in the column can be evaluated from 

the following equation (which assumes ideal gas behavior): 

 𝑢𝑥𝑝𝑥 = 𝑢𝑜𝑢𝑡𝑝𝑜𝑢𝑡 (2.1) 

Where 𝑝𝑥 is the pressure in the column at position x, 𝑢𝑜𝑢𝑡  and 𝑝𝑜𝑢𝑡 are the 

outlet velocity and pressure of the carrier gas. However, the temperature 

gradient (i.e., the change of the temperature with respect to time) in the 

GC system results in an increase of the viscosity of the carrier gas over 

time, thus decreasing the average mobile phase velocity over time. Hence, 

a correction of the velocity is needed at each time step. This correction can 

be achieved including in Eq. (2.1) the ratio between the viscosity at the 

time of injection viscosity (𝜂𝑖𝑛𝑗) and the viscosity of the gas when the solute 

has reached the position 𝑥 (𝜂𝑥) [18,19]: 

 𝑢𝑥𝑝𝑥 = 𝑢𝑜𝑢𝑡𝑝𝑜𝑢𝑡

𝜂𝑖𝑛𝑗

𝜂𝑥
  (2.2) 
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On the other hand, the pressure 𝑝𝑥 at any position 𝑥 in the column can 

be expressed using the ratio of the inlet over the outlet pressure (𝑃) as 

follows [20]: 

 𝑝𝑥 = 𝑝𝑜𝑢𝑡√𝑃2 −
𝑥

𝐿
(𝑃2 − 1) (2.3) 

where 𝑃 is the ratio between inlet and outlet pressures, 𝑃 =  𝑝𝑖𝑛/𝑝𝑜𝑢𝑡. 

Introducing Eq. (2.3) in Eq. (2.2), we have the mobile phase velocity 

equation at each position 𝑥 in the column: 

 
𝑢𝑥 = 𝑢𝑜𝑢𝑡

𝜂𝑖𝑛𝑗

𝜂𝑥

1

√𝑃2 −
𝑥
𝐿

(𝑃2 − 1)

 
(2.4) 

Outlet velocity can be expressed in terms of average velocity �̅� and 

compressibility correction factor 𝑗: 

 𝑢𝑜𝑢𝑡 =
𝑢

𝑗
 , where 𝑗 =

3

2

𝑃2−1

𝑃3−1
 (2.5) 

Here the mean velocity is considered to be equivalent to the velocity 

of a non-retained compound to travel through the column. Therefore, we 

can express this velocity as a function of the dead time (𝑡𝑚): 

 �̅� =
𝐿

𝑡𝑚
 (2.6) 

There exists an expression for the dead time as a function of the 

column dimensions, permeability, inlet and outlet pressure and gas 

viscosity [16,21]. Dead time is not dependent directly on the temperature. 

However, its dependency on viscosity makes it variable with temperature, 

and hence it changes with time (according to the temperature ramp): 
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 𝑡𝑚 =
128𝜂𝐿2

3𝑑2

(𝑝𝑖𝑛
3 − 𝑝𝑜𝑢𝑡

3 )

(𝑝𝑖𝑛
2 − 𝑝𝑜𝑢𝑡

2 )
2 (2.7) 

where 𝑑 is the internal column diameter and 𝑝in the column inlet pressure. 

Introducing Eq. (2.7) in Eq. (2.6) and then in Eq. (2.5) one can now 

compute the velocity at each position 𝑥 in the column: 

 𝑢𝑥 =
𝑑2

64𝜂𝑥𝐿

(𝑃3 − 1)

(𝑃2 − 1)

(𝑝𝑖𝑛
2 − 𝑝𝑜𝑢𝑡

2 )
2

(𝑝𝑖𝑛
3 − 𝑝𝑜𝑢𝑡

3 )

𝜂𝑖𝑛𝑗

𝜂𝑥

1

√𝑃2 −
𝑥
𝐿

(𝑃2 − 1)

 (2.8) 

which simplifies to 

 
𝑢𝑥 =

𝑑2

64𝜂𝑥𝐿
𝑝𝑜𝑢𝑡(𝑃

2 − 1)
𝜂𝑖𝑛𝑗

𝜂𝑥

1

√𝑃2 −
𝑥
𝐿

(𝑃2 − 1)

 
(2.9) 

For retained analytes, the retention factor is dependent on the 

thermodynamic properties of the compound. Using the van’t Hoff equation 

we can write the retention factor as a function of temperature as follows: 

 𝑘 =
1

𝛽
𝑒(

Δ𝑆
𝑅

−
Δ𝐻
𝑅𝑇

)
 (2.10) 

where 𝛽 ≈ 
𝑑

4𝑑𝑓
is the column phase ratio representing the ratio between the 

mobile and the stationary phase volumes. Here, d is the column diameter, 

df is the film thickness, and ∆𝑆 (𝐽 𝑚𝑜𝑙−1)and ∆𝐻 (𝐽 𝑚𝑜𝑙−1𝐾−1) are the entropy 

and enthalpy of the process of desorption (i.e., volatilization) of the 

component from the stationary phase to the mobile phase. Some works 

[4,7,21] use an additional term to model the retention factor, namely the 

molar heat capacity. However, other publications are showing that this term 

is negligible [21]. The reason to neglect this factor is the linear dependence 

of natural logarithm of the retention factor over the inverse of the 

temperature within practical range of temperature ramps. 
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[1,2,14,15,20,22]. For this reason, we have decided not to introduce the 

molar heat capacity in Eq. (2.10). 

The retention time is the integral over column length of the space 

traveled by the compound divided by velocity: 

 𝑡𝑟 = ∫
(1 + 𝑘)

𝑢𝑥

𝐿

0

𝑑𝑥 (2.11) 

It is obvious that the complexity of this integral makes it impossible to 

solve it analytically. Therefore, an iterative computation has to be 

performed to calculate the time when the compound elutes: 

 𝑡𝑟 = 𝑀∆𝑡 (2.12) 

𝑀 represents the number of iterations after which the compound is eluting 

from the column such that: 

 ∑∆𝐿𝑖 ≥ 𝐿

𝑀

𝑖=0

 (2.13) 

where ∆𝐿𝑖 is the space traveled by the compound in an intervalequal to the 

time step (∆𝑡) at iteration 𝑖. 

 ∆𝐿𝑖 =
(1 + 𝑘)

𝑢𝑥
∆𝑡 (2.14) 

where 𝑢𝑥 is defined in Eq. (2.9) with 𝑥 =  𝐿1 + 𝐿2, . . . ,  𝐿𝑖. It should be noted 

that the interval ∆𝑡 should be short enough to consider both k and ui 

constant during this interval. Contrary to ∆𝑡 (which is given and constant) 

∆𝐿𝑥 is not constant and constitutes the value solved when Eq. (2.12) is 

applied. 
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Solution of Eq. (2.11) (when 𝑘 from Eq. (2.10) and 𝑢𝑥 from Eq. (2.9) 

are inserted) yields the retention time of the compound. Note that Δ𝑆 and 

Δ𝐻 for each dimension are different because the stationary phase of the 

first column is different from the one of the second, which is necessary to 

get some degree of orthogonality in the 2D GC system. In one-dimensional 

chromatography, all parameters are known (inlet and outlet pressures, 

length, and column radius) or fitted by least-squares ( Δ𝑆, Δ𝐻). However, in 

two-dimensional chromatography we should have a value of the pressure 

at the interconnection point of the two columns. We will define 𝑝𝑜𝑢𝑡
1  as the 

outlet pressure from the first-dimension column, and 𝑝𝑖𝑛
2  as the inlet 

pressure for the second-dimension column, which physically are the same. 

Applying mass-flow conservation and knowing the first-dimension inlet and 

second-dimension outlet pressures of the system, one can use Poiseuille’s 

equation to calculate the pressure at the interconnection between the two 

columns. Then, the volumetric flows through the first and the second 

column become: 

 𝐹1 = (
𝜋( 𝑑1 )

4

256( 𝜂1 )( 𝐿1 )
)(

( 𝑝𝑖𝑛
1 )

2
− ( 𝑝𝑜𝑢𝑡

1 )
2

( 𝑝𝑜𝑢𝑡
1 )

)(
𝑇𝑚𝑜𝑑

( 𝑇1 )
) (2.15) 

 𝐹2 = (
𝜋( 𝑑2 )

4

256( 𝜂2 )( 𝐿2 )
)(

( 𝑝𝑖𝑛
2 )

2
− ( 𝑝𝑜𝑢𝑡

2 )
2

( 𝑝𝑜𝑢𝑡
2 )

)(
𝑇𝑚𝑜𝑑

( 𝑇2 )
) (

( 𝑝𝑜𝑢𝑡
2 )

( 𝑝𝑜𝑢𝑡
1 )

) (2.16) 

Here 𝑇𝑚𝑜𝑑 is the temperature of the modulator. In Eq. (2.16), which 

expresses the volumetric flow in the second column, the term 𝑝𝑜𝑢𝑡
2 / 𝑝𝑜𝑢𝑡

1  

is introduced to convert the flow rate in the second-dimension column to 

modulator conditions. Solving 𝐹1  = 𝐹2  and solving for the outlet pressure 

from the first column we now can write: 
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 ( 𝑝𝑜𝑢𝑡
1 )

2
= 

( 𝑑1 )
4
( 𝐿2 )( 𝑇2 )( 𝜂2 ) 𝑝1

𝑖𝑛
2 + ( 𝑑2 )

4
( 𝐿1 )( 𝑇1 )( 𝜂1 ) 𝑝2

𝑜𝑢𝑡
2

( 𝑑2 )
4
( 𝐿1 )( 𝑇1 )( 𝜂1 )  + ( 𝑑1 )

4
( 𝐿2 )( 𝑇2 )( 𝜂2 )

 (2.17) 

Note that outlet pressure from the first column is dependent on the 

temperature (and therefore varies over time with the temperature ramp). 

In case of systems where carrier gas is introduced or removed from 

the modulator (e.g., with valve modulation) a slight adaptation of the model 

is needed. The algorithm used to calculate retention times is based on the 

application of Eqs. (2.1)–(2.17) for both dimensions. The algorithm 

flowchart is described in Fig. 1. The figure depicts the initialization block, 

the first while loop and the second while loop. In the initialization block, we 

declare constant values such as universal gas constant𝑅, entropy and 

enthalpy ( ∆𝐻1 , ∆𝑆1 , ∆𝐻2 , ∆𝑆2 ), stepsize ( ∆𝑡1 , ∆𝑡2 ), column lengths, 

diameters and film thicknesses (i.e.,  1L,2L, 1dc, 2dc, 1df , 2df ) for both dimensions. 

The algorithm basically solves for the space traveled by the compound at 

each iteration (∆𝐿𝑖). The iterations will stop, as it is indicated in Eq. (2.13), 

when the summation of all the 𝐿𝑖 (previously computed), becomes equal or 

greater than the column length 𝐿. In order to evaluate the space traveled 

by a retained compound in a time step ( ∆𝑡1  for the first and ∆𝑡2  for the 

second), we evaluate the parameters needed to estimate its velocity. First, 

the temperature is updated knowing the temperature evolution in time 

(i.e., the temperature program of the GC system) and knowing the time 

from the beginning of the simulation until the actual moment (i.e., 𝑖∆𝑡). 

Knowing the temperature at a particular moment  

 (i.e., at a particular iteration,𝑖) the retention factor 𝑘 (Eq. (2.10)) and 

the viscosity of the carrier gas is computed. For this work we make use of 

the Hawkes empirical model for helium viscosity as a function of 

temperature [18,19]. The viscosity in the second column is also computed 

at the same time (i.e., considering the temperature in the second-

dimension oven at this specific time) for further use in Eq. (2.17) (although 
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the model can be used also when a different temperature is used for the 

second-dimension column). Next, the outlet pressure from the first column 

is calculated using Eq. (2.17). At this instance, all the parameters needed 

for the velocity calculation (𝑢𝑥, Eq. (2.9)) are known. Once the velocity at 

this iteration is calculated we can introduce it in Eq. (2.14) together with 

the computed value of 𝑘 to calculate the space ∆𝐿𝑖, and to check if the total 

traveled space is equal to the column length 𝐿 as it is shown in the Fig. 2.1. 

If so, the retention time is equal to 𝑀∆𝑇. If not, the new position of the 

compound inside the column (𝑥) is obtained. A new increment in time (𝑡 =

 𝑡 +  ∆𝑡) is proposed and computations are repeated until the condition 

above (Eq. (2.13)) is satisfied. To calculate the second-dimension retention 

time, the same process is repeated using the second-dimension column 

parameters instead, and taking into account the temperature program in 

the second-dimension oven. One should take into account that Eq. (2.17) 

is used in this case to calculate the pin of the second-dimension column, 

making 𝑝𝑜𝑢𝑡 = 𝑝𝑖𝑛
21 . 

2.2.2 Calculating ΔH and ΔS 

It is obvious from the previous section that the values of ΔH and ΔS 

for both dimensions should be known in advance. As these values are 

column and solute-dependent, they are fitted in a least-squares fashion. To 

this aim, the values of retention times under different temperature gradient 

conditions and/or initial pressure conditions are taken into account. As this 

fitting cannot be done analytically, the simplex search is used, minimizing 

the sum of the squared differences between expected and modeled 

retention times. The algorithm starts with initial guesses of ΔH and ΔS, 

applies the process described in Section 2.1 to calculate the retention 

times, and keeps searching better estimates of ΔH and ΔS till the retention 

predictions could not be improved significantly. It should be noted that at  
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Figure 2.1  Code block for the GC×GC model. Each loop represents a “while” condition 
evaluated according to the Eq. (2.13). Each loop ∆𝐿 is computed and stored in an array. The 
cumulative sum of the stored ∆𝐿  values represents the total space traveled by the 
compound. 
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least 2 (ideally more than 2) gradient conditions should be measured for 

this fitting. 

2.2.3 Model error assessment 

2.2.3.1 Bias-variance trade-off 

One of the most common problems that can occur when fitting unknown 

parameters (such as ΔH and ΔS), using experimental data, is to have the  

wrong model parsimony, i.e. overfitting (high variance, low bias) or 

underfitting (high bias, low variance). Overfitting occurs in situations in 

which the model is customized to the training data set and it is unable to 

predict correctly other situations outside the training set (i.e., the validation 

set). This can be due to either (i) the choice of a training data set which is 

not representative of the situation that is going to be predicted or (ii) too 

many parameters are fitted. In the first case, systematic errors are 

absorbed into errors in ΔH and ΔS, yielding bad predictions when some 

experimental conditions are changed. For instance, if the ΔS and ΔH are 

fitted using (training) conditions at the same input pressure, the predictions 

made using the same value for the input pressure might be apparently 

correct. However, if systematic errors in the input pressure are present, 

these errors might be absorbed by errors in ΔH and ΔS, and a change in 

the input pressure could yield unexpected high prediction errors. The same 

effect can appear when the temperature ramp is the same for all the values 

of the training set. Case (ii) is a situation in which the number of fitted 

parameters is too large (the model is too complex) for the situation 

predicted. For example (see Section 4.1), we may decide to fit the length 

of the column, since it is possible that in practice columns are cut from time 

to time to set up connections properly or to eliminate column regions that 

carry non-volatile material from previous injections. If the predictions are 

not improved (and the lengths are kept as fitting parameters) a situation 

of overfitting occurs. On the contrary, underfitting may occur if the number 
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of parameters is not enough to predict correctly the retention time. This 

may happen, for instance, when the fitting of the column lengths is 

necessary, but only ΔS and ΔH are fitted. At a first instance it is not clear 

that the incorporation of column lengths as a fitting parameter improves 

the predictions. 

2.2.3.2 Assessment of correct parsimony and model error: K-fold 

cross-validation 

In order to discover situations of overfitting and underfitting, the K-fold 

cross-validation technique was used. At each iteration, the K-fold cross-

validation is essentially a split of a given set of conditions in K equal sets 

out of which one is used for validation and the others are used for fitting 

the thermodynamic indices (training set). Only a brief description is given 

here. For details, refer to [14]. This approach is based on repeated K-fold 

cross-validation. At each repetition, a full K-fold cross-validation is 

performed, but performing a permutation of the experimental conditions, 

in such a way that the data sets used for training set and validation are 

different each time (see Fig. 2.2). Typically, this permutation of the 

experimental conditions is random, resulting in the so-called Monte-Carlo 

K-fold cross-validation. As in our case (see below) the number of 

experimental conditions is limited, we can perform a systematic scanning 

of all possible permutations of the experimental conditions, eliminating thus 

the randomness of the validation experiment. In the end, having a larger 

number of combinations of experimental runs results in a more accurate 

validation procedure. A loop is used to change the validation and training 

set out of the given K-folds. 

One should note that this technique can be used with a double aim. On 

the one hand, the true (non-optimistic) evaluation of the error can be 

obtained. This is computed by considering the values of error (predicted 

minus  
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Figure 2.2 Cross-validation algorithm flow chart. 

expected) of the different validation sets. On the other hand, the correct 

model parsimony (the one avoiding overfitting and underfitting) can be 

selected by considering models of different complexity (e.g., incorporating 

or leaving out the column lengths in the fitting) and comparing the 

(validation) errors obtained with each of them. 

2.2.3.3 Jacobian error estimation and 95% confidence 

interval 

If the model is not underfitted or overfitted, its accuracy can also be 

estimated alternatively using error propagation theory, which is, in 

essence, the computation of the sensitivity of the predicted retention times 

to changes in the fitted parameters. A key concept in error propagation 

theory is the Jacobian matrix, which is the partial derivative of the 
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predictions (in our case the retention times) with respect to the fitted 

parameters (in our case entropy and enthalpy). As we are considering two 

predictions (first and second dimensions), these Jacobian matrices take the 

form: 

 𝐽1 =

(

 
 
 
 
 
 

𝜕( 𝑡𝑟)
1
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 (2.18) 

where C is the total number of experimental conditions used in the fitting. 

One should note that, contrary to cross-validation, there is no distinction of 

training and validation data sets. This means that this technique cannot be 

used to assess the correct parsimony of the model. However, the error 

obtained by this technique is correct, provided that the parsimony is 

correct. 

Note that, in Eq. (2.18), for the calculation of 𝐽2 we considered ∆ 𝑆1  and 

∆ 𝐻 1 fixed and known. By means of this, we are de facto considering the 

errors in the first dimension independent of the errors in the second. This 

simplifies significantly our computations. 

Finally, the error evaluated at a given experimental condition c can be 

calculated by propagating back the errors in the fitted parameters to the 

errors in the retention time. For the first-dimension retention time we 

obtain: 

 𝑠1𝑡𝑟
2 = (1 + ( 𝑗𝑐

1 )(𝐽1
𝑇𝐽1)

−1
( 𝑗𝑐

1 𝑇
))( 𝑠1

𝑒)
2 (2.19) 

And for the second dimension we obtain: 
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 𝑠2𝑡𝑟
2 = (1 + ( 𝑗𝑐

2 )(𝐽2
𝑇𝐽2)

−1( 𝑗𝑐
2 𝑇

))( 𝑠2
𝑒)

2 (2.20) 

Where 𝑗𝑐
1  and 𝑗𝑐

2  are the Jacobian evaluated at the c experimental 

condition of the prediction (i.e. 𝑗𝑐
𝑑 = (𝜕( 𝑡𝑟)

𝑑 /𝜕∆ 𝑆𝑑 |
𝑐

𝜕( 𝑡𝑟)
𝑑 /𝜕∆ 𝐻𝑑 |

𝑐
) ). 

( 𝑠1
𝑒) and ( 𝑠2

𝑒) are the so-called pure errors [23]. A good estimation of the 

pure error is the square root of the differences between experimental and 

predicted retention times: 

 ( 𝑠𝑒)
1 2 = 

1

𝐶 − 2
∑( 𝑡𝑟𝑒

1 − 𝑡𝑟𝑝
1 )2

𝐶

𝑖=1

 (2.21) 

Where 𝑡𝑟𝑝
1  and 𝑡𝑟𝑒

1  are the predicted and experimental retention time in 

the first dimension and C are the number of experimental conditions used 

to fit the model. In this equation, the number 2 refers to the number of 

parameters fitted. An equivalent equation can be derived for ( 𝑠𝑒)
2 2. Finally, 

the joint 95% confidence interval for the predicted time (in both 

dimensions) can be calculated using the squared of the Mahalanobis 

distance: 

 𝐷𝑀
2 = (𝒕𝒓𝒑 − 𝝁)

𝑇
𝚺−1(𝒕𝑟𝑝 − 𝝁) <  2𝐹𝛼,2,𝐶−2 (2.22) 

where 

 𝚺 = (
𝑠1𝑡𝑟

2 0

0 𝑠2𝑡𝑟
2) (2.23) 

and 𝒕𝑟𝑝 is now a vector containing in each row the predicted retention time 

in the first and second dimensions, and 𝝁 corresponds to the theoretical 

value of true retention times in the first and second dimensions. Note that 

we have supposed that there is no correlation between the errors in the 

first and the second dimension, so the 𝚺 matrix is diagonal (see Section 4.1 

for an empirical proof). In the equation above, number 2 represents the 
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number of dimensions, and 𝐹𝛼,2,𝐶−2is the critical value of the 𝐹 distribution 

evaluated at the value of 𝛼 significance and 𝑚 degrees of freedom in the 

numerator and C−2 in the denominator. For a 95% confidence interval (𝛼 =

0.5), we calculate the values of 𝝁 that satisfy the equality, which 

corresponds to an ellipse around 𝑡𝑟𝑝. The pseudocode for this algorithm is 

shown in Fig. 2.3. 95% Confidence interval indicates that if a prediction will 

be performed 100 times, in 95 cases the predicted value will fall within the 

outlined interval. It does not indicate the probability to be inside the 

interval. The prediction is either inside or outside the CI. In the Bayesian 

paradigm however, it is possible to estimate probabilistically if the 

prediction will fall within certain limits of the posterior distribution. These 

limits define the Credible Interval. If the prior distribution of the prediction 

is flat, the Credible Interval can be fairly approximated with the confidence 

interval. In other words, in our case, we can say that our prediction will fall 

within the outlined interval approximately with a probability of 0.95 as we 

assume a flat prior upon the predicted retention times.  

2.3 EXPERIMENTAL 

2.3.1 Samples 

The white spirit sample used for this study was purchased from a Do-

It-Yourself shop in the Netherlands (Praxis, Rotterdam, the Netherlands). 

The sample was diluted in a ratio of 1:2 with hexane (Sigma–Aldrich, 

Zwijndrecht, the Netherlands). 

2.3.2 Instrumental and method 

2.3.2.1 Columns 

An Agilent DB-1 (100% dimethylpolysiloxane) column (30 m × 250 µm i.d. 

× 0.5 µm df) was used in the first dimension (Agilent, Middelburg, the 

Netherlands). For the second dimension an Agilent DB-17 ((50%-phenyl)-
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methylpolysiloxane) column (1 m × 100 µm i.d. × 0.2 µm df) was used. 

The columns were connected to each other via a Meltfit (NLISIS, Veldhoven, 

the Netherlands). 

 

2.3.2.2 Instruments 

All GC×GC experiments were performed on an Agilent Technologies 6890N 

Network GC System with a LECO dual stage, quad-jet thermal modulator 

(Leco, Monchengladbad, Germany) and a flame ionization detector (FID). 

 

Figure 2.3 The 95% confidence interval evaluation. The evaluation is made around 

condition c. 
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A CTC Analytics GC Pal Autosampler (CTC, Buchs, Switzerland) was used 

for all injections. 

2.3.2.3 Method 

Helium was used as the carrier gas. The injection volume was 1 µL with a 

split ratio of 250:1. The temperature for the first dimension separation was 

initially 70°C with 0.2 min hold, followed by a linear temperature ramp as 

shown in Table 1. For the second dimension separation the second oven 

temperature was initially 75°C with 0.2 min hold, followed by a linear 

temperature ramp as mentioned in Table 2.1. The injection temperature 

was set at 250°C and the FID detector temperature at 280°C. The pressure 

and modulation time varied per measurement (Table 2.1). 

2.3.2.4 Software 

The software was programmed in MATLAB R2013a. The computations were 

performed on an Intel(R) Core(TM) i7-3820 CPU at 3.60 GHz 3.60 GHz with 

32.0 GB of RAM system. 

Table 2.1 The experimental conditions (according to central composite design) used for the 

# of 

condition 

Temperature ramp  

(°C/min)  

1st and 2nd dimension 

Pressure (kPa) Modulation time (s) 

1 0.4 76 8 

2 0.4 190 5 

3 2.5 76 4 

4 2.5 190 4 

5 0.3 120 8 

6 3.6 120 2,5 

7 1 63 5 

8 1 229 4 

9 1 120 4 
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2.4 RESULTS AND DISCUSSION 

2.4.1 3-fold cross-validation 

The cross-validation strategy described in Section 2.2.3.2 was applied 

to 18 selected peaks of the experimental design described in Section 

2.3.2.3. The peaks were selected such that the compounds span the 

retention time range. Also, some of the compounds were chosen with a 

close retention time in order to analyze a possible overlap of the retention 

values in the prediction process. In this case, a 3-fold cross-validation was 

applied. We observed good results in general. However, low retained 

compounds were badly predicted at certain conditions. These outliers were 

observed when the model was extrapolating at low temperature ramps and 

low pressures. We decided to exclude the experiment at the highest 

pressure (condition #8, Table 2.1). 

At every cross-validation loop, 5 experimental conditions were used to 

fit the model, and 3 experimental conditions were used to evaluate it. 

Therefore the maximum number of possible different combinations of 

experiments used for fitting in our case is 56 (i.e., C=58). The technique 

was applied to check for the correct par-simony of the model (avoid both 

overfitting and underfitting). We tested several models, with a different 

number of fitted parameters in each case. For the simplest model (model 

1), we were simply fitting ΔH and ΔS for each compound. In this case we 

exhaust all possible combinations of experiments (i.e., 56) used for fitting 

since the total number of those is relatively small. For a more complex 

model (model 2) we fitted both ΔH and ΔS and the first-dimension column 

length in 25 different combinations of the given set of experimental 

conditions. The column length could not be fitted in a usual way, since it is 

a parameter which is obviously com-mon for all compounds, which would 

force to fit the ΔH and ΔS for all compounds and the column length all at 

the same time. The dimensionality of such a fit (18 × 2 + 1 = 37 



New methods for modelling and data analysis in Gas Chromatography: a Bayesian view 

38 
 

parameters) would make computations obviously prohibitive. To overcome 

this problem, we essentially were changing the value of the length by small 

values simulating a possible cut in the first-dimension column, and re-fitting 

all the values of ΔH and ΔS for each length. In this way, the ΔH and ΔS 

parameters could be fitted independently for each compound, once the 

length was fixed. In a final step, the optimal length was selected attending 

to the value providing the minimum residuals. One should note here that 

the change in first-dimension length affects the retention times in both 

dimensions. Therefore, we were fitting the ΔH and ΔS parameters for all 

compounds for both dimensions for each value of simulated length. Special 

attention was paid to the way the residuals were calculated to select the 

optimal length, since the retention times in the second dimension are 

around two orders of magnitude smaller than the retention times in the first 

dimension. To compensate for this effect (which would made the residuals 

in the first dimension to weigh more in the optimization), the following 

equation was applied: 

 휀 = √∑(
𝑡𝑟𝑝

1 − 𝑡𝑟𝑒
1

𝑡𝑟𝑒
1 )𝑧

2Π

𝑧=1

+ (
𝑡𝑟𝑝

2 − 𝑡𝑟𝑒
2

𝑡𝑟𝑒
2 )𝑧

2

 (2.24) 

The motivation to fit the column length comes from the fact that some 

adjustments (i.e., cuts) to the length of the column are performed when 

connecting columns into the instrument. These cuts may affect the 

retention significantly. Another model (model3) consisted of fitting both ΔH 

and ΔS and the length in the second dimension, applying the same fitting 

methodology described above. 
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Figure 2.4 Error dispersion per condition for Model 1 (∆ 𝐿1 =0, ∆ 𝐿2  =0), Model 2 (∆ 𝐿1  = 

{0.01, 0.1, 0.5, 1}, ∆ 𝐿2  =0) and Model 3 (∆ 𝐿1  =0, ∆ 𝐿2  = {0.01, 0.05, 0.1, 0.15, 0.20, 0.30}). 

From the figure is clear that the minimal value is in the case of the Model 1 (0,0287) 

comparing with the minimum in Model 2 (0,03) and Model 3 (0,0292) 

 

Fig. 2.4 shows the error (according to Eq. 2.24) for the retention times 

in the first and the second dimension for the 3 models. One could think that 

the error in prediction is due to errors in the estimation of the nominal 

length of the columns. However, correcting for the length does not solve 

the problem, as can be seen in Fig. 2.4. The minimal error when lengths 

are optimized (in model 2 and model 3) is, still, above the error with the 

nominal length. This indicates that the length does not play a considerable 

role in predictions. This effect would not have been visible if no cross-

validation was performed. In other words, if we used all the experimental 

values to fit the model and to check the model’s prediction power, the 
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residuals would keep on decreasing when more and more parameters were 

fitted, thus giving the wrong impression that fitting lengths delivers a better 

solution, when in fact the system is overfitted. More specifically, in case of 

overfitting, ΔH and ΔS will incorporate errors that can be revealed only if 

an independent test set is used to assess the prediction errors. With the 

model providing the correct parsimony selected (which corresponds to 

model 1), the prediction error was checked. To this aim, the predictions 

obtained with the validation set of the cross-validation were considered. In 

this case, we performed all 56 possible runs of the 3-fold cross-validation 

strategy, as described in Section 2.2.3.2. Fig. 2.5 depicts prediction points 

(blue dots) obtained for the validation sets with all repetitions, when 

condition #1 (Table 2.1) is predicted. It is clear from the plot that prediction 

results rather in a range than in a unique value. This spread of predicted 

values is due to uncertainty in the fitted thermodynamic parameters, which 

propagates into the prediction of the retention times. 

The above validation strategy also allows inspecting the error in the 

thermodynamic parameters. This is because every loop of the K-fold cross-

validation implies the fitting of the thermodynamic parameters with a 

different set of experimental conditions, hence reflecting the variability of 

these variables. Fig. 2.6 depicts the distribution of these thermodynamic 

parameters for compound 3. Errors in entropy and enthalpy in both 

dimensions are, as we can see, normally distributed. One should note that 

this uncertainty does not reflect the uncertainty in the validation set (as it 

reflects the uncertainty in the model fitting, not its prediction), and it is due 

to imperfections in the experimental system used to acquire the data. 

Errors in enthalpy and entropy have a different influence in the error in 

retention time depending on the retention. Compounds showing a low 

retention (i.e., they are highly volatile) travel almost at the same velocity 

of the carrier gas. Therefore, errors in ΔH and ΔS are not significantly 

influencing the retention time. On the other hand, as retention increases, 
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the factor (k + 1) in Eq. (2.14) is more and more influencing (k increases), 

and hence errors in ΔH and ΔS (which in turn cause errors in k) influence 

the retention time to a higher extent. This can be seen in Fig. 2.5, where 

the distribution of predicted points over the cross-validation sets is wider 

when the retention is higher. The estimated prediction is the mean value 

of the predicted set of possible values. It is visible that the estimated 

prediction is close to the experimental value thus we can state that the 

model is predicting accurately the retention time in both dimensions.  

Although the cross-validation is an accurate measurement of the 

prediction error, it is computationally expensive. Indeed, computation of 

the dispersion of the prediction of the 18 peaks in 56 fitting runs, took 

approximately 28.5 h with the computer described in Section 2.3. As 

mentioned in Section 2.2.3, under certain conditions, the experimental 

confidence interval calculated with the cross-validation can be 

 

 

Figure 2.5 Prediction distributions for the condition 5. The blue dots are the Monte Carlo 

samples and the red ellipse is the 95% confidence interval. The experimental value is 

represented with black x. 
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approximated using error propagation, which is more convenient from a 

computational point of view (it took only 49 min). For the error propagation 

technique to be accurate, however, the model selected should have the 

right parsimony (showing negligible bias and negligible variance). The 95% 

confidence interval (computed via error propagation, see Section 2.2.3.3) 

is used to indicate the accuracy of the prediction considering the error 

obtained with the fitted parameters (i.e., thermodynamic parameters in our 

case). In Fig. 2.5 this interval is depicted as an ellipse for each peak, 

according to Eq. (2.18). In this plot, we have overlaid the predictions given 

by the 3-fold cross-validation. 

 

Figure 2.6 Distribution of entropy and enthalpy (in both dimensions) for one particular 
compound in 56 cross-validation runs.  

As can be seen, the prediction given with the K-fold cross-validation 

method lies within the distribution given by the 95% confidence interval 

calculated according to Section 2.2.3.3. This can be taken as an indirect 

proof that the Jacobian calculation is correct and that the correct model 
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parsimony has been selected. Also, it can be observed that the distribution 

of predicted retention times with the 3-foldcross-validation is almost 

vertical around each peak, which is an empirical proof that the errors in the 

first- and second-dimension retention times are independent. 

Although both methods are providing the same vision about the errors 

that can appear in predictions using our GC×GC model, the 3-fold cross-

validation method is (as mentioned) computationally more demanding 

compared to the technique using the Jacobians. A close inspection to the 

algorithms used reveals the reasons why the computation power required 

is so different. The cross-validation method requires Γ x Φ x Π fittings of 

the thermodynamic parameters, whereas the 95% CI uses only C x Π (in 

our case 9x18) fittings (here Γ is number of shuffles, Φ is the number of 

folds and Π is the number of peaks). 

The average error from the simulation was computed as follows: 

 휀̅𝑑 = √
∑ ∑ ∑ ( 𝑡𝑟𝑝

𝑑 − 𝑡𝑟𝑒
𝑑 )2

Π𝐶Γ

Γ × 𝐶 × Π
 (2.25) 

2.4.2 Assessing the performance with minimal number of 

runs 

As it has been stated in this paper, minimally two runs are needed to 

fit the thermodynamic parameters. Two points in the space of Temperature 

ramp-Pressure were chosen having a considerable difference in inlet 

pressure and temperature rate (Fig. 2.7). Note that the point with the lower 

temperature ramp can be considered having almost isothermal condition 

which increases the objectivity of the fitting process. Using equation 2.25, 

the performance of the model having just 2 runs for the training set is 휀̅1 =

13.4𝑠 for the first dimension and 휀̅2 = 0.08𝑠 in the second dimension. As it 

was expected, the model is more accurate when a larger training set is 
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used. It is worth mentioning that the speed of fitting in this case for 18 

peaks is only 7.7 min. 

 
Figure 2.7 Distribution of the experimental points in the “Temperature ramp – Inlet 
pressure” space. The training set is chosen to have high difference in temperature ramp and 
inlet pressure at the same time. 

2.5 CONCLUSIONS 

In this chapter we have presented a model of temperature programmed 

GCxGC and the error assessment of the predicted retention time. 

The model is based on Poiseuille gas-flow through two interconnected 

capillary tubes. Poiseuille gas-flow equations (to describe gas-flow 

velocities), when coupled to van’t Hoff equation (to establish the change in 

retention due to temperature), proved to be a good strategy to predict 

retention times in temperature programmed comprehensive two-

dimensional gas chromatography. These equations can be used to predict 

retention times with the aim of optimising GCxGC conditions. To use these 
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equations, only two parameters per solute and per column are unknown: 

enthalpy and entropy, which are fitted in a least squares basis. In a two-

dimensional gas chromatography system, this means fitting four 

parameters per solute (enthalpy and entropy in both first- and second-

dimension columns). However, as a GCxGC experiment involves obtaining 

retention times in both dimensions with a single experiment, a minimum of 

two GCxGC experiments are needed to calibrate the retention-prediction 

model. This model proved to predict quite accurately the retention times in 

both dimensions.  

We have presented two ways of measuring the error in the retention time 

prediction, namely (i) K-fold cross-validation and (ii) error propagation. 

Method (i) is more accurate but requires more computational effort. Method 

(ii) is an approximation, which is valid provided that the model has the right 

parsimony. A way to selecting the optimal parsimony consists of monitoring 

the error with method (i) for different models, and select the one yielding 

the lowest error in the validation set. In the end, it is important to notice 

that the prediction of retention times in GCxGC are not evaluated in terms 

of precise values but rather in a range (i.e. distributions) of possible values. 

This fact is of a great importance in applications like optimization. It is 

important to point to the fact that the results were obtained for a sample 

with closely related compounds. The study on a more complex mixture is a 

subject of a future work. Also, it was proved that errors in column length 

are negligible to predict retention times correctly. This effect could only be 

discovered applying method (i) for error estimation. It has been proved 

that both methods (K-fold cross-validation and error propagation) arrive to 

the same error distribution of the retention time prediction.  
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Chapter 3 
 

 

 

3 BAYESIAN PEAK TRACKING: A NOVEL PROBABILISTIC APPROACH TO 

MATCH GCXGC CHROMATOGRAMS    

 

A NOVEL PEAK TRACKING METHOD BASED ON BAYESIAN STATISTICS IS PROPOSED. THE METHOD 

CONSISTS OF ASSIGNING (I.E. TRACKING) PEAKS FROM TWO GCXGC-FID DATA SETS OF THE SAME 

SAMPLE TAKEN IN DIFFERENT CONDITIONS. OPPOSED TO TRADITIONAL (I.E. DETERMINISTIC) PEAK 

TRACKING ALGORITHMS, IN WHICH THE ASSIGNMENT PROBLEM IS SOLVED WITH A UNIQUE SOLUTION, 

THE PROPOSED ALGORITHM IS PROBABILISTIC. IN OTHER WORDS, WE QUANTIFY THE UNCERTAINTY OF 

MATCHING TWO PEAKS WITHOUT EXCLUDING OTHER POSSIBLE CANDIDATES, RANKING THE POSSIBLE 

PEAK ASSIGNMENTS REGARDING THEIR POSTERIOR PROBABILITY. THIS REPRESENTS A SIGNIFICANT 

ADVANTAGE OVER EXISTING DETERMINISTIC METHODS. TWO ALGORITHMS ARE PRESENTED: THE BLIND 

PEAK TRACKING ALGORITHM (BPTA) AND PEAK TABLE MATCHING ALGORITHM (PTMA). PTMA 

METHOD WAS ABLE TO ASSIGN CORRECTLY 78% OF A SELECTION OF PEAKS IN A GCXGC-FID 

CHROMATOGRAM OF A DIESEL SAMPLE AND PROVED TO BE EXTREMELY FAST. 
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3.1 INTRODUCTION 

The importance of multidimensional gas chromatography (GCxGC) as an 

analytical method in studying complex hydrocarbon samples is proven by 

a vast number of publications concerning this technique. [1-5] One of the 

most challenging tasks in GCxGC is its optimization, due to the large 

number of parameters such as column lengths, column diameters, 

modulation time affecting the resolution. In a previous work [1] we 

described a comprehensive model to predict retention for temperature-

programmed GCxGC. Retention modelling constitutes the cornerstone of 

the optimization process, since it allows the prediction of retention (and 

hence the amount of overlap) at experimental conditions that have not 

necessary been experimentally measured. For this prediction, it was proved 

[1] that knowing the thermodynamic parameters (i.e. ΔS, ΔH) that govern 

the desorption process for each compound is essential. Moreover, these 

parameters can be fitted with a minimum number of experiments. In each 

of these experiments, it is obvious that the change of experimental 

conditions involves changes in separation, and therefore, a matching (i.e. 

peak tracking) between the different peak tables is needed. The wrong 

assignment of compounds between two different conditions has obviously 

serious consequences in the fitting of ∆𝑆 and ∆𝐻, and hence peak tracking 

constitutes an essential step in the fitting. This work focuses on a novel 

approach for this peak tracking. 

Several methods for peak tracking exist in 1D chromatography [7-14]. 

First of all, the “manual” peak matching between the peaks in two 

chromatograms might be extremely difficult. This is because it involves the 

visual inspection of pictures with significantly different experimental 

conditions (and therefore large peak displacements are expected). 

Additionally, the high complexity of the sample (with hundreds, or even 

thousands of peaks) makes this visual inspection extremely troublesome. 
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In situations like these, an automated process of matching peaks between 

two (or more) peak tables is needed.  

In a significant number of cases, peak tracking is performed with the 

aid of multichannel detection. For example, one solution can be an 

elaborate search of the entire mass spectrum (MS) between previously 

detected and resolved peaks in a pairwise fashion. Previously reported 

works describing statistical methods used in peak tracking, in hyphenated 

techniques such as LC-MS and LC-DAD-MS, show promising results [2], 

[3].  When multichannel detectors (like MS or DAD) are not available, the 

task of peak tracking becomes very challenging.  

All peak tracking techniques described in the literature are considered 

deterministic. In other words, they provide only one solution in the peak 

assignment. This does not follow the chromatographer’s intuition. In a peak 

assignment task there might be more than one possible peak matching 

candidate that, although not being intuitively the most likely, couldn’t be 

discarded a priori. This is especially important when no multichannel 

detection methods are used, raising more doubts about the “correct” peak 

matching. In this case, a probabilistic approach on peak tracking might be 

preferred. A probabilistic approach (opposed to deterministic) means that 

several possibilities of peak matching are considered, and a rank (ideally 

the probability) of each peak matching is provided. The work of Otto et al. 

[4] constitutes a seminal paper of this idea. In this work, the problem was 

approached by matching peaks in HPLC using fuzzy set theory, which 

quantifies the uncertainty of peak matching. The authors attribute a so 

called “membership function” value (i.e. a value between 0 and 1) to a 

possible candidate or to a combination of possible candidates through the 

means of peak area comparison. Although elegant and objective, the 

method is also using a threshold to discriminate between the candidates. 

Otto et al. mentioned in their publication one of the most difficult questions 

to answer when matching peaks: “what is the correct elution order?”  In 
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case of the GCxGC-FID systems, this aspect can make the tracking 

inaccurate if the elution order would change significantly. Several works 

were addressing this issue in gas chromatography [15-17].  The work of 

Mehran et al. [5] explains the factors that influence elution order changes 

for several types of columns. The authors are pointing to the fact that these 

changes are more likely to occur at higher temperatures and only for a few 

analytes. Blumberg [6] indicates that “relationship between characteristic 

temperatures and characteristic thermal constants of two solutes 

determines the possibility and the extent of reversal of their elution order 

under specific conditions of analysis”. Further, the author is stating that the 

solutes in a mixture covering a wide range of characteristic temperatures 

(Tchar) generally elute in the order of increase in their Tchar and only the 

elution order of closely eluting pairs can change with change in the heating 

rate. All the works outlined here regarding the change in elution order seem 

to point to the fact that changing only the temperature and pressure (and 

consequently the carrier gas velocity) can only slightly affect the elution 

order of a few analytes. More specifically, the analytes that are eluting 

closely in one set of conditions can change the elution order and yet those 

analytes will elute in a rather close vicinity of one another. This gives us a 

possibility to include the correct peak (even with changed elution order) in 

the list of possible candidates when matching two peak tables.  

In this chapter we propose the use of Bayesian statistics to assign a 

probability of a match between peaks in GCxGC-FID chromatograms. The 

method is based on image comparison of the peak surroundings. It basically 

compares the tile around the peak in question in the target chromatogram 

with respective tile around the possible peak candidates in the query 

chromatogram. Basically, this method is probabilistic, so it does not provide 

a single answer (i.e. the most likely assignment), but a collection of 

answers (different peak arrangements), together with their probability. This 

is essentially reflecting the chromatographer’s intuition, in which there is 

always a certain degree of doubt around the correct peak assignment.  
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3.2 THEORY 

3.2.1 Definition of the transformation function 

The algorithm presented in this section solves the task of peak assignment 

in a probabilistic way. The experimental data consists of two GCxGC-FID 

chromatograms of the same sample obtained with two different 

experimental conditions. Changing the conditions of the experiments, more 

specifically, the temperature ramp and the input pressure, leads to a 

displacement of the peak positions.  

Our goal is to match peaks between one chromatogram (namely, the 

target chromatogram) and another chromatogram (namely the query 

chromatogram). The data in each chromatogram can be represented as a 

matrix. If we assign matrix A to the target chromatogram and matrix B to 

the query chromatogram, we can define:  

 𝐴 =  [
𝐼11 ⋯ 𝐼1𝑛

⋮ ⋱ ⋮
𝐼𝑚1 ⋯ 𝐼𝑚𝑛

] ; 𝐵 =  [

𝐼11 ⋯ 𝐼1𝑝

⋮ ⋱ ⋮
𝐼𝑞1 ⋯ 𝐼𝑞𝑝

] (3.1) 

   

The values 𝐼𝑖𝑗 are the intensities of the chromatographic data sets at 

the ith and jth first-and second-dimension retention time indices, 

respectively. In this representation, n and m are the maximum number of 

retention time indices in the first and second dimension for chromatogram 

A. The same holds for q and p respect to chromatogram B. Note that the 

dimensions of chromatogram A are not necessarily the same as the 

dimensions for chromatogram B (i.e. n is not necessary the same as p and 

m is not necessary the same as q) (𝑚, 𝑛, 𝑝, 𝑞 ∈ ℕ). 

The retention times for both chromatograms are given by the following 

vectors: 
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 𝒕1
𝐴  = [ 𝑡𝐴1, 𝑡𝐴2, 𝑡𝐴3 … , 𝑡𝐴𝑛

1111 ] ; 𝒕1
𝐵  = [ 𝑡𝐵1, 𝑡𝐵2, 𝑡𝐵3 … , 𝑡𝐵𝑝

1111 ] (3.2) 

   

where 𝒕1
𝐴 and 𝒕1

𝐵 are the first dimension retention time vectors for 

chromatogram A and B. A similar definition holds for the second dimension 

retention times:  

 𝒕2
𝐴  = [ 𝑡𝐴1, 𝑡𝐴2, 𝑡𝐴3 … , 𝑡𝐴𝑚

2222 ]; 𝒕2
𝐵  = [ 𝑡𝐵1, 𝑡𝐵2, 𝑡𝐵3 … , 𝑡𝐵𝑞

2222 ] (3.3) 

 

The problem of peak matching can be treated as an image processing 

problem with the aim of matching a collection of features (i.e. peaks) 

between two images of the same object. The particularity of image 

processing approach lies in pixel-wise comparison of the images. In the 

end, it is more convenient to perform this comparison between small 

subsets of images or “tiles”. Let us define a tile from the target 

chromatogram 𝑎𝐴( 𝒕1
𝐴, 𝒕2

𝐴, 𝑰𝑖𝑗)  as the submatrix from A centered at the jth 

retention time in the second dimension and the ith retention time in the first 

dimension (Fig. 3.1). The dimension of this submatrix is hxw: it has w pixels 

in width (i.e. from 𝑡1
𝐴 𝑖− 

𝑤

2
 to 𝑡1

𝐴 𝑖+
𝑤

2
) and h pixels in height (i.e. from 𝑡2

𝐴 𝑗−
ℎ

2

 

to 𝑡2

𝐴𝑗+
ℎ

2

). Similarly, a tile for a query chromatogram is 𝑏𝐵( 𝒕1
𝐵, 𝒕2

𝐵, 𝑰𝑘𝑙) (i.e. 

with the tile that corresponds to the coordinates in retention time domain) 

from the chromatogram B. The tiles are large enough to collect the peak 

and its environment (its surrounding peaks). If only a single peak is 

collected in a tile, it would be almost impossible to match this peak with 

the right candidate in highly saturated chromatogram due to insufficient 

information (i.e. lack of uniqueness). However, if the tile represents the 

target peak together with a group of peaks from the vicinity of the target 

peak, the chances of correct peak tracking will be increased.  
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Figure 3.1 An example of the tile from the target chromatogram and the corresponding tile 

in the query chromatogram. From left to right: 𝑎𝐴( 𝒕1
𝐴, 𝒕2

𝐴, 𝑱𝑖𝑗), 𝑎′𝐴( 𝒕1
𝐵, 𝒕2

𝐵, 𝑱𝑖𝑗) and 

𝑏𝐵( 𝒕1
𝐵, 𝒕2

𝐵, 𝑱𝑘𝑙) 

 

The intensities of the tiles in chromatogram A and B are normalized, in 

order to account for the conservation of mass at a tile level. The 

normalization inside each (A or B) tile is done as follows: 

 𝑱𝑖𝑗 =
𝐼𝑖𝑗 − min (𝐼𝑖𝑗)

max(𝐼𝑖𝑗) − min (𝐼𝑖𝑗)
 (3.4) 

 

Therefore, the tiles defined above with normalized intensities become 

𝑎𝐴( 𝒕1
𝐴, 𝒕2

𝐴, 𝑱𝑖𝑗) and 𝑏𝐵( 𝒕1
𝐵, 𝒕2

𝐵, 𝑱𝑘𝑙). 

The changing of the conditions can change significantly the “position” 

of the peaks in the chromatogram. We will refer to this change of the 

position of the peaks as a potential “move” of the peaks. In fact, the method 

does not consider which parts of the signal are occupied by peaks and which 

parts are occupied by noise. Therefore, such a “move” is performed at a 

pixel level. Hence, from the image analysis perspective, this change in 

position can be regarded as a transformation of the entire collection of 

pixels (i.e. scaling or translation of the pixels). We will further define the 
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notion of “transformation function” as a function that is applied to a single 

pixel to perform this “move” along one particular dimension. In other 

words, to move a pixel i from a set of coordinates  ( 𝑡1
𝐴𝑖, 𝑡2

𝐴𝑗) to ( 𝑡1
𝐵𝑖, 𝑡2

𝐵𝑗) 

a linear transformation function needs to be applied for each dimension, as 

follows: 

 𝑡𝐵𝑖
1 = 𝑓( 𝑡1

𝐴𝑖)
1 = 𝑡1

𝐴𝑖 + 𝛿𝑖
1  (3.5) 

 𝑡𝐵𝑗
2 = 𝑓( 𝑡2

𝐴𝑗)
2 = 𝑡2

𝐴𝑗 + 𝛿𝑗
2  (3.6) 

 

where 𝛿𝑖
1  and 𝛿𝑗

2  are the “moves” of the i,j-th pixel over the first and the 

second dimension respectively.  Within a tile, the “move” of the peaks 

corresponding to the molecules showing longer retention is different with 

respect to the molecules showing shorter retention. In other words: 𝛿𝑖
1  

should be a function of the first dimension retention time, and 𝛿𝑗
2  should 

be a function of the second dimension retention time. We define the 

transformation function as 𝛿 and therefore the equations (3.5) and (3.6) 

can be written: 

 𝑡𝐵𝑖
1 = 𝑡1

𝐴𝑖 + 𝛿𝑖
1 = (1 + 𝑠1 ) 𝑡1

𝐴𝑖 + 𝛾1  (3.7) 

 

 𝑡𝐵𝑗
2 = 𝑡2

𝐴𝑗 + 𝛿𝑗
2 = (1 + 𝑠2 ) 𝑡2

𝐴𝑗 + 𝛾2  (3.8) 

 

  

Where 𝑠 is the slope and  𝛾 is the intercept of the transformation function 𝛿.  

Equations 3.7 and 3.8 are the basis of the image comparison approach [7]. 

Here, we have supposed a linear transformation is valid inside the tile. This 

might be acceptable if the tile is small enough, since the transformation 

functions for both dimensions might be more complicated at a larger scale. 
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The application of Eqs. (3.7) and (3.8) at the coordinates of each pixel of a 

tile, scales and translates the tile 𝑎𝐴( 𝒕1
𝐴, 𝒕2

𝐴, 𝑱𝑖𝑗)  into 𝑎′𝐴( 𝒕1
𝐵, 𝒕2

𝐵, 𝑱𝑖𝑗). The 

next step in this approach would be the pixel-wise comparison of the tile 

𝑎′
𝐴( 𝒕1

𝐵, 𝒕2
𝐵, 𝑱𝑖𝑗) with a tile 𝑏𝐵( 𝒕1

𝐵 , 𝒕2
𝐵, 𝑱𝑘𝑙) from the query chromatogram 

(chromatogram B) as it is exemplified in the figure 3.1. We will describe 

more detailed aspects about the algorithm in the next sections of this 

chapter. 

3.2.2  Estimating the transformation function 𝜹 

In order to get some estimation of this transformation function , mass 

conservation principle of the target and the query is applied to the whole 

chromatogram.  The total amount of analytes that elutes from a GC column 

can be calculated by integrating the unidimensional chromatograms 

corresponding to each column. The first step is to calculate the 

corresponding first-order chromatograms for each dimension separately. 

This is performed by summing the intensities over the opposite dimension 

as follows: 

 𝐼𝐴
1 = ∑ 𝐴

𝑑=2

 ;  𝐼𝐴
2 = ∑ 𝐴

𝑑=1

 (3.9) 

 

 𝐼𝐵
1 = ∑ 𝐵

𝑑=2

 ;  𝐼𝐵
2 = ∑ 𝐵

𝑑=1

 (3.10) 

 

Where d indicates the matrix dimension over which the summation is 

performed. This will give the best approximation of the corresponding 

unidimensional chromatograms. Next, the cumulative integral of one 

chromatogram describes the total amount of sample that has abandoned 

the GC column at a specific time: 
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 𝐶𝐼𝑖𝐴 = ∫ 𝐼𝐴𝑑 𝑡1
𝐴

1

𝑡1
𝑖𝐴

0

1  ;  𝐶𝐼𝑗𝐴 = ∫ 𝐼𝐴
2 𝑑 𝑡2

𝐴

𝑡2
𝑗𝐴

0

2  (3.11) 

 𝐶𝐼𝑖𝐵 = ∫ 𝐼𝐵
1 𝑑 𝑡1

𝐵

𝑡1
𝑖𝐵

1

1  ;  𝐶𝐼𝑗𝐵 = ∫ 𝐼𝐵
2 𝑑 𝑡2

𝐵

𝑡2
𝑗𝐵

1

2  (3.12) 

 

Note that, the cumulative integral coincides, in the case of the first 

dimension (with a non-polar column), with the so-called simulated 

distillation chromatogram SimDis, [8]. In order to compensate the effects 

of undesired differences in the injected amount of sample, the simulated 

distillation chromatograms are normalized, so the final value of the 

integrated signal at the end of the chromatographic process is always 1. 

Figure 3.2 depicts the normalized cumulative integrals for both dimensions 

separately. The red line represents the cumulative integral for 

chromatogram A and the blue line for chromatogram B, respectively. From 

the figure 3.2 we can deduce that the “stretch” of the cumulative integral 

from A to B along the time dimension is a consequence of the 

transformation function 𝜹 that is applied to the peaks.   
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Figure 3.2 The normalized cumulative integrals for the query and target chromatograms in 
the first dimension (right) and for the second dimension (left) respectively. 

 

Figure 3.3 shows the values of moves 𝜹 as a function of retention time (for 

each dimension separately) calculated as follows: 

 𝛿𝑖
1 = 𝑡𝐴𝑖

1 − 𝑡𝐵𝑖
1  (3.13) 

 

 𝛿𝑗
2 = 𝑡𝐴𝑗

2 − 𝑡𝐵𝑗
2  (3.14) 

 

Where index i indicates that the calculation was done for one point of the 

chromatogram. The values of 𝑡𝐴𝑖
1  and 𝑡𝐵𝑖

1  correspond to the time points in 

which the same value of the cumulative integral is obtained (i.e. 𝐶𝐼𝐴𝑖
1 =

 𝐶𝐼𝐵𝑖
1 ), as it is shown in the figure. The same criteria is applied when 

calculating 𝛿𝑗
2 . 
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Figure 3.3 Second dimension transformation function (left) and first dimension 
transformation function (right) plotted with red continuous line with its smoothed 
characteristic (black dashed line) and with the real transformation values given by the 
validation set 

 

Direct and precise mapping of chromatogram A onto the 

chromatogram B is, however, not possible due to several factors that affect 

the precision of the estimation of the “moves” from the last two equations. 

Such aspects are, among others, low signal-to-noise ratio, baseline 

disturbances, column bleeding and the shift in the elution order of the peaks 

can introduce significant uncertainties in the values of the cumulative 

integral and consequently in the estimated move of the peaks from one 

instance (i.e. positions in A) to the next instance (i.e. positions in B). 

Therefore, the most appropriate approach to this problem is the 

probabilistic one. The aim then would be to calculate the probability that a 

certain peak or pixel moved in some specific locations in the query 

chromatogram.  The above-described 𝛿 function can serve as prior 

knowledge (or prior distribution) of the possible moves.  
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3.2.3 Bayesian estimation 

Bayesian theorem is based on conditional probability. We want to obtain 

the probability distribution of 𝜹 in the space 𝛿1 × 𝛿2 . This probability is 

answering the question: “what is the probability that a chromatographic 

point moves with a specific 𝜹 considering the experimental data?”. Bayesian 

theorem can be expressed as follows: 

 𝑝(𝜹|𝑫) =  
𝑝(𝑫|𝜹)𝑝(𝜹)

𝑝(𝑫)
=  

𝑝(𝑫|𝜹)𝑝(𝜹)

∫ 𝑝(𝑫|𝜹)𝑝(𝜹)𝑑𝜹
 (3.15) 

 

In the equation above,  𝑝(𝜹) is the so-called prior distribution, 𝑝(𝑫|𝜹) is the 

likelihood, and 𝑝(𝜹|𝑫) is the so-called posterior distribution, i.e. the 

probability of every move 𝜹 once the data has been taken into account [9] 

[10]. We consider “data” (denoted here as D) as the intensities of 

chromatograms A and B. When this equation is applied locally to every tile, 

D corresponds to the intensities of the tiles considered from 

chromatograms A and B. Our analysis is focused around the transformation 

function and therefore our probabilistic distributions will be drawn in the 

area of 𝛿1 × 𝛿2 .  

The prior distribution is given by the transformation function, or 𝜹(𝑡), and 

it represents a probability distribution to have a certain move around our 

estimated model (figure 3.3). In other words, we consider the value of 𝜹 

obtained in Eqs. (3.13) and (3.14) to be only the best estimate, �̅�. We will 

assume uncertainty around this best estimate, modelled via a multivariate 

Gaussian distribution: 

 𝑝(𝜹) =
1

2𝜋√|𝚺|
𝑒(−

1
2
 (𝜹−�̅̅�)

𝑇
𝚺−1(𝜹−�̅̅�)) (3.16) 
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Where 𝚺 =  [
𝜎1 2 0

0 𝜎2 2
] is the variance-covariance matrix of the distribution 

of the possible 𝜹 values around �̅�. As can be seen, 𝚺 is a diagonal matrix, so 

we are implicitly assuming that there is no correlation in the prior 

distribution between the move in one dimension and the move in the other. 

These calculations assume a pre-processing step (i.e. smoothing) applied 

to the transformation function which we will discuss in the next section.  

In order to calculate the likelihood, we should first marginalize over two 

nuisance parameters sf and sg: 

 𝑝(𝑫|𝜹) = ∑ ∑ 𝑝(𝑫|𝜹, 𝑠𝑓 , 𝑠𝑔)𝑝(𝑠𝑓, 𝑠𝑔|𝜹)

𝐺

𝑔=1

𝐹

𝑓=1

 (3.17) 

 

These marginalization parameters sf and sg account for the amount of 

“stretch” or “dilation” that a tile experiences inside every tile (see below), 

and G and F denote the total number of the scaling values that are tested 

for each dimension. 

Given sf and sg, the likelihood is calculated considering the difference 

(residuals) between the transformed tile 𝑎′𝐴( 𝒕1
𝐵, 𝒕2

𝐵, 𝑱𝑖𝑗) and the query tile 

𝑏𝐵( 𝒕1
𝐵, 𝒕2

𝐵, 𝑱𝑘𝑙). We consider these residuals to be independent and 

identically distributed and follow a normal distribution around 0 and 

variance covariance matrix 𝚺𝜀 = 𝜎𝜀
2 × 𝐈: 

 𝑝(𝑫|𝜹, 𝑠𝑓 , 𝑠𝑔)~𝒩(𝟎, 𝚺𝜀) (3.18) 

 𝑝(𝑫|𝜹, 𝑠𝑓 , 𝑠𝑔) = ∏  
1

√2𝜋𝜎𝜀
2
𝑒

(−
(𝜀𝑖(𝑠𝑓,𝑠𝑔))

2

2𝜎𝜀
2 )

𝑤×ℎ

𝑖=1

 (3.19) 
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Where 𝑤 × ℎ is the total number of pixels in the tile (w stands for the width 

and h stands for the height, see Fig. 3.1), 휀𝑖 is the residual for the ith point 

(i.e. the differences between the signal of Target and Query), and 𝜎𝜀 is the 

noise standard deviation.  

The terms 𝑠𝑓  𝑠𝑔 quantify the amount of “stretch” that the tile experiences, 

according to eqs. (3.7) and (3.8). The changes in 𝜹 will introduce changes 

in the target tile (i.e. 𝑎𝐴( 𝒕1
𝐴, 𝒕2

𝐴, 𝑱𝑖𝑗) becomes 𝑎′𝐴( 𝒕1
𝐵, 𝒕2

𝐵, 𝑱𝑖𝑗)) that is further 

compared with the query tile (i.e. 𝑏𝐵( 𝒕1
𝐵, 𝒕2

𝐵, 𝑱𝑘𝑙)). In other words, by 

changing the slope 𝑠 of the 𝛿 around a fixed center of the tile would mean 

stretching the tile 𝑎′𝐴( 𝒕1
𝐵, 𝒕2

𝐵, 𝑱𝑖𝑗) . The number of pixels in the tile 𝑎′𝐴 can 

be different than the number of pixels in the corresponding tile 

𝑏𝐵( 𝒕1
𝐵, 𝒕2

𝐵, 𝑱𝑘𝑙) from the chromatogram B. To be able to match them (i.e. 

to calculate the residuals for every pixel), an interpolation of the tile 𝑎′𝐴 is 

needed, such that the vectors of retention time coordinates from 𝑎′𝐴 and 𝑏𝐵 

coincide.   

In equation (3.17), 𝑝(𝑠𝑓 , 𝑠𝑔|𝜹) is the probability of a certain scaling 

parameter. In our case, we applied a uniform distribution for 𝑝(𝑠𝑓 , 𝑠𝑔|𝜹), 

which is independent of 𝜹. Therefore, s𝑓~𝑈(𝑙𝑓 , 𝑟𝑓) . Where lf and rf are the 

limits of the uniform distribution. The same holds for sg. It follows that 

𝑝(𝑠𝑓 , 𝑠𝑔|𝜹) is independent on 𝜹, and the probabilities of sf and sg are 

independent one from each other, such that 𝑝(𝑠𝑓 , 𝑠𝑔|𝜹) = 𝑝(𝑠𝑓)𝑝(𝑠𝑔). Finally 

identifying Eq. (3.16) and Eq. (3.19) in Eq. (3.15), the posterior distribution 

can be rewritten as follows: 

 𝑝(𝜹|𝑫) ∝ ∑ ∑

[
 
 
 
 

∏ 
1

√2𝜋𝜎𝜀
2
𝑒

(−
(𝜀𝑖(𝑠𝑓,𝑠𝑔))

2

2𝜎𝜀
2 )𝑤𝑥ℎ

𝑖=1
]
 
 
 
 

𝑝(𝑠𝑓)𝑝(𝑠𝑔) ∙
1

2𝜋√|𝚺|
𝑒(−

1
2
 (𝜹−�̅̅�)

𝑇
𝚺−1(𝜹−�̅̅�))

𝐺

𝑔=1

𝐹

𝑓=1

 (3.20) 

 

Where the omitted normalization constant ∫𝑝(𝑫|𝜹)𝑝(𝜹)𝑑𝜹  is evaluated at 

the end of the computations. 
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3.2.4 Algorithm 
The method can serve as basis for two different algorithms: the blind peak 

tracking algorithm (BPTA) and peak table matching algorithm (PTMA). The 

BPTA is based on a point-by-point calculation of the likelihood within an 

area 𝑋 × 𝑌 (i.e.  , where 𝑋 =  [−4 𝜎1 , 4 𝜎1 ] 𝑌 =  [−4 𝜎2 , 4 𝜎2 ] ) of 𝜹. PTMA on the 

other hand, is based on calculation of the likelihood only for possible peak 

candidates within a specified area. These possible candidates are extracted 

from the peak tables of the query chromatogram.  The main difference is 

the computation speed (if the area of calculation is the same for both BPTA 

and PTMA): PTMA is several orders of magnitude faster. However, PTMA 

inherits the subjectivity from the peak detection method used for peak table 

generation (i.e. some peaks may not be detected by a peak detection 

algorithm due to a low signal-to-noise ratio and hence, the likelihood will 

not be evaluated for those cases which may lead to false negatives).  

Both algorithms can be structured in blocks as follows: 

1. Pre-processing 

2. Calculate cumulative integrals 

3. Prior distribution calculation 

4. Likelihood calculation 

5. Posterior calculation 

For some of these steps, both BPTA and PTMA share the same operations.  

Step 1. Pre-processing 

The pre-processing block includes the baseline correction. The baseline 

correction was made using the mixture models algorithm described in the 

work of de Rooi et al. [11]. Both BPTA and PTMA share this pre-processing 

step. 

Step 2. Calculation of cumulative integrals 

The calculation of cumulative integrals is also the same for BPTA and PTMA. 

Its estimation is a step needed to calculate the prior distribution of 𝜹. Eqs. 
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(3.11) and (3.12), and equations (3.13) and (3.14) are used (figure 3.2). 

We further apply the kernel smoothing function [12] to calculate the best 

estimate of the transformation function 𝜹 (the magenta line in Fig. 3.3).  

Step 3. Prior distribution calculation 

The calculation of the prior distribution is done using eq. (3.16), making 

the use of Eqs. (3.13) and (3.14) to calculate �̅�. The values of 𝜎1  and 𝜎2  

are arbitrary (see results and discussion for the optimal values). As a result, 

a bivariate Gaussian distribution in 𝛿1 × 𝛿2  is obtained.  

Step 4. Likelihood calculation 

The likelihood is calculated, for each value of 𝜹, marginalizing over different 

values of 𝑠𝑓and , 𝑠𝑔 (Eq. (3.18)). The values of F and G are 7 and 12 

respectively. This step is slightly different for BPTA and PTMA. The BPTA 

will explore pixel by pixel the entire space within 𝑋 × 𝑌. Algorithmically, this 

corresponds to two nested loops. The PTMA explores only a limited amount 

of pixels within 𝑋 × 𝑌: only the pixels corresponding to the peak maxima 

from the query peak table are considered. This gives the possibility to have 

only one loop with just a few iterations.  

For each explored candidate (each pixel the case of BPTA and each specific 

peak locations in case of PTMA), the calculation of the likelihood is 

performed according to Eq. (3.19).  

Step 5. Posterior calculation 

The final step of the algorithm (i.e. the calculation of the posterior 

distribution) is done according to the Eq. (3.20). Note that this operation is 

an elementwise product of the two previously calculated distributions (i.e. 

prior and likelihood) for every pixel in the BPTA and for every pixel 

corresponding to a peak apex in the case of PTMA. In a last step, the 

normalization of the posterior distribution is performed. 
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3.3 EXPERIMENTAL 
A sample of diesel was analyzed in 2 different set-ups of inlet pressure and 

temperature ramp: 

# of 

experiment 

Inlet Pressure  

(psi) 

Temperature ramp 

(oC/min) 

Secondary oven 

offset (oC) 

1 30 2 5 

2 40 4 5 

 

All GCxGC experiments were performed on an Agilent 7890 Gas 

Chromatograph (Leco©, Monchengladbad, Germany). A DB-1 (100% 

Dimethylpolysiloxane) column (29 m x 250 µm i.d., x 0.5 µm film thickness) 

was used for the first dimension (Agilent, Middelburg, The Netherlands). 

For the second dimension, a DB-17 ((50%-Phenyl)-methylpolysiloxane) 

column (1 m x 100 µm i.d., x 0.20 µm film thickness) (Agilent, Middelburg, 

The Netherlands) was used. The instrument was equipped with a flame 

ionization detector operated at 200Hz. 

The data was exported in CSV format and further processed with Matlab (v. 

R2015a, Natick, MA, USA). All the computations (i.e. PTMA, BPTA and the 

optimization algorithm) were made on a personal computer with Intel Core 

i7-3820 CPU processor at 3.6 GHz with 32 GB of RAM (64 bit Operating 

System Microsoft Windows 10 Professional). 

3.4 RESULTS AND DISCUSSION 

Figure 3.4 gives an insight on the shape of the prior, likelihood and posterior 

distributions for a particular matching case for both algorithms (PTMA, left; 

and BPTA, right). The difference between the two algorithms can also be 

seen from this figure: PTMA evaluates the probability (figure 3.4-a, 3.4-c 

and 3.4-e) only at the locations of the peak maxima (the possible 

candidates from the peak table), while BPTA returns a probability value for 

any possible movement. In this particular example, the maximum of the 
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posterior is coincident with the ground truth for both algorithms. Note that 

the likelihood distribution for the BPTA (Fig. 3.4-d) has a multimodal profile 

(it does not make sense to define modes in the PTMA since the distribution 

is not continuous). However, among the different maxima, a sharp peak 

located at the ground truth can be appreciated. This is due to the rather 

unique pattern drawn by the peaks within the tile. Choosing a smaller tile 

would mean to consider less information about the environment of a peak, 

and in certain occasions a trivial environment (e.g. a single peak or couple 

of adjacent peaks) could be considered. Consequently, one could expect a 

higher chance to obtain false positive with such situations, and therefore 

they should be avoided.  

 
Figure 3.4 The prior, likelihood and posterior distributions for one of the peaks in the 
validation set using both algorithms (PTMA left and BPTA right). The ground truth peak is 
marked with green circle. 

 

 The posterior distribution has a similar profile as the likelihood which 

indicates that the likelihood plays a key role in the computation of the 

Bayesian theorem. Nevertheless, the prior distribution can be decisive 

when there are several candidates in the likelihood (i.e. several peaks in 
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the likelihood). More specifically, if there are two or more candidates for a 

particular match, having equal or almost equal likelihood, the candidate 

with higher prior will obtain the highest posterior as it is mentioned in Eq. 

(3.20). 

To validate the method, a validation set consisting of 140 peaks was 

selected from the peak table of the target chromatogram (Target Peak 

Table, TPT). The peaks were selected in such a way that they were 

scattered through a large area of the chromatogram, and at the same time 

various scenarios of complexity were covered (i.e. high and low saturation 

areas of the chromatograms, low intensities and shifts in elution order). 

Fig. S3.1 in Support Information (SI) depicts the locations of the peaks for 

the validation set. The selected peaks were matched by an expert 

chromatographer with the corresponding peaks in the query chromatogram 

peak table (QPT). This constituted the ground truth against which the 

algorithm was tested.  

We considered the validation only by PTMA, as the ground truth needed to 

validate the method is a peak table, not a continuous chromatogram as it 

is in the case of BPTA. 

The algorithm’s performance was tested as follows. First, the number of 

occasions (out of the 140 peaks) in which the correct peak yielded the 

highest probability for matching was monitored. Second, as the evaluation 

of the performance is bounded to the probabilistic nature of the method, 

the number of occasions in which the ground truth was found within the 

top three possible candidates (ranked by its posterior probability) was 

considered. Third, the posterior probability of the ground truth was 

considered, and the number of cases in which this probability was above a 

certain threshold (e.g. 0.1) was considered.  

Several factors that influence both the accuracy of the algorithm and its 

computation time were tested. These factors are:  
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1. Tile size (w x h) 

2. Slope limits (for 𝛿1  𝑎𝑛𝑑 𝛿2 ) l  and r  for both dimensions 

3. Variance-covariance of the prior distribution (i.e. 𝚺 ) and 

consequently the 𝑋 × 𝑌 limits 

The selection of the correct tile size is not trivial. The larger the tile size, 

the higher the chance to have a unique pattern of peak distribution and 

hence the lower the chance to obtain a multimodal posterior distribution. 

However, choosing a too large tile can introduce bias in the model, as the 

linear model for the transformation function (Eqs. (3.7) and (3.8)) may not 

be applicable at large ranges of retention times. The slope limits modify the 

flexibility of the algorithm, tuning the bias-variance trade-off. Large slope 

limits makes the algorithm flexible to adapt to any situation introducing the 

possibility of overfitting (i.e. high variance, low bias). Small limits tend to 

make the algorithm too rigid (i.e. high bias, low variance). Finally, the value 

of the variance-covariance matrix to calculate the prior distribution governs 

the weight of the prior in the calculation. For a fixed tile size, large 𝚺 indicate 

an almost flat prior (as the tile size considers only the vicinity of the 

maximum prior), and reveal “ignorance” in the prior distribution of the 

moves, hence decreasing the importance of the prior in the computations. 

On the contrary, smaller 𝚺 indicate more prior certainty about moves, hence 

decreasing the importance of the likelihood in the computations. 

In order to optimize these 3 factors, the (Nelder-Mead) simplex algorithm 

was applied. The objective function was, for such optimization, to maximize 

the sum of the posterior distributions of the correct peak candidates (using 

the entire set of 140 peaks).The optimization algorithm (applied to the 

PTMA mode) revealed that the optimal conditions were a covariance matrix 

of 𝚺 =  [
3517.2 0

0 0.013
], a window of (w x h) 370 x 1.3 s, and the following 

limits for the slopes l = �̅�1  - 0.2334 and r = �̅�1  + 0.2334 with a step in 

0.0778 (i.e. in total 7 slopes) for the first dimension and l = �̅�2  - 0.0654 

and r = �̅�2  + 0.0654 with a step in 0.0082 (12 slopes in total) for the second 
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dimension . Here, �̅�1  and �̅�2  are the best estimate of the slope of the 

transformation function in both dimensions, given by the cumulative 

integral calculation (see section 3.2.2).  

 

Figure 3.5 The ranking of the ground truth posterior probability value compared with 
corresponding possible candidates (a). The histogram of the posterior probability values 
corresponding to the ground truth for all 140 peaks in the validation set (b). 

 

The entire histogram for the ranking of the results is shown in figure 3.5a. 

In 109 of the cases (out of 140), i.e.  ca. 78% of the cases, the ground 

truth peak have the maximum posterior probability. In 9 cases (i.e. 6%) 

the ground truth peaks are situated on the second place in the ranked 

values of posterior probability out of all the possible candidates within 

searching area. 4% (6 cases) are placed on the 3 position of the ranked 

posterior values. In almost 9.3% of the cases the ground truth is placed on 

a lower position in the ranking. Finally, in 3 cases, the ground truth was 

outside the searching area (i.e. the region 𝑋 × 𝑌 around the maxima of the 

prior was not sufficiently large in this cases). These 3 cases of exclusion 

outside of searching area are ranked as 0 in the figure 3.5a. The location 

of the validation set in both chromatograms (labeled according to the 
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ranking) can be seen in Fig. S3.1 from the SI. Figure 3.5b indicates the 

distribution of the obtained posterior probability for the ground truth.  As 

can be seen, in 94 cases (i.e. 67.1%) the posterior probability of the ground 

truth is above 0.9 and in 26 cases (i.e. 18.5%) the posterior value for the 

ground truth is less than 0.1. 

It should be noted that the ground truth was obtained by matching pairwise 

peaks between two chromatograms by visual inspection. This, obviously, is 

subjected to errors. More specifically, the expert chromatographer, having 

only the FID data may not be able to detect where a certain pair of peaks 

coelute. Therefore, the results discussed above should be interpreted with 

care. 

An in-depth analysis was performed to evaluate the algorithm’s behavior in 

the different situations covered by the 140 peaks used to validate the 

method. Table S3.1 from SI summarizes this analysis. Particular attention 

was paid to understand those cases in which the highest posterior 

probability of the PTMA was not assigned to the ground truth (i.e. “failure” 

cases). We classified these “failures” in terms of the reasons that induced 

such a mismatch (i.e. column 8 of table S3.1 of SI). These failures are listed 

below:  

I.  Shift in the retention time. These are the peaks that changed the 

elution order in the time domain with respect to their neighbors.  

Such a concern of elution swap was mentioned in the introduction 

as an unlikely situation, but not impossible (in fact, it is more likely 

to happen at high elution temperatures [16]). This effect is 

illustrated in figure S3.3 I.a and I.b from SI. In this figure, 

magenta arrows point to a pair of peaks that apparently changed 

elution order when changing experimental conditions. In the 

target tile, peak labeled “A” was eluting after peak “B” (in the first 

dimension) and changed the elution order in the query 

chromatogram. Obviously, the transformation function 𝜹, when 
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applied to the whole tile (formulated like in Eq. (3.7) and (3.8)) to 

calculate p(D| 𝜹), will not be able to model such a swap in elution 

order. Consequently, the likelihood function will fail to point to the 

right 𝜹 value. 

II. Coelution. We refer here to peaks that coelute with the 

neighboring peaks after changing the experimental conditions or 

were coeluting in the target chromatogram but appear separated 

in the query chromatogram. The coelution will reduce the 

matching features from the tile belonging to the chromatogram 

with the poorer resolution and will add extra features in the tile 

belonging to the chromatogram with the better resolution. An 

example of this situation is illustrated in figure S3.3 (part II.a and 

II.b) from SI. The magenta ellipses indicate regions of coelution. 

It is easy to spot the difference in number of features from the tile 

II.a (more features) to the tile II.b (less features). Similarly to 

case I, the transformation function 𝜹 applied to the entire tile will 

not be able to model the drastic changes in resolution between 

query and target. 

III. Nonlinearity of the transformation function. For some specific 

regions, the transformation function can be nonlinear within the 

same tile. This will generate a misalignment of the two images 

used to calculate the likelihood. More specifically, high residuals 

(휀𝑖) will be obtained in Eq. (3.19). Obviously, this can be avoided 

by taking small tiles where such linear transformation function 

applies. However, as we mentioned in the theory section, such 

small tiles will exclude important features around the target and 

will generate high uncertainty. This is illustrated in figure S3.3 

III.a and III.b from SI. The magenta rectangle (in the tile III.b) 

indicates extra features which are not present in the target tile. 

Again, the solution provided by p(D| 𝜹) will not be able to model 

this change in the image.  
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IV. The ground truth was excluded from the searching area. This type 

of error consists of a too narrow prior probability distribution. 

Therefore, the prior probability of the “correct” 𝜹 is too low, and in 

fact it is excluded for the calculation of the likelihood. This error 

can be corrected by enlarging the searching area, i.e. making the 

value of 𝚺 in the prior distribution (Eq. (3.16)) larger. However, in 

doing so, we will decrease the speed of the computation since the 

searching area is increased. On the other hand, the posterior will 

rely too much on the likelihood, as the prior distribution becomes 

close to a flat distribution. Such an uninformative prior may make 

the algorithm to fail for other targets. 

It is instructive to inspect the regions in the chromatograms where 

these failures are most common. This is depicted in Fig. S3.2 from the SI.  

It is clear that the shifting of the retention time (i.e. type I failure) occurs 

at higher eluting temperatures. This is in accordance to the theoretical 

description of the phenomenon provided by Mehran [16]. Group II (i.e. 

coeluting peaks), however, occurs mainly at shorter first-dimension 

retention times. One possible explanation is the long second-dimension 

modulation times in the query chromatogram for groups of molecules that 

are highly volatile. This makes the sampling frequency of the first-

dimension critically low, inducing high coelution in this dimension for the 

query chromatogram. Such an effect is illustrated in Fig. S3.3 of SI, where 

an insufficient low number of cuts per peak is apparent for the query 

chromatogram. On the other hand, type-III failures are scattered across 

the entire region covered by the validation set. 

We would like to stress here that the term “failure”, in particular for 

types I, II and III, means obtaining a peak candidate for the maximum 

posterior probability with PTMA different from the ground truth. However, 

the ground truth is still regarded as a possibility (but the most plausible 

case). As the method is probabilistic, such failures do not have the same 
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consequences as a failure in a deterministic method: deterministic methods 

will assign a “yes/no” answer to the task of peak tracking. Therefore, a 

failure in this assignment is critical, since it gives no chance to the ground 

truth. As peak tracking is performed in a probabilistic way, the ground truth 

(ranked as 2nd or 3rd in most of cases) is not completely discarded. In any 

case, only the type IV can be considered a “real failure” as it does not assign 

any probability value to the correct candidate.  

Other potential drawbacks of the algorithm are the dependency on the 

baseline correction (for both algorithms) and on the peak detection method 

(in case of PTMA only). The possibility to have wrap-around poses an extra 

drawback, since the prior distribution will fail to point to the correct region 

in the  𝜹𝟏 × 𝜹𝟐  space. The model is not accounting for the possibility of 

wrap-around and therefore it was not tested in such situations. 

3.5 CONCLUSIONS 

The use of Bayesian peak tracking constitutes an alternative to classical 

peak tracking algorithms. At every peak area studied, the algorithm is able 

to assess different peak assignments, providing the posterior probability for 

every possibility. Contrary to frequentist methods, not a single solution but 

a distribution of solutions is obtained, reflecting the correct (posterior) state 

of knowledge about the peak assignment.  

Taking into account that the peak tracking is a difficult task (as no MS 

spectra is given, but only the FID information), the performance of the 

algorithm is satisfactory. The speed of the algorithm (an average of 2 

minutes per peak in BPTA and only 0.97 seconds per target in PTMA mode, 

using the same settings in both modes) is reasonable, especially with the 

PTMA mode. The fact that the algorithm can be parallelized (i.e. processing 

subsets of the targets on multiple cores at the same time) and used even 

without a peak table (i.e. in its BPTA form) makes it even more versatile. 

Future improvement or/and development of the method will focus on 
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including the mass spectra dimension in the Bayesian expression deduced 

in the theory section.   

 

3.6 ACKNOWLEDGEMENTS 
The work was funded by private partners (DSM Resolve, RIKILT, and NFI) 

and NWO and supported by COAST Project (Project n. 053.21.105). The 

authors would like to acknowledge Dr. Thomas Dutriez (DSM) for important 

implication in this work.  

3.7 REFERENCES 

[1]  A. Barcaru, A. Anroedh-Sampat, H.-G. Janssen and G. Vivó-Truyols, 

"Retention time prediction in temperature-

programmed,comprehensive two-dimensional gas 

chromatography:Modeling and error assessment," J. Chroma. A, vol. 

1368, pp. 190-198, 2014.  

[2]  M. J. Fredriksson, P. Petersson, B.-O. Axelsson and D. Bylund, "A 

component tracking algorithm for accelerated and improved liquid," 

J. Chroma. A, vol. 1217, pp. 8195-8204, 2010.  

[3]  M. J. Fredriksson, P. Petersson, B.-O. Axelsson and D. Bylund, 

"Combined use of algorithms for peak picking, peak tracking and 

retention modelling to optimize the chromatographic conditions for 

liquid chromatography–mass spectrometry analysis of fluocinolone 

acetonide and its degradation products," Anal. Chim. Acta, vol. 704, 

pp. 180-188, 2011.  

[4]  M. Otto, W. Wegscheider and E. Lankmayr, "A Fuzzy Approach to 

Peak Tracking in Chromatographic," Anal. Chem., vol. 60, pp. 517-

521, 1988.  



New methods for modelling and data analysis in Gas Chromatography: a Bayesian view 

76 
 

[5]  M. Mehran, W. J. Cooper, N. Golkar, M. Nickelson, E. R. Mittlefehldt, 

E. Guthrie and W. Jennings, "Elution order in gas chromatography," 

J High Res Chromatog, vol. 14, no. 11, pp. 745-750, 1991.  

[6]  L. M. Blumberg, Temperature-Programmed Gas Chromatography, 

Wiley, 2010.  

[7]  E. E. Danahy, S. S. Agaian and K. A. Panetta, "Algorithms for the 

resizing of binary and grayscale images using a logical transform.," 

Proc. SPIE, vol. 6497, p. 10, 2007.  

[8]  C. Vendeuvre, R. Ruiz-Guerrero, F. Bertoncini, L. Duval, D. Thiebaut 

and M.-C. Hennion, "Characterisation of middle-distillates by 

comprehensive two-dimensional gas chromatography (GC × GC): A 

powerful alternative for performing various standard analysis of 

middle-distillates," J. Chroma. A, vol. 1086, pp. 21-28, 2005.  

[9]  D. Barber, Bayesian Reasoning and Machine Learning, Cambridge 

University Press, 2012.  

[10]  C. M. Bishop, Pattern Recognition and Machine Learning, New York: 

Springer, 2006.  

[11]  J. de Rooi, O. Devos, M. Sliwa, C. Ruckebusch and P. Eilers, "Mixture 

models for baseline estimation," Chemometr. Intell. Lab., vol. 117, 

pp. 65-60, 2012.  

[12]  A. Bowman and A. Azzalini, in Applied Smoothing Techniques for 

Data Analysis, Clarendon Press, 1997, p. 50. 

[13]  J. Strasters, H. Billiet, L. Degalan, B. Vandeginste and G. Kateman, 

"Reliability of iterative target transformation factor fnalysis when 

using multiwavelength detection for peak tracking in liquid 



3 - Bayesian peak tracking: a novel probabilistic approach to match GCxGC chromatograms 

77 
 

chromatographic separations," Anal. Chem., vol. 60, pp. 2745-2751, 

1988.  

[14]  J. Strasters, H. Billiet, L. de Galan and B. Vandeginste, "Strategy for 

peak tracking in Liquid Chromatography on the basis of a 

multivariate analisys of spectral data," J. of Chroma., vol. 499, pp. 

499-522, 1990.  

[15]  W. Li and C. Hu, "Spectral correlation of high-performance liquid 

chromatography-diode array detection data from two independent 

chromatographic runs Peak tracking in pharmaceutical impurity 

profiling," J. Chroma. A, vol. 1190, no. 1-2, pp. 141-149, 2008.  

[16]  "http://www.acdlabs.com".  

[17]  "http://www.chromsword.de".  

[18]  I. Molnar, "Computerized design of separation strategies by 

reversed-phase liquid chromatography: development of DryLab 

software," J. Chromatogr. A, vol. 965, no. 1-2, pp. 175-194, 2002.  

[19]  R. J. Pell and H. L. Gearhart, "Elution order inversion observed on 

using different carrier gas velocities in temperature programmed gas 

chromatography," J. Sep. Sci., vol. 10, no. 7, pp. 388-391, 1987.  

[20]  G. Ventura, B. Raghuraman, R. Nelson, O. Mullins and C. Reddy, 

"Compound class oil fingerprinting techniques using comprehensive 

two-dimensional gas chromatography (GC x GC)," Org. Geochem., 

vol. 41, no. 9, pp. 1026-1035, 2010.  

[21]  H. Van de Weghe, G. Vanermen, J. Gemoets, R. Lookman and D. 

Bertels, "Application of comprehensive two-dimensional gas 

chromatography for the assessment of oil contaminated soils," J. 

Chromatogr.A, vol. 1137, no. 1, pp. 91-100, 2006.  



New methods for modelling and data analysis in Gas Chromatography: a Bayesian view 

78 
 

[22]  R. Edam, J. Blomberg, H.-G. Janssen and P. Schoenmakers, 

"Comprehensive multi-dimensional chromatographic studies on the 

separation of saturated hydrocarbon ring structures in petrochemical 

samples," J. Chromatogr. A, vol. 1086, pp. 12-20, 2005.  

[23]  P. Schoenmakers, J. Oomen, J. Blomberg, W. Genuit and G. van 

Velzen, "Comparison of comprehensive two-dimensional gas 

chromatography and gas chromatography – mass spectrometry for 

the characterization of complex hydrocarbon mixtures," J 

Cromatogr. A, vol. 892, p. 29, 2000.  

[24]  M. Biedermann and K. Grob, "Comprehensive two-dimensional gas 

chromatography for characterizing mineral oils in foods and 

distinguishing them from synthetic hydrocarbons," J. Chromatogr. A, 

vol. 1375, pp. 146-153, 2015.  

 

 

 

  

 

 
 
 
 
 
 
 
 
 
 
  



4 - Use of bayesian statistics for pairwise comparison of megavariate data sets: Extracting 
meaningful differences between gcxgc-ms chromatograms using jensen−shannon divergence 

79 
 

 
 
 
 
 
 
 
 
 
 

Chapter 4 
 

 

4 USE OF BAYESIAN STATISTICS FOR PAIRWISE COMPARISON OF 

MEGAVARIATE DATA SETS: EXTRACTING MEANINGFUL DIFFERENCES 

BETWEEN GCXGC-MS CHROMATOGRAMS USING JENSEN−SHANNON 

DIVERGENCE 

 

IN THIS CHAPTER, A NEW METHOD FOR COMPARISON OF GCXGC-MS IS PROPOSED. THE METHOD IS AIMED 

TO   SPOTTING THE DIFFERENCES BETWEEN TWO GCXGC-MS INJECTIONS, IN ORDER TO HIGHLIGHT THE 

DIFFERENCES BETWEEN TWO SAMPLES, IN ORDER TO FLAG DIFFERENCES IN COMPOSITION, OR TO SPOT 

COMPOUNDS ONLY PRESENT IN ONE OF THE SAMPLES.  THE METHOD IS BASED ON APPLICATION OF THE 

JENSEN-SHANNON DIVERGENCE (JS) ANALYSIS COMBINED WITH BAYESIAN HYPOTHESIS TESTING. IN 

ORDER TO MAKE THE METHOD ROBUST AGAINST MISALIGNMENT IN BOTH TIME-DIMENSIONS, A MOVING-

WINDOW APPROACH IS PROPOSED.  USING A BAYESIAN FRAMEWORK, WE PROVIDE A PROBABILISTIC 

VISUAL MAP (I.E. LOG LIKELIHOOD RATIO MAP) OF THE SIGNIFICANT DIFFERENCES BETWEEN TWO 

DATASETS CONSEQUENTLY EXCLUDING THE DETERMINISTIC (I.E. “YES” OR “NO”) DECISION. WE PROVED 

THIS APPROACH TO BE A VERSATILE TOOL IN GCXGC-MS DATA ANALYSIS, ESPECIALLY WHEN THE 

DIFFERENCES ARE EMBEDDED INSIDE A COMPLEX MATRIX. WE TESTED THE APPROACH TO SPOT 

CONTAMINATION OF DIESEL SAMPLES. 
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4.1 INTRODUCTION 

The data produced by current analytical instrumentation is increasing in 

complexity and size. With two-dimensional chromatography (GCxGC and 

LCxLC), peak capacity is increased by around an order of magnitude.  

Hence, these particular sets of techniques are data-rich, especially when 

they are hyphenated with mass spectrometry. For example, current 

GCxGC-MS instruments (equipped with low resolution mass spectrometry) 

produce ca. 1Gb/hour of data. Extracting meaningful information from 

these data becomes troublesome due to undesired effects, like base-line 

disturbances, noise and misalignments. 

The way these enormous quantities of data are treated depends on the 

objective of the analysis. The work of Van Mispelaar et al. [1] summarizes 

the aims of chromatographic applications.  In this work, van Mispelaar et 

al. divide the aims of chromatography in three groups, namely (i) target-

compound analysis, (ii) group-type analysis and (iii) fingerprinting. In the 

first two cases, the aim is to obtain the concentration of a finite number of 

pre-specified components (for the first case) or groups of components (for 

the second case). In the third case (fingerprinting), the aim is rather to 

obtain the concentration of specific compounds or groups of compounds, to 

obtain information about the data structure (differences between samples) 

or to classify the samples (e.g. “in-spec” or “off-spec”; “sick”, “healthy” or 

“control”, etc). Contrary to the two first applications, the concentration of 

individual compounds (or groups) is not relevant, but the entire 

chromatogram (or fingerprint) is analyzed as a whole.  

Within the fingerprinting objective, one variant is to reveal meaningful 

differences between only two samples. For example, a user in a forensic 

lab would be interested to spot differences between a sample of an 

hydrocarbon mix (known to be compliant with specific environmental 

regulations) and a suspicious one (for which (s)he is not sure whether the 

sample has been mixed with small quantities of illegal waste). We will call 
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the first sample “reference” and the second “query”. Obviously, the high 

peak capacity provided by GCxGC-MS makes this technique especially 

adequate to reveal such small differences, since they might be embedded 

in highly saturated chromatograms. However, due to the complexity of the 

data, peak misalignment and noise, spotting the differences is a challenging 

task. First, although useful at a first instance, visual observation of the 

chromatographic sets might be misleading since it is subjective and, in 

most of cases, unable to reveal such small differences when they are 

embedded in a forest of peaks. Also, it is time consuming, especially if 

several comparisons should be performed. In the last few years several 

publications were focused on solving this problem in a more objective way. 

The majority of them (like the ones described in work of Koo et al. [2]) the 

tools are based on the use of correlation, partial correlation and/or semi-

partial cos-correlation [3], [4]. In other works, Stein and Scott’s composite 

similarity has been used [5], as well as Discrete Fourier- and wavelet-

transform composite similarity measure [6]. In all of these applications, the 

similarity is calculated between the mass spectra corresponding to the 

same coordinates in retention time domain between reference and query 

chromatograms. In all these cases, the correlation-based methods result in 

a map of similarities: each pixel receives a value (e.g., correlation) 

highlighting the differences. In a similar fashion, the so called ‘DotMap’ has 

been published [7], consisting on a visual tool ought to retrieve a similarity 

value at each pixel (i.e. a map of similarities). Other means of comparison 

include PCA and/or PLS [8] and auto-correlative projection curve which is 

based on projection residual of the secondary features (i.e. peaks 

constituting the differences from the query chromatogram) from the same 

primary component (generated with the data from target chromatogram) 

[9].  

All these techniques are pixel-based, and hence these approaches require 

perfect alignment between reference and query. This demand is hardly met 

in practice, forcing the user to pre-process the data to correct for 
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misalignments. This pre-processing step might be complex and time 

consuming, and sometimes nearly impossible to perform. In order to make 

the comparisons robust against misalignments (and hence make alignment 

step unnecessary) Parsons et al. described recently a tile-based analysis 

[10]. The comparison (in this case a Fisher-ratio analysis between two 

groups of chromatograms) is not made at a pixel level but at a “tile” level. 

In this context, a “tile” is a relatively small region of the two-dimensional 

chromatogram, in which the average value is considered for comparison. 

In this way, misalignments (normally smaller than the tile size) can be 

handled without the very slow and difficult process of data alignment. The 

Fisher-ratio computation, closely related to a standard ANOVA, consists in 

the comparison of two groups of samples, with several repetitions for each 

group, and calculating the so-called F value (ratio between the between-

group variance and within-group variance) for each tile. High F values 

correspond to meaningful differences (therefore spotting relevant 

compounds that are different between the two groups), whereas low F 

values point to non-significant regions of the chromatogram. The method, 

however, although fast and elegant, requires several repetitions of each 

group, so it does not qualify to be applied for our own problem (which is 

the comparison of only two samples). 

There is a fundamental aspect which makes the above-mentioned 

applications problematic: all the previous methods are frequentist-based. 

As a consequence, the methods only provide a value (e.g. a value of 

correlation or an F-value) indicating high (or low) similarity. However, it is 

impossible to compute the probability of the hypothesis (“Are these two 

chromatographic regions the same?”) from this value. In the best case 

scenario (when the probability distribution of the result is known), the value 

can be converted into a p-value, i.e. the probability of such observation or 

more extreme in case the null hypothesis is valid. This is different from 

computing the probability of the hypothesis mentioned above. We only can 

set up a threshold value, and label the chromatographic region as 
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“different” if this value is above (or below) such threshold. If the p-value is 

known, this threshold can be related to the probability of a type-I error.  

The current work is focused on retrieving the probabilistic map of 

differences (and implicitly the similarities) by means of Bayesian statistics. 

In this way, the abovementioned problem of the frequentist-based 

approaches can be solved, and the probability of the hypothesis “Are these 

two chromatographic regions the same?” can be computed. Therefore, 

there is no need for a threshold, and there is no need to flag every region 

as “different” or “the same”, but its probability can be computed instead. 

The method is based on the use of information technology distance metric, 

namely Jenson-Shannon (JS) divergence [11]. To the authors’ knowledge, 

this method was not previously used in this scope. Following the same 

philosophy of Parsons et al., the method is based on the use of tiles (instead 

of pixels) making the method robust against misalignments. However, 

Jenson-Shannon divergence method only needs two samples (reference 

and query) without repetitions (unlike Fisher ratio approach), and only a 

single additional repetition of the reference sample to train the model. The 

key features of our method are: exclusion of alignment and peak detection 

steps, reduced number of experiments to a minimal required for training 

(only two experiments) and comparison, and obtaining a visual output (a 

probabilistic map of differences) which allows the analyst to decide which 

differences are more or less relevant to a particular analysis. 

4.2 THEORY 

4.2.1 Jensen-Shannon divergence 
Let us suppose that we want to compare two GCxGC-MS chromatograms 

(reference and query, R and Q, respectively) corresponding to two 

hydrocarbon mixtures, as those depicted in Fig. 4.1-a and Fig. 4.1-b. As an 

illustrative example, two regions (i.e “tiles” A and B in which differences 

are or are not found) are depicted in the panels below (c-f). The core 

operation of the algorithm is based on the computation of a dissimilarity 
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measurement between each tile. For this explanation, we will consider first 

only one of the channels (m/z = 220) and then we will perform the 

extension of this computation at all m/z channels. For each channel, tile 

and chromatogram, the histogram of the intensities is considered (Fig. 4.2). 

Thus, the problem resumes in computing dissimilarity metric given the 

distributions of intensities for R and Q. 

In our work, we have chosen to use the so-called Jensen-Shannon 

divergence as a measure for this dissimilarity [11] [12] [13]. For a given 

tile and the jth m/z channel this measurement is defined as 

 𝐽𝑆(𝒓𝒋, 𝒒𝒋)
2

= 0.5𝐾𝐿(𝒓𝒋||𝒎𝒋) + 0.5𝐾𝐿(𝒒𝒋||𝒎𝒋) (4.1) 

Where 𝒓𝒋 = {𝑟𝑗1, 𝑟𝑗2, … 𝑟𝑗𝑖,… 𝑟𝑗𝐼} and 𝒒𝒋 = { 𝑞𝑗1, 𝑞𝑗2, … , 𝑞𝑗𝑖,… 𝑞𝑗𝐼} are the discrete 

probability distributions (for the 𝐼 bins of intensity considered) of reference 

(R) and query (Q) at the jth m/z channel,  𝒎𝒋 is the mean distribution, i.e. 

𝒎𝑗 = { 0.5(𝑟𝑗1 + 𝑞𝑗1), 0.5(𝑟𝑗2 + 𝑞𝑗2), … , 0.5(𝑟𝑗𝑖 + 𝑞𝑗𝑖), … , 0.5(𝑟𝑗𝐼 + 𝑞𝑗𝐼)} and KL is 

the so-called Kullback-Leibler divergence, defined as [14].  

 𝐾𝐿(𝒓𝒋||𝒎𝒋) = ∑𝑟𝑗𝑖 log
𝑟𝑗𝑖

𝑚𝑗𝑖

𝐼

𝑖=1

 (4.2) 

 

he Kullback-Leibler divergence itself is a divergence measurement between 

two distributions. However, the motivation of using Jensen-Shannon 

instead of Kullback-Leibler is because KL is not a distance. The necessary 

conditions for a measure to be considered a distance, 𝑑(𝑥, 𝑦) are: non-

negativity (𝑑(𝑥, 𝑦) ≥ 0), coincidence axiom (𝑑(𝑥, 𝑦) = 0 𝑖𝑓 𝑎𝑛𝑑 𝑜𝑛𝑙𝑦 𝑖𝑓 𝑥 = 𝑦), 

symmetry (𝑑(𝑥, 𝑦) =  𝑑(𝑦, 𝑥)), and triangle inequality (𝑑(𝑥, 𝑦) ≤  𝑑(𝑥, 𝑧) +

𝑑(𝑧, 𝑦)) [14]. 𝐽𝑆2 and the KL divergence meets these four criteria, with the 

exception of the triangle inequality. However, the square root of the JS2 

divergence meets also the triangle inequality criterion [12]. We will refer to 
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𝐽𝑆(𝒓𝒋, 𝒒𝒋) = √𝐽𝑆(𝒓𝒋, 𝒒𝒋)
2
 as being the square root of the JS divergence from 

the equation 1 and it will be used in this work.  

Let us define 𝑱𝑺 as 𝑱𝑺 = { 𝐽𝑆(𝒓1, 𝒒1), 𝐽𝑆(𝒓2, 𝒒2), … , 𝐽𝑆(𝒓𝑗 , 𝒒𝑗), … , 𝐽𝑆(𝒓𝐽, 𝒒𝐽)}, i.e., the 

vector of JS divergences for all channels for a single tile. JS divergence was 

previously reported in several publications [11], [15], [16], [17] as a useful 

tool in image processing problems. To the author’s knowledge, JS 

divergence was not used in the difference assessment between two 

chromatographic data sets which implies the innovative aspect of the 

method. 

 
Figure 4.1 Top panels: (a) reference chromatogram (i.e., solution A in the Experimental 
Section), (b) query chromatogram (i.e., solution B in the Experimental Section). Middle 
panels (c,d) and bottom panels (e,f) show a zoom-in of two zones respectively for the 
reference chromatogram (panels c and e) and the query chromatogram (panels d and f). 
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Fig. 4.1 illustrates the principle behind JS divergence.  Panels c-d  show the 

selected tiles (i.e. A and A`) in which almost no difference between the two 

chromatograms (i.e. R and Q) is observed. This is probably due to the fact 

that the most salient feature (a peak) is common in both tiles. Therefore 

histograms become very similar (Fig. 4.2a), and hence the JS value is low 

(JS=0.61). On the other hand, Fig. 4.1e-f show a tile in which differences 

are found (a peak is absent in the reference, but present in the query). 

Consequently, a difference in the histograms is observed (Fig. 4.2b, large 

intensities are found only for one of the two histograms), and therefore the 

JS is high (JS=0.72). 

 

Figure 4.2 Left: histograms of the intensities for m/z = 220 for tiles A (blue) and A′ (orange). 

Right: histograms of the intensities for m/z = 220 for tiles B (blue) and B′ (orange). 
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4.2.2 Bayesian hypothesis testing 
Providing a measurement of how different each region and m/z channel is 

not enough. A probability value should be assigned to each of the following 

two hypotheses: a null hypothesis that states the absence of the difference 

(i.e. H0, “the data sets are similar”) and an alternative hypothesis that is in 

favor of it (i.e. H1, “the data sets are different”). As these hypotheses are 

mutually exclusive and exhaustive, the sum of their probabilities should be 

1, i.e. 𝑝(𝐻0) +  𝑝(𝐻1) =  1. Within the context of this work, these hypotheses 

are run for each tile of data. The final goal is to provide the user with a map 

of the probability of H0 at each tile. Regions with low values of this 

probability highlight retention areas in which there is a high chance that 

the compounds differ in their concentrations between reference and query 

chromatograms (or are absent in one of the two chromatograms). 

In order to assign this probability measurement, Bayesian statistics is 

proposed for hypothesis testing. In its odds form, Bayes theorem, updates 

the prior odds using the likelihood ratio to compute the posterior odds: 

 
𝑝(𝐻0|𝐷)

𝑝(𝐻1|𝐷)
=

𝑝(𝐷|𝐻0)

𝑝(𝐷|𝐻1)

𝑝(𝐻0)

𝑝(𝐻1)
 (4.3) 

In this equation, the relative prior plausibility of the hypotheses is the prior 

odds, 𝑝(𝐻0)/𝑝(𝐻1), which quantifies our skepticism towards H0 based on 

prior or background information, previously to consider the experimental 

data D. The decisiveness of the evidence is graded by the so-called 

likelihood ratio, 𝑝(𝐷|𝐻0)/𝑝(𝐷|𝐻1), which represents the change from prior to 

posterior odds through data D. In our case, D is simply the JS divergence, 

defined in the previous section (the vector of 𝐽𝑆(𝒓𝒋, 𝒒𝒋) values for all m/z 

channels for a single tile). Often, the nature of the prior odds can be 

subjective (or the user has no preference for the prior probability of each 

hypothesis, i.e.   𝑝(𝐻0)/𝑝(𝐻1) = 1) and thus, the emphasis of Bayesian 

hypothesis testing is on the amount by which the data shift one’s beliefs, 
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that is, on the likelihood ratio. In this work, we will focus on the 

computation of the likelihood ratio (LR) only.  

4.2.3 Training the distribution of JS for H0 and H1 
In order to apply Bayesian hypothesis testing one should be able to convert 

the JS values calculated in previous sections into 𝑝(𝑱𝑺|𝐻0) and 𝑝(𝑱𝑺|𝐻1). To 

this aim, one should have an insight into the distribution of JS divergence 

values when the compared tiles of data are similar (H0) and when they are 

different (H1). By assuming independence between m/z channels, we 

obtain: 

 

𝑝(𝑱𝑺|𝐻𝟎) = 𝑝(𝐽𝑆(𝒓1, 𝒒1), 𝐽𝑆(𝒓2, 𝒒2), … , 𝐽𝑆(𝒓𝐽, 𝒒𝐽)|𝐻𝟎)

= ∏𝑝(𝐽𝑆(𝒓𝑗, 𝒒𝑗)|𝐻𝟎)

𝐽

𝑗=1

 
(4.4) 

The same holds for H1. Although the assumption of independence 

might be unsuited (especially if high fragmentation occurs), it has been 

demonstrated that it works in practice in many contexts in which this 

assumption is also strong (e.g. Bayesian e-mail spam filters [18]). This 

assumption of independence is defined as constructing a Naïve Bayes model  

[50]and it is broadly used. 

We will illustrate the methodology for an arbitrary j channel only. By 

extending the same operation for all the channels, we can obtain 𝑝(𝑱𝑺|𝐻𝟎) 

and 𝑝(𝑱𝑺|𝐻𝟏) in straight-forward way via Eq. (4.4). 

In order to obtain the distributions 𝑝(𝐽𝑆(𝒓𝑗 , 𝒒𝑗)|𝐻0) and 𝑝(𝐽𝑆(𝒓𝑗 , 𝒒𝑗)|𝐻1) we 

train our models using two chromatograms, c1 and c2, having J m/z 

channels each. These two chromatograms are a repeated injection of the 

same sample, taken in the same conditions. In this way we will be able to 

consider all experimental variability (i.e. the possible peak shifting between 

injections and the noise of the apparatus) that cannot be attributed to real 

difference between two samples. This adds a degree of objectivity to our 

method. 
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Let us consider a set of M coordinates (randomly located) in the 

retention time domain, 𝒙 = {𝒙1, 𝒙2, … , 𝒙𝑀} where  𝒙𝑚 = ( 𝑡1
𝑟𝑚, 𝑡2

𝑟𝑚 ) is a duplet 

of coordinates in the first dimension retention time ( 𝑡𝑟1
𝑗) and in the second 

dimension retention time ( 𝑡𝑟2
𝑗). We thus obtain two sets of M tiles (one set 

for c1 and another set for c2). Since the chromatographic retention times 

are the same and c1 and c2 constitute the repetition of each sample, the 

calculation of the JS between c1 and c2 for each tile should be a good 

representation of the expected (𝒓𝑗 , 𝒒𝑗) . At the end of this process we obtain 

M values of 𝐽𝑆(𝒄𝟏𝑗 , 𝒄𝟐𝑗), which are represented in Fig. 4.3 (for j=220), with 

the blue color .  

 

Figure 4.3 Histograms obtained during the training of the JS divergence for m/z = 220. H0 
(blue) and H1 (magenta) distributions are overlaid. The smoothed lines around the 
histograms correspond to the Kernel density estimation of the two distributions. 
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Further, let us consider the same set of variables, but randomly 

permuting the positions for only chromatogram c2. In other words, for the 

jth tile, we localize the coordinates for c1 as 𝒙𝑚 = ( 𝑡1
𝑟𝑚, 𝑡2

𝑟𝑚 ), but the 

location of the coordinates for c2 is at xm’=(1trm’, 2trm’), where m’ is a 

randomly chosen index from the set M, but different from m. As the location 

of the tile is different for c1 and that of c2, calculating the 𝐽𝑆(𝒓𝑗 , 𝒒𝑗) between 

these two (randomly permuted) tiles is a representation of the expected JS 

when hypothesis H1 is true. By repeating the operation at the M permuted 

tiles, the distribution in Fig. 4.3 (for j=220), with the orange color is 

obtained. As can be seen clearly, this distribution differs from H0 having 

more cases in which JS is larger. This is logical, since higher divergence is 

expected when a difference between the two tiles is present. One should 

note also that the distribution for H1 shows a shoulder at lower JS values 

(around the same location of the JS obtained for 𝐻0). This is logical, since, 

as the M locations are selected randomly, areas with no peaks can be 

selected, and therefore a random permutation of two noise areas doesn’t 

produce large JS divergences. This does not, however, have a negative 

effect on the next step of the algorithm (calculation of the LR map). The 

highest peak in H1 distribution corresponds to the value of 0.85 in the JS 

domain whereas in H0, the highest frequency corresponds to the value of 

0.7 approximately. The clear difference observed in these two distributions 

supports the possibility of hypothesis testing using JS divergence as a 

distance metric.  

In order to be able to retrieve 𝑝(𝐽𝑆(𝒓𝒋, 𝒒𝒋)) for any value of JS, Kernel 

density estimation is computed from the two distributions (solid lines, Fig. 

4.3). Finally, the same whole operation (calculating the M values of 𝐽𝑆(𝒓𝑗 , 𝒒𝑗) 

for 𝐻0 and 𝐻1) is performed for the 𝐽 m/z channels, 𝑗 = 1,2, … , 𝐽.  
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4.2.4 Calculation of LR map of the differences 
For a single tile, the likelihood ratio is calculated according to Eq. (4.4). As 

LR is a ratio of probabilities, the values may differ significantly in several 

orders of magnitude making the comparison difficult. Hence, it is more 

convenient to calculate the log likelihood, so Eq. (4.4) becomes: 

 𝑙𝑜𝑔𝐿𝑅 = ∑log
𝑝(𝐽𝑆(𝒓𝑗 , 𝒒𝑗)|𝐻0)

𝑝(𝐽𝑆(𝒓𝑗 , 𝒒𝑗)|𝐻1)

𝐽

𝑗=1

 (4.5) 

The next step is to calculate the log likelihood ratio for the whole 

chromatographic area. In order to achieve a continuity of the analysis over 

the entire chromatogram, the algorithm is applied at consecutive tiles, 

allowing some overlap between them. Therefore a fixed sized tile is selected 

(i.e. width W and height H) and a certain amount of overlap between 

neighboring tiles is fixed (see results and discussion section for the 

optimization of W and H and the amount of overlap). At the end of each tile 

calculation a log likelihood value is obtained and stored in a two dimensional 

array that corresponds to a subsampled space in retention time 

coordinates. In order to have the complete map for the entire retention 

time space we linearly interpolate the log-likelihood array in both 

dimensions. The moving window and the overlapping extension of this 

method is widely used by several other algorithms that involve spatial 

calculations in 2-dimensional data sets. [10], [20], [21]  

4.3 EXPERIMENTAL 

A mixture of diesel and lubrication oil (Mobil 10W40) was made, 0.5 g/L 

each in Petroleum ether Picograde® for residue analysis (30 - 60°C) 

(Promochem, LGC Standards Gmbh). This solution (“solution A”) served as 

a stock solution and it was spiked with the 8270 MegaMix® Standard 

solution (76 components 1,000 μg/mL each in methylene chloride), to give 

rise to the “solution B”. Concentration of the MegaMix solution in “solution 
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B” was 1mg/L. These mixture was analyzed to classify the MegaMix peaks 

in different groups: 

- Group 1: significantly different. Compounds only present in “solution 

B”, but absent in “solution A”. 

- Group 2: common with the matrix. Compounds present in both 

“solution B” and “solution A”.  

- Group 3: below the detection limit. Compounds only present in 

“solution B” but at concentrations below the detection limit. 

The non-spiked sample, “solution A”, was considered to be the 

reference chromatogram. It was injected twice at the same concentration 

for model training (chromatograms c1 and c2 discussed above). The spiked 

solution, “Solution B”, at a concentration of 1 mg/L of MegaMix was 

considered the query. In order to validate whether the algorithm was able 

to find the correct number of differences at its retention times, the MegaMix 

Standard solution (“solution C”) was injected without the mixture of diesel 

and lubrication oil.  

An HP-5ms ((5%-Phenyl)-methylpolysiloxane) column (30 m x 250 µm 

i.d., x 0.25 µm film thickness) was used in the first dimension (Agilent, 

Middelburg, the Netherlands). For the second dimension, a ZB-50 ((50%-

Phenyl)-methylpolysiloxane) column (2 m x 250 µm i.d., x 0.25 µm film 

thickness) (Phenomenex, Utrecht, the Netherlands) was used. The columns 

were connected to each other via a Restek Vu2 Union® connector with a 

Deactivated Press-Tight® connector. All GCxGC experiments were 

performed on a Pegasus 4D GCxGC-TOFMS System (Leco, 

Monchengladbad, Germany) consisting of an Agilent Technologies 7890N 

Network GC System with a Cooled Injection System CIS 4 PLUS (Gerstel, 

Mülheim an der Ruhr, Germany). A Gerstel-MultiPurposeSampler MPS 2-XT 

was used for all injections. 

The GCxGC experiment was held at the same conditions for all the 

samples. The primary oven temperature conditions were 40 °C (hold 0.2 
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min) to 320 °C (hold 4 min) at 5 °C/min. The secondary oven temperature 

program tracked the primary oven with a +5 °C offset. The second 

dimension modulation time was 3 sec (0.9 sec hot pulse time) for the first 

1594 sec and 4 sec (1.2 sec hot pulse time) for the rest of the run time 

with a +15 °C modulator temperature offset. The carrier gas was helium 

operated under corrected constant flow conditions at 1 mL/min. 1 µL 

splitless injections were made. The injector temperature program was 

initially 40°C with 0.2 min hold, followed by a linear temperature ramp of 

10°C/sec to 320 °C with 2 min hold. Data were acquired from 30 to 550 u 

with an acquisition rate of 100 spectra/sec. The transfer line was 300 °C 

and electron ionization at 70 eV was used with a source temperature of   

250 °C. 

For the white spirit samples (Fig. 4.5), the two samples were acquired at 

Dutch stores, purchased at different times, with time span of around 1 year. 

Analysis were carried out on an Agilent Technologies 7890 GC System with 

a LECO dual-stage, quad-jet thermal modulator coupled to a Pegasus high 

definition TOFMS. A Gerstel autosampler was used. An Agilent DB-1 (100% 

dimethylpolysiloxane) first dimension column (30 m x 250 µm i.d., x 0.5 

µm df) was used in combination with an Agilent DB-17 ((50%-Phenyl)-

methylpolysiloxane) second dimension column (1 m x 100 µm i.d., x 0.2 

µm df). Both columns were connected via an universal glass press tight 

connector. For the analysis 10 μL white spirit was diluted into hexane up to 

a total volume of 1 mL, including the addition of the internal standard at a 

final concentration of 5 mg/mL. The injection volume was 1 µL with a split 

ratio of 100:1. Helium was applied as the carrier gas at constant pressure 

of 120 kPa. In the temperature programming for the first dimension 

separation the temperature was initially set at 70°C for 1 min, followed by 

a linear ramp of 1°C/min to a final temperature of 140°C. An offset of 5°C 

was used for a parallel temperature program in the second oven. The 

modulator temperature offset was 15°C. The inlet temperature was held at 

250°C. A modulation time of 4 seconds was used during the whole run with 
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hot pulse duration of 600 ms. The MS transfer line temperature was 

maintained at 225°C. The ion source temperature was 250°C with electron 

impact (EI) energy of 70 eV. A solvent delay of 345 seconds was used. The 

acquisition rate was 200 scans per second covering a 30-200 mass range. 

The data was exported in netCDF format and further processed with 

Matlab (v. R2013a, Natick, MA, USA). All the computations were made on 

a personal computer with Intel Core i7-3820 CPU processor at 3.6 GHz with 

32 GB of RAM (64 bit Operating System Microsoft Windows 7 Professional).  

A small application with a graphical user interface (GUI) was developed 

to ease the entire process of datasets comparison. The application allows 

creation and saving of a method (i.e. training the model for a particular 

dataset analysis) as well as interactive tools to visualize the log-likelihood 

maps.   

4.4 RESULTS AND DISCUSSION 

Figure 4.4 shows the log likelihood ratios map from the two chromatograms 

described in Fig. 4.1 and in the experimental section. For this computation, 

a 75% of overlap and a window size of 2 points in the first dimension 

retention time (W = 2) and 3 points in the second retention time (H = 3) 

was used. Low and negative values of the log-likelihood (dark blue color in 

Fig. 4.4) indicate significant differences while the high and positive values 

(bright yellow and orange color in Fig. 4.4) indicate high similarity. In order 

to convert the likelihood into a posterior probability, we have to multiply 

this quantity (after applying the exponential function to the log likelihood 

to get the likelihood) by the prior odds. This step is not performed here 

since the prior odds are normally a subjective measure.The injection of 

“solution C” (containing only the MegaMix mixture) and the peak table 

(Table S4.1 in Supporting Information) were used to validate our 

methodology. Thecompounds belonging to group 1 (compounds present in 

the 



4 - Use of bayesian statistics for pairwise comparison of megavariate data sets: Extracting 
meaningful differences between gcxgc-ms chromatograms using jensen−shannon divergence 

95 
 

query but absent in the reference) are expected to be highlighted in the 

log-likelihood map with low values of log-likelihood. On the other hand, we 

do not expect the compounds of group 2 (present in both query and 

reference chromatograms) to be highlighted in the log-likelihood map as a 

real difference, unless the spiking was significantly changing their 

concentration. Also, we do not expect the compounds of group 3 (present 

in the query at low concentration and absent in the reference) to be flagged 

with low values of log-likelihood. We compared the retention times of the 

regions corresponding to low log-likelihood values with the peak table 

described in the Supporting Information. For ease of comparison, this peak 

table is overlaid in Figure 4 (“•” signs correspond to group 1, “×” signs 

correspond to group 2, and “○” signs correspond to group 3). From the 

image, it is straightforward to assess the performance of the method. A 

total of 51 out of 57 peaks constituting group 1 (89.47% in total) are 

located in areas with a clear low likelihood (i.e., true positive). This 

indicates a good performance of the method. It is important to mention 

here that one of the common problems can be the overlap of compounds. 

The algorithm will detect the compounds in the LR map as significant 

differences. However, the compounds will still remain indistinguishable in 

the LR map as a single area. This implies the necessity of a deconvolution 

algorithm, which is beyond the scope of this work. We noticed that the 

ground truth chromatogram of the spiked compounds (i.e., “solution C”) 

carries a different shift in time domain than two chromatograms analyzed 

(reference and query), and thus, the overlay may be slightly inaccurate. No 

other areas of low LR values were detected (except the once that 

corresponds to real differences), which implies the absence of false 

positives. Out of the 18 compounds of group 2, 7 compounds are also 

detected as significant differences. One should note that two situations 

might occur for compounds in group 2, since the change in concentrations 

for all compounds is not the same. In one case, the compound in question 

might be present at significantly different concentrations in reference and 
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query (i.e. due to the spiking), and thus a low value of log-likelihood should 

be obtained. On the other hand, some compounds may experience a 

smaller change in concentration, hence a high value of log-likelihood is 

expected (indicating high plausibility of H0). Other effects might be 

occurring. 

 One should take into account the difference in sensitivity of the detector 

for the different compounds: even if the change in concentrations is similar 

for the different compounds in group 2, the signal change between 

reference and query might be different for the different compounds. It is 

difficult to know the ground truth in all these situations a priori. However, 

 

Figure 4.4 Log-likelihood map of the comparison between the chromatograms 
corresponding to “solution A” (reference) and “solution B” (query). The peaks detected 
during the injection of “solution C” are overlaid. Magenta dots “•” correspond to peaks from 
group 1. Black crosses “×” correspond to peaks from group 2, and white dots “○” correspond 
to peaks from group 3. 
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at least qualitatively, we could see that these 7 compounds correspond to 

compounds in which the concentration has changed significantly, changing 

the signal between reference and query and this situation has been flagged 

by the log likelihood.  Finally, all analytes from the group 3 (i.e. 4 analytes) 

were not detected with the LR map. This is obvious since the concentration 

of such compounds was below the limit of detection. Some compounds of 

the MegaMix (“solution C”) were eluted late in the first dimension. In this 

area of the chromatogram, there is a high concentration of large molecular 

mass hydrocarbons, exhibiting long tails (probably due to the effects of 

high concentration). Hence, these  

compounds of the MegaMix (creating, in theory, a difference between 

reference and query) are not influencing a significant change in the 

histograms, since they are embedded inside a region with high m/z 

intensities. In other words, the relative change in the histogram induced by 

the presence of these compounds is low, and therefore the JS divergence 

will look abnormally low.  This is reflected in the figure 4.3 where some of 

the compounds are not spotted by the LR map. 

As can be seen, the LR map provides a visual insight to spot regions in 

retention time domain in which a difference between query and reference 

occurs. Note that, besides this qualitative interpretation, LR can be 

interpreted also in a quantitative way: it quantifies the ratio of the likelihood 

probabilities. This quantity can be viewed as the factor that multiplies the 

prior odds to arrive to the posterior odds (Eq. 4.3). Let us suppose, for 

example, that there is no difference in the plausibility of each of the two 

hypothesis prior to considering the data. This is equivalent to suppose that 

𝑝(𝐻0) =  𝑝(𝐻1) and thus 𝑝(𝐻0)/𝑝(𝐻1)  = 1. In this case, the posterior odds is 

equal to the LR. In other words, the LR map provides the ratio of the 

plausibility of both hypothesis once the data has been considered, i.e. 𝐿𝑅 =

𝑝(𝐻0|𝐷)/𝑝(𝐻1|𝐷).  
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Another important aspect of the method is the resolution of the map 

which is defined by the dimensions (width, W, and height, H) of the tile and 

the % of overlap. These aspects define the computation time and the 

performance of the method. 

Table 4.1 Performance of the algorithm with different tile sizes and degrees of overlap. W is 
the width of the tile (in points), H is the height of the tile (in points), 1f and 2f are the % overlap 
ratios in the first and in the second dimension, respectively (Note that, as there is a change in 
the modulation time (from 3 to 4 s), the duration between the points in the first dimension 
varies from 3 to 4 seconds.). The computation time and the detectability ratio (number of 
distinguished spots divided by the total number of spots) are denoted with t and dr, 
respectively. 

In this work we have assessed the performance of the algorithm with 

the concept of  ”detectability ratio”, i.e. the ratio between the number of 

features in the log-likelihood map (i.e. the number of “peaks” in this map) 

and the number of expected features (i.e., number of peaks in group 1, 

which is 57, according to Table S4.1 (see Support Information). Several 

experiments were performed, changing the step tile size and the degree of 

overlap in both directions, to assess the computation time and the 

detectability ratio. The results are included in the Table 4.1.  

From the results it is clear that the best methods are those with high 

degree of overlap. Attending only to dr, the method with lower tile size is 

the best (row 3), but introduces a large computing time (4h). Method 

settings in the row 9 shows almost the same performance, but with 1/5 of 

the computation time.  Therefore, we recommend using this configuration. 

It is important to mention that the data used here is of a sequential injection 

# W H 1f 2f t dr 

1 2 3 0,25 0,25 41min 0,701754 

2 2 3 0,5 0,5 1h 0,736842 

3 2 3 0,75 0,75 4h 0,894736 

4 5 7 0,25 0,25 11min 0,684211 

5 5 7 0,5 0,5 21min 0,754386 

6 5 7 0,75 0,75 1h 3min 0,807018 

7 7 10 0,25 0,25 5min 30s 0,561404 

8 7 10 0,5 0,5 11min 20s 0,631579 

9 7 10 0,75 0,75 46min 0,807018 
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which implies a reduced misalignment. The performance of the algorithm 

on the data taken within a larger interval of time is yet to be tested. 

Finally, we applied the technique to compare two white spirit samples 

of the same brand acquired at a shop at two different times.  In this case, 

none of the samples was spiked. The objective was to blindly test the 

efficiency of the method in a real case scenario. 

 

Fig. 4.5 illustrates the chromatograms being compared (a and b) and 

the JS map (c). As can be seen, the JS map reveals significant differences 

in the area corresponding to highly volatile compounds (low retention times 

 

Figure 4.5 A reference chromatogram of white spirit (a), a query chromatogram of the same 
brand of white spirit acquired at a different time (i.e., one year time span) (b), and the log-
likelihood map (c) of the comparison between them. 
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in the first dimension). This is due to the absence of a few highly volatile 

compounds in the query chromatogram.  

4.5 CONCLUSIONS 

Jansen-Shannon divergence (JS) proved to be highly accurate in detecting 

significant differences between two GCxGC-TOF-MS chromatograms. The 

JS metric between distributions combined with Bayesian hypothesis testing 

eliminates the subjectivity of a threshold decision when comparing two 

chromatograms. Also, the use of tiles (opposed to dots) excludes the 

possible problems with retention time misalignments. The relative fast 

performance of the algorithm with respect to the acceptable resolution is 

one of the key strengths of the described procedure. This analytical method 

is perfectly suitable for applications in forensic science and analytical 

chemistry. 
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Chapter 5 
 

 

 

5 A BAYESIAN APPROACH TO PEAK DECONVOLUTION AND LIBRARY SEARCH 

FOR HIGH RESOLUTION GC-MS  

 

A NOVEL PROBABILISTIC BAYESIAN STRATEGY IS PROPOSED TO RESOLVE HIGHLY COELUTING PEAKS IN 

HIGH-RESOLUTION GC-MS (ORBITRAP) DATA. OPPOSED TO A DETERMINISTIC APPROACH, WE PROPOSE 

TO SOLVE THE PROBLEM PROBABILISTICALLY, USING A COMPLETE PIPELINE. FIRST, THE RETENTION 

TIME(S) FOR A (PROBABILISTIC) NUMBER OF COMPOUNDS FOR EACH MASS CHANNEL ARE ESTIMATED. 

THE STATISTICAL DEPENDENCY BETWEEN M/Z CHANNELS WAS IMPLIED BY INCLUDING PENALTIES IN THE 

MODEL OBJECTIVE FUNCTION. SECOND, BAYESIAN INFORMATION CRITERION (BIC) IS USED AS OCCAM’S 

RAZOR FOR THE PROBABILISTIC ASSESSMENT OF THE NUMBER OF COMPONENTS. THIRD, A PROBABILISTIC 

SET OF DECONVOLVED SPECTRA, AND THEIR ASSOCIATED RETENTION TIMES ARE ESTIMATED. FINALLY, A 

PROBABILISTIC LIBRARY SEARCH IS PROPOSED, COMPUTING THE SPECTRAL MATCH WITH A HIGH 

RESOLUTION LIBRARY. MORE SPECIFICALLY, A PROBABILISTIC CORRELATIVE MEASURE WAS USED THAT 

INCLUDED THE UNCERTAINTIES IN THE LEAST SQUARE FITTING, AS WELL AS THE DIFFERENT PROPOSALS 

FOR THE NUMBER OF COMPOUNDS IN THE MIXTURE. THE METHOD WAS TESTED ON SIMULATED HIGH 

RESOLUTION DATA, AS WELL AS ON A SET OF PESTICIDES INJECTED IN A GC-ORBITRAP WITH HIGH 

COELUTION. THE PROPOSED PIPELINE WAS ABLE TO DETECT ACCURATELY THE ELUTION TIMES AND THE 

SPECTRA OF THE PEAKS. FOR OUR CASE, WITH EXTREMELY HIGH CO-ELUTION SITUATIONS, 71.4% OF 

THE EXISTING COMPOUNDS WERE CORRECTLY ASSESSED. 
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5.1 INTRODUCTION 

High resolution mass spectrometry is gaining ground in the analytical 

chemistry field due to its increased capacity to produce quantitative and 

qualitative information about a sample. GC-Orbitrap is one of the most 

powerful analytical instruments nowadays [1]. With the increase of 

resolution in mass-to-charge domain, the data is becoming larger and more 

complex. Compared to (classical) nominal mass detectors, several 

challenges have arisen, including the different number of points in the 

spectrum in consecutive scans, the variation in (high-resolution) mass-to-

charge values corresponding to the same ion detected in successive scans, 

and the noise of the signal. Although the resolution of the data is increasing, 

the techniques used for data analysis are still mainly oriented on low 

resolution data (i.e. nominal mass). Moreover, it is foreseen that spectral 

libraries which currently are mostly low resolution (nominal) mass, it is a 

matter of time until the libraries will incorporate high-resolution 

information. Hence, data processing techniques have to be adapted to the 

high resolution data. Among them, both peak deconvolution and spectral 

library search should be adapted for this new scenario.  

The classical methods of deconvolution such as PARAFAC, MCR-ALS, ICA 

and AMDIS are accurate and elegant and therefore these methods are still 

widely used [2] [3] [4] [5]. Every deconvolution method has its limitations. 

Methods involving some sort of matrix factorization (such as PARAFAC, MCR 

and ICA) represent the data as matrices or higher order tensors. This forces 

the axis in each order of measurement to be common for the whole region 

analyzed, which implies the need to bin the data. Furthermore, these 

methods require the calculation of the (pseudo)inverse of a data matrix. If 

the compounds elute very closely to one another and/or if the spectra of 

several compounds are similar, this inversion may not exist, or can be 

numerically difficult to calculate due to singularities (or near singularities) 
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in the matrix. This results in high error propagation, and extremely unstable 

interpretation of the resolved spectra.  

The most important issue however, in the algebraic methods, is the 

estimation of the number of components. Several techniques are used in 

order to estimate the number of components [6-9]. In bilinear systems, 

the number of chemical components in the system is equivalent to the 

pseudo-rank of the data matrix. The most common technique in estimation 

of the pseudo-rank is the calculation of the eigenvalues. Once calculated, 

de magnitude of a few highest eigenvalues will indicate the number of 

components. This approach is subjected to high uncertainty as there is no 

clear method to find a threshold for the magnitude of the minimal 

significant eigenvalue. In the work of Wasim et al. [6], several 

measurements were proposed to estimate such cut-off for the eigenvalues. 

Other attempts can be found in the literature. The work of Vivó-Truyols et 

al. [7] assesses the number of the components measuring the noise 

autocorrelation in the orthogonal projection approach. However, this 

method fails when the components elute very close to each other, 

generating unstable results. Peters et al. used a cross-validation technique 

to estimate sequentially the number of components in the matrix [8]. The 

data X is split into two parts: 𝑋even and 𝑋odd, and the deconvolution using 

MCR-ALS is performed on both of data sets with an estimation of the 

number of components N. The resulting profiles are interpolated and the 

data is modeled in both cases. The algorithm should indicate - after several 

iterations – the number of existing components using a local minima of the 

error function over N. Although being a good approximation, the method 

seems to be very sensitive to the resolution of the chromatographic region 

of interest, and again fails when the resolution is poor.  The AMDIS 

algorithm is based on finding m/z channels that are selective, so the peak 

shape for each compound can be retrieved. However, when high correlation 

is observed in peak shapes, the method seems to show false positives [4]. 
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Essentially, a third (false) compound is detected which is a linear 

combination of the other two.  

Fitz et al proposed a new method to visualize the chromatographic data 

and to use clustering in retention time – peak width (RT-PW) space to 

estimate the profiles of the analytes [9]. This information is further used as 

initial estimates to the MCR-ALS to finalize the deconvolution. The authors 

used binning in the RT-PW space to ease the clustering process. In order 

to create the RT-PW space, the authors are taking several experiments with 

different perfectly separated analytes. This serves as a “template” for the 

data and establishes to which cluster each compound belongs. The method 

estimates the number of components in a deterministic way, which can 

result in false negative results (i.e. excluding compounds due to the binning 

process). 

All of the above described methods, preliminary to the deconvolution, are 

changing the data into a low resolution (i.e. nominal mass) data. We 

propose a complete probabilistic framework for deconvolution without 

significantly altering the resolution of the data. Opposed to deterministically 

decide the number of compounds, we tackle the problem probabilistically. 

We follow a Bayesian framework [10] [11] for the estimation of the number 

of compounds. The number of models for each channel is linked to a 

posterior probability using Bayesian statistics. Further, a Mixture Model 

algorithm is used to estimate the position and the band broadening of each 

chromatographic peak. Finally, a probabilistic library search is applied. The 

possible (deconvolved) spectra found (with a different value of components 

in the model) is used to match with a high resolution library. For the 

spectral search in the library, the square correlation coefficient was used in 

which the uncertainty upon each ion is included. The result of the algorithm 

is a list of possible compounds ranked from high to low and corresponding 

retention times.  
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5.2 THEORY  
The theoretical core of this strategy is the use of Bayesian statistics for three 

stages of the deconvolution pipeline: 

I. The channel-wise model fitting 

II. The Mixture Model classification 

III. Spectral retrieval and library search 

5.2.1  The channel-wise model fitting 
The objective of this step in the pipeline is to find – in a probabilistic fashion 

– the most optimal parameters (i.e. retention time, peak width) for each 

mass-to-charge channel. Prior to this step, the data was binned and 

included in a matrix form of QxJ elements, to ease the implementation of 

the algorithm. For information about the binning method, see Supporting 

Information. The channel-wise modelling is based on work of Sivia et al. 

[10] which proposed a Bayesian probabilistic solution to the calculation of 

the potential number of Gaussian models in spectral data. The strategy is 

based on the following modelling of the data: 

 𝑆𝑗 = ∑𝐴𝑖,𝑗𝑒
(−

(𝑡−𝑡𝑖,𝑗 )
2

2𝜎𝑖,𝑗
2 )

𝑁

𝑖=0

 (5.1) 

Where 𝑁 is the number of components, 𝑆𝑗 is the modeled signal (i.e. the 

chromatogram for one fixed m/z channel 𝑗), 𝑡 is the time axis (containing 

Q elements), 𝐴𝑖,𝑗 is the amplitude (or peak height) for the ith peak at the jth 

channel, 𝑡𝑖,𝑗 is the elution time for the analyte 𝑖  at channel 𝑗, and 𝜎𝑖,𝑗 is the 

peak width for the analyte 𝑖 at the channel 𝑗. When fitting the model from 

the Eq. (5.1), the objective is to find the values of the parameters 𝐴𝑖,𝑗, 𝑡𝑖,𝑗 

and 𝜎𝑖,𝑗 that minimize the 𝜒𝑗
2 function between the model and the data from 

channel 𝑗: 
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 𝜒2
𝑗
= ∑

(𝐷𝑗𝑞 − 𝑆𝑗𝑞)
2

𝜎𝑛
2

𝑄

𝑞=1

 (5.2) 

 

Where 𝐷𝑗𝑞  is the qth element (i.e. time registry) of the Dj data vector (of Q 

elements), corresponding to the chromatogram of channel 𝑗. 𝜎𝑛
2 is the 

standard deviation of the noise of the signal. Eq. (5.1) can be solved 

probabilistically in a Bayesian framework, calculating the posterior 

probability of the number of components (N) [10]. However, in this work 

[10] , such methodology is not extended to two-dimensional data. 

A simple extension of the ideas of [10] would be to fit each channel 

independently using Eq. (5.1) and (5.2). The main problem of such 

approach is that the fitted retention times for the same compound will be 

highly different from channel to channel. In fact, by performing 

independent fittings for each channel using the above equations, we are 

assuming that the channels in High Resolution GC-Orbitrap are statistically 

independent. This is not true, since the chromatographic profile of a 

compound (and therefore the value of 𝑡𝑖,𝑗 and 𝜎𝑖,𝑗 in Eq. (5.1)) is the same, 

independently for the channel 𝑗. Solving this issue directly causes a major 

computational burden, forcing all the channels to be fitted simultaneously 

to Eq. (5.1), using common values of of 𝑡𝑖 and 𝜎𝑖 per compound. As this is 

unfeasible from a practical perspective, we have decided to modify the 

objective function to include a part of the contribution of other channels 

when finding the fitted parameters. Our proposal in solving these issues is 

to include a penalty on the objective function that will penalize the 

differences in 𝑡𝑖,𝑗 and 𝜎𝑖,𝑗 across channels:  

 𝜒2̃
𝑗
= ∑ [

(𝐷𝑗𝑞 − 𝑆𝑗𝑞)
2

𝜎𝑛
2

+  𝜆 ∑(�̃� −  𝑺)
2

𝐽

𝑗

]

𝑄

𝑞=1

 (5.3) 
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Where the matrix �̃� has each column normalized (i.e. each m/z channel has 

the intensities between 0 and 1) and 𝑺 is the matrix in which each column 

is equal to the fitted signal 𝑆𝑗, also normalized. Note that, with this 

particular construction of S, the left-hand side part of the equation 

estimates the goodness of fit of the proposed for all the channels at the 

same time. The penalization parameter 𝜆 governs how common the 

chromatographic profiles should be across channels. Its value is subjected 

to a best estimation. A large value of 𝜆 will lead to extremely high bias 

towards the first moment of the TIC peak. A very small value of the 𝜆  will 

assume almost independence between the mass channels. This second 

option, given the noise in the data, results in a high dissimilarities between 

the channel-wise optimized values of the fitted retention time and peak 

width. We propose the value of 𝜆 =  
𝑄

𝐽
  as recommended in [12]. This value 

was found optimal in this work after several empirical trials.  

The question of the number of components can be solved probabilistically 

simply by computing the posterior probability of a particular number of 

components in the mixture using the Bayesian equation [10]:  

  

 𝑝(𝑁|𝐷) =
𝑝(𝐷|𝑁) × 𝑝(𝑁)

𝑝(𝐷)
 (5.4) 

 

Where 𝑝(𝑁│𝐷) is the posterior probability of the number of components (N) 

after the data has been taken into account, 𝑝(𝐷│𝑁) is the so-called 

likelihood (the probability of obtaining the data given a proposed number 

of compounds), 𝑝(𝑁) is the prior probability of the number of compounds 

and 𝑝(𝐷) is a normalization factor (not calculated explicitly). By applying a 

uniform prior on N and marginalizing over the parameters of the model 

from the equation (5.1) we can rewrite the equation (5.4): 
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 𝑝(𝑁|𝐷)𝑗  ∝  ∫ 𝑝(𝐷|𝐴, 𝑡, 𝜎)𝑗

𝐴,𝑡,𝜎

𝑝(𝐴) 𝑝(𝑡) 𝑝(𝜎) 𝑑𝐴 𝑑𝑡 𝑑𝜎 (5.5) 

 

Where 𝑝(𝐷|𝐴, 𝑡, 𝜎)𝑗 is the likelihood function that can be obtained from Eq. 

(5.2) or (5.3) if Gaussian noise is assumed. The integral expressed in Eq. 

(5.5) might be solved using MCMC technique, but this can be time 

consuming. An alternative is to solve it by proposing a Taylor expansion of 

the integrand (i.e. of the expansion of the Chi-square distribution from Eq. 

(5.2))  

 𝜒2 ≈  𝜒0
2 + 

1

2
(X − X𝑜)

𝑇∇∇𝜒0
2(X − X𝑜) + ⋯ (5.6) 

 

Where X is any set of parameters of the model and 𝑋𝑜 = {𝐴, 𝑡, 𝜎} is the set of 

parameters yieldng the minimum value of 𝜒0
2 of the objective function from 

the Eq. (5.3). In this equation, ∇∇𝜒0
2 is the Hessian matrix of the objective 

function. By imposing flat priors on the nuisance parameters (𝑝(𝐴) 𝑝(𝑡) 𝑝(𝜎)) 

we obtain: 

 

∫ 𝑝(𝐷|𝐴, 𝑡, 𝜎)𝑗

𝐴,𝑡,𝜎

 𝑝(𝑎)𝑝(𝑡) 𝑑𝐴 𝑑𝑡 𝑑𝜎 

≈
∫ 𝑒[−

1
4
(X−X𝑜)𝑇∇∇𝜒0

2(X−X𝑜)]

𝐴,𝑡,𝜎
 𝑑𝐴 𝑑𝑡 𝑑𝜎

((𝑡𝑚𝑎𝑥 − 𝑡𝑚𝑖𝑛)(𝐴𝑚𝑎𝑥 − 𝐴𝑚𝑖𝑛)(𝜎𝑚𝑎𝑥 − 𝜎𝑚𝑖𝑛))𝑁
 

(5.7) 

 

Where the [𝑡𝑚𝑎𝑥, 𝑡𝑚𝑖𝑛], [𝐴𝑚𝑎𝑥 , 𝐴𝑚𝑖𝑛] and [𝜎𝑚𝑎𝑥, 𝜎𝑚𝑖𝑛]he limits of the (flat) prior 

distributions of the nuisance parameters. Note that the solution, although 

coming from flat priors, is biased in our case since we take into account the 

inter-dependence of the mass channels. The integral on the right hand side 

of the Eq. (5.7) is well known integral of a multivariate Gaussian 
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distribution. By using this solution and assuming that the different N models 

are indistinguishable and interchangeable, we can now express Eq. (5.5) 

using Eq. (5.7) as follows [10]: 

 𝑝(𝑁|𝐷)𝑗  ∝  
(4𝜋)𝑁/2𝑁!

((𝑡𝑚𝑎𝑥 − 𝑡𝑚𝑖𝑛)(𝐴𝑚𝑎𝑥 − 𝐴𝑚𝑖𝑛)(𝜎𝑚𝑎𝑥 − 𝜎𝑚𝑖𝑛))𝑁

𝑒−
𝜒0

2

2

√det (∇∇𝜒0
2)

 (5.8) 

 

Note that the denominator and numerator containing the parameter N in 

the Eq. (5.8), serves as the so-called “Occam factor” and decreases the 

posterior probability if the complexity of the model increases.  

We will be further interested in the “retention time - peak width” (RT-PW) 

space that is obtained from the first step of the pipeline.  Basically the 

values of fitted 𝑡𝑖,𝑗 and 𝜎𝑖,𝑗 for the different values of N are of interest. The 

values of p(N|D) might be different per channel. Instead of deducing the 

true number of compounds from p(N|D), we use this value as a threshold 

(i.e. only the data points 𝑝(𝑁|𝐷) > 10−5 are considered). All the fitted 𝑡𝑖,𝑗 and 

𝜎𝑖,𝑗 values (for all channels) generating p(N|D) above a threshold are used 

to populate the RT-PW space.  

The number of clusters found in this space should give a hint on the number 

of compounds. In other words, for each analyte we would expect to have a 

high agglomeration of points in RT-PW space around the retention time and 

peak width of such analyte. The penalty 𝜆 used in Eq. (5.3) reduces the 

sparsity of the clusters in the RT-PW space. However, the noise is still 

partially affecting the parameters obtained at this step.  

We assume that the values of retention time and peak width follow a 

multivariate Gaussian distribution (in the RT-PW space) for each 

compound. From here, the idea of fitting a Gaussian mixture model (MM) 

for all points found in this space arises.  
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5.2.2 The Mixture Model classification 
In order to fit the Mixture of Gaussians to the data, the Expectation 

maximization (EM) algorithm is employed. The EM algorithm has been 

extensively described in the literature [13] [14] and only a brief description 

is given here.  The algorithm starts with a proposal for the center and the 

variance of each cluster i, ci, and an estimate of the variance for each 

cluster, ∑𝒊. 𝒄𝒊 = [𝑡�̅�, �̅�]𝑖  is the expected value of the centroid of the cluster 𝑖 

(i.e. the expected value of the retention time and peak width of such 

chromatographic peak). At the next step, the latent parameter  𝜔𝑚,𝑖 is 

calculated. This latent parameter is found for each of the M data points and 

for each cluster i. This latent parameter (called “responsibility”) is defined 

as the likelihood,  𝜔𝑚,𝑖 = 𝑝(𝒙𝒎|𝒄𝒊,∑𝒊), where 𝒙𝒎 is a data point (containing a 

pair value in the RT-PW space). Note that we have defined the whole data 

points using 𝒙 = [𝑡𝑟1,  𝜎1; … 𝑡𝑟𝑚,  𝜎𝑚; … 𝑡𝑟𝑀,  𝜎𝑀; ].  This likelihood is assumed to 

be multivariate Gaussian: 

 𝑝(𝒙𝒎|𝒄𝒊,∑𝒊) =   (2𝜋)−
𝐾
2det (𝚺𝒊)

−
1
2𝑒𝑥𝑝 (−

1

2
(𝒙𝒎 − 𝒄𝒊)

𝑇𝚺𝒊
−1(𝒙𝒎 − 𝒄𝒊)) (5.9) 

 

where 𝐾 = 2 in our case since the RT-PW is a bidimensional space. In the 

next iteration, an update of the ci and ∑𝒊 is obtained using the new values 

of  𝜔𝑚,𝑖. For the case of ci, the update is calculated as follows: 

 𝒄𝒊 = 
∑ 𝜔𝑚,𝑖𝒙𝑚

𝑀
𝑚=1

∑ 𝜔𝑚.𝑖
𝑀
𝑚=1

 (5.10) 

 

For 𝚺𝒊, we force the matrix to be diagonal, since we assume in our case that 

parameters RT and PW do not influence each other. Each diagonal element 

(i.e. the k-th element, k = {1,2}) is thus computed as follows: 
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 (Σ𝑖)𝑘,𝑘 = 
∑ 𝜔𝑚,𝑖(𝑥𝑚,𝑘 − 𝑐𝑖,𝑘)(𝑥𝑚,𝑘 − 𝑐𝑖,𝑘)𝑀

𝑚=1

∑ 𝜔𝑚,𝑖
𝑀
𝑚=1

 (5.11) 

 

These new parameters of 𝐜𝒊 and ∑𝒊 are then used to update the 

responsibilities 𝜔𝑚,𝑖 (Eq. (5.9)), and the algorithm continues up to 

convergence. The values of 𝐜𝒊 and ∑𝒊 define the center of each cluster and 

its bandwidth. In other words, they describe the features (retention time 

and band broadening) of the i-th eluting peak. 

The main factors influencing the final (converged) values of ci and ∑𝒊 are: 

the density of each cluster (i.e. number of points concentrated in one 

cluster) and the total number of the data points (M). It is important to 

stress here that the number of mass channels of the compounds that are 

in the dataset can severely influence the fitting of ci and ∑𝒊. If a compound 

(i.e. a cluster in RT-PW space) has a larger number of channels compared 

to the neighboring compounds, it is more likely that the centers of other 

clusters (Eq. (5.10)) will be biased (i.e. “attracted”) towards the center of 

this cluster, which can unbalance the final result. One solution to this 

handicap is to limit the value of (Σ𝑖)11 to a maximum possible value. This is 

done by imposing a threshold during the fitting. If, during an iteration, the 

value of  (Σ𝑖)11 found in Eq. (5.11) is above a threshold (in our case the 

value of the threshold is 0.064 s), the threshold value is assigned to 

(Σ𝑖)11instead of the value calculated with Eq. (5.11). In practice, this means 

limiting the influence of a centroid by imposing a maximum value on the 

sparsity of the clusters in the RT-PW space. Another important role of (Σ𝑖)22 

is to control the uniqueness of the retention time. In other words, we 

assume that there are no analytes eluting at exactly the same retention 

time. To impose this condition, we follow a similar strategy compared to 

the method used in (Σ𝑖)11. However, in this case the threshld for (Σ𝑖)22 

defines its minimum, not its maximum. In other words: if, during an 

iteration, the value of (Σ𝑖)22 is below a threshold (i.e. 0.64 s), the value of 
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the threshold is used, instead of the value given by Eq. (5.11). The values 

of both thresholds (0.064 and 0.64) were found empirically. More 

explanation about these values is found in the results and discussion 

section. 

One of the most important problems in clustering in general is how to 

answer to the question on how many clusters should be used to describe 

the data. Note that the number of cluster expresses the number of eluting 

analytes within the region of interest. In this work we propose the use the 

well-known Bayesian Information Criterion (BIC) and Akaike Information 

Criterion (AIC) to evaluate the number of clusters. Both BIC and AIC are 

forms of penalization of the log-likelihood (i.e. 𝐿 =  ∑ ln[∑ 𝑝(𝒙𝒎|𝒄𝒊,∑𝒊)
𝑁
𝑖=1 ]𝑀

𝑚=1 ): 

 𝐵𝐼𝐶 = −2𝐿 +  𝛽 ln𝑀 (5.12) 

 𝐴𝐼𝐶 = 2𝛽 − 𝐿 (5.13) 

 

 With the number of free parameters 𝛽 = (3𝑁 − 1)𝐾 , M is the number of data 

points in the RT-PW space, K is the dimension of the multivariate 

distribution (2 in our case). The value of BIC and AIC is used to select the 

optimal value of N. The value of N yielding the lowest value of BIC (or AIC) 

is considered optimal. Further, the BIC can be used to calculate the 

posterior probability for N: [13] 

 𝑝(𝑁|𝐵𝐼𝐶) =  
𝑒

1
2
𝐵𝐼𝐶𝑁

∑ 𝑒
1
2
𝐵𝐼𝐶𝑁

𝑁

 (5.14) 

Where BICN represents the value of BIC (Eq. 5.12) using N components. 

 

5.2.3 Compound identification and spectral retrieval 
This step makes use of the posterior probability of the number of 

components (Eq. (5.14)) resulted from the previous step and the 



5 - A Bayesian approach to peak deconvolution and library search for high resolution GC-MS 

117 
 

corresponding values of the centroids, 𝐜𝑖. Note that, in fact, the values of 

𝚺𝑖 are not of interest for the next steps of the algorithm. This is because 𝐜𝑖 

describes at full the peak feature of the ith component: it describes its 

position (RT) and its band broadening (PW). A simple optimization 

algorithm is employed to find the intensities 𝐴𝑖,𝑗 for each compound at each 

j channel. We simply introduce the value of RT (i.e. 𝑡𝑖 in Eq. 5.1) and PW 

(𝜎𝑖 in Eq. (5.1)) for each compound 𝑖 = 1,2, …  𝑁 and solve (via least squares) 

the value of  𝐴𝑖,𝑗 for each channel and compound. Note that step two of the 

algorithm made the values of 𝐜𝑖 common for each channel, and therefore 

𝒕𝒊and 𝝈𝒊 do not depend on 𝑗.  The intensities of  𝐴𝑖,𝑗 found via least-squares 

estimation of Eq. (5.1), have the imposed condition of non-negativity. At 

the end of the process, a matrix (i.e. 𝑨𝑖,𝑗) of  𝐴𝑖,𝑗 intensities for each 𝑖 (𝑖 =

1,2, …  𝑁) compound and 𝑗 channel (𝑗 = 1,2, …  𝐽) is obtained. For a fixed value 

of 𝑖, the vector 𝑨𝑖,∗ (for all 𝑗 = 1,2, … 𝐽 values) constitutes the retrieved 

spectrum for the 𝑖𝑡ℎ compound. It is likely to observe channels that are 

selective for only one compound. In this case, the algorithm will simply 

assign null intensities for this channel for the other compounds. We 

consider in this work an estimation of the uncertainty (calculated from the 

variance-covariance matrix of the fitting [11]) of the fitting. These values 

(standard deviation, δi,j) are used in the next step.  

In order to compare the retrieved spectra 𝑨𝑖,∗  with a spectra available in 

the database, we make use of the correlation coefficient as follows. First, 

the query spectra 𝒔𝜏 from the database is interpolated to the same m/z 

values as the unknown spectra 𝑨𝑖,∗ retrieved from the previous step (for 

information about the interpolation method, see supporting information). 

The value of 𝜏 defines an arbitrary element of the library containing T 

spectra. To simplify the terminology, let’s define 𝒂 as a generic  𝑖𝑡ℎ 

spectrum, retrieved from the data, and containing J channels, 𝒂 ≡ 𝑨𝑖,∗ =

[ 𝐴𝑖,1,  𝐴𝑖,2, … ,  𝐴𝑖,𝑗, … ,  𝐴𝑖,𝐽]. Let’s define 𝜹 as the vector of standard deviations 

found in the previous step, 𝜹 ≡ 𝜹𝒊,∗ = [δi,1, δi,2, … , δi,j, … , δi,J] . The values of 𝒂 
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are then perturbed drawing from a normal distribution with mean 𝐴𝑖,𝑗 and 

standard deviation δi,j, obtained a perturbed 𝒂𝑟 spectrum. The correlation 

coefficient between the perturbed spectrum and 𝒔𝜏 is calculated. By 

performing this calculation 𝑅 times (i.e. randomly drawing from the 

distribution centered at 𝒂  and standard deviation 𝜹) and calculating the 

mean of all these correlations, an average correlation is found, which 

includes the uncertainty in the estimation of 𝒂:  

 𝜌𝜏,𝑖,𝑁 =
1

𝑅
 ∑ [

𝒔𝜏 ∙ 𝒂𝑟

‖𝒔𝜏‖‖𝒂𝑟‖
]
2

𝑅

𝑟=1

 (5.15) 

A value of 𝑅 of 500 was found appropriate. 𝜏 indicates the id of a compound 

in the database (𝜏 = 1, . . Τ with Τ total number of the spectra in the library). 

The output will be a value of 𝜌𝜏,𝑖 (i.e the average correlation with the 

spectrum 𝜏 of the database) assigned to every element in the database. 

Note that we made explicit that this correlation depends on 𝑖, i.e. it is 

obtained for each of the 𝑖 = 1,2, … ,𝑁 spectra retrieved from the previous 

step.  

In this step of the algorithm, N is also a variable. This is because we have 

tried to solve the deconvolution with a different number of proposed 

compounds. Hence, in order to evaluate objectively the identity of the 

analytes within the deconvolved data, we will calculate the coefficient 𝜌𝜏,𝑖 

from the Eq. (5.15) for all the 𝑖 compounds 𝑖 = 1, …  𝑁 (i.e. for all the 

centroids 𝒄𝒊 from the Eq. (5.10)) and for each value of proposed 𝑁, 𝑁 =

 1, . . ,ℋ. In this work, we have limited the maximum number of compounds 

to 12, hence ℋ =12. Note that the models are not nested: for each of the 

values of N (i.e. supposing a different number of clusters in the RT-PW 

space), we may obtain a different map of the 𝒄𝒊 values, and therefore a 

different collection of retrieved 𝑨𝑖,∗ spectra (with 𝑖 = 1,2, …𝑁). We make this 

explicit in the definition of 𝜌𝜏,𝑖,𝑁.  
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There are two ways to explore the results given by the correlation: one is 

to find the 𝜏 element in the database that yields the maximum value of the 

correlation coefficient, max(𝜌𝜏,𝑖𝑁) (referred onwards as “max ranked”) and 

hence the id of the identified compound in the database is: 

 𝜏𝑖,𝑁
′ =

𝑎𝑟𝑔𝑚𝑎𝑥
𝜏

(𝜌𝜏,𝑖) (5.16) 

Where the 𝑖 index means that this “max rank” is calculated for each of the 

N components (𝑖 = {1,2, … , 𝑁}) of the solution provided by equation 15. As 

explained earlier, the models are not nested. This means that this search 

performed also for all i elements for a variable N (𝑁 =  1, . . ,ℋ). Further, we 

define  𝜌𝑖,𝑁,𝑀𝐴𝑋
=

max
𝜏

 (𝜌𝜏,𝑖,𝑁), i.e. the value of the maximum correlation found 

for all 𝜏 = 1,2, … , 𝑇 compounds in the database for a given i and a given N. 

The list of 𝜏𝑖,𝑁
′ constitute an enumeration of the possible compounds from 

the database that could be present in the sample.  

We evaluate the strength of the evidence of the presence of each of the 

𝜏𝑖,𝑁
′ elements as follows. This evidence is defined as �̅�𝜏

′. First, all 𝜏 elements 

in the database that are not listed in 𝜏𝑖,𝑁
′  (i.e. they were never yielding the 

maximum correlation) receive a value of �̅�𝜏
′  of 0. For the rest of the 𝜏 values, 

we make use of the value found in  𝜌𝑖,𝑁,𝑀𝐴𝑋
. In this way we can define 

 𝜌𝜏,𝑖,𝑁,𝑀𝐴𝑋
 as follows: 

  𝜌𝜏,𝑖,𝑁,𝑀𝐴𝑋
= {

 𝜌𝑖,𝑁,𝑀𝐴𝑋
      𝑓𝑜𝑟 𝜏 = 𝜏𝑖,𝑁

′ 

0               𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 (5.17) 

Next, we make use of 𝑝(𝑁|𝐵𝐼𝐶) as a probabilistic weight: 

 

 �̅�𝜏
′ = ∑ [[𝑝(𝑁|𝐵𝐼𝐶)

1

𝑁
]∑ 𝜌𝜏,𝑖,𝑁𝑀𝐴𝑋

𝑁

𝑖=1

]

ℋ

𝑁=1

 (5.18) 
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A second way is to interpret the values of the correlation from the Eq. (5.15) 

and use all values of 𝜌𝜏,𝑖,𝑁 opposed to consider only the maximum and assign 

a zero value to the others. In other words, we do not exclude other 

possibilities regardless of the magnitude of the correlation value. The 

reasoning behind this approach is the fact that the ground truth may be 

ranked the second or lower, with a very small or insignificant difference 

from the  𝜌𝜏,𝑖,𝑁𝑀𝐴𝑋
. This method is called “all ranked” method. In this case, 

a similar computation to Eq. 5.18 is used, and the equation becomes: 

 �̅�𝜏 = ∑ [[𝑝(𝑁|𝐵𝐼𝐶)
1

𝑁
]∑𝜌𝜏,𝑖,𝑁

𝑁

𝑖=1

]

ℋ

𝑁=1

 (5.19) 

 

It is easy to identify in the last two equations a discreet form of integration 

over the centroids (i.e. over the retention times obtained with MM step) 

which essentially means that we lose the information about the retention 

times and the peak width of the identified compounds. The information 

about retention time of each identified compound (i.e. for each 𝜏) can be 

obtained when using “max ranked” approach as in this case there is a link 

between the 𝜏𝑖, 𝑐𝑖 and 𝑝(𝑁|𝐵𝐼𝐶). Hence, for one fixed 𝜏′ = Θ (with Θ ≥ 1 and 

Θ ≤ T) we can estimate a retention time using the median value of the 

centroids obtained in the previous step of the framework: 

 𝑡𝑟𝜏= Θ
= 𝑚𝑒𝑑𝑖𝑎𝑛(𝑐𝑖𝜏′=Θ

) (5.20) 

 

5.3 EXPERIMENTAL 

For generation of the data used for this work, 1 μL of a standard solution 

containing 287 Pesticides (50 ng/mL in ethylacetate) was analysed using a 

GC-EI-Q-Orbitrap system. 
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The mixture of pesticides, (ABC mix) was composed out of different custom 

made mixes purchased from LGC Standards GMBH (Wesel, 

Germany)) combined with standards obtained from Sigma 

Aldrich (Zwijndrecht, the Netherlands). The mixture was analyzed with a 

GC-EI-Q-Orbitrap system (Q Exactive GC, Thermo Scientific, Bremen, 

Germany) with TriPlus RSH autosampler and a TRACE 1310 GC. Hot 

splitless injection was performed (1 µL, 290 ºC, splitless time 2.5 min). As 

a carrier gas, Helium 5.0 (99.999%, Linde Gas, Schiedam, Netherlands) 

was used at a constant flow of 1.2 mL/min.  

The GC column used had 30 m length and 0.25 mm internal diameter, with 

a film thickness of 0.25 µm TG-OCP I (Thermo Scientific).  

The temperature program used had initially 70°C with 1.5 min hold, 

followed by a linear temperature ramp of 25°C/min up to 90°C and was 

further followed by a temperature ramp of 10°C/min until the temperature 

reached 280°C which lastly was followed by a temperature ramp of 

50°C/min until it reached 300°C with a last hold up time of 8.5min. The 

transfer line temperature was set at 280 °C.  

For the mass spectrometer the following settings were used: electron 

ionization (EI) at 70 eV with a source temperature of 230°C. Full scan MS 

acquisition m/z range of 50-500 and resolving power 60,000 (FWHM at m/z 

200). The automatic gain control (AGC) was set at 1e6 and the maximum 

ion injection time was set to AUTO. Internal mass calibration during 

acquisition was performed by the instrument using three background ions 

from the column bleed as lock mass (i) C5H15O3Si3 207.03236, (ii) 

C7H21O4Si4 281.05115 and (iii) C9H27O5Si5 355.06994 with search 

window of±2 ppm.  

During acquisition of the data, the system was controlled using Tune 2.6 

and XCalibur 3.0 (Thermo Scientific). 
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The software to process the data was programmed in MATLAB R2015a. The 

computations were performed on an Intel(R) Core(TM) i7-3820 CPU at 3.60 

GHz 3.60 GHz with 32.0 GB of RAM system. 

The high resolution spectral library used was provided by Thermo Scientific 

and contained 448 entries, mostly pesticides. 

5.4 RESULTS AND DISCUSSION 

In order to assess the performance of the algorithm, different possible 

situation of elution (i.e. different resolutions and concentrations) are 

needed. This can be easily done by using simulated data. We extracted 5 

compounds from a high resolution database spectral library and created 

various scenarios of co-elution. The 5 compounds were chosen in such a 

way that several ions are shared within the compounds and the compounds 

have a different number of ions (Table 5.1).   

The algorithm was also applied to experimental data using the mixture of 

pesticides and systems settings of the GC-Orbitrap described in the 

Experimental section. 

 
Acenaphthene Bifenox Bromopropylate Chlorfenapyr Fenitrothion 

Acenaphthene 45 7 10 1 0 

Bifenox 7 130 5 2 0 

Bromopropylate 10 5 52 1 0 

Chlorfenapyr 1 2 1 74 0 

Fenitrothion 0 0 0 0 54 

 

5.4.1 Simulated data 
The complexity of an elution depends on the resolution between two consecutive 

elution compounds, i.e. the values of peak width and intensity at the peak apex 

(i.e. amplitude of the Gaussian). Table 2 includes three different elution scenarios 

and the correspondent resolution between two consecutive peaks. Fig. 5.1 

provides a graphical view on the simulated scenarios of co-elution. 

Table 5.1 The number of shared mass channels between the selected compounds (on the first 
diagonal is the total number of the mass channels for each compound). 
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The algorithm was applied to each of the three simulated data sets. The 

output of the first step of the algorithm is shown in the Fig. 5.2.  As 

mentioned, the posterior probability values of the first step are used to 

reduce the sparsity of the clusters by filtering (i.e., eliminating) the low 

posterior probability values (i.e., below 1e-5). Fig 5.2.I, II and III depicts 

the values of the retention time and peak width optimized in the first step 

and with a posterior probability higher than the threshold of 1e-5. 

Case # Name t (seconds) 𝝈𝒕(seconds) 𝑨(× 𝟏𝟎𝟔) Ri+1,i 

Case 1 

Acenaphthene 1.90 0.5 1.02 1.48 
Bifenox 2.50 0.31 3 1.66 
Bromopropylate 3.05 0.35 1.468 0.84 
Chlorfenapyr 3.65 0.35 0.9 1.81 
Fenitrothion 4.40 0.48 0.856 - 

Case 2 

Acenaphthene 2.06 0.5 0.6 1.08 
Bifenox 2.50 0.31 3 1.51 
Bromopropylate 3.00 0.35 1.468 1.42 
Chlorfenapyr 3.50 0.35 0.4 1.68 
Fenitrothion 4.20 0.48 0.0856 - 

Case 3 

Acenaphthene 2.20 0.50 0.6 1.35 
Bifenox 2.75 0.31 3 0.75 
Bromopropylate 3.00 0.35 1.468 0.14 
Chlorfenapyr 3.35 0.35 0.4 1.08 
Fenitrothion 3.80 0.48 0.0856 - 

From these scattered plots it is clear that there are agglomerations of the 

values of the retention time and peak width around the ground truth, 

indicated here with red circles. 

The plots A, B and C in Fig. 5.2 show the same filtered data points with 

respect to the correspondent ion fragments (i.e. correspondent mass-to-

charge, m/z). As in the case of RT-PW space, in this space (i.e. RT-MZ) 

clear agglomerations can be observed around the retention times used for 

the simulation, marked here with vertical blue lines across all the mass-

channels. 

Table 5.2 Three simulated elution scenarios. 
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During the second step of the algorithm (i.e. the MM clustering in RT-PW 

space) the BIC (Fig.5.3. A), the AIC (Fig. 5.3 B) and p(N|BIC) (Fig. 5.3 C) 

are calculated for all three simulations. 

 

 
Figure 5.1 Profiles of the three simulated cases of 5 elected analytes from the High 
Resolution Database 

 

 In the case of BIC and AIC from the Eq. (5.12) and Eq. (5.13) the optimal 

number of components (i.e. the number of Gaussian mixture models) 

corresponds to value of BIC or AIC yielding the minimum value. For 

p(N|BIC), on the contrary, the optimal value of N is found at the maximum 

posterior (i.e. the value of N yielding the maximum p(N|BIC)). For the BIC 

values, the correct estimation of the number of components was found only 

in the second case (Fig 5.3 A, marked with blue line).  
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In the first case (Fig 5.3 A, marked with red line) the minimal value of the 

BIC points to N = 4, whereas the ground truth is 5. 

However, for this simulated dataset, the difference between the value of 

the BIC for the N = 4 and N = 5 is negligible, which implies almost the 

same value for p(N = 4|BIC) and p(N = 5|BIC). This means that an 

exploration of various values of N is preferred when dealing with highly 

coeluting compounds. For the third simulated dataset (Fig 5.3 A, marked 

with green line), the argument of the minimal value of BIC indicates again 

an optimal value of N = 4. On the other hand, the inspection of AIC seems 

to indicate the correct value (N=5) for the first and second simulations, and 

fails (pointing to N=4) for the third case4. This is explained by the fact that 

BIC is penalizing complex models more than AIC when the number of data 

points is large, which is the case in the current study.  

 

 
 

Figure 5.2 I,II and III RT-PW spaces obtained after the first step for the cases 1, 2 and 3 
respectively (The red circles indicate the values of time and peak with used in the 
simulation). A,B and C illustrates the fitted retention times for each mass-channel in  the first 
step of the algorithm (the vertical blue lines indicate the simulated retention times). 
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 If the estimation of the number of components is required for an approach 

involving matrix factorization (e.g. MCR-ALS, ICA, etc.), we recommend to 

use AIC on a separation resolution higher than 1. For this pipeline however, 

we make use of posterior probability of p(N|BIC) and the performance of 

the AIC was shown only for comparative purposes opening the possibility 

to adapt this pipeline to matrix factorization methods.   

The third step of the pipeline – the spectral search using weighted square 

correlation – was analyzed from both perspectives: “max ranked” and “all 

ranked”. First, we analyzed the correlative similarity between the spectra 

corresponding to the centroids 𝒄𝒊 (with 𝑖 going from 1 to N and for N going 

from 1 to ℋ = 12) obtained from the previous stage of the pipeline using 

the strategy described in section 5.2.3 using Eq. (5.15), (5.16), (5,17) and 

(5.18). The results of the application of the “max ranked” method for 

general view on the composition of the peak (i.e. weighted summed 

maxima of the squared correlation �̅�𝜏
′ from the Eq. (5.18)) are shown in the 

Fig. 5.4. For the first simulated data set (i.e. Case 1, Table 2), �̅�𝜏
′ included 

2 false positives (i.e., Dimethipin and Molinate). For Case 1, the value of �̅�𝜏
′  

 
Figure 5.3  BIC (left), AIC (center) and p(N|BIC) (right) for the three simulated datasets. 
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of these two false positives is very low compared to the true positive 

compounds (Fig 5.4. Blue). Case 2 included only one false positive (i.e., 

Molinate) also, having the value of the �̅�𝜏
′  lower than the ground truth. In 

the third case however, where the average resolution is 0.83 the algorithm 

performed better than in the Case 1 and Case 2, where the average 

chromatographic resolution Ri+1,i) is higher. This is explained by the fact 

that the peripheral peaks, in Case 1 and 2, are very close to the edges of 

the region of interest (i.e. closer to the extremities of the data subset) and 

this increases the uncertainty when the first step of the algorithm is applied 

(i.e. when fitting Gaussian models). This effect can be visualized in the Fig. 

5.2 A where the far right peak has a more sparse distribution of the RT for 

several ions.   

 
Figure 5.4 Weighted square correlation for the identified compounds using “max ranked” 
approach. 

 

To obtain the retention time for each compound Eq.  (5.20) was applied. 

Fig. 5.5 depicts the identified compound at their estimated retention times 

(i.e. 𝑡𝑟𝜏
 Eq. (5.20), for fixed values of 𝜏) and the corresponding values of 

the weighted maximal square correlation (i.e. �̅�𝜏
′  for fixed values of 𝜏). In 
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the Case 1, the false positives (i.e. Dimetin and Molinate) almost 

completely overlap in the time domain with Bifenox.   

The same situation is found with the false positive in the Case 2. However, 

the value of �̅�𝜏
′  of Bifenox, in both Cases 1 and Case 2, is considerably higher 

than the value �̅�𝜏
′ of the false positives which indicates to a possible selective 

criteria. In other words, when the decision has to be taken to which of the 

compounds overlapping at one retention time is the true positive, the one 

with the highest �̅�𝜏
′  can be considered the ground truth. The highest error 

in retention time can be observed in the Fig. 5.5 Case 1, for Chlorfenapyr. 

The reason for this error is the retention time of the Chlorfenapyr in the 

Case 1, which is at the half interval between two scans which created large 

uncertainty in the first step of the algorithm. For a high resolution 

instrument like GC-Orbitrap this is not a common situation especially when 

more cuts per peak are used (e.g. 10.000 resolution). The spectra of the 

false positives for both cases is shown in Fig. S5.1 and Fig. S5.2 from the 

supporting information. In these figures are indicated the ions that are 

causing the high correlation values. 

For the “all ranked” approach Eq. 5.19 was used. Fig. 5.6 illustrates the 

ranks of all the elements in the database for all 3 cases. Acenaphthene 

(marked with id 7 in the Fig. 5.6) has lower value of �̅�𝜏 than 

Octachlorostyrene (marked with 92 in Fig. 5.6) which is a false positive. 

The same effect is observed in the case of spectrum under the id 441 (i.e. 

Acetamiprid) and 447 (i.e. Norea) in the database. Figure S5.3 from the 

supporting information includes the spectra of these 3 examples of false 

positives. The magenta ellipse in the figure S5.3 indicates the ions that 

cause a high level of correlation. In the case of Octachlorostyrene, the 

higher masses (i.e. around m/z 349) causes a relative high correlation with 

the closest ions from Bifenox (Fig. S5.3 a). For Acetamiprid and Norea (Fig. 

S5.3 b and c respectively) the highest correlation is due to the values of 
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m/z of the ions of Acenaphthene. This false positive is also enhanced by 

the cumulative effect of the summation in the Eq. (5.19). 

 
Figure 5.5 The value of �̅�𝜏

′  and the corresponding median of retention times in all 3 cases. Magenta 
(ground truth) is overlaid. 

 

5.4.2 GC-Orbitrap data  
To test the algorithm in a real application of GC-Orbitrap analysis, a region 

was selected (Fig. 5.7) in the chromatogram between 979 seconds and 985 

seconds. Based on existing knowledge of compounds present in the mix 

and their retention times, at least seven compounds were known to closely 

elute in this time window. Extracted ion chromatograms for diagnostic ions 

of the seven compounds are included in Fig. 5.8. In Table 5.3 the 

compounds identified in the region of the interest are listed, together with 

their molecular formula, the quantification mass channel and the observed 

retention time. We would like to stress here the fact that this identification 

would not be possible if there is no prior knowledge about the chemical 

composition of the mixture. Some of the neighboring compounds are 

overlapping almost completely with one another (e.g. Pyrifenox and  
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Bromophos-ethyl, Chlorfenvinphos and Pyrifenox, Cyanazine and 

Metazachlor). A 

few 

compounds, 

including 

Isophenfos, 

were not 

identified by 

the experts due 

to low signal to 

noise ratio. We 

would like to 

point here to 

the fact that 

Isophenfos was 

not present in the high resolution library and was included in the database 

with nominal masses.  

 
Figure 5.6 The all ranked result for the three simulated datasets. The id’s are related as 
follows: 7 – Acenaphthene, 13 – Bifenox, 16 – Bromopropylate, 21 – Chlorfenapyr, 168 – 
Fenitrothion. The value of 92 corresponds to Octachlorostyrene which was not included 

 

Figure 5.7 Selected region to be deconvolved 
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As discussed in the theory section, the main advantage of the penalized 

channel-wise Gaussian fitting is the clustered agglomeration of the data 

 

Figure 5.8 Extracted ion chromatograms for diagnostic ions of the detected (by visual 

inspection) analytes.. a – Parathion, b – Chlorfenvinfos, c – Pyrifenox, d – Bromophos-Ethyl, 

e –Isovenphos, f – Cyanazine, g – Metazachlor. The values for the quantification ions are 

listed in Table 5.3 
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points resulting from the first step. Figure 5.9 exemplifies a clear difference 

between channel-wise Gaussian fitting with penalties applied as in Eq. (5.3) 

(a.I and a.II) and without the penalties as in Eq. (5.2) (b.I and b.II). The 

RT- PW space in Fig. 5.9 a.I has clear clusters which result in better 

resolved clusters in the “retention time-m/z” space (Fig. 5.9 a.II). 

 

 

The second step of the algorithm (i.e. the MM clustering) indicates a higher 

probability for N = 3 and N = 4 with a small difference between the 

probability p(N=3|BIC) and the probability of the real number of 

compounds present within the area of study, p(N = 6|BIC). More 

specifically p(N = 3|BIC) – p(N = 6|BIC) < 0.1 (Fig. 5.10). This small value, 

indicates a higher uncertainty in decision of which is the correct number of 

compounds. 

 

Figure 5.9 The output from the first step in the deconvolution pipeline. a.I - the RT-PW space 

for obtained with objective function with penalties, a.II - the RT-m/z space obtained with 

penalized objective function. b.I - the RT-PW space for obtained with objective function 

without penalties, b.II - the RT-mz space obtained with non-penalized objective function  
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The next step in the pipeline applied to the selected dataset – the 

identification using “max ranked” and “all ranked” criteria – showed 

satisfactory results in the identification of the compounds of interest. The 

results of max ranked are listed in Table 5.4. As it can be seen, the 5 

identified compounds are amongst the higher ranked.  

 

Figure 5.10 The values of p(N|BIC) for the experimental data. 

 

As it was expected, bromophos-Ethyl has the strongest evidence of 

existence in the resolved area (i.e. the highest “max-ranked”) due to its 

highest response. In the case of Isofenphos, the m/z = 58 is insignificant 

abundance in the data. In the libraries however, this ion is the most 

abundant (Fig. SI.4 from the Supporting Information). This effect was 

previously reported in [1] and it was attributed to a lower trapping 

efficiency of the high abundant lower-m/z ions in C-trap. This effect which 



New methods for modelling and data analysis in Gas Chromatography: a Bayesian view 

134 
 

can lead to a subjectivity in the identification process.(Fig. S5.4 from the 

Supporting Information). 

Table 5.3 The ground truth: compounds known to be present in time window 979-985 s. The m/z 
given here is the measured m/z (i.e. accurate mass)  

 5 out of 7 compounds were correctly identified, proving the capability of 

the algorithm to work with high and low resolution libraries and with high 

overlap.  

 
Figure 5.11 Temporal output for the identified compounds using  �̅�𝜏

′ . With magenta are 
marked the real retention times. The green ellipse indicates the position and the  �̅�𝜏

′  of the 
identified Bromfenvinphos 
 

Chlorfenvinphos and Cyanazine were not identified after the last step of the 

pipeline. We believe that there are several reasons of this false negative: 

(i) the high interference with neighboring compounds, (ii) the small number 

Name 
Molecular formula of 

quantifier ion 
Extract m/z of 
quantifier ion 

tr (s) 

Parathion C10H14NO5PS 291.03248 980.55 
Chlorfenvinphos C8H6O4Cl2P 266.93753 981.1 
Pyrifenox C13Cl2H8N2 262.00590 981.6 
Bromophos-Ethyl [81]BrC6ClH4O3PS 302.84647 981.9 
Isofenphos C9H10O4P 213.03112 982.9 
Cyanazine C8H10ClN6 225.06500 984.1 
Metazachlor C9H11N 132.08077 983.8 
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of mass-channels compared with the closest neighbour (i.e., 78 for the 

Chlorfenvinphos compared to its neighbor: Pyrifenox with 112 ions) which 

can affect the second step of the algorithm (i.e. MM classification) and (iii) 

a low signal to noise level for the highest mass-channels (especially in the 

case of Cyanazine, Fig. 5.8-f).  Bromfenvinphos was detected among the 

false positives (Table 5.4, green color, Fig. 5.11 green ellipse). It is 

important to point here to the similarity between the spectrum of the 

Chlorfenvinphos and Bromfenvinphos which cause the detection of this 

element as a false positive. 

Name max ranked 
values ordered 

from the 
highest to 

lowest 

× 𝟏𝟎−𝟐 

Estimated tr 
with the 

median (s) 

tr (s) |Err (s)| 

Bromophos-ethyl 10.4278 981.92 981.9 0.02 

Metazachlor 2.555 984.01 983.8 0.21 

Isovenphos 1.9185 982.83 982.9 0.02 

Parathion 0.8597 980.57 980.55 0.02 

Pyrifenox 0.5563 981.63 981.6 0.03 

Dinoterb 0.4439 979.84 - - 

2,3,5,6-
Tetrachloroaniline 

0.3868 982.53 - - 

Bromfenvinphos 0.1019 980.88 - - 

Oxadixyl 0.08241 983.30 - - 

Tributyl phosphate 0.047213 982.09 - - 

Simetryn 0.04645 982.28 - - 

Etridiazole 0.04139 982.27 - - 

Cyprofuram 0.041071 982.30 - - 

Demeton-S 0.03138 982.05 - - 

Tebutam 0.02061 982.85 - - 

Table 5.4 Identified compounds within the selected area. The table is order from the highest 
�̅�𝜏

′   value (top) to the lowest �̅�𝜏
′  value (bottom). The red colored compounds are ground truth 

compounds. The green color indicates the compound most similar to Chlorfenvinphos. 

 

Figure S5.5 from the supporting information shows the spectra for both 

compounds. The retention time information provided by the “max ranked” 

(Table 5.4), include the error calculated between the true retention time 
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and estimated retention times (only for the relevant compounds). The small 

values (i.e. max 0.21s, min 0.02s) of the absolute errors indicate the 

efficiency of the algorithm. Figure 5.11 illustrates the �̅�𝜏
′  values of the true 

positives and false positives with respect to their retention times. 

 
Figure 5.12 The values of the correlation for the “all ranked” approach. The vertical 
magenta lines denote the location of the ground truth compounds in the library. 

 

For the “all ranked” identification criterion (Fig. 5.12), some of the 

compounds of interest are ranked extremely low with respect to many of 

the false positive compounds. This leads to the conclusion that the usage 

of “all ranked” requires further evidences for a better ranked selectivity. 

One important aspect of the identification is the number of entries in the 

library. The larger the library, the higher the probability to include the 

compound of interest, but also the higher the risk of wrong assignment 

since there is a higher chance to find spectra closer to the experimental 

spectrum found. On the other hand, if smaller libraries are used, the 

possibility to assign spectra as “Unknown” should be implemented, since 

the chance that the experimental spectrum of a compound in not present 
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in the library is higher. In our particular case, all peaks in the selected 

chromatographic region are present in the library, hence the possibility to 

have “unknowns” can be excluded. In further studies, the possibility to label 

unknown should be included, as soon as the chromatographer is not sure 

that all possible compounds present are in the library.   

5.5 CONCLUSIONS 

The development of a new deconvolution method is a necessity in the case 

of new, high resolution data and especially when using high resolution 

spectra libraries. The pipeline presented here, was capable to resolve 

compounds that were severely overlapping (i.e. minimal resolution of 

0.027) in a completely innovative way, using Bayesian statistics. The 

identification method of weighted summation of maximal square correlation 

(i.e. �̅�𝜏
′) is also novel in this area. The sensitivity (true positive rate) for the 

simulated data was TPR = 100% and for the experimental data TPR = 

71.4%. This result is strictly linked to the properties of the analyzed peak 

(chromatographic resolution, noise level, the chemical composition of the 

compounds etc.) which may not be extrapolated to all the cases. The 

precision (positive predictive value) of the method in the case of the 

experimental data was evaluated to PPV = 31% and for the simulated data 

PPV = 71.4% for the Case 1, PPV = 83.3% for the Case 2 and PPV = 100% 

for the Case 3. The results on the simulated data with further application 

on the high resolution GC-Orbitrap data, implied a successful evaluation of 

the performance of the algorithm. We can assume that on a peak with 

better separation (i.e. 𝑅𝑖,𝑖+1 >  0.8), the algorithm will show better results. 

The “max ranked” criterion, compared to the “all ranked” criterion, seems 

to be more useful for the identification due to the ease of interpretation of 

the results and due to the temporal information. However, we advise to 

explore all the possibilities when the number of peaks to be resolved is not 

large. The future development upon this novel method would focus on 
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improvement of the precision (i.e. reducing the false positives) and 

reducing the false negative rate. A possible improvement will also include 

a further evidence in the “all ranked” approach.  
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Chapter 6 
 

6 CONCLUSIONS AND PROSPECTS  

6.1 CONCLUSIVE NOTES 

Along this thesis were presented several application of Bayesian statistics 

in gas-chromatographic data analysis. Although complex in understanding 

for the public used with the frequentist data analysis, Bayesian statistics 

proved to be useful, robust and objective tool for chromatographic data 

treatment. This conclusive statement is also backed up by the increasing 

number of publications on Bayesian data analysis every year. This is 

partially due to the high capacity of the computational power of the modern 

computers which allows the use of algorithms such as Markov Chains Monte 

Carlo (MCMC). 

Beside the benefits of the Bayesian statistics proven in each chapter of 

this thesis, one of the key messages to the chemometrics community 

provided by this work, is the encouragement to use and to combine various 

methods from machine learning, image processing, information theory, 

psychometrics etc. As a successful example of such a combination of 

metrics is the 4th chapter of this thesis, where Jansen-Shannon divergence, 

coming from information theory, was combined with Bayesian hypothesis 

testing. The 3rd chapter can also be regarded as an image processing 

approach (i.e. scaling the GCxGC-FID tiles are similar to scaling tiles of 

images) combined with Bayesian statistics.  

One of the concerns in using Bayesian, is the speed of computations. 

This concern is rooted in the Bayes rule, more specifically in the cases 

where an integration of the likelihood is required to explore all space of the 

parameters in case of the parameter selection. One solution is the use of 
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MCMC algorithm for sampling from the posterior distribution which can be 

extremely time consuming when dealing with large number of parameters 

(i.e. high dimensional space). However, in some cases as it was presented 

in the 5th chapter, an approximation – Laplace approximation – may be 

used to evaluate the likelihood in the optimal values of the parameters. The 

speed of computation presented in the discussions and conclusions of the 

3rd, 4th and 5th chapters proves the efficiency of the algorithms with the 

objectivity of the answer provided. 

6.2 PROSPECTIVE WORK  

I would like to believe that this work opens the possibility to future studies 

including Bayesian statistics and application of the presented algorithms. 

Several possibilities emerge from the works published herein. The GCxGC 

model presented in the second chapter combined with the peak tracking 

from the third chapter creates a powerful tool for optimization of the two-

dimensional Gas-Chromatographic system. And perhaps, making use of the 

error assessment in the prediction to apply Bayesian multi objective 

optimization as a probabilistic optimization tool. 

The possibility to automatically match the peak tables and to find the 

thermodynamic parameters (i.e. ∆𝑆 and ∆𝐻) can give an insight into the 

classification of the compounds, perhaps in the space of  ∆𝑆 - ∆𝐻 where new 

patterns may emerge which can bring more understanding on the link 

between the structure if the compounds and the retention mechanism. 

The work from chapter 3 – peak tracking  in GCxGC-FID – may be 

extended in the CGxCG-MS domain if an adequate prior is used, as in this 

case, the SimDist approach may not be appropriate due to non-linearity of 

the detector. The framework from chapter 4 – JS divergence for pairwise 

comparison of GCxGC-TOFMS datasets – can be further optimized if the 

algorithm would be applied only for preliminary detected peaks.  
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The deconvolution algorithm from the fifth chapter can be further 

improved by applying a sequential analysis. That is to say, to exclude 

sequentially from the data matrix the spectra that has the highest ranking 

value and the corresponding centroids and perform the last step of the 

algorithm again. 

It is but my hope that the private partners, and the chemometrics 

community in general, will benefit from the legacy left by the project in 

which all the work described here was done. 
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SUMMARY 

One of the major aspects in gas chromatography data analysis is the 

link of the evidences from the data with the previous knowledge or 

“believes” upon the information being extracted. Taking into account the 

errors provided by the instrumentation the answer itself should have a sort 

of degree of “possibility”. This is the essence of the Bayesian approach. The 

answer provided by this framework is probabilistic and may seem to be 

sometimes difficult to operate with. However, a probabilistic answer is often 

preferred to a deterministic one when the cost function is high or when the 

uncertainty upon the estimated parameter, hypothesis under test or value 

of interest is high. The aim of this thesis is to bring the benefits of the 

Bayesian statistics into the field of gas chromatography.  

In the second chapter is presented a computational physical model of 

GC×GC, capable accurately to predict retention times in both dimensions. 

Once fitted, the model is used to make predictions, which are always subject 

to error. Hence, the prediction can result rather in a probability distribution 

of (predicted) retention times than in a fixed (most likely) value. 

Implementing the Bayesian paradigm with a flat prior, the confidence 

intervals are approximately the same as the credible intervals. In other 

words, the confidence interval in this case actually give, with a good 

approximation, the 95% probability to have the predicted value within the 

outlined limits. Overfitting is one of the major concerns when fitting 

unknown parameters. In the second chapter is described the application of 

the k-fold cross-validation technique to avoid the problem of overfitting and 

to assess the errors of the predictions. Another technique of error 

assessment proposed in the same chapter is the use of error propagation 

using Jacobians. The robustness of any optimization algorithm is 

considerably improved if the predictions are regarded as intervals rather 

than precise values.  



Summary 

145 
 

In chapter three a novel peak tracking method based on Bayesian 

statistics is proposed. The method described in this chapter consist of a 

probabilistic assignment of peaks between two GCxGC-FID peak tables of 

the same sample taken in different conditions. That is to say, the result of 

the algorithm is a list of possible candidates ranked by the posterior 

probability of matching. The algorithm proved to be fast and accurate (78% 

of the selected peaks were ranked with maximum posterior value). 

The forth chapter describes an algorithm aimed to highlight in a 

probabilistic way the differences between two GCxGC-TOFMS data sets. One 

sample being considered the “reference sample” and the other, with 

potential adducts, is the “query sample”. The comparison is based on the 

evaluation of the Jensen-Shannon divergence between subsets of data from 

both chromatograms (i.e. moving windows) which eliminates the 

misalignment problem. The probabilistic answer is further provided by the 

use of Bayesian factor. In the same chapter was proven that this approach 

is a versatile tool in gcxgc-ms data analysis, especially when the differences 

are embedded inside a complex matrix. The algorithm was tested on diesel 

samples.  

In the fifth chapter a complete, probabilistic deconvolution algorithm for 

high resolution GC-Orbitrap data is proposed. The novelty of the method is 

the fact that the problem of the number of components is tackled in a 

Bayesian probabilistic way. The algorithm first estimates the retention 

times, peak with and the peak height for each mass-channel (i.e. for each 

ion). The statistical dependency between m/z channels was implied by 

including penalties in the objective function. Further, the Expectation 

Maximization algorithm is used to cluster the compounds in the “retention 

time – peak with” spabce. Bayesian Information Criterion (i.e. BIC) was 

used as Occam’s razor for the probabilistic assessment of the number of 

components. The result of the algorithm is a list of possible components 

with a ranking value associated to each compound in the list.  
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SAMENVATTING 

Een van de belangrijkste aspecten in gaschromatografie is de link tussen 

de evidenties van de data met eerdere kennis of veronderstellingen 

gebouwd op onttrokken informatie. Door de fouten veroorzaakt door de 

instrumenten in achting te nemen, zou het antwoord zelf een inherente 

vorm van waarschijnlijkheid moeten hebben. Dit is de essentie van een 

Bayesiaanse aanpak. Het antwoord gegeven door dit kader is probabilistisch 

en ermee werken kan soms als moeilijk worden gezien. Desondanks wordt 

een probabilistisch antwoord vaak verkozen boven een deterministisch 

antwoord als de kostenfunctie hoog is of wanneer de waarschijnlijkheid op 

de geschatte parameter, de geteste hypothese of beoogde waarde hoog is. 

Het doel van deze thesis is om de voordelen van Bayesiaanse statistiek naar 

het veld van gaschromatografie te brengen. 

In het tweede hoofdstuk wordt een computationeel fysisch model van 

GCxGC gepresenteerd, waarmee accurate retentietijden in beide dimensies 

kunnen worden voorspeld. Na het fitten kan het model worden gebruikt om 

voorspellingen te doen, die altijd onderworpen zijn aan fouten. Hierdoor kan 

de voorspelling resulteren in een waarschijnlijkheidsdistributie van 

(voorspelde) retentietijden in plaats van een vaste (meest waarschijnlijke) 

waarde. Door een platte prior in het Bayesiaanse paradigma te 

implementeren, zijn de waarschijnlijkheidsintervallen ongeveer hetzelfde 

als de geloofwaardige intervallen. In andere woorden, het 

betrouwbaarheidsinterval kan eigenlijk in dit geval, met goede benadering 

de 95% waarschijnlijkheid geven om de voorspelde waarde binnen de 

gegeven limieten te vinden. Het ‘overfitten’ is een van de grootste zorgen 

bij het fitten van onbekende parameters. In het tweede hoofdstuk wordt de 

applicatie van de ‘k-fold cross-validation’ techniek beschreven om 
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problemen met overfitten te vermijden en om fouten op de voorspellingen 

vast te stellen. Een andere techniek om fouten te schatten, die in hetzelfde 

hoofdstuk wordt voorgesteld, is het gebruik van foutenpropagatie met 

behulp van Jacobianen. De robuustheid van elk optimalisatie algoritme 

wordt erg verbeterd als de voorspellingen worden gezien als intervallen in 

plaats van precieze waardes. 

In hoofdstuk drie wordt een nieuwe methode om een piek te traceren 

voorgesteld, die op Bayesiaanse statistiek berust. De methode beschreven 

in dit hoofdstuk bestaat uit een waarschijnlijkheid toeschrijven aan pieken 

tussen twee GCxGC-FID piek tabellen van hetzelfde monster onder 

verschillende omstandigheden. Dat zegt dus dat de resultaat van het 

algoritme een lijst is van mogelijke kandidaten, gerangschikt op het 

posterior waarschijnlijkheid om te matchen. Het algoritme bleek snel en 

accuraat te zijn (78% van de geselecteerde pieken werden gerangschikt 

met maximale posterior waarden). 

Het vierde hoofdstuk beschrijft een algoritme met als doel om de 

verschillen tussen twee GCxGC-TOFMS datasets met een probabilistische 

methode te benadrukken. Een monster wordt gezien als de 'referentie' 

monster, en de andere, met mogelijke adducten, is het ‘onderzochte 

monster’. Het verschil berust op de evaluatie van de Jensen-Shannon 

divergentie tussen twee subsets van data van beide chromatograms 

(m.a.w. bewegende ramen) die het ‘misalignment’ probleem elimineren. 

Het probabilistische antwoord wordt verder gegeven door het gebruik van 

het Bayesiaanse factor. In hetzelfde hoofdstuk wordt bewezen dat deze 

aanpak een veelzijdig stuk gereedschap is in GCxGC-MS data analyse, zeker 

als de verschillen worden vastgelegd binnen een complexe matrix. Het 

algoritme werd toegepast op diesel monsters. 

In het vijfde hoofdstuk wordt een compleet, probabilistisch deconvolutie 

algoritme voor hoge resolutie GC-Orbitrap data voorgesteld. De nieuwigheid 

van deze methode is het feit dat het probleem van het aantal componenten 
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wordt aangepakt in een Bayesiaanse probabilistische methode. Het 

algoritme schat eerst de retentietijden, piek breedte en het piekhoogte voor 

elk m/z kanaal (dus voor elk ion). Er wordt verwezen naar de statistische 

afhankelijkheid tussen m/z kanalen door sancties op te nemen in de 

objectieve functie. Verder wordt het verwachtings maximalisatie algoritme 

gebruikt om samenstellingen te clusteren in de 'retentietijd - piekbreedte' 

ruimte. Het Bayesiaanse Informatie Criteria (BIC) wordt gebruikt als 

Ockhams scheermes voor de probabilistische beoordeling van het aantal 

componenten. Het resultaat van het algoritme is een lijst van mogelijke 

componenten met een rang waarde geassocieerd met elk component in de 

lijst. 
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SUPPORTING INFORMATION 

 

CHAPTER 3 - BAYESIAN PEAK TRACKING: A NOVEL PROBABILISTIC APPROACH TO 

MATCH GCXGC CHROMATOGRAMS       

Peak id 

Target Chromatogram Query chromatogram Ground truth Nr of all 
possible 
candida
tes 1tr (s) 2tr (s) 1tr (s) 2tr (s) Prob. Rank 

Fault 
Id 

1 600 1,26 450 0,985 0,998294 1   7 

2 810 1,29 580 1,015 0,929037 1   6 

3 960 1,385 670 1,195 6,07E-07 3 II 6 

4 1030 1,425 710 1,23 1 1   6 

5 1240 1,99 820 1,43 0,666667 1   10 

6 1460 2,255 950 1,515 1 1   7 

7 1640 1,97 1040 1,4 1 1   8 

8 1720 2,04 1080 1,41 1 1   9 

9 2060 3,495 1270 2,125 0,999906 1   4 

10 1920 2,375 1190 1,585 0,999992 1   13 

11 2100 2,155 1280 1,475 0,666614 1   10 

12 2200 2,395 1340 1,59 0,005108 2 III 14 

13 2240 2,07 1360 1,43 0,000124 4 III 13 

14 2290 2,355 1380 1,58 0,00064 2 II 15 

15 2520 2,17 1500 1,49 0,658894 1   16 

16 2560 2,22 1530 1,515 0,049855 3 III 16 

17 2540 2,63 1520 1,705 1 1   12 

18 2650 3,78 1580 2,225 0,998389 1   13 

19 2720 3,605 1620 2,075 0,894625 1   15 

20 3030 3,665 1770 2,185 0,999369 1   13 

21 2690 2,285 1590 1,54 0,003364 4 III 18 

22 2860 2,24 1680 1,535 0,799673 1   13 

23 2940 2,41 1720 1,62 0,999995 1   16 

24 2980 2,725 1750 1,75 0,993393 1   16 

25 3150 5,975 1840 3,115 0 0 IV 0 

26 3580 5,76 2040 3,08 1 1   4 

27 3680 5,045 2110 2,805 0,999079 1   8 

28 3650 4,635 2090 2,64 0,96167 1   9 

29 3630 4,225 2080 2,425 0,98338 1   14 

30 3450 3,375 1990 2,09 1 1   14 

31 3570 3,725 2050 2,225 1,00E+00 1   18 

32 3630 2,47 2070 1,685 0,014277 8 III 17 

33 3840 2,56 2180 1,74 0,333333 2 II 16 
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34 4400 5,965 2480 3,25 1 1   5 

35 4280 5,29 2410 2,91 3,34E-06 2 III 5 

36 4300 4,985 2430 2,835 0,998815 1   7 

37 4260 5,135 2390 2,805 0,801996 1   6 

38 4240 4,755 2400 2,71 0,999999 1   9 

39 4190 4,595 2370 2,645 1 1   13 

40 4250 4,435 2400 2,585 1 1   15 

41 4290 4,37 2430 2,545 0,030978 3 III 13 

42 4320 4 2430 2,395 1,43E-02 3 III 25 

43 4240 3,885 2410 2,33 0,303293 2 II 20 

44 4300 3,58 2430 2,23 0,999997 1   23 

45 4440 3,765 2490 2,29 4,90E-04 3 II 22 

46 4430 4,42 2490 2,57 0,497101 1   15 

47 4470 4,555 2520 2,63 0,931755 1   13 

48 4290 2,675 2410 1,8 0,610104 1   19 

49 4390 2,59 2470 1,78 0,56335 1   18 

50 4450 2,69 2490 1,81 0,999996 1   19 

51 4660 2,905 2600 1,92 1,00E+00 1   22 

52 4920 5,875 2750 3,235 1 1   9 

53 4990 6,15 2790 3,33 0,905842 1   10 

54 4910 5,29 2740 2,98 0,989646 1   12 

55 4870 4,945 2720 2,82 1 1   13 

56 4790 5,01 2680 2,85 1 1   16 

57 4850 4,545 2710 2,645 0,999526 1   16 

58 4750 3,98 2650 2,39 0,657473 1   18 

59 4770 3,82 2660 2,32 0,999985 1   16 

60 4740 2,78 2640 1,87 0,217086 3 II 14 

61 4770 2,795 2660 1,875 0,040002 2 II 12 

62 4840 2,74 2690 1,855 0,993264 1   12 

63 4920 3,08 2740 2,03 0,845829 1   14 

64 5600 6,345 3100 3,45 0,513994 1   8 

65 5550 6,305 3070 3,43 1 1   6 

66 5540 6,075 3070 3,325 1 1   10 

67 5470 6,03 3030 3,31 1 1   11 

68 5390 5,82 2990 3,215 0,666667 1   13 

69 5350 6,06 2970 3,32 1 1   9 

70 5260 6,18 2920 3,36 0,011912 2 III 10 

71 5340 5,825 2970 3,195 0,620872 1   13 

72 5290 5,59 2940 3,12 1 1   11 

73 5340 5,245 2960 3 1 1   17 

74 5410 4,915 3000 2,785 0,973242 1   23 

75 5460 4,895 3020 2,815 0,999981 1   22 

76 5430 4,065 3000 2,445 0,635465 1   22 

77 5410 4,02 2980 2,43 0,666665 1   22 
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78 5390 2,91 2970 1,955 0,666667 1   10 

79 5750 6,25 3160 3,435 0,999997 1   11 

80 5840 7,09 3230 3,735 0 0 IV 0 

81 5820 6,56 3210 3,56 3,26E-09 5 III 5 

82 5710 7,055 3160 3,8 0 0 IV 0 

83 5900 5,935 3250 3,29 0,666667 1   19 

84 6030 6,285 3320 3,42 0,999952 1   11 

85 6600 5,69 3590 3,145 1 1   16 

86 6470 6,335 3540 3,485 1 1   20 

87 6410 6,15 3510 3,39 1 1   21 

88 6340 5,275 3470 3 9,59E-01 1   9 

89 6520 4,13 3540 2,545 0,081268 4 I 28 

90 6410 4,42 3500 2,645 9,74E-13 12 III 26 

91 6390 4,345 3490 2,605 2,34E-10 10 III 23 

92 6330 4,35 3460 2,61 0,666003 1   22 

93 6290 4,36 3440 2,62 0,666667 1   23 

94 6440 3,205 3510 2,115 0,656037 1   12 

95 7090 4,59 3840 2,725 0,999985 1   26 

96 7160 4,63 3870 2,755 1 1   24 

97 7670 5,185 4130 3,04 1,00E+00 1   18 

98 7450 4,45 4020 2,675 9,63E-05 5 III 26 

99 7730 4,7 4160 2,81 1 1   26 

100 7960 4,035 4280 2,51 0,999999 1   16 

101 8210 4,11 4400 2,595 0,666667 1   18 

102 7690 3,88 4140 2,49 1 1   12 

103 7420 3,715 4000 2,425 1 1   10 

104 5620 4,08 3090 2,47 0,666589 1   19 

105 5700 3,985 3150 2,455 0,950395 1   20 

106 5550 3,815 3080 2,37 1,72E-05 6 III 21 

107 5370 3,15 2960 2,075 1 1   15 

108 5700 2,99 3130 1,99 0,666667 1   12 

109 5580 3,46 3080 2,2 0,999764 1   23 

110 5980 3,585 3280 2,275 9,72E-01 1   16 

111 5760 3,25 3160 2,145 1 1   15 

112 5940 3,11 3250 2,065 1 1   11 

113 6130 3,38 3350 2,2 1 1   18 

114 6480 3,51 3530 2,225 0,998687 1   19 

115 6360 3,675 3470 2,33 1,98E-11 9 III 22 

116 6810 3,605 3690 2,315 1 1   20 

117 7120 3,705 3850 2,37 1 1   23 

118 3200 3,8 1860 2,255 1 1   13 

119 3240 3,96 1880 2,355 1 1   12 

120 3290 3,845 1900 2,31 1 1   14 

121 3340 4,045 1930 2,365 1 1   11 
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122 3420 3,97 1970 2,33 0,541038 1   15 

123 3580 4,345 2060 2,5 0,122269 2 II 11 

124 3730 3,855 2130 2,295 0,79982 1   20 

125 3770 3,875 2150 2,32 0,799965 1   22 

126 4090 4,225 2320 2,49 0,985864 1   16 

127 4080 4,135 2310 2,445 0,999866 1   20 

128 4010 3,92 2290 2,35 0,999596 1   23 

129 3380 2,82 1950 1,815 0,885356 1   16 

130 3440 2,67 1970 1,765 0,986127 1   18 

131 3500 2,6 2010 1,715 0,999988 1   18 

132 4190 3,49 2380 2,165 0,982166 1   22 

133 4110 3,375 2330 2,12 0,988226 1   23 

134 4500 2,9 2520 1,9 0,666667 1   27 

135 4700 3,19 2630 2,035 2,32E-05 8 II 20 

136 5160 3,27 2860 2,12 0,570828 1   15 

137 8460 4,24 4530 2,645 0,979876 1   23 

138 8690 4,375 4640 2,715 0,028084 2 III 18 

139 8260 4,815 4430 2,86 3,63E-12 16 I 26 

140 8190 5,06 4400 2,98 4,13E-14 17 I 25 

 

Table S3.1. The table includes the coordinates of the validation set in retention time domain 

(columns 2 to 5) for the target and query chromatogram respectively. In column 6 the posterior 

values for the ground truth are listed. The 7th shows the ranking and the 8th column shows the 

corresponding fail type. The last column is referred to the number of possible candidates included 

within the searching area. Note: the last column indicates 0 for the peaks that are excluded from 

the searching area as it is not relevant in this case to indicate how many candidates were within 

the searching area.    
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Figure S3.1.The location of the validation set including the rank label (the ranks higher than 3 

have the same marker to ease the readability of the image). Rank 0 indicates the exclusion of 

the ground truth from the searching area. 

 

Figure S3.2. The locations of the peaks ranked differently than 1, labeled according to their 

failure group. 
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Figure S3.3. Three examples for each of the failure group are shown from top to bottom: I - 

Retention time shift, II – Coelution in one of the chromatograms and III - nonlinearity in the 

transformation function. The tiles on the left (i.e. I.a, II.a and III.a) correspond to the target 

chromatogram and are centered in the target peak. The tiles on the right side (i.e. I.b, II.b and 
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III.b) are the corresponding tiles from the query chromatograms at the maximum likelihood 

estimation centered in the ground truth. The roman indices point to the type of failure.  

 

Figure S3.4. The PTMA algorithm scheme is presented. After the preprocessing step and CI 

calculation, a “for” loop is included that will calculate the posterior for each target. For each 

candidate within the searching area, a set of slopes is changed and the likelihood is calculated. 

Eventually, at the end of the likelihood calculation, the posterior is obtained by multiplying the 

likelihood with the prior.  
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CHAPTER 4 - USE OF BAYESIAN STATISTICS FOR PAIRWISE COMPARISON OF 

MEGAVARIATE DATA SETS: EXTRACTING MEANINGFUL DIFFERENCES BETWEEN GCXGC-

MS CHROMATOGRAMS USING JENSEN−SHANNON DIVERGENCE 

Table S4.1. List of compounds constituting the solution MegaMix at the concentration of 1 mg/L.   

# Name m/z 1tR (s) 2tR (s) Group 

1 Phenol, 2-fluoro- 112 373 1.220 1 

2 Phenol-d6- 99 535 1.600 1 

3 Aniline 93 535 1.880 1 

4 Phenol 94 538 1.600 1 

5 Bis(2-chloroethyl) ether 93 553 1.660 1 

6 Phenol, 2-chloro- 128 553 1.540 1 

7 Benzene, 1,3-dichloro- 146 580 1.440 1 

8 Benzene, 1,4-dichloro- 146 592 1.500 1 

9 Benzyl alcohol 79 628 1.840 1 

10 Benzene, 1,2-dichloro- 146 631 1.560 1 

11 Phenol, 2-methyl- 108 664 1.660 1 

12 Bis(2-chloroisopropyl) ether 45 667 1.440 1 

13 Ethane, hexachloro- 117 697 1.400 1 

14 1-Propanamine, N-nitroso-N-propyl- 70 700 1.660 1 

15 Phenol, 3-methyl- 107 700 1.700 1 

16 Nitrobenzene-D5 82 718 2.040 1 

17 Benzene, nitro- 77 724 2.040 1 

18 Isophorone 82 784 1.760 1 

19 Phenol, 2-nitro- 39 802 1.940 1 

20 Phenol, 2,4-dimethyl- 107 829 1.660 1 

21 Methane, bis(2-chloroethoxy)- 93 853 1.780 1 

22 Phenol, 2,4-dichloro- 63 859 1.740 1 

23 Benzene, 1,2,4-trichloro- 180 880 1.660 1 

24 Naphthalene 128 892 1.860 2 

25 p-Chloroaniline 127 925 2.200 1 

26 
1,3-Butadiene, 1,1,2,3,4,4-
hexachloro- 225 946 1.380 

1 

27 Phenol, 4-chloro-3-methyl- 107 1069 1.880 1 

28 Naphthalene, 2-methyl- 142 1072 1.820 2 

29 Naphthalene, 1-methyl- 142 1105 1.880 2 

30 Hexachlorocyclopentadiene 237 1144 1.460 1 

31 Phenol, 2,4,6-trichloro- 97 1165 1.840 1 

32 Phenol, 2,4,5-trichloro- 97 1168 1.840 1 

33 1,1'-Biphenyl, 2-fluoro- 172 1192 1.840 1 

34 Naphthalene, 2-chloro- 162 1204 1.940 1 

35 o-Nitroaniline 65 1249 2.620 1 

36 Benzene, 1,4-dinitro- 30 1291 2.740 1 

37 Acenaphthylene 152 1315 2.100 2 

38 Benzene, 1,3-dinitro- 30 1321 2.680 1 

39 Dimethyl phthalate 163 1330 2.240 1 

40 Benzene, 2-methyl-1,3-dinitro- 63 1339 2.500 1 
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41 Benzene, 1,2-dinitro- 30 1354 2.800 1 

42 Acenaphthene 153 1372 2.040 2 

43 m-Nitroaniline 65 1372 2.800 1 

44 Phenol, 2,4-dinitro- 63 1405 2.510 3 

45 Dibenzofuran 168 1417 2.020 1 

46 Phenol, 4-nitro- 139 1444 2.400 3 

47 Benzene, 1-methyl-2,4-dinitro- 89 1441 2.420 1 

48 Phenol, 2,3,4,6-tetrachloro- 232 1459 1.960 1 

49 Phenol, 2,3,5,6-tetrachloro- 232 1471 1.980 1 

50 Fluorene 166 1513 2.040 2 

51 Benzene, 1-chloro-4-phenoxy- 141 1528 1.860 1 

52 Diethyl Phthalate 149 1531 1.980 1 

53 p-Nitroaniline 65 1543  3.020 1 

54 Phenol, 2-methyl, 4,6-dinitro- 51 1555 2.240 3 

55 Diphenylamine 169 1567 2.140 1 

56 Azobenzene 77 1570 1.940 1 

57 Phenol, 2,4,6-tribromo- 62 1585 2.180 1 

58 Benzene, 1-bromo-4-phenoxy- 169 1662 1.960 1 

59 Benzene, hexachloro- 284 1686 1.880 1 

60 Phenol, pentachloro- 266 1746 2.050 3 

61 Phenanthrene 178 1774 2.240 2 

62 Anthracene 178 1786 2.240 2 

63 Carbazole 167 1846 2.600 1 

64 Dibutyl phthalate 149 1994 1.740 1 

65 Fluoranthene 202 2106 2.400 2 

66 Pyrene 202 2162 2.540 2 

67 p-Terphenyl-d14 244 2238 2.180 1 

68 Benzyl butyl phthalate 149 2410 2.120 1 

69 Bis(2-ethylhexyl) adipate 129 2454 1.220 1 

70 Benz[a]anthracene 228 2506 2.620 2 

71 Chrysene 228 2514 2.700 2 

72 Bis(2-ethylhexyl) phthalate 149 2594 1.480 1 

73 Di-n-octylftalaat 149 2758 1.540 1 

74 Benzo[b]fluoranthene 252 2786 2.820 2 

75 Benzo[k]fluoranthene 252 2794 2.810 2 

76 Benzo[a]pyrene 252 2862 3.030 2 

77 Indeno[1,2,3-cd]pyrene 276 3110 3.270 2 

78 Dibenz[a,h]anthracene 278 3118 3.190 2 

79 Benzo[ghi]perylene 276 3158 3.500 2 
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CHAPTER 5 - A BAYESIAN APPROACH TO PEAK DECONVOLUTION AND LIBRARY SEARCH 

FOR HIGH RESOLUTION GC-MS 

S.5.1. Interpolation algorithm 

Let 𝑆 be the spectra at the id 𝜏 in the database, 𝑆 =

 [𝑚𝑧1, 𝐼1;  𝑚𝑧2, 𝐼2;  …𝑚𝑧𝑖, 𝐼𝑖; …  𝑚𝑧𝐼 , 𝐼𝐼]. Let 𝑎 be the vector of data at one 

retention time, 𝑎 =  [𝑚𝑧1, 𝐼1;  𝑚𝑧2, 𝐼2;  …𝑚𝑧𝑗 , 𝐼𝑗; …  𝑚𝑧𝐽, 𝐼𝐽]. And let 𝜎𝑠 be the 

standard deviation of the mass-to-charge values of the 𝑆 calculated as 

follows. 

∆𝑠= 𝑚𝑒𝑑𝑖𝑎𝑛(𝑚𝑧𝑖 −  𝑚𝑧𝑖−1) 

The interpolated spectra S’ is obtained as follows: 

𝑆′
𝑗 = ∑𝐼𝑖𝑒

(−
(𝑚𝑧𝑖− 𝑚𝑧𝑗)

2

2∆𝑠
)

𝐼

𝑖=1

 

 

 
Figure S 5.1 Retrieved spectra at 2.5024s and 2.5108 with corresponding identified false 
positives for the Case 1 
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Figure S 5.2 Retrieved spectra at 2.5064s with corresponding identified false positive for 
the Case 2 

 

 
Figure S 5.3 (a) - Spectrum of Octachlorostyrene (𝜏 = 92), (b) - Spectrum of Acetamiprid (𝜏 = 441), 
(c) - Spectrum of Norea (𝜏 = 447) compared with the spectra of the compound used for the 
simulation. The magenta ellipse points to the mass channels that can cause high correlation. 
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Figure S 5.4 Spectrum of the Isofenphos in the data (bottom, negative) and Isofenphos in the 
library (top, positive). 

 

 
Figure S 5.5 Spectrum of Bromfenvinphos and Chlorfenvinphos. 
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