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Abstract 
Comprehensive 2D gas chromatography coupled with mass spectrometry (GC × GC–MS) is a powerful analytical technique. However, 
the complexity and volume of data generated pose significant challenges for data processing and interpretation, limiting a broader 
adoption. Chemometric approaches, particularly multiway models like Parallel Factor Analysis (PARAFAC), have proven effective in 
addressing these challenges by enabling the extraction of meaningful chemical information from multi-dimensional datasets. However, 
traditional PARAFAC is constrained by its assumption of data tri-linearity, which may not be valid in all cases, leading to potential 
inaccuracies. To overcome these limitations, we present GcDUO, an open-source software implemented in R, designed specifically for 
the processing and analysis of GC × GC–MS data. GcDUO integrates advanced chemometric methods, including both PARAFAC and 
PARAFAC2, for a more accurate and comprehensive analysis. PARAFAC is particularly useful for deconvoluting overlapping peaks and 
extracting pure chemical signals, while PARAFAC2 relaxes de tri-linearity constraint, allowing the alignment between samples. The 
software is structured into six modules—data import, region of interest (ROI) selection, deconvolution, peak annotation, data integration, 
and visualization—facilitating comprehensive and flexible data processing. GcDUO was validated against the gold-standard software for 
comprehensive GC, demonstrating a high correlation (R2 = 0.9) in peak area measurements, confirming its effectiveness and reliability. 
GcDUO provides a valuable, open-source platform for researchers in metabolomics and related fields, enabling more accessible and 
customizable GC × GC–MS data analysis. 

Keywords: GC × GC–MS; multi-dimensional chromatography; metabolomics; chemometrics; PARAFAC; PARAFAC2; open-source 
software 

Introduction 
Comprehensive 2D gas chromatography (GC × GC–MS) has 
emerged as a powerful analytical tool for the untargeted 
analysis of complex samples [1–3]. However, the difficulties in 
the analysis of the data have prevented its widespread use [4, 
5]. Together with the new commercial systems that increase 
resolution significantly, the data obtained has grown and its 
manipulation has become a serious computational issue [6]. 
In response to this, chemometrics—a multidisciplinary field 
integrating mathematics, statistics, and formal logic [7]—has 
been essential in maximizing the chemical information extracted 
from complex datasets, ensuring the appropriateness of the data, 
signal enhancement, noise minimization, and model building to 
get meaningful information about the sample measured. 

Tensor methods, also known as multiway models, have proven 
to be a valuable option for extracting meaningful patterns from 
complex metabolomics datasets [4]. The tridimensionality inher-
ent in GC × GC–MS data makes it an ideal input for chemometric 
tools such as Parallel Factor Analysis (PARAFAC) [8], although 

to preserve the tri-linearity of the data, careful experimental 
design is required [1, 4, 9, 10]. Despite the proven effectiveness 
of PARAFAC in GC–MS data analysis [11], its use in comprehen-
sive analysis software using GC × GC–MS data in open-source 
platforms remains scarce. This is mainly caused by two reasons, 
one being the computational cost, and the second being the 
necessity to have prior knowledge of the components present in 
the samples. Furthermore, in untargeted analysis, the regions of 
interest (ROIs) are unknown whereas the selection of an accurate 
region for analysis helps in the deconvolution of peaks as less 
interferences is found [12]. Commercial software, however, often 
fails in providing comprehensive data interpretation, necessitat-
ing the development of advanced chemometric tools [10]. 

PARAFAC, widely employed in multi-way chromatography since 
the early 2000s, decomposes high dimensional data into a lin-
ear combination of second order tensors, enabling the differ-
entiation between analyte signal and background noise [8, 13]. 
However, optimization of parameters such as the number of 
components and matrix dimensions are essential for accurate
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analysis [10], making the automatization of the process difficult. 
Another major concern is the requirement of data tri-linearity 
for the use of the PARAFAC algorithm. Lately, an extension of 
PARAFAC, PARAFAC2, has been proposed, offering a solution as 
fewer restrictions on the data structure are required, allowing 
the loss of tri-linearity caused by misalignment between samples. 
In other words, the model does not assume the exact same 
shape for the same compound peak between samples [14]. To 
solve the tri-linearity requirement, multivariate curve resolution-
alternative least squares (MCR-ALS) presents a different method 
but is limited by the lack of unique solutions and the require-
ment of bi-linearity in the data [1, 10]. This implies that their 
application to GC × GC–MS requires data unfolding, avoiding the 
simultaneous sample analysis and maintaining its original struc-
ture, which causes loss of information. Another proposal, PAR-
ADISe (PARAFAC2-based Deconvolution and Identification Sys-
tem) is a software tool designed to extract comprehensive chem-
ical/metabolite information from raw GC–MS [11]. However, PAR-
ADISe ROIs are selected manually. Selecting the ROIs in GC × GC– 
MS data is a crucial step in the data analysis process since it 
determines the specific portion of the chromatogram to work in 
each iteration. Moreover, manual selection becomes problematic 
in untargeted analysis, where the exact number of compounds is 
unknown, and in large datasets, where the process is highly time-
consuming. 

Several software options are available for GC × GC–MS data 
analysis. Commercial solutions, which require a license, are typi-
cally designed to perform all steps through a graphical user inter-
face [15]. The most used is ChromaTOF™ (LECO Corp., USA), which 
handles complex datasets by relying on peak tables. However, 
it requires a large computational capacity and can be challeng-
ing to use with large datasets [6]. Other software includes GC 
Image™ (Zoex Corp., USA) and GasPedal (DecoDon Software UG, 
Germany), which are specialized in visualization using an image-
based approach [16, 17]; Chromspace® (SepSolve Analytical Ltd, 
UK) offering an intuitive interface for non-targeted analysis [1]; 
and AnalyzerPro® XD (SpectralWorks Ltd, UK), a GC–MS software 
adapted for GC × GC–MS. Additional commercial options include 
Canvas-2DGC® (J&X Technologies, China), ChromSquare®, and  
GasPedal®. Open-source alternatives, such as R packages like 
gcxgclab [18] or RGC × GC [19], are also available. The package 
gcxgclab focuses on pre-processing tasks such as peak detection 
and alignment, while RGC × GC transforms the 3D data into 2D 
for the application of classical GC–MS methods. Their main lim-
itation is that these tools process samples individually and then 
combine results, which is computationally expensive and prone 
to peak alignment errors. Without batch processing, it becomes 
difficult to identify and correct systematic errors that may affect 
all samples in an analytical run. Therefore, there is a need for 
open-source software with batch processing features, something 
lacking in GC × GC. 

Here, we present GcDUO—an open-source data processing soft-
ware - that enables annotation, deconvolution, and analysis of 
batch GC × GC–MS data. GcDUO uses raw data to extract the 
features without any previous knowledge of the samples and 
then deconvolute and identify them. The GcDUO batch approach 
ensures consistency in peak detection, alignment, and annotation 
across all samples. We have thoroughly evaluated the differ-
ences in data deconvolution when using PARAFAC and PARAFAC2 
algorithms. Through extensive testing against the gold-standard 
software for comprehensive GC–MS, ChromaTOF, we showcase 
GcDUO’s potential in addressing the challenges of metabolomics 
data analysis with GC instruments. GcDUO is implemented in the 

R software platform and is available at GitHub: https://github. 
com/mariallr/GcDuo. 

Materials and methods 
Software architecture 
GcDUO comprises six modules: data import, ROI selection, decon-
volution, peak annotation, data integration, and visualization. 
GcDUO accepts Computable Document Format (CDF) files, a non-
vendor-specific format, and therefore an open standard, which 
contains raw data as input (Fig. 1). GcDUO is implemented as a 
package in the R programming language. 

Module I: data import 
The data import module extracts individual vectors of intensities 
and mass-to-charge values from the CDF files, which are stan-
dardized formats that store the raw data captured by the mass 
spectrometry (MS), making data open and accessible [20]. These 
vectors are folded into a 4D tensor (I × J × K × L tensor) where 
the I dimension or mode is related to sample identifiers, J is for 
the mass to charge ions (m/z), K is for the acquisition values of 
the second-dimension time, and L is for the acquisition values 
of the first-dimension time. To construct the tensor, information 
on modulation (period between pulses) and mass-to-charge range 
needs to be provided. 

The netCDF data is stored as independent vectors, including 
“scan_acquisition_time,” “intensity_values,” “mass_values,” and 
“point_count.” The “scan_acquisition_time” vector provides 
equidistant acquisition time points, and “point_count” is used to 
extract corresponding intensity and mass pairs. This information 
is organized into a list containing the time point and mass-
intensity pairs. For non-nominal mass resolution, mass values are 
converted to integers, grouped, and padded with zeros to ensure 
equidistant mass-to-charge fragments. The matrix is constructed 
using the frequency and the modulation to fold the vectors. When 
second-dimension shifting is required, zero values are added at 
the beginning to create the necessary positions. 

Module II: Region of interest (ROI) selection by inverse 
watershed algorithm 
The inverse-watershed algorithm is used for ROI selection as it 
effectively identifies prominent objects against the background. 
The watershed algorithm is applied within a rolling window 
framework, where data is partitioned into smaller sections 
based on the selected number of modulations. This step ensures 
accurate detection of peaks that might otherwise be truncated at 
window boundaries. To decrease the processing time and increase 
efficiency, a rolling window spanning several modulations 
(between 2 and 4 are recommended) is applied to partition data 
prior to applying the inverse watershed algorithm [21]. Briefly, 
the algorithm evaluates the data to find prominent points and 
then delimits their region in a 2D space. The algorithm output 
is “blobs,” which refer to 3D-peaks and their 2D coordinates 
[22]. Subsequently, the blobs undergo an evaluation using the 
minimum signal-to-noise (s/n) ratio determined by the user. For 
instance, an s/n of 10 means that the apex peak intensity must 
be 10 times higher than the noise, which is determined in low-
frequency regions (beginning/end of the modulation) within each 
ROI. Furthermore, to qualify as a peak, we considered that blobs 
must contain a minimum of five points in the second column (K) 
dimension. The Gaussian shape of those chromatographic peaks 
is evaluated to distinguish between noise and chromatographic 
peaks. This evaluation ensures that the entire peak form is
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Figure 1. Workflow of GcDUO algorithm. It comprises six modules: Module I: (data import) from raw CDF files the vectors obtained are folded into 
a 4D matrix. Module II: (ROIs selection) ROIs are detected using the watershed algorithm. ROIs are evaluated by signal-to-noise ratio (s/n). Module 
III: (blind PARAFAC) deconvolution of peaks is performed with a PARAFAC algorithm applied sample-to-sample iteratively to determine the proper 
number of components. Consistency between results obtained between samples is checked and duplicates are removed using spectral similarity. GcDUO 
coordinates are kept for next modules. Module IV: annotation-obtained components are matched against a library using cosine similarity and (optionally) 
retention index. Module V: (constrained PARAFAC) a PARAFAC2 model is applied using the information obtained from previous steps: retention time 
windows, number of components, and the spectra identified, which is constrained. The obtained results are evaluated by their Gaussian form and 
signal-to-noise ratio. The area is calculated using the area under the curve. Module VI: data visualization different data visualizations are available 
using 3D, 2D, and the resolved peak plots. Created with Biorender.com. 

encapsulated within the blob, serving as a quality control measure 
for the watershed algorithm. 

This process iterates across each data window, with blob posi-
tions retained as ROIs for subsequent modules. Since the rolling 
window framework involves overlapping sections of data, some 
duplicates in blob detection may occur. These duplicates are 
systematically identified and removed in later processing stages 
to ensure unique and accurate ROI selection. 

Module III: deconvolution by blind PARAFAC algorithm 
To ensure the tri-linearity of the data, the PARAFAC algorithm is 
applied iteratively to each individual sample i and blob f [9, 23], 
so a 3D tensor (J × K × L or m/z × RT2 × RT1) is used. As the tensor 
can become large, a computational strategy involving windowing 
L (first retention time) is applied. Therefore, the PARAFAC model 
Xijk,l per each sample, i, mass  spectra  j and second retention 
time k is applied iteratively across the running window l for the 
first retention time. The PARAFAC model used is represented 

by Eq. (1): 

Xijk,l = 
F∑

f=1 

Ajf Bkf Dlf + Eijk,l (1) 

where Ajf are the loadings for the first mode (mass spectra j), 
Bkf are the loadings for the second mode (second retention time 
k), Dlf are the loadings for the first mode (rentention time l), F is 
the number of factors or components and Eijk,l is the residuals of 
the decomposition in the current window l. To streamline com-
putational efficiency, the mass-to-charge dimension is reduced 
by selecting only the fragments with the highest percentage of 
variation. By default, the top 5% fragments are chosen, although 
users have the flexibility to adjust this parameter. 

Prior to applying the PARAFAC algorithm, data must satisfy the 
prerequisites, a minimum of five points in the K dimension (sec-
ond column) and a Gaussian chromatographic shape of the peak, 
therefore, the maximum point must exceed the noise threshold 
set by the user.
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Subsequently, the algorithm is iteratively applied to determine 
the appropriate number of components. The number of com-
ponents is increased effectively until the model’s R2 ceases to 
improve, and the Tucker congruence exceeds 0.9 [24]. Components 
derived from the PARAFAC algorithm undergo automatic scrutiny 
to eliminate any artifacts, with a minimum model score required. 
A maximum model score of less than 1 indicates a poor contribu-
tion to the component and is therefore excluded. 

Since the algorithm is employed with a rolling window, it is 
probable that certain components describe identical chemical 
peaks. To avoid redundancy within each sample, duplicates of 
features exhibiting matching retention time, intensity and higher 
m/z fragments are removed. Moreover, overlap between samples 
is assessed by grouping features based on retention time in the 
first dimension and the highest m/z fragment. Subsequently, 
spectral similarity is evaluated using the dot product, with a 
minimum threshold of 60% required for features to be considered 
identical chemical peaks across samples. Features detected in 
only one sample are discarded. Then a consensus spectrum is 
created by the mean of all samples with that detected feature 
[25]. The iteration and the data size of GC × GC–MS samples make 
this process lengthy. With the goal to reduce the computational 
time, all the processes have been parallelized using the R package 
parallel. 

Module IV: peak annotation 
Prior to implementing the constrained PARAFAC2 model, the con-
sensus spectra are matched against a library using cosine similar-
ity and retention index, as described elsewhere [26]. The function 
will consider an identification as correct when the cosine simi-
larity exceeds the user-determined threshold, optionally refined 
using the retention index. The matched spectra are then retained 
for use in module V. 

Module V: data integration by the constrained PARAFAC2 
algorithm 
Once initial PARAFAC results are obtained and the model’s robust-
ness across samples is assessed, following the same requisites as 
in module III, this information is used to further refine the model. 
For each detected feature, a new PARAFAC2 model is calculated, 
incorporating parameters such as the number of components, 
chromatographic region for evaluation, and identified compound 
spectra. It uses the same equation as PARAFAC (Equation (1) but  
the matrix Bkf can vary between samples, allowing for different 
elution profiles. Additionally, it does not require strict tri-linearity 
in the data. This approach facilitates the detection of peaks that 
might be missed in samples with low signal intensity. The library 
spectra are imposed in the PARAFAC2 model. By constraining 
one mode, improvements in chromatographic elution profile are 
observed, allowing the algorithm to effectively identify chemical 
peaks with minimal variation from noise. Upon completion, the 
area and intensity of each peak are obtained from the recon-
structed matrix. Since the PARAFAC2 model uses all the sam-
ples (batch), the detection of peaks in low-concentration samples 
becomes possible. 

Module VI: data visualization 
For visual inspection of the data, we have created three visu-
alization plots (Fig. 1). First a contour plot for each individual 
sample which is useful to visualize problems in its elution (i.e., 
chromatogram). Secondly, a chromatogram from the demodu-
lated data for selected samples, with the purpose of observing 
misalignments between them. Finally, the resolved peaks plot to 

check the form of the peaks in order to discard non-correct peaks 
or shoulders, among others. 

GC × GC–MS datasets 
Training dataset 
To develop the GcDUO software, a public dataset from Weggler 
et al. [27] and available at Harvard Dataverse (KA5BTU) was used. 
A commercial mix of fragrance and allergen standards (Restek, 
Bellefonte, USA) was diluted with methyl tert-butyl ether to the 
concentrations of 2, 1, 0.4, and 0.2 ppb. The internal standard 
used was 20 mg/ml of 1-fluoronaphtalene (Restek, Bellefonte, 
USA). The retention index was calculated by adding 50 mg/ml of 
a standard mixture of n-alkanes (Restek, Bellefonte, USA). Each 
dilution was measured in triplicate. 

Validation datasets 
We tested the results against ChromaTOF software v5.56.53 for 
Pegasus to evaluate the consistency of the results. For validation, 
we used two datasets. 

First, we used a publicly available fruitybeer dataset [28]. 
Briefly, the aroma profile of five beers was investigated using 
purge-and-trap coupled with comprehensive GC and MS. Four 
replicates of each beer sample were analyzed by transferring 
10 ml of degassed beer to a 20 ml headspace vial containing 
1 g of NaCl. The trap-and-purge system was packed with Tenax 
TA before analysis using a Pegasus 4D GC × GC-TOF instrument 
coupled with an Agilent 7890 GC. 

As a second test to evaluate our software, we used an in-house 
dataset obtained from an in-house QC solution, called Breath 
Mix, containing 12 molecules (see Supplementary Table S1 for 
composition) and an n-alkanes solution (13 molecules, C8-C20). 
Both solutions were prepared from pure analytical standards 
and diluted to 1 ppm in methanol and hexane, respectively. The 
solutions were injected into two distinct LECO GC × GC-ToFMS 
systems equipped, respectively, with an LN2 cryogenic and a 
cryo-free modulator. The standard compounds (2-hexanone, p-
xylene, cyclohexanone, 6-methyl-5-hepten-2-one, acetophenone, 
decane, undecane, nonanal, 1-tetradecene, 6,10-dimethyl-5,9-
undecandien-2-one, (Z), 6,10-dimethyl-5,9-undecandien-2-one, 
(E), 1-pentadecene) were purchased at Restek Corp. (Bellefonte, 
USA). The Alkane standard mixture C7-C30 was obtained from 
Sigma-Aldrich (Saint Louis, USA). 

Results and discussion 
The optimization of GcDUO is performed using the training 
dataset. In each module, we evaluated the performance of 
the selected parameters, and their efficiency compared to the 
expected results reported by the authors. To illustrate the 
software’s functionalities, we selected three scenarios: the peak 
for Lilial, the most abundant standard with a well-resolved 
peak; the peak for limonene and 1,8-cineole, two partially 
overlapping peaks with differing concentrations; and the peak for 
4-methoxybenzenyl alcohol, one of the smallest peaks coeluting 
with other components (Supplementary Fig. S1). 

Data import 
Module I reconstructs the 4D matrix from the raw data, obtaining 
the first GcDUO object. The main drawback of using CDF files is 
the limited metadata available, and we have to remember that the 
folding step is of high relevance. The incorrect folding of the 2D 
data to 3D can lead to the loss of tri-linearity or misalignments. A
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Figure 2. Data unfolding to evaluate the peak characteristics (Gaussian form + signal-to-noise) of the detected blobs inside one window. Gray areas show 
the chromatographic peaks detected in the sample’s total ion chromatogram (TIC) from all samples of the standards training dataset. TIC in purple and 
other colors represent specific blobs. 

visual check of the data is convenient before moving to the next 
module, to check if some big misalignments are present. 

ROI selection 
Module II uses the raw GC × GC–MS data matrix to delimitate 
the regions suitable for deconvolution. The training dataset is 
segmented into rolling windows, encompassing all samples while 
preserving the 4D structure. As a result, the prominent points 
of the matrix are identified by the inverse watershed algorithm 
within these windows to precisely delineate the ROI and seg-
ment it into individual peaks. However, the correction of false 
positives (noise peaks or artifacts) is necessarily based on peak 
characteristics. Subsequently, once the ROI is established, peak 
characteristics are assessed through data unfolding. Only peaks 
exhibiting adequate signal-to-noise ratios and conforming to a 
Gaussian form are retained (Fig. 2 and Supplementary Fig. S2). For 
instance, out of 17 initially detected blobs within the window, 4 
blobs fulfilling the requirements are preserved (Fig. 2), while 13 
blobs with a signal-to-noise ratio lower than 100 are not preserved 
(Supplementary Fig. S2). Lowering the signal-to-noise threshold 
to find small peaks, resulted in a notable increase in false posi-
tives, which increases considerably the computational processing 
time. 

Moreover, matrix dimension plays a role in GcDUO. Despite 
that the PARAFAC algorithm can process the entire dataset, 
optimizing the matrix dimensions ensures an effective pre-
processing, improving both computational efficiency and data 

representativeness. To achieve this, the watershed algorithm is 
set to include the minimum features possible within each ROI, 
reducing unnecessary complexity. 

An ROI selection based on coordinates, similar to pixels, has 
the advantage of preserving the raw data [1]. It also has some 
disadvantages, like detecting spurious peaks generated by the 
detector noise and retention time misalignments. Thus, false 
positives can be corrected using some peak characteristics, such 
as the comparison to a Gaussian form. For example, in Blobs 15 
or 9 (Supplementary Fig. S2) the entire shape of the peak was 
not properly selected, but it could be over the signal-to-noise 
threshold leading to false positives. 

Blind PARAFAC 
Module III applies the PARAFAC algorithm to the ROI regions 
selected from each sample individually. A key challenge in using 
PARAFAC for untargeted analysis is determining the correct num-
ber of components, a crucial parameter to obtain accurate results. 
To address this, GcDUO implements an iterative approach to com-
ponent selection, increasing the number of components in each 
iteration and evaluating the results until no additional indepen-
dent components are identified (Supplementary Fig. S3). However, 
even with the correct number of components, not all the informa-
tion extracted necessarily corresponds to chemical peaks, as noise 
can be modeled as a component (Supplementary Fig. S4), particu-
larly in cases of low-abundance peaks (Supplementary Fig. S5). To 
mitigate this, a further requisite is imposed in the blind PARAFAC:
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all the extracted components should show a Gaussian form, a 
similar criterion to the one used during ROI selection. 

To minimize noise modeling, only a fraction of the mass-to-
charge channels is used during the component selection process. 
Specifically, the variation within each window is evaluated, and 
only the top 5% of m/z channels are selected. We observed that 
the mass fragments contributing to the chemical peak represent a 
small part of all fragments collected and that reducing the matrix 
size accelerates the iterative process (Supplementary Fig. S6). 
This approach prevents modeling a great part of the baseline 
noise, as it is characterized to have a low variation across the 
chromatogram. Once the number of components is obtained, the 
algorithm is applied to all mass fragments to ensure the complete 
deconvolution of the chemical peak spectra. 

Annotation 
Module IV (“Annotation”) is performed with MS Search similar-
ity [29] using an in-house library in MSP format. To increase 
the confidence level of identification, GcDUO incorporates the 
option of using retention index (RI) values. The training dataset 
contained 36 compounds (three where not available in our in-
house library). Therefore, from the 33 compounds in our library, 
16 where correctly annotated when no RI was used. When RI 
was used, the correct annotation of compounds increased to 22, 
representing a 37.5% increase in correct annotations compared to 
non-RI annotations (Supplementary Table S2). 

Compound identification in metabolomics poses a consider-
able challenge. Relying on reference libraries or pure compounds 
often limits the identification to level 2 or putative annotation, 
rather than achieving full confirmation. In our case, two of the 
standard compounds reported were not present in our in-house 
library, resulting in alternative annotations. Despite advance-
ments, comprehensive identification of all metabolites in samples 
remains incomplete, as matching relies on cosine similarity or 
the dot product between two vectors [29]. Therefore, additional 
information, such as retention times, co-elution patterns, and 
the context of the analysis, is often crucial for accurate iden-
tifications. Many public software tools use cosine similarity or 
dot product for annotation, including NIST MS Search [30], MS-
DIAL [31], MassBank [32], GNPS [33], MetFrag [34], SIRIUS [34], 
or eRah [25]. In this context, the quality of the spectra being 
compared, and the reference library are critical factors. The suc-
cessful identification of coeluting compounds, 1,8-cineole, and 4-
methoxybenzenyl alcohol, demonstrated the high quality of the 
spectra obtained using GcDUO. 

Constrained PARAFAC2 
Module V focuses on refining the results obtained from previous 
modules, specifically accurate quantification of the peak. While 
PARAFAC yields optimal results with the appropriate number 
of components, iterative processes in module III can introduce 
spurious peaks. Additionally, results improve significantly when 
the ROIs are minimized to encompass only a single chromato-
graphic peak. 

This module utilizes all the information obtained to re-
evaluate the raw data, similar to a targeted approach where 
the expected compound and the retention time are known, but 
with a few modifications compared to module III. The data now 
includes all samples in the dataset, and PARAFAC2 is applied. 
This approach allows for the detection of peaks with low signal-
to-noise ratios (Supplementary Table S3) that were overlooked  
in module III. However, using multiple samples can potentially 
compromise tri-linearity due to misalignments. To address 

this, PARAFAC2 is employed, as it tolerates greater variation 
between samples while preserving the core data structure. 
When PARAFAC, which does not allow for variation between 
samples, is used the resulting chromatograms are perfectly 
aligned (see Fig. 3); however, some ghost peaks may appear due 
to the imposed shape (see example 4-methoxybenzenyl alcohol 
Supplementary Table S3). This peak alignment and impositions 
can sometimes lead to over-quantifications, which is why the 
PARAFAC2-constrained algorithm is preferred only to perform the 
quantification of peaks. Supplementary Fig. S7 provides a detailed 
comparison of the models, displaying the loadings, scores, and 
metrics for PARAFAC and PARAFAC2 from Fig. 3, highlighting the 
improved performance of PARAFAC2. 

The performance of the model varies depending on charac-
teristics of the peaks. For high-abundance peaks, such as Lilial 
(Supplementary Table S3), the constrained PARAFAC2 model 
tends to be more conservative in its quantifications compared to 
the raw area, whereas PARAFAC yields results more consistent 
with ChromaTOF. For small peaks (Supplementary Table S3), 
the constrained PARAFAC model successfully detects peaks at 
all concentrations, where other models fail, though this can 
occasionally lead to over-quantification. In case of overlapping 
peaks (Supplementary Table S3), the constraint model allows 
peak quantification in all samples, though it may result in 
slightly higher values than expected. When the models are 
unconstrained, both PARAFAC and PARAFAC2 preserve the 
original data’s characteristics, yielding results closer to the raw 
data. Nevertheless, as overlapping peaks became more frequent, 
we selected PARAFAC2 for the quantification. 

Validation 
To assess the performance of the GcDUO software, two GC × GC-
TOFMS datasets of two real metabolomics studies were used. To 
illustrate the complexity of the datasets analyzed during valida-
tion, we provide representative chromatograms from the training 
and validation datasets (Supplementary Fig. S8), alongside with 
a representative chromatogram from the training dataset. These 
datasets emphasize the software’s ability to accurately process 
and analyze highly complex chemical matrices. 

The annotation of compounds was tested using the publicly 
available fruitybeer dataset [28], as each flavor contains com-
pounds unique to it. A total of 85% of the 27 peaks reported 
by the authors were successfully annotated with GcDUO, 
with the expected compound present in the matched lists 
(Supplementary Table S4). Only one compound was missing 
from our in-house library. Additionally, three peaks were detected 
(peak picking) but none of the compounds in the in-house library 
exhibited a cosine similarity higher than 0.7, therefore GcDUO 
did not return a result. However, the spectra obtained exhibited 
characteristic fragments of the expected compounds. The non-
detected peaks correspond to small chromatographic signals 
with too few characteristic fragments to deconvolute. Positive 
annotations could be improved by incorporating retention index 
data. No further information was revealed by the authors. 

To validate the information obtained using GcDUO, we ana-
lyzed an in-house set of five dilutions (0.1–1 ppm) of a breath 
mix solution containing 12 compounds (Table S1). We evaluated 
the annotation of expected compounds, the retention time, and 
the peak area comparing the results to ChromaTOF. GcDUO was 
applied to the raw datasets, generating a final peak list of 341 
peaks. The system’s performance was visually assessed to con-
firm the accuracy of the identified peaks. All the compounds 
were detected and positively annotated using the retention index
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Figure 3. Results for 1,8-cineole peak from the training dataset, each color represents a sample. A) EIC/TIC chromatogram for raw data and the results 
of GcDUO. B) EIC/TIC chromatogram for blind PARAFAC results of GcDUO. C) EIC/TIC chromatogram for PARAFAC2 results of GcDUO (constrained 
PARAFAC). EIC in all cases is for m/z 43. D) Spectra obtained with module III (blind PARAFAC) for sample 11 compared to library spectra and E) the final 
spectra obtained with module IV (constrained PARAFAC) compared to library spectra. 

information ( Table 1). However, decane was only detected when 
the signal-to-noise parameter was reduced from 3 to 1. Retention 
times were consistent with those obtained using the vendors’ soft-
ware. Additionally, the peak areas for the 1 ppm sample showed 
a Pearson’s correlation of 0.904 between the two software pack-
ages. The dilutions demonstrated strong linearity, with a mean 
r2 > 0.950 (Supplementary Table S5). These results demonstrate 
the suitability of GcDUO for analyzing raw GC × GC–MS data. 

Limitations 
One of the major limitations of GC × GC–MS data analysis is 
the computational intensity required to handle large and com-
plex datasets. This can result in longer processing times and 
may necessitate the use of high-performance computing environ-
ments to achieve optimal results. Additionally, GcDUO is imple-
mented in R, an environment that is not optimized for handling 
large memory loads or parallel processing in multiple cores, which 
may further challenge its efficiency. Consequently, users need 
some level of expertise to effectively run the code and man-
age these computational demands. Despite efforts to minimize 
memory usage and processing time, relevant information remains 
accessible to the user if desired. For instance, features detected in 
only one sample are not further evaluated in module V, but their 
data is preserved in the results of module III. 

Chemometrics tools, such as PARAFAC, also have inherent 
limitations. One of the primary issues is the tri-linearity assump-
tion, which presumes that the data exhibits tri-linearity. However, 
this assumption is not always true in real datasets, potentially 
leading to inaccurate or misleading results. Therefore, it is crucial 
to visually inspect the raw chromatograms before performing 
peak picking and deconvolution to ensure correct folding of data. 

For datasets lacking trilinearity, models that do not assume tri-
linearity such as MCR, can be applied and yield comparable 
results (Supplementary Table S6) [35, 36]. Another characteris-
tic is PARAFAC’s sensitivity to noise, which can result in the 
detection of non-reproducible components or artifacts. In such 
cases, PARAFAC2 may offer advantages, as it is more robust in 
handling datasets that are noisy or contain unwanted variations 
[13]. Regarding model evaluation, new approaches with higher 
sensitivity are emerging, such as shape-sensitive congruence, 
which will be interesting to assess for component detection [37]. 

As with most software tools in metabolomics, careful valida-
tion and interpretation of the results are essential. Researchers 
must critically evaluate data, particularly when dealing with 
potential artifacts or a small number of components, to ensure 
the accuracy and reliability of their findings. Ultimately, the 
final interpretation of the data depends on the expertise of the 
researcher conducting the analysis. 

Conclusion 
GC × GC–MS is a powerful technique for analyzing complex mix-
tures, but its data complexity poses significant challenges for 
interpretation. GcDUO addresses these challenges by providing 
a comprehensive suite of tools for processing, deconvolution, 
and analyzing raw GC × GC–MS data. The software, implemented 
in R, operates through several key modules: data import, ROI 
selection, deconvolution, peak annotation, and data integration 
and visualization. It accepts non-vendor-specific, standardized 
CDF files and rearranges the data into 4D tensor structures, pre-
serving the GC × GC–MS data structure in every dataset. GcDUO 
leverages advanced chemometric techniques, including PARAFAC 
and its variant PARAFAC2 to handle multi-dimensional data. The
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Table 1. Breath dataset areas comparison between GcDUO and ChromaTOF for the 1 ppm standards mixture 

GcDUO ChromaTOF 

Compound RT1, RT2 (s) Area 1 ppm RT1, RT2 (s) Area 1 ppm 

2-Hexanone 259.98, 1.670 1.11E+07 259.99, 1.660 1.16E+07 
Ethylbenzene 374.97, 1.820 1.95E+07 374.98, 1.807 2.44E+07 
Cyclohexanone 417.47, 2.465 6.29E+06 417.48, 2.449 8.49E+06 
6-Methyl-5-octen-2-one 579.96, 2.070 4.69E+06 579.97, 2.055 4.52E+06 
Ethanone, 2-chloro-2,2-difluoro-1-phenyl- 727.45, 0.430 5.90E+06 727.46, 0.419 1.11E+07 
Decane 604.80, 1.640 5.09E+05 604.96, 1.392 1.90E+05 
Undecane 789.94, 1.430 1.29E+07 789.96, 1.423 9.34E+06 
2-Undecene, (Z)- 797.44, 1.960 2.45E+06 797.46, 1.947 2.05E+06 
1-Tetradecene 1279.91, 1.575 6.65E+06 1279.93, 1.561 5.17E+06 
5,9-Undecadien-2-one, 6,10-dimethyl-, (E)- 1332.41, 2.205 3.27E+06 1332.42, 2.187 1.98E+06 
5,9-Undecadien-2-one, 6,10-dimethyl-, (Z)- 1359.91, 2.230 3.71E+06 1359.92, 2.218 3.29E+06 
3-Heptafluorobutyroxytetradecane 1429.90, 1.595 8.25E+06 1429.92, 1.580 5.21E+06 

software includes features to optimize the analysis, such as noise 
reduction, signal enhancement, and peak alignment across mul-
tiple samples. 

The effectiveness of GcDUO has been validated through the 
analysis of 2 datasets, identifying correctly in both datasets more 
than 89% of the present peaks. Comparison with ChromaTOF, 
the software considered the gold standard, showed a correlation 
of 0.909 between peak area measurements. This demonstrates 
GcDUO’s capability, and it can be considered a robust tool for 
GC × GC–MS data analysis, offering an open-source alternative 
to black-box commercial software packages, that is accessible, 
transparent, and customizable, and therefore, potentially very 
useful for researchers in metabolomics and related fields. Overall, 
GcDUO provides a powerful and flexible platform for the compre-
hensive analysis of GC × GC–MS data, facilitating the extraction of 
meaningful insights from complex chemical datasets. 

Key Points 
• Comprehensive 2D GC coupled with MS (GC × GC–MS) 

generates complex data that complicates processing and 
interpretation. 

• Chemometric approaches like Parallel Factor Analysis 
(PARAFAC) effectively extract information from multi-
dimensional datasets but require data tri-linearity. 

• GcDUO is an open-source software developed in R for 
processing GC × GC–MS data, integrating PARAFAC and 
PARAFAC2 for improved and automatic analysis. 

• GcDUO has been validated against gold-standard soft-
ware, showing a high correlation (r2 > 0.9) in peak area 
measurements. 

• GcDUO offers powerful capabilities making it ideal for 
researchers in metabolomics and related fields. 
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