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Abstract

Gas chromatography — mass spectrometry (GC-MS) produces large and complex datasets characterized by co-eluted
compounds and at trace levels, and with a distinct compound ion-redundancy as a result of the high fragmentation
by the electron impact ionization. Compounds in GC-MS can be resolved by taking advantage of the multivariate
nature of GC-MS data by applying multivariate resolution methods. However, multivariate methods have to be ap-
plied in small regions of the chromatogram, and therefore chromatograms are segmented prior to the application of
the algorithms. The automation of this segmentation process is a challenging task as it implies separating between in-
formative data and noise from the chromatogram. This study demonstrates the capabilities of independent component
analysis — orthogonal signal deconvolution (ICA—-OSD) and multivariate curve resolution — alternating least squares
(MCR-ALS) with an overlapping moving window implementation to avoid the typical hard chromatographic seg-
mentation. Also, after being resolved, compounds are aligned across samples by an automated alignment algorithm.
We evaluated the proposed methods through a quantitative analysis of GC-qTOF MS data from 25 serum samples.
The quantitative performance of both moving window ICA—OSD and MCR-ALS-based implementations was com-
pared with the quantification of 33 compounds by the XCMS package. Results shown that most of the R? coefficients
of determination exhibited a high correlation (R?>0.90) in both ICA—OSD and MCR-ALS moving window-based
approaches.

Keywords: gas chromatography, orthogonal signal deconvolution, multivariate curve resolution, moving window,

independent component analysis, metabolomics.

1. Introduction

Gas chromatography — mass spectrometry (GC-MS) has been extensively applied for compound profiling in

metabolomics experiments due to the highly reproducible electron impact ionization process [1]. Electron impact
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(EI) is a high fragmentation ionization method which leads to an extensive fragmentation. Therefore, the richness
of GC-MS data relies on an inherent correlation — or ion-redundancy — between fragments or ions from the same
compound, i.e., different peak fragments appear at the same retention time and with the same elution profile [2].
However, compounds in GC-MS might appear co-eluted - chromatographycally not completely separated or resolved
- and/or at trace levels. Due to the multivariate nature of GC-MS data, some approaches for its processing have been
focused on the implementation of multivariate methods.

The most reported multivariate methods applied for the resolution of GC-MS signals are those based on multi-
variate curve resolution — alternating least squares (MCR-ALS) [3, 4], or parallel factor analysis (PARAFAC) [5],
including one of its most frequently used variants, PARAFAC2 [6]. Algorithms based on independent component
analysis (ICA) have also been applied for GC-MS signal resolution [7, 8, 9]. More recently, we introduced an al-
ternative application of ICA, called independent component analysis — orthogonal signal deconvolution (ICA-OSD)
[2, 10], for the resolution of GC—MS chromatograms, where the concept of independence was twisted: whereas the
aforementioned ICA-based methods consider the spectra as the independent source in the chromatograms, ICA-OSD
considers the elution profile as the independent source, as opposite to the spectra [10]. In that sense, in ICA-OSD,
ICA is employed to extract the elution profiles and then determine the spectra by means of OSD. Orthogonal signal
deconvolution (OSD) is a method that uses principal component analysis (PCA) as an alternative to the typical use of
least squares (LS) used for example in MCR—-ALS. When applying LS, no correlation or covariance information is
taken into account, and this might introduce a bias into the LS regressors specially in situations of co-elution or under
undue biological matrix interference [2, 10]. OSD allows the extraction of more pure spectra in comparison with least
squares-based algorithms.

Despite the availability of multivariate methods for GC—MS signal resolution, the correct answering to biological
hypothesis or the discovery of new biological insights is one of the main challenges in untargeted GC-MS-based
metabolomics. In that sense, all the implementations of multivariate methods should be fully automated, and this
automatization should not be limited to the deconvolution process but it should include the posterior alignment of
the resolved metabolites. There is a need for high-throughput application of these multivariate methods. Several
automated methods based on the aforementioned algorithms have been reported [11, 12, 13, 14, 15]. However, as
curve resolution techniques work in small and regional intervals [14], the application of multivariate methods in
high-throughput GC-MS resolution is usually conducted by a hard chromatographic segmentation, i.e., windowing or
dividing the chromatogram by selecting those regions with putative information — compounds — to be resolved. The
automation of this segmentation process is a challenging task as it implies separating what is informative data and
what is noise from the chromatogram and thus, selecting regions of the chromatogram without splitting compounds
on window borders or loosing useful information, i.e., considering compounds at trace levels as noise.

Moving windows have been used in GC-MS for factor analysis [16, 17, 18, 19]. In these studies, factor analysis
techniques were applied trough a moving window with the aim of detecting components or spectral features. Those
spectral features can be later resolved for a posterior resolution and comparison between samples. More recently,
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the concept of sliding window multivariate curve resolution (SW—-MCR) [20] was introduced for the resolution of
ion-mobility gas chromatography data. When using a moving - or sliding - window to resolve the chromatogram,
a same compound might be split (resolved) in consecutive windows, leading to duplicated and partial information.
In SW-MCR, they tackle this issue by grouping compounds through consecutive windows based on the similarity of
their spectra. Grouping compounds across windows based on spectral similarity is a challenging task, as due to noise,
the spectra of the same compounds deconvolved from two consecutive windows might change. To our knowledge,
the performance and suitability of moving window MCR-ALS and ICA-OSD-based approaches for the automated
resolution of GC—MS metabolomics samples has not yet been studied.

In this study we propose an automated application of multivariate methods for the resolution of GC-MS signals
in biological samples through an overlapping moving window approach. This approach avoids hard segmentation or
windowing of the chromatogram. We propose a duplicity filter based on the minimization of the residual error to filter
duplicated compounds resolved across windows, and thus selecting the best models. Also, to increase the automated
reproducibility of the results, we used an existing automated method for aligning compounds across samples. To
demonstrate the capabilities of the proposed overlapping moving window approach, we chose ICA—OSD and MCR-
ALS as resolution methods. We evaluated the proposed methods through a quantitative analysis of GC—qTOF/MS
data from serum samples and the quantitative results were compared with XCMS [21, 22], an automated workflow for

GC-MS data processing.

2. Materials and methods

2.1. Materials

The methods were compared by the quantification of 33 metabolites across 25 serum samples, analyzed through
GC-qTOF MS. This same dataset was previously used to demonstrate the capabilities of the eRah R package [23],
and raw GC-MS files are available at MetaboLights with accession number MTBLS321. More details on the dataset,
sample preparation and methods can be found in the original study. Briefly, analysis was carried out on a qTOF MS
7200 (Agilent, Santa Clara, CA, USA) coupled to an Agilent 7890A gas chromatograph (GC). Derivatized samples
(1 uL each) were injected in the gas chromatograph system with a split inlet equipped with a J&W Scientific DB5—
MS+DG stationary phase column (30 mm X 0.25 mm i.d., 0.1 ym film, Agilent Technologies). Helium was used as
a carrier gas at a flow rate of 1 mL/min in constant flow mode. The injector split ratio was adjusted to 1:5 and oven
temperature was programmed at 70 °C for 1 min and increased at 10 °C/min to 325 °C. The MS was operated in the
electron impact ionization mode at 70 eV. Mass spectral data were acquired in full scan mode from m/z 35 to 700 with

an acquisition rate of 5 spectra per second.

2.2. Data processing workflow
The data analysis pipeline is shown in Fig. 1. First, chromatographic signals were filtered by noise and baseline
removal as described in [2]. Second, both moving window-based ICA—OSD and MCR-ALS implementations were
3
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used to automatically extract and deconvolve the compounds concentration profiles and spectra. The methods were
compared using different lengths of window, concretely, we used 50, 75 and 100 scans length corresponding to
10, 15 and 20 s respectively. We used an overlap of 50 % for all the implementations. The number of factors or
components for both ICA and MCR was determined by a singular value decomposition (SVD), as described in [24].
MCR-ALS was initialized by means of a principal component analysis (PCA). MCR-ALS was constrained with a
non-negative least squares regression, and both ICA—OSD and MCR-ALS resolved elution profiles were constrained
with unimodality. Both MCR-ALS and ICA-OSD algorithms employed were those included in the R package osd
[2]. Due to its improved run-time performance, the ICA algorithm used was the joint approximate diagonalization of
eigenvalues (JADE) [25] implemented in the R package JADE [26]. Fragments at m/z 73, 74, 75, 147, 148, and 149
were excluded before any processing, since they are widespread mass fragments typically generated from compounds
carrying a trimethylsilyl-moiety [27].

Third, and once compounds were resolved, they were posteriorly aligned across samples with the eRah [23] align-
ment algorithm. Finally, after alignment, an average spectrum for each compound — determined by the mean of the
compounds spectra across samples — was compared using the cosine dot product to reference spectra. Reference spec-
tra were provided by the Golm Metabolme Database (GMD) [28]. This comparison allowed a putative identification
of the resolved and aligned compounds.

Additionaly, GC-MS chromatograms were processed using XCMS in order to detect and align features. A feature
is defined as an ion entity with a unique m/z and a specific retention time (mzRT). XCMS analysis provided a list
containing the retention time, m/z value, and peak intensity (or area) of each feature for each serum sample. XCMS

parameters used to process the data are described elsewhere [23].

2.3. Moving window resolution of chromatographic signals

The aim of the method is to achieve the resolution of an entire chromatogram. Then, a moving window is proposed
where, in each iteration, the window is displaced with a determined overlap along the retention time (Fig. 2 (a)). Each
chromatographic window is resolved into pure chromatographic profiles and spectra (Fig. 2 (b)).

We employed two methods for the resolution of mixtures, one is the widely used multivariate curve resolution —
alternating least squares (MCR-ALS), and the other is independent component analysis - orthogonal signal decon-
volution (ICA-OSD). Both algorithms share the same objective based on the assumption of the Lambert-Beer’s law,

which can be mathematically described as follows:

D=CST+E (1)

where D (I X J) is the chromatographic window to be resolved, C (I X n) is the resolved concentration profile
matrix, S (J X n) is the resolved spectra matrix and E (I X J) is the error matrix. In this notation, [ is the number of
mass spectra scans (retention time), J is the acquisition range of the mass-charge ratio (m/z), and »n is the number of
components or compounds in the model. MCR-ALS uses an iterative least squares algorithm (ALS) to determine both
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C and S matrices by minimizing the error matrix E. A detailed explanation of MCR-ALS, together with pseudocode,
is given elsewhere [29]. In ICA-OSD, independent component analysis is used to extract the chromatographic profile
matrix C by considering the elution profiles as the independent sources in the chromatogram. After that, orthogonal
signal deconvolution (OSD) is applied to determine S. OSD purpose is to extract and deconvolve the spectrum of a
given compound only with the information relative to the compound elution profile - which is previously determined
by ICA -. A detailed explanation of ICA-OSD is given elsewhere [2, 10].

Both methods obtain a local C and S matrices, corresponding to the resolution of each window into pure chromato-
graphic profiles and spectra, respectively. Each local C and S matrices are appended to a general C, and S, matrices
containing the resolution of all the chromatogram. As mentioned before, when using a moving window to resolve
the chromatogram, the consecutive windows have to be overlapped to ensure that one compound that could be split
on window borders is fully covered by the next window. Then, compounds - or partial eluting profiles when they are
split by the window border - are expected to be resolved in more than one window. This leads to multiple duplicates
that difficulties the selection of the quantitative - correctly resolved - compound. To ensure only one chromatographic
profile and spectrum per compound, a duplicity filter based on minimizing the residual sum of squares (RSS) is pro-
posed. First, a correlation matrix for C, is determined, and those groups of chromatographic profiles that correlate in
more than an user-defined threshold - typically 75 % - are considered that might be duplicated. These groups might
be composed of two or more chromatographic profiles. After that, all the possible combinations are considered. As an
illustrative example, let us consider that three (N=3) chromatographic profiles C;, C, and Cj correlate between them.
Then, 8 (2V=3) possible scenarios are considered. For each scenario, first, a chromatographic matrix D is determined
comprising the retention time of the all the considered chromatographic profiles (C; — C3), and after that, a putative

D* matrix is determined by:

D'(k)=C;ST @

where D*(k) is the reconstructed matrix and the subindex j denotes the compounds considered in each k=1,2,...,N

case. Then, a RSS for each scenario is determined as follows:

N
RSS(k) = > (D= D' (k) 3)
i=1
The scenario with the least RSS is considered to be the combination that best describes the data, and the chro-
matographic profiles that are not included in this combination are removed from C, and S,.
3. Results and discussion

The moving window-based ICA-OSD and MCR-ALS implementations were used to automatically extract and

deconvolve the compounds concentration profiles and spectra from all the 25 serum samples. Three different window
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lengths were employed: 10, 15 and 20 s, all with an overlap of 50 %. After being resolved, compounds were aligned
across samples by an automated alignment algorithm (see Materials and methods section). We will now refer the two
methods as ICA—-OSD and MCR—-ALS-based approaches, and each approach implies its moving window-based appli-
cation and the subsequent automated alignment. After alignment, average — across samples — compound spectra were
compared to the GMD database, providing a putative identification. From among all the identified compounds by the
ICA-OSD and MCR-ALS-based approaches, we focused on the 33 compounds known to appear in the samples by
name and RT matching with reference values. For each compound, we manually selected a quantitative mzRT feature
— from the XCMS output — corresponding to a selective/quantitative ion. Table 1 shows the list of the 33 metabolites
with their retention time, the quantification m/z and a linear regression coefficient of determination (R?) between the
proposed methods (ICA-OSD and MCR—-ALS-based approaches) and the selective ion area or intensity (reference
model) from the XCMS output. In order to demonstrate the ICA—OSD/MCR—-ALS-based approaches quantification
capability along a wide dynamic range of metabolite concentration, we determined the relative compound concentra-
tion (Rel. C.) which is the quotient between the mean concentration of each compound and the mean concentration
of all the compounds listed in the table. Those compounds noted with NF (Not Found) have not been found by the
algorithm: we considered one compound as NF when it was resolved and aligned in less than 9 samples (9 samples
correspond to the 80 % of the size of one clinical condition in the original study of this dataset [23]).

From the table, both ICA—OSD and MCR-ALS moving window-based approaches with the subsequent automated
alignment shown a comparable quantitative performance. This can also be observed in the R? values box plots for each
method and window length (Fig. 3). Overall, results shown excellent linear relations (R?>0.90) for most compounds
and methods, including low concentrated and co-eluted compounds, as shown in the resolution examples in Fig. 4.
Differences were found, for example, for the case of leucine at 8.75 min, where the ICA—OSD-based approach failed
in detecting the compound whereas the MCR—ALS-based approach successfully detected it. Similarly, the ICA-
OSD-based approach successfully quantified glycerol at 8.8 min, whereas the MCR—ALS-based approach shown a
poor performance.

Also, differences between window lenght were observed. For example, hexanoic acid was not found for the 20
s window size. This can be attributed to the fact that its low concentration (9 %) affected its detection when more
compounds were included in a window. Contrarily, in small windows, the compound had relatively more importance -
variance - respect the whole window, which allowed its correct detection in the 10 and 15 s windows cases. Similarly,
isoleucine and proline eluting at 9.06 and 9.10 min, with relative concentrations of 2 and 9 % respectively, shown no
linear relation in the 20 s window length, since its low relative variance when using a longer window lead to their
incorrect resolution.

R? values varied when comparing area and intensity. Generally, intensity R? values shown higher linear relations
(Fig. 3). Intensity is expected to be a more robust analysis variable, as the fragments shape can be easily affected
by noise or co-elution, whereas in those cases the peak intensity remains more stable. This is because the peak apex
is relatively more difficult to be found co-eluted. An example of this is found in lysine eluting at 16.44 min, where
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its low concentration hampered its resolution by both methods, leading to low area R? values but higher intensity R?
values.

It is worth noting that not all the compounds were found across all the samples. The number of samples for where
each compound was automatedly quantified (resolved and aligned) varied between methods (Supplementary Table
S1). For example, hexanoic acid eluting at 5.85 min was quantified by the ICA-OSD-based approach 13 and 18
times for the 10 and 15 s windows cases respectively, whereas the MCR—ALS-based approach successfully quantified
it in all the 25 samples. Glycerol was detected by the MCR—ALS-based approach only in 4, 17 and 9 samples
for the 10, 15 and 20 s windows cases whereas it was detected in almost all the samples by the ICA-OSD-based
approach. We attribute these differences between ICA—OSD or MCR-ALS-based approaches to the fact that the
automated alignment algorithm clusters the compounds across samples by taking into account both the retention time
distance and spectral similarity, and the alignment outcome varies when a resolution method (ICA-OSD or MCR-
ALS) outperforms the other in terms of spectral resolution. A successful alignment (detection and quantification)
depends on the quality of the prior resolution. In this context, factor analysis, which was conducted by a singular value
decomposition, played an important role in the resolution performance. A lower variance threshold when selecting the
number of components would probably modify the number of samples in which compounds were detected. However,
a lower threshold also leads to more false positive compounds, i.e., some noise can be modeled as a component.
In fact, we attribute the quantitative performance differences between methods to the estimation of the number of
compounds.

Moving window length and overlap values conditions the method performance. The moving window length has
to enclose at least one compound, and at least twice the value of the minimum compound peak width is the necessary
minimum window length. More duplicities and more partial elution profiles resolutions are expected for short window
lengths, hampering the subsequent duplicity filter and automated alignment performance. Quantitatively, significant
performance differences were not observed as the longer the window is, however, low concentrated compounds were
not found when increasing the window length. The results of this study suggest that a valid window length is approxi-
mately between 10 and 15 times the minimum peak width — 10 and 15 s respectively for the chromatographic method
used. The overlap also has to enclose at least one compound peak width. Overlap percentage can be translated to
seconds by its product with the window length.

Aside from the inherent limitations of the multivariate methods and their influence in the posterior alignment
performance, additional limitations of the proposed method include that the duplicity filter might fail in selecting
which is the best combination of compounds that best describe the data, selecting partially resolved profiles — from
compounds that were split by the window — to modelize the chromatogram.

Finally, the most significant difference between ICA—OSD and MCR-ALS is their runtime speed. Whereas the
approach based on MCR-ALS resolved an entire chromatogram in approximately 3 min (20 s window size), the
ICA-OSD-based approach took approximately 1.4 min. A fast runtime speed is and advantageous feature due to the
large amount of data that metabolomics experiments generate, and also because when a moving window approach is
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employed, the same data is analyzed twice due to the overlap, which means more consumption of time in comparison
with the traditional hard segmentation approaches. Processing was conducted with a 2.4 GHz Intel Core i7 with 16

GB of DDR3 memory at 1333 MHz.

4. Conclusions

Different multivariate methods have been reported in literature for the processing of GC-MS data. However, its
application in GC-MS data involve segmenting the chromatogram into regions or windows. Hard chromatographic
segmentation is a challenging task as it implies separating between informative data and noise from the chromatogram,
and it might lead to failure in the detection of compounds. In this study, we proposed the application of an overlapping
moving window-based independent component analysis — orthogonal signal deconvolution (ICA-OSD) and multivari-
ate curve resolution — alternating least squares (MCR—ALS) approaches. We evaluated the proposed methods through
their quantification capabilities in comparison with the XCMS package. Results shown that the proposed methodology
was able to correctly quantify compounds appearing in biological matrices with the advantage that the automation of
the method was not limited only to the resolution, but it included the alignment of compounds across samples. Thus,
compound resolution is a critical step that allows the posterior alignment of compounds across samples. Alignment
implies registering the concentrations changes among samples from different clinical conditions, which allows ob-
taining new biological insights. In conclusion, this study introduces an automated data processing pipeline based on
an overlapping moving window application of MCR—-ALS and ICA-OSD, covering both resolution and alignment of
metabolites. Altogether, our results strengthen the suitability of the challenged independent component analysis (ICA)
technique for multivariate resolution in analytical chemistry [30], and they demonstrate the robustness of ICA—OSD as
a complementary and faster method to MCR—ALS for the automated resolution of GC-MS mixtures in metabolomics

experiments.
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Figures Captions:

Figure 1. Scheme showing the data processing pipeline. After a preprocessing step (1), compounds are resolved
through the moving window-based applications (2), and resolved compounds are posteriorly aligned across samples
(3). Finally, identification and quantification of aligned compounds (4) allow outputing a compound list with metabo-

lite putative identifications and relative concentration among samples.

Figure 2. In (a), illustration of the moving window approach. A fixed-length window is displaced with a certain
overlapp along the chromatogram. The blue lines represent each m/z (extracted ion chromatogram). Each chromato-
graphic window (b) is resolved by ICA—OSD or MCR-ALS into pure chromatographic profiles and spectra. This
case shows the resolution of (i) glycerol and (ii) phosphoric acid, which appear strongly co-eluted. For this case,
the extracted ion chromatogram is shown in grey, whereas colored solid lines represent the resolved chromatographic
profiles. Compound resolved spectra are shown in color red and green along with each GMD reference spectrum
negatively rotated in the same axis and shown in black. In this example, the resolved spectra of both phosphoric acid

and glycerol seem to be affected by the strong co-elution in which they appear.

Figure 3. R? values box plots from Table 1, for both area and intensity, and for the three window lengths and both

ICA-OSD and MCR-ALS-based approaches.

Figure 4. Three examples of resolution (one per column) by ICA-OSD for 6 metabolites appearing co-eluted
and/or at low concentrations (left, middle and right) for the 15 s window length case. Top row shows the unaligned
total ion chromatograms (TIC) per sample, where each line is each TIC in a chromatogram. Bottom row shows the
resolved and aligned chromatographic profiles, where each colored line represents a resolved chromatographic profile
in a sample, and each color denotes a different compound. Compound profiles were correctly resolved and aligned
in all the cases. Of note, isoleucine and proline, although they do not appear co-eluted between them, they appear in
co-elution with two other unknown compounds. Also, due to their low concentration, some of isoleucine and proline

recovered compound profiles shown a more noisy shape.
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Table 1: Retention time (Rt), quantitative fragment ion (m/z) (XCMS), relative concentration (Rel. C) of 33 compounds. Coeflicients of determina-

tion (R?) of the regression between the area and intensity of the resolved chromatographic profile (ICA-OSD and MCR-ALS) and the quantitative

ion peak (XCMS) is shown. WL and NF stands for window length and not found respectively. The number of trimethylsilyl (TMS) derivatives

groups are not shown, with the exception of those compounds that appear duplicated. For those cases, the number of trimethylsilyl (TMS) groups

is shown in brackets.

R2
ICA-OSD MCR-ALS
Cp. Rt m/z  Rel.C  Name WL=10 WL=15 WL=20 WL=10 WL=15 WL=20

(min) (%) Area Int Area Int Area Int Area Int Area Int Area Int
1 5.73 117 1055 Lactic acid 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

2 585 173 9 Hexanoic acid 0.41 0.88 | 0.71 1.00 | NF NF 0.87 1.00 | 0.93 1.00 | NF NF
3 611 72 65 Valine (1) 0.93 1.00 | 0.98 1.00 | 0.98 1.00 | 0.85 1.00 | 0.95 1.00 | 0.95 1.00
4 653 113 5 Hydroxylamine 0.79 0.74 | 0.75 0.74 | 0.74 0.74 | 0.79 0.70 | 0.82 0.71 0.80 0.71
5  6.69 131 18 2-hydroxybutyrate 0.80 1.00 | 0.96 1.00 1.00 1.00 | 0.97 1.00 | 0.99 1.00 | 0.98 1.00
6 7.08 86 33 Leucine (1) 0.97 1.00 | 0.90 1.00 | 0.00 0.00 | 0.93 1.00 | 0.95 1.00 | 0.85 1.00
7 1715 191 19 3-hydroxybutyrate 0.99 1.00 | 0.99 1.00 | 0.99 1.00 1.00 1.00 1.00 1.00 1.00 1.00
8§ 797 145 4 Valine (2) 0.32 095 | 0.97 097 | 0.95 097 | 0.97 0.97 | 0.99 0.97 | 0.98 0.97
9 819 130 206 Urea 0.90 091 0.96 091 0.92 094 | 0.96 0.89 | 0.95 093 | 0.95 0.94
10 836 179 133 Benzoic acid 1.00 1.00 1.00 1.00 1.00 1.00 | 0.99 1.00 | 0.99 1.00 | 0.99 1.00
11 8.55 116 24 Serine 0.90 098 | 0.98 1.00 | 0.99 1.00 | 0.98 1.00 | 0.98 1.00 | 0.99 1.00

12 875 158 18 Leucine (2) NF NF NF NF NF NF 0.98 1.00 | NF NF NF NF
13 8.0 205 209 Glycerol 0.99 1.00 1.00 1.00 | 0.99 1.00 | NF NF 0.31 0.31 0.85 0.90
14 881 299 649 Phosphoric acid 1.00 1.00 1.00 1.00 1.00 1.00 | 0.74 0.75 | 0.61 0.73 | 0.80 0.82
15 9.06 218 2 Isoleucine 0.82 090 | 0.79 091 0.00 0.00 | 0.97 094 | 092 0.93 | 0.00 0.00
16  9.10 142 9 Proline 0.99 1.00 1.00 1.00 | 0.00 0.00 | 0.99 1.00 | 0.99 1.00 | 0.00 0.00
17 9.58 189 5 Glyceric acid 0.97 1.00 | 0.98 1.00 | 0.99 0.99 | 0.98 0.99 | 0.98 0.99 | 0.98 0.99
18 9.85 215 14 Nonanoic acid 0.96 0.99 | 0.99 0.99 | 0.98 0.99 | 0.99 0.98 | 0.98 0.99 | 0.99 0.99
19 1034 291 7 Threonine 0.92 096 | 0.89 092 | 0.98 093 | 0.94 097 | 0.98 0.97 | 098 0.93
20 1182 230 3 3-hydroxy-trans-proline | 0.87 099 | 0.82 1.00 | 0.95 1.00 | 0.81 099 | 0.95 099 | 0.95 1.00
21 12.02 156 216 Glutamic Acid (2) 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
22 12.73 142 14 Proline [+CO2] 0.92 099 | 0.97 1.00 | 0.99 1.00 | 0.99 1.00 | 0.99 1.00 | 0.99 1.00
23 13.17 246 6 Glutamic acid (3) 0.99 1.00 | 0.99 1.00 | 0.99 1.00 | 0.99 1.00 1.00 1.00 | 0.99 1.00
24 1327 218 24 Phenylalanine 0.99 1.00 | 0.98 1.00 | 0.99 1.00 | 0.99 1.00 | 0.99 1.00 | 0.99 1.00
25 13.42 117 101 Dodecanoic acid 0.98 1.00 | 0.97 1.00 | 0.98 1.00 | 0.99 0.99 | 0.99 0.99 | 0.99 0.99
26 15.39 142 16 Ornithine 1.00 1.00 | 0.99 1.00 | 0.99 1.00 | 0.99 1.00 | 0.99 1.00 1.00 1.00
27 1546 273 15 Citric acid 1.00 1.00 1.00 1.00 1.00 1.00 | 0.99 1.00 | 0.99 1.00 | 0.99 1.00
28 1554 285 22 Tetradecanoic acid 0.96 092 | 0.88 0.85 | 0.95 092 | 0.97 093 | 0.96 0.87 | 0.98 0.94
29 1644 229 <l Lysine 0.49 0.87 | 0.50 0.87 | 0.25 0.79 | 0.10 0.78 | 0.11 0.78 | 0.24 0.78
30 17.48 129 324 Hexadecanoic acid 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
31 1823 305 30 Myo-inositol 0.88 099 | 091 1.00 | 0.93 1.00 | 0.94 0.99 | 0.87 0.97 | 0.70 0.98
32 1824 441 11 Uric acid 0.99 098 | 0.99 0.99 1.00 098 | 091 090 | 0.88 091 0.82 0.86
33 19.26 356 16 Octadecanoic acid 1.00 0.99 1.00 0.99 1.00 0.99 1.00 0.99 1.00 0.99 1.00 0.99
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