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g r a p h i c a l a b s t r a c t
� A new method for high resolution
(GC-Orbitrap) data deconvolution.

� Bayesian probabilistic approach on
the number of components per
channel using Laplace
approximation.

� Several values for the number of
components (N) are explored
probabilistically.

� Spectra for each value of N is
retrieved and identified.

� The identified compounds are ranked
according to the proposed correlative
measure.
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a b s t r a c t

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 proba-
bilistically, using a complete pipeline. First, the retention time(s) for a (probabilistic) number of com-
pounds 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 resolved 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 correlative measure was used that included the uncertainties in the least square
fitting, as well as the probability for 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 retention times
and the spectra of the peaks. For our case, with extremely high coelution situation, 5 out of the 7 existing
compounds under the selected region of interest, were correctly assessed. Finally, the comparison with
the classical methods of deconvolution (i.e., MCR and AMDIS) indicates a better performance of the
proposed algorithm in terms of the number of correctly resolved compounds.
© 2017 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND

license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
u@yahoo.com (A. Barcaru).
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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 the resolution in the 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 spec-
trum in consecutive scans, the variation in (high-resolution) mass-
to-charge values corresponding to the same ion detected in suc-
cessive 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). More-
over, it is foreseen that spectral libraries which currently are mostly
low resolution (nominal) mass, will incorporate high-resolution
information. Hence, data processing techniques have to be adapt-
ed to the high resolution data. Among them, both peak deconvo-
lution 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, fast and elegant and therefore
these methods are still widely used [2] [3] [4] [5]. Every deconvo-
lution 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 inver-
sionmay not exist, or can be numerically difficult to calculate due to
singularities (or near singularities) 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 [6e8]. In
bilinear systems, the number of chemical components in the sys-
tem is equivalent to the pseudo-rank of the data matrix. The most
common technique in estimation of the pseudo-rank is the calcu-
lation 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 sig-
nificant eigenvalue. In the work of Wasim et al. [6], several mea-
surements were proposed to estimate such cut-off for the
eigenvalues. Other attempts can be found in the literature. The
work of Viv�o-Truyols et al. [7] assesses the number of the compo-
nents measuring the noise autocorrelation in the orthogonal pro-
jection 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 thematrix [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 modelled in both cases. The algorithm should indicate - after
several iterations e the number of existing components using local
minima of the error function over N. Although being a good
approximation, the method seems to be very sensitive to the res-
olution 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]. 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 chromato-
graphic data and to use clustering in retention time e peak width
(RT-PW) space to estimate the profiles of the analytes [9] [10]. 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, thus making prior assumption
on the resolution in time domain. 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 negatives (i.e. excluding compounds
due to the binning process).

All of the above described methods, preliminary to the decon-
volution, 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. We adopt the concept of “retention time-peak width” space
proposed by Fitz et al. and, opposed to deterministically decide the
number of compounds, we tackle the problem probabilistically. We
follow a Bayesian framework [11] [12] 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 proba-
bilistic 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 inwhich the
uncertainty upon each ion is included. The result of the algorithm is
a list of possible compounds ranked from high to low and corre-
sponding retention times.

2. Theory

The theoretical core of this strategy is the use of Bayesian sta-
tistics for three stages of the deconvolution pipeline:

I. The channel-wise model fitting
II. The Mixture Model classification
III. Spectra retrieval and library search

In order to keep the theoretical section simple and accessible for
analytical chemistry community, the detailed mathematical
description of each step was included in the supporting
information (SI). Here, we will only explain the concepts at a gen-
eral level. For in depth explanation we advise the reader to address
the supporting information.

2.1. The channel-wise model fitting

The aim of this step is to find the optimal retention time and
peak width for possible overlapping compounds in the area of in-
terest. The particularity of the GC-MS deconvolution lies in the fact
that for one compound, there are (usually)multiple ions. Hence, the
peak width and the retention time for one compound are common
for all the ions within the spectrum corresponding to that com-
pound. In the lower m/z range, the ions can be common for closely
eluting compounds thus making difficult to estimate the retention
time and peak width of the entire compound only by a simple peak
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detection. At this stage the algorithm is estimating probabilistically
the number of components for each ion separately. The core of this
step is the application of the Bayesian model fitting described in
[11,12]. In essence, the algorithm is estimating the number of
components under one m/z channel, by fitting multiple Gaussian
models and “transforming” the residuals into probabilities (SI eqs 2
and 3). The approach was modified to account for multiple chan-
nels (i.e. the objective function includes a regularization term that
takes in account how the fitted peak width and retention time
perform for the rest of the channels). The penalty was chosen as a
function of the degrees of freedom as recommended in [15].

The calculation of the likelihood is essentially the integration
over all the parameters of the model. This becomes virtually
impossible when more than one Gaussian peak is expected in the
model. A commonly used approximation (i.e. Laplace approxima-
tion) of the likelihood was used to avoid complex integration over
the fitted parameters of the models. The posterior probability of the
number of components given the model is expressed by:
pðNjDÞj f
ð4pÞN=2N!

ððtmax � tminÞðAmax � AminÞðsmax � sminÞÞN
e�

c2
0
2ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

det
�
VVc20

�q (1)
where D is the data (i.e. GC-MS region of interest), the [ tmax, tmin ], [
Amax, Amin ], and [smax; smin] are the limits of the (flat) prior dis-
tributions of the parameters of the Gaussian model (i.e. retention
time, intensity and peak width respectively). c20 is the objective
function at the set of optimal parameters fA; s; tg (i.e. the residuals
between themodel and the data), VVc20 is the Hessian matrix of the
objective function. At this step, the main interest is in the { s; t }
parameters.

The output of this step is a set of { s; t } values, for each m/z
channel and for multiple choices of N. For each pair of fs; tg a
posterior value pðNjDÞj is attached, with N from 1 to maxN e a
reasonable number of coeluting compounds sharing the channel j.
For our case, a value of greater than maxN ¼ 5 is highly unlikely to
occur (i.e. it is highly unlikely that an ion is sharedwithmore than 5
closely eluting compounds). However, this value may change for a
highly coeluting chromatogram of a very complex sample.

The space of retention time-peak width (RT-PW) is of the in-
terest for further steps. An agglomeration of points close to one
another (i.e. a cluster) in this space should, ideally, correspond to a
compound. We use the posterior probability obtained from equa-
tion (1) to reduce the sparsity of the fs; tg points. In other words,
all values pðNjDÞj <1e� 5 are excluded from the output of the first
step. This reduction is meant to speed up the computation and
eliminate the irrelevant points that may or may not affect the
clustering.
Fig. 1. Mixture model classification example for m ¼ 3.
2.2. Mixture model classification

In this step, the algorithm is clustering the values in RT-PW
space obtained in the previous step and to return the centres of
the clusters (i.e. { sm; tm } values corresponding to an estimated
number of clusters M). To this aim, we use the “expectation
maximization” (EM) algorithmwhich also has Bayes rule at its core
[13] [14]. Detailed description of the process is provided in the
supporting information. An exemplified clustering using mixture
model is shown in Fig. 1.
The correct estimation of the number of clusters is always a

matter of debate. The current approach explores multiple options -
from the minimal number of clusters (i.e. 1) to a higher value (e.g.
12) that will ensure the inclusion of the unknown a priori number
of clusters. For each option, the EM algorithm is applied. The
parsimony of the mixture of Gaussian models in RT-PW space is
evaluated using “Occam's razor” techniques such as Bayesian In-
formation Criterion (BIC) and Akaike Information Criterion (AIC) (SI
Eqs. 12 and 13). BIC can be further expressed as a probability
measurement [13] as follows:

pðMjBICÞ ¼ e
1
2BICMP
Ne

1
2BICM

(2)

where BICM is the Bayesian information criterion evaluated for M
clusters. The result of this step in the pipeline, is the set of centroids
of clusters in RT-PW space to which a probability measurement is
assigned pðMjBICÞ=M. In other words, for each explored value of M
(e.g. from 1 to 12) this step will output corresponding number of
centroids (i.e. one set of { sm; tm } for M¼ 1, two sets of { sm; tm }
for M ¼ 2 and so on).

2.3. Spectra retrieval and library search

The steps described in this section are applied for each centroid
of the clusters obtained with the strategy described in section 2.2.

2.3.1. Pure spectra estimation
From the previous step of the algorithm the retention time and

the peak width of potentially eluting compounds are available. The
next parameter to be estimated is the intensity (Amj) corresponding
to each pair { sm; tm } for each ion j. The intensity vector Amj is
obtained using the same type of optimization algorithm from the
first step (section 2.1) with the { sm; tm } being considered known
and fixed. At this stage the penalty described in section 2.1 is not
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applied. The outcome of this step is a set of spectra for each option
of the number of clusters. More specifically, forM¼ 1, one spectrum
is obtained, for M ¼ 2 two spectra respectively etc. Another
important output from this step is the error in the fitting of Amj
which can be seen as a standard deviation dmj and will be further
used in the identification.
2.3.2. Library search
To compare the spectra obtained from the “pure spectra esti-

mation” step, section 2.3.1, the algorithm will draw multiple “per-
turbed spectra” around the values Amj with a standard deviation of
dmj as in Fig. 2.

A squared value of the cosine similarity measurement is used (r)
to compare each of the perturbed spectra with a spectrum from the
database and averaging over the results to obtain one average
correlation measurement. To exemplify let's assume a spectrum
retrieved from the previous step, having the parameters { sm; tm,
Amj }, has to be compared with each spectrum (out of totally T
spectra) in a database. First, a number Np (e.g. Np ¼ 500) perturbed
spectra are sampled at random around the vector Amj and
compared with one spectrum at the position t in the database, thus
Np values of the cosine correlation are obtained. Next, these Np
values are averaged to have one similarity score for the spectrum {
sm; tm, Amj } with the spectrum at t in the database. After an
iterative search over the entire database, T values of average cosine
similarity r are obtained. The results of this iterative search can be
explored in two ways:

a. Extracting the highest match rt;i;m;MAX for each retrieved
spectrum at ti;m

Where

ti;m ¼ argmax
t

�
rt;i;m

�

Fig. 2. Sampled perturbation of the spectrum a
b. Keeping all T similarity values rt;i;m for each { sm; tm, Am }.

Extracting the highest match, “max ranked”.
All the elements in the database that are not listed in ti;m (i.e.

they were never yielding the maximum correlation) receive a value
of r

0
t of 0. For the rest of the t values, we make use of the value

found in ri;N;MAX . In this way we can define rt;i;N;MAX as follows:

rt;i;m;MAX ¼
�

ri;m;MAX
0

for t ¼ ti;m
otherwise

(3)

Next, we make use of pðNjBICÞ as a probabilistic weight:

r
0
t ¼

XM
m¼1

"�
pðN ¼ mjBICÞ 1

M

	 Xm
i¼1

rt;i;m;MAX

#
(4)

Keeping all T similarity, “all ranked”.
This essentially means that the method does not exclude other

possibilities regardless of the magnitude of the correlation value
(i.e. Eq (3) was not applied). 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 rt;i;N MAX .
When additional information is available, the ranking may shift
towards the ground truth. The “all ranked” method is based on Eq.
(4) with the exception that in stead of rt;i;N MAX , a vector of rt;i;m is
used (having as many entries as the elements in the database).

r
0
t ¼

XM
m¼1

"�
pðN ¼ mjBICÞ 1

M

	Xm
i¼1

rt;i;m;

#
(5)

The information about retention time of each identified com-
pound (i.e. for each t) can be obtained when using “max ranked”
approach. For each t a spectrum is available with the fallowing
parameters: { sm; tm, Am }. The retention time is estimated by
extracting a median of the tm of one particular analyte from the
output:
round the estimated values of intensities.



Table 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).

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

Table 2
Three simulated elution scenarios.

Case# Name t (seconds) st(seconds) Að�106Þ Riþ1,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 e

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 e

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 e
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tr t¼ Q ¼ medianð tm t0¼QÞ (6)

where t ¼ Q is a fixed compound in the database that was iden-
tified by the rt;i;m;MAX (e.g., from the previous examples, Q ¼ 303
or 181 etc.)
Fig. 3. Profiles of the three simulated cases of 5 elec
3. Experimental

For generation of the data used for this work, 1 mL of a standard
solution containing 287 Pesticides (50 ng/mL in ethylacetate) was
analyzed using a GC-EI-Q-Orbitrap system.

The mixture of pesticides, (ABC mix) was composed out of
different custommademixes 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 mL, 290 �C,
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 mm 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 andwas 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
ted analytes from the High Resolution Database.



Fig. 4. 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). (For interpretation
of the references to color in this figure legend, the reader is referred to the web version of this article.)
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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 acquisitionm/z range of 50e500 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
Fig. 5. BIC (left), AIC (center) and p (NjBIC)
to AUTO. Internal mass calibration during acquisition was per-
formed 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
(right) for the three simulated datasets.



Fig. 6. Weighted square correlation for the identified compounds using “max ranked” approach.
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Tune 2.6 and XCalibur 3.0 (Thermo Scientific).
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.
Fig. 7. The value of r
0
t and the corresponding median of retenti
4. Results and discussion

In order to assess the performance of the algorithm, different
possible situations of elution (i.e. different resolutions and con-
centrations) are needed. This can be easily done by using simulated
data. We extracted 5 compounds from a high resolution spectral
on times in all 3 cases. Magenta (ground truth) is overlaid.



Fig. 8. The all ranked result for the three simulated datasets. The id's are related as follows: 7eAcenaphthene, 13eBifenox, 16eBromopropylate, 21eChlorfenapyr, 168eFenitrothion.
The value of 92 corresponds to Octachlorostyrene which was not included in the simulation.

Fig. 9. Selected region to be deconvolved.
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library and created various scenarios of coelution. The 5 com-
pounds were chosen in such a way that several ions are shared
within the compounds and the compounds have at the same time a
different number of ions (Table 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.

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 corre-
spondent resolution between two consecutive peaks. Fig. 3
provides a graphical view on the simulated scenarios of coelution.
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. 4. 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. 4I, II and III depict 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. This cut-off value is chosen only
to speed-up the computation. 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. 4 show the same filtered data points
with respect to the correspondent ion fragments (i.e. correspon-
dent 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. During the second step of
the algorithm (i.e. theMM clustering in RT-PW space) the BIC (Fig. 5
A), the AIC (Fig. 5 B) and p (NjBIC) (Fig. 5C) are calculated for all
three simulations. In the case of BIC and AIC (Eq. (12) and Eq. (13)
from the SI) 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(NjBIC), on the contrary, the optimal value of N is found at
the maximum posterior (i.e. the value of N yielding themaximum p
(NjBIC)). For the BIC values, the correct estimation of the number of
components was found only in the second case (Fig. 5 A, marked
with blue line). In the first case (Fig. 3 A, marked with red line) the
minimal value of the BIC points to N ¼ 4, whereas the ground truth
is 5. However, for this simulated dataset, the difference between
the value of the BIC for the N ¼ 4 and N ¼ 5 is negligible, which
implies almost the same value for p (N ¼ 4jBIC) and p (N ¼ 5jBIC).
This means that an exploration of various values of N is preferred
when working with highly coeluting compounds. For the third
simulated dataset (Fig. 5 A, marked with green line), the argument



Fig. 10. Extracted ion chromatograms for diagnostic ions of the detected (by visual inspection) analytes. aeParathion, beChlorfenvinfos, cePyrifenox, deBromophos-Ethyl,
eeIsovenphos, feCyanazine, geMetazachlor. The values for the quantification ions are listed in Table 3.
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of the minimal value of BIC indicates again an optimal value of
N ¼ 4. On the other hand, the inspection of AIC seems to indicate
the correct value (N ¼ 5) for the first and second simulations, and
fails (pointing to N ¼ 4) for the third case. 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.
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 (NjBIC) and the performance of the AIC was shown only for
comparative purposes opening the possibility to adapt this pipeline
to matrix factorization methods.
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The third step of the pipeline e the spectral search using
weighted square correlation e was analyzed from both perspec-
tives: “max ranked” and “all ranked”. First, we analyzed the
correlative similarity between the spectra corresponding to the
centroids obtained from the previous stage of the pipeline using the
strategy described in section 2.3 using Eq. (3) and (4) (the cosine
correlation is expressed in Eq. 15 from the SI). 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, r

0
t from Eq. (4).) are shown in Fig. 6. For the

first simulated data set (i.e. Case 1, Table 2), r
0
t included 2 false

positives (i.e., Dimethipin and Molinate). For Case 1, the value of r
0
t

of these two false positives is very low compared to the true pos-
itive compounds (Fig. 6. Blue). Case 2 included only one false pos-
itive (i.e., Molinate) also, having the value of the r

0
t lower than the

ground truth. In the third case however, where the average reso-
lution is 0.83 the algorithm performed better than in the Case 1 and
Case 2, where the average chromatographic resolution Riþ1,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 Gaussianmodels). This effect can be visualized in Fig. 4
A where the far right peak has a more sparse distribution of the RT
for several ions.

To obtain the retention time for each compound Eq. (6) was
applied. Fig. 7 depicts the identified compound at their estimated
retention times (i.e. tr t Eq. (6), for fixed values of t) and the cor-
responding values of the weighted maximal square correlation (i.e.
r
0
t for fixed values of t ). In 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 r

0
t of Bifenox, in both

Cases 1 and Case 2, is considerably higher than the value r
0
t 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 r

0
t can be considered the ground truth.

The highest error in retention time can be observed in Fig. 7 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. SI.1 and Fig. SI.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) was used. Fig. 6 illustrates
the ranks of all the elements in the database for all 3 cases. Ace-
naphthene (marked with id 7 in Fig. 8) has lower value of rt than
Octachlorostyrene (marked with 92 in Fig. 8) which is a false pos-
itive. The same effect is observed in the case of spectrum under the
Table 3
The ground truth: compounds known to be present in time window 979e985 s. The m/

Name Molecular formula of quantifier ion

Parathion C10H14NO5PS
Chlorfenvinphos C8H6O4Cl2P
Pyrifenox C13Cl2H8N2
Bromophos-Ethyl [81]BrC6ClH4O3PS
Isofenphos C9H10O4P
Cyanazine C8H10ClN6
Metazachlor C9H11N
id 441 (i.e. Acetamiprid) and 447 (i.e. Norea) in the database.
Figure SI.3 from the supporting information includes the spectra of
these 3 examples of false positives. The magenta ellipse in figure
SI.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)
cause a relative high correlation with the closest ions from Bifenox
(Fig. SI.3-a). For Acetamiprid and Norea (Fig. SI3 b and c respec-
tively) the highest correlation is due to the values ofm/z of the ions
of Acenaphthene. This false positive is also enhanced by the cu-
mulative effect of the summation in Eq. (5).

4.2. GC-orbitrap data

To test the algorithm in a real application of GC-Orbitrap anal-
ysis, a region was selected (Fig. 9) in the chromatogram between
979 s and 985 s. Based on existing knowledge of compounds pre-
sent in themix 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. 10. In Table 3 the compounds found in the region of
the interest are listed, together with the molecular formula and
exact mass of their quantifier ion, 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 Bromophos-ethyl, Chlorfenvinphos and Pyrifenox, Cyanazine
and Metazachlor). We would like to point here to the fact that
Isofenphos was not present in the high resolution library and was
included in the database with nominal masses.

As discussed in the theory section, the main advantage of the
penalized channel-wise Gaussian fitting is the clustered agglom-
eration of the data points resulting from the first step. Fig. 11 ex-
emplifies a clear difference between channel-wise Gaussian fitting
with penalties applied (as in eq. (3) from the SI) (a.I and a.II) and
without the penalties (as in eq. (2) from the SI) (b.I and b.II). The RT-
PW space in Fig. 1 aI has clear clusters which result in better
resolved clusters in the “retention time-m/z” space (Fig. 11 aII).

The second step of the algorithm (i.e. the MM clustering) in-
dicates a higher probability for N ¼ 3 and N ¼ 4 with a small dif-
ference between the probability p (N¼ 3jBIC) and the probability of
the real number of compounds present within the area of study, p
(N ¼ 6jBIC). More specifically p (N ¼ 3jBIC) e p (N ¼ 6jBIC) < 0.1
(Fig. 12). This small value indicates a higher uncertainty in decision
of which is the correct number of compounds. The next step in the
pipeline applied to the selected dataset e the identification using
“max ranked” and “all ranked” criteria e showed satisfactory re-
sults in the identification of the compounds of interest. The results
of max ranked are listed in Table 4. As it can be seen, the 5 identified
compounds are amongst the higher ranked. 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 ¼ 58 is insignificant
z given here is the measured m/z (i.e. accurate mass).

Exact m/z of Quantifier ion Tr (s)

291.03248 980.55
266.93753 981.1
262.00590 981.6
302.84647 981.9
213.03112 982.9
225.06500 984.01
132.0886 983.8



Fig. 11. The output from the first step in the deconvolution pipeline. a.I - the RT-PW space for the parameters 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 the parameters obtained with objective function without penalties, b.II - the RT-mz space obtained with non-penalized objective function.
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Fig. 12. The values of p (NjBIC) for the experimental data.

Table 4
Identified compounds within the selected area. The table is order from the highest r

0
t valu

compounds. The green color indicates the compound most similar to Chlorfenvinphos.

Name max ranked values ordered from the highest to low
�10�2

Bromophos-ethyl 10.4278
Metazachlor 2.555
Isofenphos 1.9185
Parathion 0.8597
Pyrifenox 0.5563
Dinoterb 0.4439
2,3,5,6-Tetrachloroaniline 0.3868
Bromfenvinphos 0.1019
Oxadixyl 0.08241
Tributyl phosphate 0.047213
Simetryn 0.04645
Etridiazole 0.04139
Cyprofuram 0.041,071
Demeton-S 0.03138
Tebutam 0.02061

Fig. 13. Temporal output for the identified compounds using r
0
t . With magenta are marke

identified Bromfenvinfos.
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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 Ref. [1] and it was attributed to a lower
trapping efficiency of the high abundant lower-m/z ions in C-trap.
This effect which can lead to a subjectivity in the identification
process. In Table 4 this is reflected in a lower value of the ranking. 5
out of 7 targeted compounds were correctly identified, proving the
capability of the algorithm to work with high and low resolution
libraries and with high chromatographic overlap. Chlorfenvinphos
and Cyanazinewere 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 of mass-channels compared with the closest neighbour
(i.e., 78 for the Chlorfenvinphos compared to its neighbour: Pyr-
ifenox with 112 ions) which can affect the second step of the al-
gorithm (i.e. MM classification) and (iii) a low signal to noise level
for the highest mass-channels (especially in the case of Cyanazine,
Fig. 10-f).
e (top) to the lowest r
0
t value (bottom). The red colored compounds are ground truth

est Estimated tr with the median (s) tr (s) jErr (s)j

981.92 981.9 0.02
984.01 983.8 0.21
982.83 982.9 0.02
980.57 980.55 0.02
981.63 981.6 0.03
979.84 e e

982.53 e e

980.88 e e

983.30 e e

982.09 e e

982.28 e e

982.27 e e

982.30 e e

982.05 e e

982.85 e e

d the real retention times. The green ellipse indicates the position and the r
0
t of the



Fig. 14. 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.
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Bromfenvinphos was detected among the false positives
(Table 4, green color, Fig. 13 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 compound
as a false positive. Figure SI.5 from the supporting information
shows the spectra for both compounds.

The retention time information provided by the “max ranked”
(Table 4), includes the error calculated between the true retention
Fig. 15. The normalized values of the eigen values used in determination of the number of
variance explained). The red arrow indicates the eigen value corresponding to the real num
erences to color in this figure legend, the reader is referred to the web version of this artic
time and estimated retention times (only for the relevant com-
pounds). The small values (i.e. max 0.21s, min 0.02s) of the absolute
errors indicate the efficiency of the algorithm. Fig. 13 illustrates the
r
0
t values of the true positives and false positives with respect to
their retention times.

For the “all ranked” identification criterion (Fig. 14), some of the
compounds of interest are ranked extremely low with respect to
many of the false positive compounds. This leads to the conclusion
components in MCR. The blue arrow indicates the “typical” cut-off value (here, 99.5%
ber of components (99.75% of the variance explained). (For interpretation of the ref-
le.)
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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 proba-
bility to include the compound of interest, but also the higher the
risk of wrong assignment. This is because 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 in
the library is higher. In our particular case, all peaks in the selected
chromatographic region are present in the library, hence the pos-
sibility 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.

4.3. Comparison with MCR and AMDIS

The comparison with MCR algorithm was performed to illus-
trate the advantages of each approach (i.e., Bayesian deconvolution,
Multivariate Curve Resolution and AMDIS). In order to useMCR, the
data was first brought down to low resolution as the method calls
for this pre-processing step. Further the MCR toolbox that includes
GUI was used [16].

The first step of the MCR is to identify the number of compo-
nents, which usually is done by evaluating the eigen values of the
cross product of the data. The number of eigen values that explain
the data the most coincides with the number of components.

Fig. 15 indicates the magnitude of the normalized eigen values
as they are obtained with MCR GUI application.

From the figure it is clear that only 4 eigen values explain 95% of
the variance in the data. To the authors' knowledge, there is no
robust method of elicitation of the correct number of eigen values
(i.e. components) and it is usually done relying on the analysts'
expertise. In Fig. 15 with the blue arrow is indicated the cut-off
value of what would be usually “the reasonable” number of com-
ponents. The red arrow in the same figure indicates the real amount
of the components in the data. From this example it is clear that it is
very easy tomistake the true number of components in case of such
a highly saturated data using the eigen values. The analysis of MCR
was carried assuming that there is a robust and universal way of
detecting a real number of components (i.e., 7 in this case) and
hence 7 eigen values were selected in the first step of the algorithm.
The output and the settings of the MCR are presented in the SI
Appendix A.

MCR algorithm was able to correctly detect 4 out of 7 compo-
nents. 3 components were resolved incorrectly. The main advan-
tage of the MCR is the speed of the analysis (approximately 3 s for
the deconvolution and 8 s for the in-house built database search).
We can only speculate that for a less saturated data (and implicitly,
Table 5
Comparison of the Bayesian deconvolution with MCR and AMDIS. “-” indicates that
the corresponding compound were not identified whereas “þ” indicates a suc-
cessfully identification.* The time includes the search through the database.

Bayesian Deconvolution MCR AMDIS

Parathion þ þ e

Chlorfenvinphos e e e

Pyrifenox þ e e

Bromophos-Ethyl þ þ þ
Isofenphos þ þ þ
Cyanazine e e e

Metazachlor þ þ þ
Computation time*: 7 min ~3 s þ 8 s ~5 s
if there would be a robust threshold in the eigen values), MCR will
be a better choice given the speed of the computation.

AMDIS algorithm was tested for the same region. AMDIS was
able to correctly identify only 3 out of 7 compounds (SI Appendix
B). The down side of AMDIS is the output of duplicates (e.g.,
Bromophos-Ethyl was detected in 3 spots closely positioned in the
retention time domain). The superiority of the AMDIS is it's speed
(i.e., approximately 5 s including the identification). In Table 5 are
included the compounds correctly resolved and the execution
time for the Bayesian deconvolution, MCR and AMDIS
respectively.

5. Conclusions

The development of a new deconvolution method is a ne-
cessity in the case of new, high resolution data and especially
when using high resolution spectra libraries. The pipeline pre-
sented here was capable to resolve compounds that were
severely overlapping (i.e. minimal resolution of 0.027) using
Bayesian statistics. The identification method of weighted sum-
mation of maximal square correlation (i.e. r

0
t) is novel in this

area. The identification rate (i.e. 5 out of 7 targeted compounds)
is satisfactory given the complexity of the subset of the data that
was analyzed. For the simulated data, in all 3 cases of different
time resolutions, the algorithm correctly detected all expected
analytes (i.e. no false negatives). The false positives for the
simulated data are ranked considerably lower than the true
positives, leaving the possibility to discard compounds that are
highly unlikely to be detected at a particular retention time. The
false positives in the case of the selected real data are also ranked
lower than the true positives. The algorithm resulted, however in
two false negatives due to: (i) the ambiguity in the similarity step
(the false positive Bromfenvinphos is highly similar to Chlor-
fenvinphos) and (ii) the severely overlapping compounds (i.e.
eluting in 0.21s one from another). 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. The comparison with the classical algorithms (MCR
and AMIDS) are showing a superiority in the number of correctly
resolved compounds. The major drawback of the present algo-
rithm is the execution time. This may be overcome reducing the
explored number of clusters (M) in the second step which
consequently would make the last step (spectra estimation and
identification) faster. We can assume that on a dataset with
better separation (i.e. Ri;iþ1 > 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 improve-
ment of the precision (i.e. reducing the false positives), reducing
the false negative rate and reducing the execution time. Possible
improvements will also include a further evidence in the “all
ranked” approach and the possibility to attach a label of Un-
known when uncertainties in the identification are above a
certain limit.
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