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ABSTRACT: Data-independent acquisition mass spectrometry
(DIA-MS) is essential for information-rich spectral annotations in
untargeted metabolomics. However, the acquired MS2 spectra are
highly complex, posing signiﬁcant annotation challenges. We have
developed a correlation-based deconvolution (CorrDec) method
that uses ion abundance correlations in multisample studies using
DIA-MS as an update of our MS-DIAL software. CorrDec is based
on the assumption that peak intensities of precursor and fragment
ions correlate across samples and exploits this quantitative
information to deconvolute complex DIA spectra. CorrDec clearly
improved deconvolution of the original MS-DIAL deconvolution
method (MS2Dec) in a dilution series of chemical standards and a
224-sample urinary metabolomics study. The primary advantage of
CorrDec over MS2Dec is the ability to discriminate coeluting low-abundance compounds. CorrDec requires the measurement of
multiple samples to successfully deconvolute DIA spectra; however, our randomized assessment demonstrated that CorrDec can
contribute to studies with as few as 10 unique samples. The presented methodology improves compound annotation and
identiﬁcation in multisample studies and will be useful for applications in large cohort studies.

F

are fragmented together: e.g., all ion fragmentation (AIF),
MSALL, or MSE.7 In particular, busy chromatographic regions
with multiple coeluting compounds pose a signiﬁcant
challenge. In the case of the original MS-DIAL, at least two
data-point diﬀerences between the chromatographic peak tops
is required for deconvolution, which is a challenging condition
for AIF data. Previous tools are therefore not suitable for
untangling complex MS2 spectra from the AIF acquisition and
its equivalent.
We present a new MS2 deconvolution method based on the
correlation of ion abundances between precursor and product
ions among biological samples, named CorrDec (Correlationbased Deconvolution). This method, implemented in MSDIAL version 3.22 and later, is designed to deconvolute MS2
spectra from untargeted, multisample AIF metabolomics
without requiring a predeﬁned spectral library. The method

or compound identiﬁcation, high-resolution tandem mass
spectra (MS2) with public spectral library and associated
computational tools are indispensable. A number of resources
are available including MassBank,1 GNPS,2 CSI:FingerID,3
and MS-FINDER.4 In the classical data-dependent acquisition
mass spectrometry (DDA-MS), ions are isolated in a narrow
m/z window to obtain clean spectra (typically 1 Da, sometimes
up to 9 Da).5,6 In contrast, for data-independent acquisition
mass spectrometry (DIA-MS), wider m/z windows of 10−
1000 Da are used to obtain complex spectra from coeluting
precursors, thereby requiring computational approaches to
interpret.7
To overcome the trade-oﬀ between cleanness and
comprehensiveness of DIA spectra, various deconvolution
tools have been proposed, such as OpenSWATH,8 Specter,9
MetDIA,10 MS-DIAL,11 and decoMetDIA.12 The ﬁrst three
tools were designed for targeted analyses that utilize predeﬁned
spectral libraries to deconvolute spectra. The latter two can
deconvolute MS2 spectra de novo by ﬁtting MS2 chromatograms to their precursor chromatogram in a single sample (i.e.,
using retention time). These powerful methods are suitable for
the SWATH (Sequential Window Acquisition of all THeoretical fragment ion spectra) type of DIA data.7 However, MS2
spectra become highly complex when precursor ions of all m/z
© 2020 American Chemical Society

Received: May 8, 2020
Accepted: July 10, 2020
Published: July 10, 2020

11310

https://dx.doi.org/10.1021/acs.analchem.0c01980
Anal. Chem. 2020, 92, 11310−11317

Analytical Chemistry

pubs.acs.org/ac

Article

is based on three assumptions: (1) metabolite concentrations
diﬀer across study samples in multisample studies; (2) the
MS2 fragmentation pattern is identical under identical
experimental conditions; (3) intensities of fragment ions
correlate with those of their precursors.
Correlation has been widely used in mass spectrometrybased metabolomics.13,14 For example, the Pearson correlation
is used in CAMERA to estimate the similarity of diﬀerent mass
chromatograms to extract compound spectra and to annotate
adduct ions and isotopic peaks.15 For DIA, data correlationbased approaches such as RAMClust assigns precursor-product
relationships based on detected features in MS1 and MS2.16,17
In contrast to the previous approaches, CorrDec is not
designed to retrieve as many characteristic product ions as
possible from the DIA-MS2 spectra. Rather, it excludes noise
peaks eﬀectively by integrating multisample proﬁles. We
demonstrate the concept and utility of CorrDec in a dilution
series of chemical standards in urine and a case study from a
urinary metabolomics cohort.

■

EXPERIMENTAL SECTION
Correlation-Based Deconvolution. CorrDec starts with
the aligned peak list from multiple samples. The peak list
consists of “aligned features”, which include the averages of
retention time, m/z, peak height, and width obtained from the
detected peaks in the samples, their ion abundances, and
corresponding MS2 spectra. The peak height is used for the
quantiﬁcation of MS1 and MS2 peaks. The MS2 deconvolution is performed as follows (Figure 1).
Step 1: For each aligned feature Ft1, Pearson correlations
are calculated between all product ions and their precursors.
The MS2 spectra of Ft1 for all samples are retrieved to create a
“MS2Mat” data matrix, consisting of the ion abundances of
each product ion (P) binned by an m/z threshold in all
samples (0.01 in this study). The precursor ion abundances of
all samples are retrieved to create a “MS1Vec” data vector, and
Pearson correlations are calculated for all pairs of the features
in MS1Vec and product ions in MS2Mat (Figure 1A). For
each product ion, its existence ratio within the samples (the
number of samples having the product ion above the threshold
(1000 in this study) divided by the number of all samples) is
also recorded.
Step 2: All correlation values in all features are integrated
into a matrix based on the m/z of the product ion using the
same m/z threshold (0.01 in this study) as MS2Mat (Figure
1B).
Step 3: Each product ion is assessed using the correlation
value CorrMS1vsMS2 for its inclusion to the deconvoluted
spectrum of Ft1. Three criteria are applied (Figure 1C):
(Criterion 1) CorrMS1vsMS2 > minimum threshold,
(Criterion 2) CorrMS1vsMS2> MaxCorrFt-margin1, and
(Criterion 3) CorrMS1vsMS2> MaxCorrP-margin2.
Criterion 1 is an overall cutoﬀ to suppress noise signals.
Correlations between the ion abundances of a MS1 precursor
ion and the ion abundances of a MS2 product ion must be
higher than a predeﬁned minimum correlation threshold for all
peaks. The recommended threshold is between 0.3 and 0.7,
and we used 0.7 in this study. A lower threshold indicates a
higher possibility to introduce noise peaks into spectra.
Criterion 2 is a threshold to ﬁlter product ions for fragments
from each MS1 feature Ft1. MaxCorrFt is the maximum of all
correlations for Ft1, and relatively low-correlating peaks from

Figure 1. Flowchart of the CorrDec method for a target feature Ft1.
A. For each feature, the Pearson correlations are calculated for all
pairs of precursor (MS1 vector) and product ions (MS2 matrix). B.
All correlation values of all features are merged into a single matrix. C.
Product ions satisfying the three criteria (see the main text for details)
are selected to produce the deconvoluted MS2 spectrum of Ft1.

ionization enhancement and/or biochemical proximation are
removed. The recommended margin1 is between 0.1 and 0.3,
and we used 0.2 in this study. A larger margin indicates a
higher possibility to introduce noise peaks into spectra. For
example, in Figure 1B, the MS2 peak P1 (0.73) is removed
because MaxCorrFt for the feature is 0.98.
Criterion 3 is used to avoid false-positive assignments by
Criterion 2 when the same product ion shows high correlation
values for multiple precursor ions. For each product ion Px, a
maximum correlation MaxCorrP with its neighboring features
(eluting within ±0.5 × peak width of Ft1) is determined.
When the correlation value between the Ft1 and Px is less than
MaxCorrP-margin2, Px is excluded from the deconvoluted
spectrum of Ft1. The recommended range is between 0.1 and
0.3, and we used 0.1 in this study. A larger margin indicates a
higher possibility to introduce noise peaks into spectra. For
example, the product ion P2 is excluded from the Ft1
deconvoluted spectrum because the value of 0.81 is less than
MaxCorrP (0.93) − 0.1 (Figure 1B).
These threshold values require tuning when applied to
diﬀerent data sets. The m/z value and the intensity in a
deconvoluted spectrum are represented by their respective
median value of m/z and intensities in biological samples,
11311
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Figure 2. Demonstration of the CorrDec method using tyrosine dilution series spiked into diluted urine as background matrix. A. Raw MS2 spectra
of tyrosine [M + H]+ (m/z: 182.082) at the lowest (69 nM) and the highest (4 μM) spiked concentrations in dilution series. Raw MS2 spectra
contain over one hundred peaks masking the ions derived from tyrosine, especially at low spiked-in concentrations. B. Linked scatter plots
visualizing the intensity correlations between the MS1 m/z 182.082 and MS2 peaks in 11 dilution series samples. Only 12 out of 193 (10 eV) and
13 out of 280 peaks (30 eV) correlated >0.9 (highlighted lines). C. Deconvoluted MS2 spectra (above, in black) matched well with the library
reference spectra (below, in red). The MS2 similarities of deconvoluted spectra were 90.5% (10 eV) and 86.5% (30 eV), while the MS2 similarities
of raw spectra at 0, 10, and 30 eV were less than 30% in the all samples.

control (QC) sample injections every ﬁve samples and a water
blank at the end of the batch sequence. The data sets have
been deposited in the EMBL-EBI MetaboLights repository21
with the identiﬁers MTBLS787 (chemical standards) and
MTBLS816 (urine metabolomics).
Chemical Standard Library. An in-house MS2 spectral
library combined from various open and closed sources
containing 128,039 experimental MS2 spectra (high-resolution, mostly DDA) for 13 597 compounds was used for
identiﬁcation. The retention times (RT) for 280 compounds
were obtained from purchased chemical standards.18,22
Data Processing and Analysis. The CorrDec method
was implemented into MS-DIAL.11 Data were processed in
MS-DIAL version 4.12 (peak detection, alignment, and
deconvolution). Important parameters were as follows:
minimum peak height MS1:3000, noise level of MS2:1000,
total identiﬁed score cutoﬀ: 80%, detected in at least 20% of all
samples, not in blank (maximum sample intensity/average
blank intensity >5). As our library contained records of both
DDA and DIA spectra, we used the deconvoluted spectra with
and without the ions heavier than the precursor during the
identiﬁcation process; the higher matching score was kept.
Detailed data processing settings of MS-DIAL can be found in
the Tables S2 and S3. The MS2 spectra were deconvoluted
independently using the MS2Dec11 and the CorrDec methods
(after the alignment of features).
For the urine data, we manually conﬁrmed and curated the
alignment results to correct missed or doubtful peak picking,

where the intensities are normalized by the abundance of the
precursor ion in each sample.
Sample Information and Data Acquisition. Information on samples and experiments are detailed in Supporting
Information. Liquid chromatography (LC)-MS measurements
in AIF mode were performed as described previously.18,19
Metabolites were separated on a 15 min gradient using HILIC
chromatography with acidiﬁed water and acetonitrile. Data
were acquired in positive ionization mode on an Agilent 6550
Q-TOF-MS system with a mass range of 40−1200 m/z in AIF
mode with three alternating collision energies (0, 10, and 30
eV). The data acquisition rate was 2 scans/s for each segment.
A dilution series of eight chemical standards (proline
betaine, trigonelline, dimethylglycine, trimethylamine Noxide, tyrosine, glycine betaine, proline, 3-hydroxy-kynurenine;
Table S1) was prepared using 10-fold diluted urine as a matrix.
The starting spiked-in concentration of 4 μM in urine was
diluted 1.5-fold with an equal amount of urine 10 times,
resulting in an 11-point series to the ﬁnal concentration of 69
nM (Figure S1). In addition, we also acquired data with a
smaller dilution step (1.07-fold, 3.27−4.00 μM) for tyrosine.
Two dilution series of trimethoprim (1.07-fold starting at 0.06
μM and 1.5-fold starting at 0.3 μM and) were acquired in urine
samples with diﬀering matrix composition.
Urine samples (n = 224) were used as the proof of concept
for assessing the CorrDec performance. A detailed description
of the full study is given in the original publication.20 Samples
were measured in four analytical batches, with pooled quality
11312
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on the ionization source setting. In this study, in-source
fragmentation is facilitated by a high fragmentor voltage (380
V), and the MS2 spectra at 0 eV for all eight chemical
standards provided >80% matches in the library (Table S4),
corroborating the usability of the in-source fragmentation.
To further conﬁrm the usability of CorrDec for the cases
where the concentration of the compounds varies only little
across samples, we measured a 1.07-fold dilution series of
tyrosine and trimethoprim. For tyrosine, the same QC
background was used because the variation of endogenous
tyrosine overwhelmed the 1.07-fold variation; we could obtain
clean CorrDec spectra in such cases. With the constant QC
background, CorrDec could generate MS2 spectra, showing
>80% MS2 match at 10 eV using four samples (spiked-in
concentration range 3.27−4.00 μM; Figure S3). To ensure the
performance of CorrDec with the minimum concentration
variations on diﬀerent urine backgrounds, we measured an
exogenous compound, trimethoprim, under diﬀerent background matrixes. CorrDec could again deconvolute spectra
using four samples (Figure S3). We could conﬁrm that small
concentration changes between the samples (<25%) suﬃce for
the correlation-based method,16 when heavy coelution is
avoided.
Urine Metabolomics Data Set. To verify the practical
performance of CorrDec, we analyzed a LC-MS (HILIC
chromatography) metabolomics data set consisting of 224
unique urine samples, 58 pooled QCs, and 4 blanks acquired in
positive ionization AIF mode. Data were processed by MSDIAL version 4.12. In the CorrDec deconvolution process, we
discarded product ions that appeared in <50% of all samples
for computational eﬃciency. This threshold of 50% is arbitrary
and should be set for each study considering the sample
number and the desired level of reliability. The remaining 4159
features were aligned, among which the alignment of 64
features was manually corrected to separate fortuitously
merged, coeluting compounds. By matching AM, RT, and
MS2 spectra to the reference library, 105 compounds were
conﬁdently identiﬁed at the MSI level 1.26
For all of the 105 compounds, both MS2Dec and CorrDec
could generate MS2 spectra. The number of spectra achieving
>80% match, however, were 34 and 85 for MS2Dec and
CorrDec, respectively (Figure 3A). Furthermore, the distribution of MS2 similarity scores reveals that MS2Dec spectra
showed <60% match for 50 compounds. Median similarity
values were 59.1% and 91.3% for MS2Dec and CorrDec,
respectively (Figure 3B). The reason for the disparity is that
CorrDec is especially eﬀective in obtaining cleaner spectra for
compounds of low abundance or smaller peak intensity (Figure
3C).27
In addition to the 105 compounds identiﬁed at the AMRT
and MS2 match level, we could also identify six metabolites as
high match (>80%) to the applied MS2 library using CorrDec
spectra but not with MS2Dec spectra. These compounds have
been previously reported in human urine: imidazole acetic
acid,28 homocitrulline,29 aminohippuric acid,30 isobutyryl (C4)
carnitine,30 liquiritigenin,31 and AICA-riboside.32 Among the
111 identiﬁed compounds, over half (61) were amino acids
and their metabolites: standard amino acids (13), methylated
(9), acetylated (6), other amino acid metabolites (22), and
conjugates (11). The other major compound groups include
products of nucleic acid metabolism (13), and food/drug
metabolites (8) (Table S5 and Figure S4).

feature alignment, and compound identiﬁcation. We also
annotated all features using three criteria: (i) accurate mass
(AM) match (tolerance: 0.01 Da), (ii) RT match (tolerance: 1
min), and (iii) MS2 spectrum match (similarity >80%). The
MS2 similarity was scored by the simple dot product without
any weighting,23 for clearer understanding of our method:
MS2 similarity(%) = 100 ×

Article

∑ (Am Ar)2
∑ Am 2 ∑ Ar 2

where Am and Ar are the arrays of m/z intensities in a
measured and reference mass spectrum, respectively. To avoid
erroneous high similarity matches resulting from only a few
peaks, we adopted the following additional criteria for MS2
spectrum match: (1) if AMRT, a match of at least two MS2
peaks with the reference spectra, and (2) if AM only, a match
of at least three MS2 peaks with the reference spectra. The
MS2 similarities with reference spectra were compared
between the CorrDec and the MS2Dec using three diﬀerent
collision energies (0, 10, and 30 eV).
Random Sampling Analysis. We evaluated the performance of CorrDec for diﬀerent sample sizes by randomized
resampling analysis of the urine metabolomics data set. After
chromatographic alignment was performed using all samples,
we reselected the study and QC samples for deconvolution by
the CorrDec. The number of samples varied from four to the
number of detected samples (depending upon the chosen
compound) with 100 iterations. For each iteration, we
calculated the MS2 similarity between the deconvoluted
spectrum from the resampling and the reference spectrum.
The MS2 similarity of resampling was the average of 100
iterations.

■

RESULTS AND DISCUSSION
CorrDec Demonstration Using Compound Dilution
Series in Urine. Using a dilution series of chemical standards,
we veriﬁed high correlation of the intensities of MS2 fragments
with those of their precursors. We measured the 11-point
dilution series (0.069−4 μM) of eight chemical standards in
AIF mode with diluted urine as the matrix. In such a setup,
only the concentrations of the spiked compound vary (partially
masked by the endogenous compounds present in the matrix)
while concentrations of other compounds in the urine matrix
remain stable. In the case of the tyrosine dilution series (Figure
2), the MS2 spectra of tyrosine contained 193 and 280 peaks
for 10 and 30 eV, respectively. The similarity scores (simple
dot product) of all raw MS2 spectra with the reference spectra
were less than 30%. When processed by CorrDec, 12 peaks in
10 eV and 13 peaks in 30 eV showed >0.9 correlations with
their precursors, clearly deviating from the normal distribution
formed by the correlation values of the other peaks (Figure 2B
bottom). These highly correlated peaks exhibited intensities
proportional to the dilution (Figure 2B top in the log scale),
and the MS2 similarity scores with the reference spectra were
90.5% and 86.5% for 10 and 30 eV, respectively. Similar results
were obtained for the other 7 compounds: MS2 spectra were
successfully generated with high MS2 matches (1 compound
>80%, 6 compounds >90% for at least one collision energy) by
CorrDec (Table S4 and Figure S2).
In addition to the MS2 spectra at 10 and 30 eV,
deconvoluted spectra were also obtained for 0 eV, justifying
the use of in-source fragmentation for metabolite identiﬁcation.16,17,24,25 The degree of in-source fragmentation depends
11313
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urine.30,33 The method is particularly suitable for compounds
with variable levels in the samples, such as drugs and dietary
components. Indeed, among the conﬁrmed 85 AMRT+MS2
compounds (Figure 3A), 25 were ﬁrst annotated by MS2
match only and were later purchased for conﬁrmation.
MS2 Spectra Deconvolution of Coeluting Compounds. Nontargeted LC methods often contain regions
with multiple coeluting compounds. In our analytical method,
the distribution of the 4159 features ranged from a few to over
250 peaks per 20 s (approximate average peak width at base)
across the 0.8−15 min of gradient elution (Figure S6A,B).
Such coeluting peaks pose a challenge to deconvolution
methods relying on mass chromatograms. With CorrDec, even
completely coeluting compounds could be deconvoluted, such
as abundant glutamine and sparse N-acetylcarnosine (Figure
4A,B). The relative peak intensities of the two compounds ﬁt
well with the reported average concentrations in the literature:
18−72 and 1−2 μM/mmol creatinine for glutamine30 and Nacetylcarnosine (see Supporting Information), respectively.
Using MS2Dec, the deconvoluted spectrum of N-acetylcarnosine contained all fragment peaks of glutamine, reducing the
MS2 match to only 29.3%. The MS2Dec deconvoluted
spectrum of glutamine showed the MS2 match of 86.5%
(Figure 4C). With the same data set, CorrDec could
deconvolute the MS2 spectrum of N-acetylcarnosine with
95.1% match and provided an equivalent high match for
glutamine (84.1%) as well (Figure 4D). Low abundance
metabolites such as N-acetylcarnosine arguably constitute the
larger part of most metabolomics data sets.27 The high-quality
MS2 spectra deconvoluted by the CorrDec enabled us to
untangle the complex AIF data set, by improving the
identiﬁcations and annotations of smaller peaks in chromatographically dense sections.
The beneﬁts of CorrDec are summarized as (1) cleaner MS2
spectra, and (2) statistical annotations (frequency and
correlation) for MS2 peaks. CorrDec can generate clean
spectra without noise signals from the matrix, mobile phase, or
mass spectrometer artifacts, enabling better match to spectral
databases or libraries. In the deconvolution process, each MS2
peak is assigned with a correlation value and frequency among
samples. Using these statistical annotations, advanced users can
manually interpret deconvoluted MS2 spectra of unknown or
marginally matching metabolites.
On the other hand, CorrDec has two disadvantages: (1) the
requirement of multiple samples with varying compound
concentrations, and (2) the possibility of removing shared
fragments among coeluting compounds. First, in principle,
CorrDec cannot be performed on a single sample and at least
three samples are required to calculate the correlation. While
we observed that four spiked samples were suﬃcient to obtain
>80% similarity match (Figure S3), we investigated further to
estimate the required sample size using random resampling of
the urine metabolomics data set in the next section. Second, if
coeluting compounds produce the same m/z product ions,
their intensity correlations become small enough to be
removed from deconvoluted spectra depending on the
CorrDec parameters. MS2Dec spectra are useful to complement such missing peaks, and advanced users can recover them
through careful interpretation of statistical annotations and
MS2 chromatograms. One such example for a group of
betaines is provided in Figure S7.
Veriﬁcation by Random Resampling. Estimating the
number of samples required for CorrDec is diﬃcult; it depends

Figure 3. CorrDec MS2 spectra provide increased conﬁdence in
compound identiﬁcation than those obtained by MS2Dec in the
urinary metabolomics DIA data set. A. Number of compounds in each
identiﬁcation category identiﬁed using MS2Dec and CorrDec. B.
Distribution of the MS2 similarity scores for the MSI level-1
compounds spectra deconvoluted by the CorrDec and MS2Dec. C.
MS2 similarity scores from CorrDec were higher than MS2Dec,
especially for low-intensity peaks.

In addition to the MS2 library matching, CorrDec can
provide a more reliable MS2 spectra for structure-prediction
tools such as MS-FINDER.4 For example, we could annotate
two features based on their CorrDec spectra as acetaminophen
sulfate and valerylcarnitine (Figure S5), two compounds not
present in our MS2 spectral library but likely present in
11314
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Figure 4. CorrDec can successfully deconvolute the MS2 spectra of completely coeluting compounds, glutamine and N-acetylcarnosine. A. The raw
MS2 spectrum and extracted ion chromatograms in MS1 (0 eV) of completely coeluting glutamine and N-acetylcarnosine as well as B. their
fragments in MS2 (10 eV) from the urine data (QC1 sample in batch 1). C. MS2 spectra of glutamine and N-acetylcarnosine deconvoluted by the
MS2Dec. D. MS2 spectra of glutamine and N-acetylcarnosine deconvoluted by the CorrDec.

is more variable compared to homeostatic ﬂuids such as blood.
A larger number of samples might be required for successful
application of CorrDec in studies with less metabolite
variations. On the other hand, the quality of MS2 spectra are
largely dependent on compound classes and study designs.
Deﬁning the best parameters or the minimum sample number
required for all studies is therefore diﬃcult.
In MS-DIAL, CorrDec is not intended to replace MS2Dec.
Both deconvolution methods are based on diﬀerent concepts
and have diﬀerent usage scenarios. The CorrDec method
provides a reasonably clean deconvoluted MS2 spectrum per
feature and sample set, and it is suitable for annotating and
identifying a feature at the level of the whole sample set.
MS2Dec can deconvolute MS2 spectra for each feature in a

on multiple factors (study design, sample matrix, metabolite,
etc.). Here for a rough estimation, we used 85 compounds
conﬁdently annotated (AMRT and MS2 match) in the urine
study to perform random resampling analysis. For each of the
85 compounds, we created a scatter plot between the number
of samples and MS2 similarity with the preselected library
reference spectrum (Figure S8). On the basis of the median
MS2 similarity from 100 iterations for each resampling, we
plotted the number of compounds (total 85) of high MS2
similarity scores for each sampling size (Figure 5). Already
with 10 samples, 47% (40 of 85) of the compounds showed
>80% MS2 similarity; when using 30 samples, the number rose
to 85% (72 of 85). Therefore, small studies with tens of
samples can beneﬁt from the CorrDec method. Note that urine
11315
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Figure 5. Summary of the randomized resampling analysis for the 85
CorrDec AMRT+MS2 compounds (Figure 3) to assess the
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data set) used for the CorrDec and quality of the deconvoluted MS2
spectra compared library MS2 spectrum.

single sample; therefore, while noisier, the MS2Dec can be
utilized to evaluate the feature identiﬁcation for each sample in
the data set. In DIA metabolomics, MS2 spectra are obtained
from only a small number of MS scans. For such complex and
noisy data, traditional deconvolution methods such as
multivariate curve resolution (MCR) are diﬃcult to apply
because the multivariate method requires proper constraints to
deconvolute spectra. When the number of coeluting
compounds and peak shapes are much interfered by noise,
error-minimization is not a good algorithmic choice. For such a
data set, MS2Dec and CorrDec methods can function in
complement to clean MS2 spectra. Lastly, regardless of how
clean the MS2 spectra or how good the MS2 library similarity
matches are, it is still necessary to further conﬁrm compound
annotations with chemical standards.

■

CONCLUSIONS
We have developed CorrDec, a new MS2 spectra deconvolution method for DIA data based on the correlations of the peak
intensities across samples. CorrDec has been implemented in
MS-DIAL and is available in version 3.22 or later (version 4
also covers ion-mobility data processing34). The improved
quality of the MS2 spectra and the ability to deconvolute
completely coeluting compounds are the main advantages over
retention-time based deconvolution methods. Therefore,
CorrDec enables more reliable compound annotations and
identiﬁcations in multisample studies.
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