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Abstract. High-resolution tandem mass spectrometry (HRMS2) with electrospray
ionization is frequently applied to study polar organic molecules such as
micropollutants. Fragmentation provides structural information to confirm structures
of known compounds or propose structures of unknown compounds. Similarity of
HRMS2 spectra between structurally related compounds has been suggested to
facilitate identification of unknown compounds. To test this hypothesis, the similarity
of reference standard HRMS2 spectra was calculated for 243 pairs of micropollutants
and their structurally related transformation products (TPs); for comparison, spectral
similarity was also calculated for 219 pairs of unrelated compounds. Spectra were
measured on Orbitrap and QTOF mass spectrometers and similarity was calculated

with the dot product. The influence of different factors on spectral similarity [e.g., normalized collision energy
(NCE), merging fragments from all NCEs, and shifting fragments by the mass difference of the pair] was
considered. Spectral similarity increased at higher NCEs and highest similarity scores for related pairs were
obtained with merged spectra including measured fragments and shifted fragments. Removal of the monoiso-
topic peak was critical to reduce false positives. Using a spectral similarity score threshold of 0.52, 40% of related
pairs and 0% of unrelated pairs were above this value. Structural similarity was estimated with the Tanimoto
coefficient and pairs with higher structural similarity generally had higher spectral similarity. Pairs where one or
both compounds contained heteroatoms such as sulfur often resulted in dissimilar spectra. This work demon-
strates that HRMS2 spectral similarity may indicate structural similarity and that spectral similarity can be used in
the future to screen complex samples for related compounds such as micropollutants and TPs, assisting in the
prioritization of non-target compounds.
Keywords: High-resolution tandem mass spectrometry, Micropollutants, Transformation products, Non-target
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Introduction

High-resolution tandem mass spectrometry (HRMS2) with
electrospray ionization (ESI) has become vital in the

identification of known and unknown compounds in fields as
diverse as pharmacokinetics, human health studies, metabolo-
mics, natural product research, food, and environmental anal-
ysis. HRMS2 has become more common for target screening
of known compounds since detection limits have been decreas-
ing in recent years. But the unique advantage of HRMS2 is best
observed in non-target or untargeted screening methods that
aim to identify compounds in the sample not previously known
to the investigator. In this case, accurate mass measurements
and resolution of isotope peaks make it possible to assign
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molecular formulas to unknown peaks, whereas fragmentation
of the precursor ion provides information about the presence or
absence of chemical functional groups or substructures, mak-
ing structure elucidation possible.

When investigating the spectra of an unknown in non-target
screening, a reasonable first step is to compare the experimental
spectra with those of reference standards that are present in
databases and spectral libraries. This search, often referred to as
Bdereplication^ or identifying Bknown unknowns,^ determines
if the unknown spectrum belongs to a known compound.
Confirmation of matches between the experimental spectrum
and library spectra is regularly evaluated with a similarity or
match score [1–3], which is based on matching of aligned
peaks, and several algorithms are currently available to calcu-
late similarity scores (e.g., the dot product [4], Jaccard index
[5], and X rank [6]). But whereas large libraries, such as NIST,
exist for low-resolution, electron impact (EI) MS spectra, li-
brary resources are more limited for ESI-HRMS2 spectra, for a
variety of reasons. The technique is newer and measurements
are less standardized, leading to varying fragmentation. There-
fore, library searches with HRMS2 data are less successful in
identifying known compounds. Additionally, reference stan-
dards are rarely available for some compounds, e.g., transfor-
mation products (TPs), which are formed from parent com-
pounds through a multitude of reaction pathways, including
metabolism, photolysis, or hydrolysis in the environment, or
biotransformation or ozonation during wastewater or drinking
water treatment. Therefore, HRMS2 spectra for these com-
pounds are also seldom present in spectral libraries.

Since spectra for many compounds may not be in libraries,
other methods have been proposed to use HRMS2 spectra to
identify unknown compounds, preferably in an automated
fashion. One of these strategies is screening for characteristic
fragments, thereby at least assigning the unknown compound
to a particular class of structurally related compounds. Differ-
ent resources (e.g., mzCloud (mzcloud.org), FT-BLAST [7],
METLIN [8], MS2Analyzer [9], and CSI:FingerID [10]) have
demonstrated the overall success of using fragments to assign
chemical substructures. This approach has also been applied to
identify TPs, where fragments characteristic of a parent com-
pound have been used to screen for possible TPs [11, 12].

While the relationship between structural and spectral simi-
larity has been previously explored for EI-MS data [13], it is not
clear to what extent these results would be the same for ESI-
HRMS2 data, and what similarity score corresponds to
Bsimilar^ spectra, since it cannot be assumed that criteria pre-
viously established for EI-MS data also apply to ESI-MS2.
Preliminary work, reported in [14], showed spectral similarity
between parent compounds and TPs might not be as high as
hypothesized. To address this open question, we investigated
more than 10,000 HRMS2 spectra from reference standards of
polar organic micropollutants, such as pharmaceuticals and
pesticides, and associated TPs with various functional groups.
The spectral similarity was calculated with the dot product
between 243 pairs of parent micropollutants and known TPs.
For comparison, similarity scores between 219 unrelated pairs

were also calculated. Multiple scenarios were considered when
comparing spectra, such as measuring at different collision
energies and merging of different spectra, to determine the
conditions resulting in the maximum spectral similarity score
for each pair. Once similarity scores were maximized, a simi-
larity score threshold was determined that could distinguish
related from unrelated pairs. Finally, spectral similarity of each
pair was compared with the corresponding structural similarity.
The resulting best strategy and thresholds can be applied for
future screening of related unknown compounds such as TPs.

Methods
Measurement and Data Analysis

Reference standards of 777 compounds were measured in-
house with liquid chromatography (LC)-HRMS2 for entry into
spectral libraries. The reference standards included a highly
diverse group of micropollutants, such as pharmaceuticals,
pesticides, artificial sweeteners, industrial chemicals, with var-
ious functional groups and heteroatoms, and TPs resulting from
a variety of transformation processes, including human metab-
olism and microbial degradation, as well as from drinking
water treatment processes such as ozonation. Seventy com-
pounds were previously reported in Stravs et al. [15] along
with the details of the measurement conditions, although here
three Orbitrap instruments (Thermo Fisher Scientific, San Jose,
CA, USA) were used (i.e., Orbitrap XL, Q-Exactive, and Q-
Exactive Plus), depending on availability. For 370 compounds,
HRMS2 measurement was done on an Orbitrap XL. For 196
compounds, a Q-Exactive was used, and a Q-Exactive Plus was
used for 224 compounds (13 compounds were measured on
multiple instruments). No large differences were observed in
fragmentation between the different instruments (Supplemen-
tary Material; Supplementary Figure S1a–m). Ionization was
done with either positive or negative ESI (or both). All frag-
mentation was performedwith HCD at set energies (i.e., 15, 30,
45, 60, 75, 90), reported as normalized collision energies
(NCEs), using the minimum resolution for the MS2 (7500 for
Orbitrap and 17,500 for Q-Exactive/Q-Exactive Plus) and an
isolation window of 1 m/z, such that no isotope peaks were
present in the spectra.

The initial dataset was comprised of reference standard
spectra processed using the R package RMassBank [15] and
made available online at MassBank (www.massbank.eu) [16].
RMassBank retrieves spectra from raw files (mzML or
mzXML) based on SMILES and retention time. The
RMassBank workflow then starts with a recalibration of the
fragment masses, where first, a mass recalibration is performed
using mass errors of subformulas assigned to fragment masses
for a set of known compounds, and second, using the
recalibrated spectra, subformula assignment is performed
again to remove noise peaks that do not match a chemical
formula consistent with the parent formula. Further
processing steps include (1) the removal of probable Fourier
transform satellite peaks and (if activated) of known electronic

J. E. Schollée et al.: HRMS2 Spectral Similarity of Structurally-Related Compounds 2693

http://mzcloud.org
http://www.massbank.eu


noise peaks from the instrument, (2) reassignment of potential
collision gas adducts, (3) filtering by multiplicity (occurrence
in multiple spectra or repeated measurements), and finally (4)
an export of intense peaks marked as noise for manual review
(further details of the settings are in [13] and in the vignette in
BioConductor

(http://bioconductor.org/packages/release/bioc/vignettes/
RMassBank/inst/doc/RMassBank.pdf)). The processed spectra
are then annotated with metadata and exported into MassBank
record format, or alternatively (e.g., for this work) exported in
tabular format for further processing. The basic settings
(tailored in this case to the Orbitrap spectra and the
chromatography) were as follows: RT margin = 0.4 min;
include reanalyzed peaks (accounting for N2 and O adducts,
see [13]); add annotation; multiplicity filter = 2; recalibrate by
ppm; MS1 and MS2 recalibration using the loess function;
initial recalibration window 15, 10, and 15 ppm for MS1,
MS2 m/z > 120, and MS2 m/z < 120, respectively; final
recalibration window 5 ppm; intensity limit 10,000 (spectra
are not extracted if the maximum MS2 intensity is below this
level). As the reference standard spectra available in-house
(cleaned records) were the starting point for this study,
Buncleaned^ spectra, which included all peaks, were subse-
quently extracted from the RMassBank archives to assess this
approach on spectra more similar to routine data analysis. In
total, 9413 spectra were processed, encompassing 289,615
fragments. A subset of compounds was measured on a
QTOFMS instrument, details of which are in the Supplemen-
tary Material (Section S2) and in Gago-Ferrero et al. [17].

All data processing was done in R [18] (v.3.2.1) using
various packages as indicated below. Of the 777 reference
samples measured, 243 related pairs of parent and TP were
selected based on previous knowledge of possible transforma-
tions; additionally, 219 unrelated pairs were randomly gener-
ated. The transformations between the pairs consisted mainly
ofminor modifications resulting from environmentally relevant
reactions. A small number of larger transformations (such as
conjugation reactions) were included although these reactions
are expected to be of less significance in the environment and
only a few reference standards for these TPs were available.
Sixty-seven parent compounds were associated with multiple
TPs, while 53 TPs were paired to multiple parents. Full list of
the pairs is available in the Supplementary Material, Table S1.

Spectral Similarity Calculations

Spectrum similarity was based on the distance between the
aligned HRMS2 spectra as calculated by the cosine of the angle
between them. It is referred to as the modified cosine or dot
product, is often employed in database spectral search algo-
rithms [16, 19, 20], and was used for a similar evaluation with
low-resolution EI-MS data [13]. Calculations were done with
an internal R script (https://github.com/dutchjes/MSMSsim)
and were based on funct ions in the R package
OrgMassSpecR [21]. Only the forward match score was
considered in this analysis. In order to calculate similarity,

m/z fragments are aligned and the intensities are compared.
An m/z tolerance factor is applied to align fragments; 0.005 Da
was used for Orbitrap data and 0.015 Da for QTOF data due to
a higher mass error. A relative intensity cutoff of 0.5 was used
to eliminate peaks of low intensity and fragments with no
match were paired with an intensity of zero. The similarity
score ranges from 0 to 1, with 1 being a perfect match and is
calculated as

r ¼ xA∙xB
√ xA∙xAð Þ√ xB∙xBð Þ ð1Þ

with xA and xB the aligned intensity vectors of compound A and
compound B, respectively.

Rather than using only intensities, comparison of spectra
can also be done using weighted vectors, where both mass and
intensity are considered, using the formula

xi ¼ mcId ð2Þ
where m is the mass and I is the intensity and c and d are
weighting factors to optimize the dot product algorithm. For
example, the NIST search algorithm uses c = 3, d = 0.6;
MassBank uses c = 2, d = 0.5; and Demuth et al. found that c
= 0, d = 0.33 produced the best results for correlating structural
similarity to spectral similarity [13]. For this work, these three
weighting factors plus c = 0 and d = 1 were tested. Two
examples of HRMS2 spectra comparison with very different
similarity scores are shown in Figure 1.

Scenario 1: Single collision energy spectra Measurements at
six different NCEs were used to study changing fragmentation
profiles and determine if there was an optimum NCE for
comparison. To the extent possible, the measurements that
were compared were collected at the same resolution and on
the same instrument. Only measurements collected in the same
ionization mode were compared. R package lattice [22]
(v.0.20-33) was used for box-whisker plots. Density distribu-
tions were generated with the R package sm [23] (v.2.2-5.4).

Scenario 2:Merged Spectra ‘Merged’ spectra were produced
by merging fragments from all collision energies measured
using an internal R script (https://github.com/dutchjes/
MSMSsim). The m/z tolerance for merging fragments was 0.
001 Da and the fragment intensity in the merged spectra
corresponded to the maximum intensity of the fragment
across the collision energies, using either absolute intensities
or relative intensities (both possibilities were considered).

Scenario 3: Shifted Spectra In addition to the measured
(‘unshifted’) spectra, ‘shifted’ spectra were generated for
each TP to understand if including the mass difference of
the transformation resulted in higher spectral similarity;
shifted spectra have previously been described for compar-
ing spectra of different compounds [7, 24]. Unshifted
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spectra were simply the measured fragments of the TP.
Shifted spectra were produced by shifting all fragments
of the TP by the mass difference between the parent and
TP. For example, for a pair where a demethylation

occurred, all fragment masses of the TP were increased
by 14.0157 Da, the mass of a methyl group minus one
hydrogen. This shift was done to capture those cases where
a TP fragmented at the same location in the molecule as

Figure 1. Comparison of two HRMS2 spectra for two pairs (a) atrazine and 2-hydroxy atrazine and (b) atrazine and desethyl-
atrazine with different similarity scores but high structural similarity. More fragments overlap in (b), demonstrating that the location of
the transformation as well as the transformation itself may have a large influence on fragmentation
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the parent compound, but where the fragment masses do
not match because the transformation occurred on this
fragment. Spectral similarity to the parent compounds
was then calculated for both the unshifted and shifted
spectra. During this analysis the precursor ions of both
the parent and TP were removed from the spectra, to
remove the trivial match resulting from the TP shift and
subsequent match of the parent precursor to the TP precur-
sor, which lead to artificially high similarity scores (data in
Supplementary Material, Section S8). Shifted spectra are
denoted with the annotation ‘wMD’ (with mass differ-
ence). Additionally, ‘combined’ spectra, which included
both shifted and unshifted fragments, were also analyzed.

Similarity Score Threshold Determination

After calculating the similarity scores of all the scenarios de-
tailed above, stacked bar plots were used to visualize how the
rates of false positives, false negatives, true positives, and true
negatives changed at different similarity score thresholds. True
positives were the number of related pairs with a spectral
similarity score above the threshold, and false negatives the
number of related pairs below the threshold; true negatives
were the number of unrelated pairs with similarity scores below
the threshold, whereas false positives were the number of
unrelated pairs above the threshold. Furthermore, the different
scenarios were visually compared with the following two
methods: (1) receiver operating characteristic (ROC) curves,
that visualize the rate of false positives (FPR) on the x-axis
versus the rate of true positives (TPR) on the y-axis, and (2)
precision-recall (PR) curves, where recall is plotted versus
precision (defined below). The FPR and TPR reflect the per-
cent of unrelated pairs and related pairs that are above a given
similarity score threshold, respectively, and are calculated as
follows:

false positive rate FPRð Þ

¼ # of false positives

# of false positivesþ# of true negatives
ð3Þ

true positive rate TPRð Þ

¼ # of true positives

# of true positivesþ# of false negatives
ð4Þ

where the denominator in Equation 3 is equal to the total
number of unrelated pairs, and the denominator in Equation 4
is equal to the total number of related pairs. Calculating preci-
sion and recall was done as follows:

precision ¼ # of true positives

# of true positivesþ# of false positives
ð5Þ

recall ¼ # of true positives

# of true positivesþ# of false negatives
ð6Þ

(note that recall is the same at TPR). In the ROC curves,
an ideal situation would be plotted in the top-left, with
FPR equal to 0 and TPR equal to 1, whereas in the PR
curves the ideal case could be plotted in the top-right, with
recall equal to 1 and precision equal to 1. Quantitatively
the curves were compared by calculating the area under the
curve (AUC) statistic. ROC curves, PR curves, ROC-
AUCs, and PR-AUCs were calculated with the R package
PRROC (v.1.3). Additionally, it has been shown that the
ROC-AUC statistic may include some bias and that the H-
measure is a more reliable way to compare ROCs [25];
therefore, ROC-AUCs and H-measures were also calculat-
ed with the R package hmeasure [26] (v.1.0). However, for
this data the results were found to be similar and available
only in the Supplementary Material (Table S6). The sce-
nario with the highest ROC-AUC and PR-AUC values was
selected to be the best, as it was most successful in
distinguishing related from unrelated pairs. Finally, the
similarity score corresponding to an FPR of 0 was desig-
nated as an optimum threshold value. Bootstrapping (R =
1000) was done with the R package boot [27] to determine
the mean, standard deviation, and 95% confidence interval
of the optimum similarity score threshold.

Spectral Similarity versus Structural Similarity

Finally, to measure the structural similarity of each pair,
JChem for Office [28] (15.7.2700.2799) was used to first
retrieve SMILES codes from CAS numbers [29]. For a
handful of compounds (namely TPs) without a CAS num-
ber, the structure of the compound was manually drawn in
MarvinSketch [28] (v.15.8.3) and output as a SMILES
code. MOL files were generated from the SMILES codes
with the R package RMassBank [15] (v.1.10.0), SDF files
were generated with the R package ChemmineR [30]
(v.2.20.3), and structures were visualized with the flexible
common substructure (FCS) algorithm available in the R
package fmcsR [31] (v.1.10.3) to compare differences in
functional groups between parent and TP. Three algo-
rithms were considered for estimating structural similarity.
First, TanimotoDissimilarity was calculated by JChem
with the function JCDissimilarityCFTanimoto, and simi-
larity was reported as 1 – TanimotoDissimilarity with
values reported from 0 to 1, 1 being a perfect match.
This algorithm uses substructure-based fingerprints to
compare structures and the dissimilarity between these
fingerprints is calculated with the Tanimoto distance. Sec-
ond, cmp.similarity function from ChemmineR [30] was
used, which is defined as the proportion of atom pairs
shared between two compounds. Third, the fmsc function
from fmcsR [31] was used, which is a graph-based simi-
larity function based on the largest overlapping
substructure.
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Results and Discussion
Fragment Analysis

Fragments measured from 777 compounds across six NCEs
were characterized and, as expected, smaller fragments were
formed at higher NCEs (Supplementary Figure S2). The m/z
range of all detected fragments at NCE15 was 50–1040, where-
as at NCE90 the m/z range was 50–692. Correspondingly, the
number of fragments detected per compound increased (medi-
an 12 fragments per compound at NCE15 to 52 fragments per
compound at NCE90) and the detection frequency increased
for many fragments at higher NCEs. At NCE15 the most
common fragment (m/z 91.0542) was detected 121 times (in
16% of spectra), whereas at NCE90 the most common frag-
ment (m/z 65.0386) was detected in 74% of spectra. Fragments
were annotated with formulas and the most common fragments
are shown in Supplementary Table S2. While the number of
detections increased with NCE, the most frequently detected
fragment formulas generally (and surprisingly) remained the
same. It is postulated that these frequently detected fragments
correspond to common substructures, especially since many
micropollutants contain similar functional groups. For exam-
ple, m/z 91.0542 (C7H7

+) and m/z 65.0386 (C5H5
+) both are

formed during the fragmentation of aromatic compounds.
The fragment C6H5N2

+ became increasingly common at the
higher collision energies, whereas the fragment C3H6N

+ had
decreasing rank at higher collision energies, even though the
overall number of detections still increased. A recent publica-
tion by Böcker and Dührkop examined frequency of detection
of fragment formulas in Agilent QTOF data and also regularly
detected the fragments C7H7

+ and C3H6N
+, although C6H5N2

+

was not reported [32]. The C6H5N2
+ fragment is a nitrogen

adduct associated mostly with NCE75 and above [15]. As
Böcker and Dührkop considered only fragments that were a
subformula of the parent, their method could not annotate this
fragment but they did find occurrences of this peak in their
unprocessed spectra (Böcker and Dührkop, pers. comm.), pri-
marily in the 40 eV spectra.

Pairs Characterization

From the 777 compounds with reference spectra, 243 related
pairs were established; 198 measured in positive ESI mode and
45 in negative ESI mode. Within these pairs, 47 different
transformation types were found and some parents or TPs were
associated with multiple pairs. In general, TPs were more polar
and smaller than their parent compounds. LogKow values
corrected for pH (logDow at pH7) of the TPs were between –
4.2 and 5.6 (median 0.7), whereas for the parents logDow
ranged from –3.7 to 9.6 (median 1.9). Masses ranged from
86.03 to 764.50 Da (median 234.66 Da) for the TPs and from
70.04 to 990.98 Da (median 270.13 Da) for the parent com-
pounds. The median absolute mass difference between the
pairs was 28.03 Da and ranged from 0.04 Da (loss of CH4,
addition of O) to 446.0 Da (loss of a long fluorinated alkyl

chain). For the QTOFMS analysis a smaller set of 73 pairs were
analyzed.

Similarity Score Calculations

Different scenarios were considered to calculate similarity
scores between parent compound and TP. The results of each
scenario are presented in the following subsections, followed
by an overall comparison of the different scenarios and the
selection of the best scenario based on the ROC-AUCs and PR-
AUCs. Although different weighing factors were considered
for the similarity score calculations, the scenario resulting in the
highest ROC-AUC and highest PR-AUC was the same with
each of the weighting factors; therefore only the similarity
score results using c = 0 and d = 1 are presented. A summary
of the results from the other weighing factors is provided in the
Supplementary Material, Section S5.

Scenario 1: Single Collision Energy Spectra First, the influ-
ence of collision energy of the similarity scores of pairs was
investigated. It was of concern that the same fragments could
be generated even from two structurally unrelated molecules,
since quite a few fragments (especially smaller fragments) were
frequently detected. High similarity scores (i.e., scores close to
1) in the unrelated pairs could therefore indicate that the frag-
ments were not very structure-specific.

As shown in Supplementary Figure S5a, spectral similarity
of the unrelated pairs was very low at all NCEs. Even at NCE90,
where the highest number of small fragments are expected to be
formed, spectral similarity was very low (median 0; Table 1),
demonstrating that the spectra containing smaller fragments did
not lead to high similarity scores. In the related pairs
(Supplementary Figure S5b), highest spectral similarity be-
tween parent and TP was observed at NCE90 (median
similarity score 0.4; Table 1) and pairs were less similar at lower
NCEs. This increase may simply be a result of having more
fragments to match. For example, at NCE15 an average of 2.5
fragments matched per related pair, whereas at NCE90 an
average of 18.5 fragments matched (Supplementary Table S5).

Scenario 2: Merged Spectra The second scenario concerned
merged spectra from all collision energies measured. Note that
the fragments with the highest absolute intensities are generally
larger fragments measured at lower NCEs (Supplementary
Figure S6), which would result in these fragments having a
high influence on the similarity scores when spectra are merged
using absolute intensities (Supplementary Figure S7). There-
fore, merged spectra using either the absolute intensity or
relative intensity were evaluated separately.

The similarity scores of the related pairs using the relative
intensities were overall substantially higher compared with
scores calculated using the absolute intensities (median 0.25
and 0.04, respectively; Table 1 and Supplementary Figure S8),
suggesting again that the smaller fragments formed at higher
NCEs were critical in obtaining higher similarity scores. These
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small fragments still appeared to be structure-specific, since in
the similarity scores of the unrelated pairs were overall close to
zero (median 0) for both the relative and absolute intensities.

Scenario 3: Shifted Spectra It was hypothesized that if TP
fragment masses were adjusted for the transformation that had
occurred, fragments would be aligned that were altered during
the transformation. A similar idea has been used in molecular
networking of metabolites [24] and has been implemented in
GNPS [33]. During the course of this analysis, it became
apparent that the monoisotopic precursor peak had a large
influence on the spectral similarity, since this peak was, in
many cases, the most intense peak in the spectrum. By shifting
all fragments, the monoisotopic peaks artificially matched
purely as a result of the mass difference shift (which was
calculated as the difference of the monoisotopic masses),
resulting in an increase in similarity scores of unrelated pairs.
This increase was especially evident at low NCEs, where the
monoisotopic peak dominated the HRMS2 spectra. When the
precursor peak was removed, similarity scores of unrelated
pairs decreased (further information in the Supplementary
Material, Section S8). Therefore, the precursor peak was re-
moved from the shifted spectra.

The similarity of the shifted spectra from the different
collision energies was evaluated. Interestingly, the results had

the opposite trend as the unshifted spectra. The similarity of the
shifted spectra decreased with increasing NCEs (Figure 2),
indicating that shifting fragments was most beneficial when
larger fragments were present (i.e., those produced at the lower
NCEs). A likely explanation is that shifting fragments is not
very useful at higher NCEs, since many small fragments are
produced at higher NCEs and only a few of those fragments are
from locations on the molecule affected by the transformation.
Furthermore, when the similarity scores at the single NCEs
were compared between shifted and unshifted spectra, even the
highest similarity scores that were obtained with the shifted
spectra (at NCE15; median 0.07) were much lower than those
calculated for the unshifted spectra (highest scores at NCE90;
median 0.43) (Table 1 and Figure 2). Therefore, adjusting all
fragment masses to account for the change that is likely present
on only one or two fragments has a detrimental effect on the
spectral similarity scores, since it meant that previously
matching fragments that did not contain the modification no
longer matched.

Scenario Comparison and Similarity Score Thresh-
old Determination

As shown above, using the relative intensity for merging spec-
tra resulted in higher similarity scores, either because more

Table 1. Summary Statistics of the Scenarios

Section Scenario Spectral Similarity Scores ROC-AUC PR-AUC TPRa Similarity Score
Threshold

Related Pairs mean
± std (median)

Unrelated Pairs mean
± std (median)

Single collision
energies

1 NCE15 (unshifted fragments) 0.08 +/– 0.24 (0.0) 0.0 +/– 0.0 (0.0) 0.73 0.80 24% 0.01
2 NCE30 (unshifted fragments) 0.17 +/– 0.31 (0.01) 0.0 +/–0.0 (0.0) 0.82 0.88 32% 0.09
3 NCE45 (unshifted fragments) 0.29 +/– 0.37 (0.06) 0.0 +/– 0.0 (0.0) 0.87 0.91 46% 0.16
4 NCE60 (unshifted fragments) 0.35 +/– 0.38 (0.20) 0.01 +/– 0.04 (0.0) 0.88 0.91 42% 0.33
5 NCE75 (unshifted fragments) 0.41 +/– 0.38 (0.33) 0.02 +/– 0.07 (0.0) 0.88 0.90 43% 0.46
6 NCE90 (unshifted fragments) 0.46 +/– 0.39 (0.43) 0.04 +/– 0.09 (0.0) 0.87 0.90 48% 0.44

Merged spectra 7 Absolute merged (unshifted fragments) 0.15 +/–0.26 (0.04) 0.0 +/– 0.01 (0.0) 0.87 0.90 33% 0.10
8 Relative merged (unshifted fragments) 0.31 +/– 0.29 (0.25) 0.02 +/– 0.06 (0.0) 0.87 0.90 46% 0.32

Shifted spectra 9 NCE15 (shifted fragments) 0.34 +/– 0.41 (0.07) 0.0 +/– 0.0 (0.0) 0.80 0.85 20% 0.9
10 NCE30 (shifted fragments) 0.34 +/– 0.42 (0.06) 0.0 +/– 0.01 (0.0) 0.81 0.83 0% 1.0
11 NCE45 (shifted fragments) 0.29 +/– 0.38 (0.03) 0.01 +/– 0.03 (0.0) 0.81 0.84 0% 1.0
12 NCE60 (shifted fragments) 0.22 +/– 0.35 (0.02) 0.01 +/– 0.05 (0.0) 0.80 0.84 6% 0.98
13 NCE75 (shifted fragments) 0.16 +/– 0.29 (0.01) 0.02 +/– 0.07 (0.0) 0.79 0.83 5% 0.82
14 NCE90 (shifted fragments) 0.11 +/– 0.23 (0.0) 0.04 +/– 0.09 (0.0) 0.77 0.81 4% 0.71
15 Absolute merged (unshifted fragments) 0.27 +/– 0.32 (0.10) 0.01 +/– 0.03 (0.0) 0.88 0.90 36% 0.31
16 Relative merged (unshifted fragments) 0.38 +/– 0.33 (0.31) 0.03 +/– 0.07 (0.0) 0.88 0.91 47% 0.41
17 Absolute merged (shifted fragments) 0.29 +/– 0.35 (0.08) 0.03 +/– 0.11 (0.0) 0.82 0.86 18% 0.8
18 Relative merged (shifted fragments) 0.21 +/– 0.26 (0.07) 0.02 +/– 0.08 (0.0) 0.82 0.85 6% 0.72
19 Absolute combined merged

(shifted + unshifted fragments)
0.37 +/– 0.27 (0.40) 0.03 +/– 0.08 (0.0) 0.92 0.93 36% 0.57

20 Relative combined merged
(shifted + unshifted fragments)

0.39 +/– 0.25 (0.42) 0.04 +/– 0.07 (0.0) 0.92 0.94 40% 0.52 (0.41–0.75)c

Areas under the curve (AUCs) of receiver operating characteristic (ROC) and precision-recall (PR) curves are reported, as well as spectral similarity score threshold
and true positive ratea (TPR) at false positive rateb (FPR) of 0%. Scenario 1–8 used all fragments, whereas scenarios 9–20 excluded the monoisotopic precursor peaks
(further details in the text and Supplementary Material)
aNumber of related pairs in Scenarios 1–8 was 243 and in Scenarios 9–20 was 240.
bNumber of unrelated pairs in Scenarios 1–8 was 219 and in Scenarios 9–20 was 217.
c95% confidence intervals calculated with bootstrapping (r = 1000).
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weight is given to the smaller, less intense fragments formed at
higher collision energies or simply because more fragments are
present. From the single collision energy analysis, it was de-
termined that these smaller fragments are useful for calculating
spectral similarity. These results nicely substantiate each other
and are further confirmed with the ROC curves and PR curves
(Figure 3) and the AUC values obtained (Table 1). From all
scenarios analyzed (i.e., single collision energies, merged spec-
tra, and shifted spectra), the two combined merged spectra
scenarios, with both shifted and unshifted TP fragments, had
the highest ROC-AUCs (0.92; Table 1), indicating these sce-
narios were most successful at distinguishing between related
and unrelated pairs. From these two, the highest PR-AUC and
the higher true positive rate (TPR) was achieved with the
combined merged spectra using relative intensities (PR-AUC
= 0.94; 40%TPR at a false positive rate (FPR) of 0%; Figure 4).
But other scenarios, namely the unshifted NCE90 and
unshifted relative merged spectra, actually had higher percent-
age of true positives captured (48% and 46%, respectively, at
FPR of 0%). Therefore, related and unrelated pairs could also
be separated simply by measuring at high collision energies or
merging fragments from multiple collision energies, without

needing to remove the monoisotopic peak and/or shift
fragments.

Using the scenario with the highest ROC-AUC, PR-AUC,
and TPR (i.e., the relative combined spectra), a similarity score
threshold was selected that distinguished between the related
pairs and the unrelated pairs. There are many different ways to
select such a threshold value [34], but in the context of applying
the similarity score threshold to screen for unknown TPs, it was
decided that minimizing the false positives was most important,
and therefore an FPR of 0% was desirable. In this way, in the
future when screening unknown spectra, there would be more
confidence that a pair with a similarity score above the given
similarity score threshold is truly related; simultaneously, there
is a higher likelihood that related pairs may be missed. The
similarity score threshold above which all unrelated pairs were
discarded was determined to be 0.52 (95% confidence interval
0.41–0.78; Table 1).

Comparison to QTOF Spectra

Overall QTOF data corroborated the Orbitrap results.
Higher spectral similarity between related pairs was

Figure 2. Box-whisker plots comparing the similarity scores calculated at each NCE. Both (a) unshifted and (b) shifted spectra were
used. It is possible to see that there are opposing trends for the shifted and unshifted spectra – highest similarity scores were
achieved at highest NCEs for the unshifted spectra, whereas the opposite was true for the shifted spectra. But the average scores
even at the best conditions for the shifted spectra (i.e., NCE30) were much lower than that achieved with the best unshifted spectra
conditions (NCE90)
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observed at higher collision energies (Supplementary
Figure S16a) and the best results were obtained with the
relative merged data (Supplementary Figure S17). Using the
mass difference of the transformation to shift the fragment
masses was not beneficial (Supplementary Figure S16b;
also here the monoisotopic peaks were removed prior to
comparison of shifted spectra). These results indicate that
the conclusions shown here for the Orbitrap data should be
relevant also for HRMS2 spectra collected on QTOF
instruments.

Spectral Similarity versus Structural Similarity

Finally, it was tested if structural similarity of a pair was
related to the spectral similarity of the HRMS2. The sce-
nario with the highest AUCs, the relative combined
merged spectra that included unshifted and shifted TP
fragments, was used to calculate spectral similarity. The
structural similarity between a pair was estimated using the
Tanimoto coefficient and ranged from 0.06 to 1.0 for
related pairs (Supplementary Figure S18). To visualize
how transformation type may influence fragmentation,
two example pairs are shown in Figure 1. Atrazine is the
parent molecule in both cases, with one TP the result of a
substitution of a chlorine with a hydroxy group and the
second a dealkylation reaction. In both pairs the Tanimoto
coefficients were relatively high (0.55 for the hydroxyl TP,
0.97 for the desethyl TP), but the spectral similarity scores
were very different for these two pairs (0.0 and 0.54,
respectively). The substitution of the chlorine with a hy-
droxyl meant that most fragments no longer matched. In
comparison, the ethyl group of the parent compound was
one of the first functional groups cleaved; therefore, the
remaining fragments matched in many cases to the frag-
ments of the desethyl-TP. More generally, it is clear from
Figure 5a that pairs with low structural similarity were
unlikely to produce similar spectra. However, the inverse
statement, that two structurally similar compounds will
produce similar spectra, is much more difficult to con-
clude. In general, increasing spectral similarity was ob-
served with increasing structural similarity (Figure 5a).
Two other algorithms for estimating structural similarity
were also considered, but the strongest relationship be-
tween structural similarity and spectral similarity was ob-
served with the Tanimoto coefficient (Supplementary Ma-
terial, Section S9 and Supplementary Figure S19).

Some special cases were observed; 28 pairs were found to
have high structural similarity (Tanimoto score >0.8) and low
spectral similarity (dot product <0.4). For 53% of these pairs,
either the parent or the TP (or both) was a sulfur-containing
compound and in most cases the sulfur moiety was directly
affected by the transformation (Supplementary Table S10).
Heteroatoms such as sulfur can have a large influence on the
fragmentation behavior of molecule [35], resulting in dissimilar
spectra. These results show that in some cases chemical char-
acteristics that have a large influence on the fragmentation of a

molecule are not always adequately captured by the structural
similarity measure used here. Nevertheless, a thorough evalu-
ation of structural similarity coefficients by Salim et al. found
that the Tanimoto coefficient was an adequate single measure-
ment of the chemical similarity, as more complicated algo-
rithms did not improve upon this greatly [36]. The similarity
scores for different transformation types were analyzed to
determine if certain parent/TP pairs had overall higher (or
lower) spectral similarity but no firm conclusions could be
drawn (Supplementary Figure S20).

Uncleaned Spectra

Uncleaned spectra were also analyzed to simulate real-world
data. The same pairs were used but noise and unannotated
peaks (removed by RMassBank during processing of the spec-
tra used above) were retained. The similarity scores were
calculated with the relative combined merged spectra with both
unshifted and shifted fragments that had produced the best
results in the cleaned spectra. It was observed that a lower
similarity score threshold (0.29) could be used to achieve an
FPR of 0%, likely because the overall distribution of similarity
scores was lower. Interestingly, at this threshold the uncleaned
spectra had a higher TPR compared with the cleaned spectra
(69%). This result is surprising but very positive, since it
indicates that the presence of noise peaks in the spectra did
not lead to any reduction in the ability of the similarity score to
discriminate between the related pairs and unrelated pairs.
Additionally, when considering the relationship between the
structural similarity and spectral similarity of the uncleaned
spectra, the results were the same as with the cleaned spectra
(Figure 5). It is clear that dissimilar pairs will not produce
similar spectra and that increasing structural similarity did
overall indicate increasing spectral similarity.

Conclusions
A detailed analysis of HRMS2 reference spectra of parent/TP
pairs provided insight into how different measurement and
data analysis parameters can influence spectral similarity and
demonstrated that structural similarity is related to spectral
similarity. Using optimized settings, 40% of the related pairs
(and none of the unrelated pairs) were above the spectral
similarity score threshold of 0.52. In uncleaned spectra, the
similarity score threshold was lower (0.29) due to the pres-
ence of noise peaks; however, the percentage of related pairs
above this threshold was substantially higher (69%). Al-
though the 95% confidence interval for the similarity score
threshold was quite large (0.41–0.78), it provides a starting
point to determine if spectra are from structurally similar
compounds. It should be noted that in a real world situation,
many more unrelated pairs exist than related pairs; therefore,
higher rates of false positives can be expected, and the correct
similarity score threshold applicable under these conditions
would need to be further evaluated in future work. Neverthe-
less, these results demonstrate that pairs of related parent
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micropollutants and the corresponding TPs could be selected
over unrelated pairs of compounds using the similarity of
HRMS2 spectra, representing a step forward in the prioriti-
zation of potentially relevant non-target peaks amongst the
tens of thousands of unknown peaks that remain unidentified
in typical environmental investigations [37, 38]. Furthermore,
as the link to the parent can be established, identification

efforts can be focused on the substance most likely to be
known, i.e., the parent compound.

The similarity score threshold needed here to distinguish
between related and unrelated pairs is lower than values rec-
ommended in other situations (e.g., matching measured spec-
tral with a database entry or matching predicted spectra with
measured spectra). For example, in molecular networking,

Figure 3. (a)Receiver operating characteristic (ROC) curve for the single collision energy analysis. (b)Precision-recall (PR) curve for
the single collision energy analysis. (c) ROC curve for the merged spectra analysis. (d) PR curve for the merged spectra analysis. In
each plot, the different colors designate the different scenarios and the area under the curve (AUC) statistic is reported for each
scenario
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which builds nodes of similar MS2 spectra for the purposes of
clustering structurally similar compounds, a similarity score
threshold of 0.7 is recommended to build the nodes,[24, 39,
40]. This difference may partially be explained by the fact that
natural products are in general larger than micropollutants, and
therefore more fragments are generated per compound. As was
demonstrated here, the best results were obtained with those
spectra containing the most fragments. Furthermore, it should
be noted that results from positive and negative ionization
modes were presented together because of a lack of negative
ionization pairs for separate analysis. The similarity score
thresholds needed to discriminate between related and unrelat-
ed pairs in the two ionization modes may be quite different and

could be further explored. Particularly in the case of TPs, the
dataset used here is one of the largest publicly available for
these types of compounds, but the conclusions of this work can
be refined as new reference spectra become available for com-
parison. Additionally, in the single NCE comparison, spectral
similarity scores were calculated only between spectra collect-
ed at the same NCEs. It would be interesting in the future to
expand the comparison, such that the spectra collected at all
energies are compared for each pair, to find the best matching
spectra. Other algorithms for calculating merged spectra, e.g.,
using the sum of raw intensities rather than the maximum
intensity of each fragment, could also be considered. It should
be stressed that the spectral similarity scores presented here are

Figure 4. Similarity score threshold versus rate of true positives and false negatives in the upper plot and versus true negatives and
false positives in the lower plot. Results are shown for (a) absolute merged spectra and (b) relative merged spectra. It is clear that
when increasing the similarity score threshold, there is a decrease in the rate of true positives and false positives, whereas true
negatives and false negatives are increasing. For the purposes of this study, it was chosen that the optimum similarity score
threshold was when false positives was equal to zero (indicated here with a dashed black line)
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not intended for comparing unknown spectra to library spectra
but rather for comparing two unknown spectra. The goal is that
after previous prioritization steps such as linkages through
metabolic logic as conducted in our recent study [14], these
similarity score thresholds will be useful in selecting com-
pounds that might be structurally related and therefore assisting
in further structure elucidation.

The observed relationship between structural similarity and
spectral similarity was in good agreement with a similar com-
parison conducted with low-resolution EI-MS data. It is per-
haps surprising that the correlation observed is so similar, since
one might expect that the accurate mass information provided
by HRMS2 would be more specific. As detailed in the Intro-
duction, many groups have used spectral similarity to find
structurally related compounds such as metabolites or TPs of
known parent compounds. The work presented here indicates
that some of the strategies proposed for metabolite discovery
(e.g., using a single diagnostic fragments from parent

compounds to search for TPs) may still be overlooking TPs
that do not produce these characteristic fragments. This work
provides a way forward for incorporating information from the
entire HRMS2 spectra when searching for structurally related
compounds such as unknown TPs.
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