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Abstract. Libraries of simulated lipid fragmenta-
tion spectra enable the identification of hundreds
of unique lipids from complex lipid extracts, even
when the corresponding lipid reference standards
do not exist. Often, these in silico libraries are
generated through expert annotation of spectra
to extract and model fragmentation rules com-
mon to a given lipid class. Although useful for a
given sample source or instrumental platform, the
time-consuming nature of this approach renders it

impractical for the growing array of dissociation techniques and instrument platforms. Here, we introduce Library
Forge, a unique algorithm capable of deriving lipid fragment mass-to-charge (m/z) and intensity patterns directly
from high-resolution experimental spectra with minimal user input. Library Forge exploits the modular construc-
tion of lipids to generate m/z transformed spectra in silico which reveal the underlying fragmentation pathways
common to a given lipid class. By learning these fragmentation patterns directly from observed spectra, the
algorithm increases lipid spectral matching confidence while reducing spectral library development time from
days to minutes. We embed the algorithm within the preexisting lipid analysis architecture of LipiDex to integrate
automated and robust library generation within a comprehensive LC-MS/MS lipidomics workflow.
Keywords: Lipidomics, Mass spectrometry, Spectral libraries, In silico fragmentation modeling, Lipid
identifications
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Introduction

Tandem mass spectra (MS/MS) represent the most effi-
cient method for structural confirmation of diverse bio-

molecules. When combined with accurate intact m/z and
chromatographic retention time, these measurements pro-
duce a highly specific signature for individual chemical
structures [1]. To circumvent the need to generate these
spectra from comprehensive reference standard sets, MS/

MS spectra are often simulated in silico, using well-
characterized fragmentation rules, and subsequently
matched against experimental spectra for identification [2,
3]. In silico peptide spectral libraries have, in large part,
driven the rapid development of high-throughput and com-
prehensive proteomic analysis in the last two decades [4–6].
However, due to the magnitude of metabolite chemical
diversity, in silico libraries for small-molecule analysis have
not reached comparable performance or acceptance [7].

While lipids represent only a fraction of all possible
metabolites [8], in silico modeling of lipid fragmentation
has proved tractable due to their modular composition and
repeatable fragmentation [9–11]. The vast majority of lipids
comprise several conserved structural units which are either
constant (headgroup) or vary in predictable ways (e.g.,
addition of C2H4 units through fatty acyl chain beta-
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oxidation). This combinatorial construction gives rise to
predictable MS/MS fragmentation—a prerequisite for effec-
tive in silico spectral libraries [12]. Generally, in silico
library creation for a given lipid class involves several
steps: (i) structural definition of the lipid class of interest;
(ii) collection of experimental MS/MS spectra from com-
plex lipid extracts or, preferably, pure reference standards;
(iii) expert annotation and curation of putative lipid frag-
mentation pathways; and (iv) generation of theoretical lipid
spectra or identification rules using the derived fragmenta-
tion patterns [13, 14]. While relatively straightforward for a
single lipid class, the development of comprehensive and
high-quality lipid spectral libraries using this workflow is a
time-consuming task, even for expert analysts.

Although lipid fragmentation is generally conserved
within a lipid class, lipid fragment m/z and relative inten-
sity can vary drastically between different LC-MS/MS
experimental setups [15]. To account for the disparate
fragment ions observed among different fragmentation
techniques and move towards platform independence, cur-
rent LC-MS/MS lipidomics software packages either utilize
theoretical mass spectra restricted to commonly observed
fragments [9, 10] or contain extensively curated libraries
specific to common experimental setups [11, 16]. While
powerful, these methods inherently compromise either li-
brary flexibility or identification confidence for platform
independence. Whereas the instrument-specific approach
often lacks the flexibility to be easily expanded to new
fragmentation techniques and lipid classes, the consensus
library approach ignores spectral differences inherent to
each MS platform, artificially skewing the calculation of
spectral similarity scores [17] and reducing overall MS/MS
identification confidence [18].

Here, we describe Library Forge, a new experimental data-
driven approach to generate tailored lipid mass spectral librar-
ies for discovery LC-MS/MS analysis. Embedded within the
LipiDex data-processing environment [19], the Library Forge
algorithm leverages the inherent structural modularity of lipids
which contain variable-length carbon chains to codify their
complex fragmentation behavior with no required manual an-
notation. For each lipid spectrum, the algorithm generates a set
of derivative spectra, termed Bannotation spectra,^ comprising
m/z values transformed using an adaptive set of m/z shifts.
Annotation spectra are then systematically compared within a
lipid class to extract the minimum set of consensus fragmenta-
tion rules which explain the observed spectral peaks. To create
in silico libraries, these fragmentation rules are applied to a
database of theoretical lipid species. After outlining the method
for elucidating lipid fragmentation patterns, we characterize the
algorithm’s performance for creating and refining large spectral
libraries from various sample sources and dissociation tech-
niques. Finally, we validate the derived fragmentation rules
using heavy isotope-labeled standards and the NIST 1950
SRM standard—demonstrating the accuracy and robustness
of the algorithm for creation of high-quality in silico lipid
spectral libraries.

Experimental Section
Materials and Reagents

Unless otherwise specified, all lipid reference standards were
purchased from Avanti Polar Lipids (Alabaster, AL) with the
exception of the System Suitability Lipid Classes Light Mix
and the Internal Standards Kit for Lipidyzer Platform which
were purchased from Sciex (Framingham, MA) and the SRM
1950 Metabolites in Frozen Human Plasma standard which
was purchased from NIST (Gaithersburg, MD). All lipid refer-
ence standards used for library development and validation are
listed in Supplementary Tables 1 and 2 in the Supporting
Information.

HAP 1 and NIST 1950 Sample Preparation
and LC-MS/MS Acquisition

HAP1 cell pellets were thawed (4 °C) and glass beads added
(0.5 mm diameter, 100 μL). For NIST 1950 extraction, the
human plasma standard was thawed and vortexed, and an
aliquot taken for extraction (10 μL). CHCl3/MeOH (1:1, v/v,
4 °C, 900 μL) was added to solubilize hydrophobic species and
the sample vortexed (2 × 30 s). HCl (1 M, 200 μL, 4 °C) was
subsequently added and the solution vortexed. To ensure phase
separation, samples were centrifuged for 2 min (5000g, 4 °C).
A portion of the organic phase (500 μL) was transferred to a
new tube and dried under argon. The lipid-containing residue
was then reconstituted in ACN/IPA/H2O (65:30:5, v/v/v)
(100 μL) and stored at − 80 °C for eventual LC-MS/MS
analysis.

Samples were chromatographically separated with an
ACQUITY CSH C18 column (50 °C, 2.1 × 100 mm ×
1.7 μm particle size; Waters Corporation) using a Vanquish
Binary Pump (Thermo Scientific). Mobile phase A was com-
posed of 10 mM ammonium acetate in ACN/H2O (70:30, v/v)
containing 250 μL/L acetic acid. Mobile phase B was com-
posed of 10 mM ammonium acetate in IPA/ACN (90:10, v/v)
with the same additives. Ten microliters of either the complex
lipid extract or reference standard mix were injected by a
Vanquish autosampler (Thermo Scientific) onto the column.
The LC system was coupled in-line to either a Q Exactive HF
(Thermo Scientific) or an Orbitrap Fusion Lumos mass spec-
trometer (Thermo Scientific) by a HESI heated ESI source
(Thermo Scientific). During operation, the MS acquired data
in both positive and negative polarity mode during sequential
injections. MS1 and MS2 spectra were collected using data-
dependent acquisition. All chromatography and MS acquisi-
tion parameters are provided in Supplementary Tables 3 and 4
in the Supporting Information.

LC-MS/MS Data Processing

MS/MS spectra were converted to the MGF format using
Proteowizard 3.0 (ProteoWizard Software Foundation v3.0)
[20]. Putative lipid identifications were generated from analysis
of either a mixture of known lipid reference standards or whole
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lipid extracts searched using preexisting spectral libraries. For
complex lipid extract analysis, identifications were generated
using LipiDex (v1.0.1) [19] to search against the LipiDex HCD
Acetate spectral library or the LipidBlast library [21] (MS-Dial
v.2.84). The LipiDex HCDAcetate library comprises fragmen-
tation rules generated through hand annotation of spectra gen-
erated through HCD fragmentation. Spectra were matched
against in silico lipid spectra and scored using a modified dot
product score (ranging between 0 and 1000) to quantify spec-
tral similarity (see Supplemental Methods in Supporting Infor-
mation for the complete equation). All further LC-MS/MS data
processing was performed using algorithms designed to extract
map lipid class fragmentation rules from experimental spectra.
The full details of each data processing step are provided in the
Supplemental Methods in Supporting Information and outlined
in Figure 1. Briefly, putatively identified lipid MS/MS spectra
whose signal-to-noise ratio (S/N) [22] rose above a user-
supplied threshold were extracted, scaled relative to the base
peak intensity, and filtered to remove low-intensity fragments.
To collapse multiple MS/MS spectra assigned the same iden-
tification (i.e., replicates) into a single consensus spectrum,
replicate spectra were first clustered following the method of
Lam et al [23]. This clustering algorithm removed dissimilar
replicate spectra which were unlikely to be representative of the
putative lipid identification. The largest spectral cluster for each
identification was then retained and collapsed into a single
high-quality consensus spectrum generated from the median
m/z and relative intensity of all shared fragments. Next, an
adaptive set of m/z offsets was applied to each consensus
spectrum to generate an annotation spectrum for each possible
fragment type consisting of transformed m/z values. Once
transformed, spectral peaks which originated from the same
fragmentation pathway became isobaric. All annotation spectra
from the same lipid class and adduct combinations were then
compared and filtered to determine conserved fragmentation
rules. From these lipid class-specific rule sets, in silico spectra
for all possible lipid species were generated in LipiDex. For a
complete list of all Library Forge parameters used to create
each spectral library outlined below, please reference Supple-
mentary Table 5 in the Supporting Information.

Results and Discussion
Defining Lipid Fragmentation

The majority of lipid chemical structures can be defined as a
combination of a given number of variable-length hydrocarbon
chains bound to a fixed chemical moiety [24]. Accordingly, the
number of potential fragment types for a given lipid class is
constrained to a constant m/z fragment or neutral loss and a
variable m/z fragment or neutral loss of one or more side
chains. Here, neutral loss refers to the charged fragment ion
remaining when a neutral mass fragment is lost. For a detailed
example of the possible fragment types for a given lipid class,
see Supplemental Figure 1. Note that this categorization does
not include lipids which do not contain variable-length chains

(e.g., prostaglandins or polyketides) or lipid fragments which
depend on the location of side-chain double bonds. Most
commonly generated through ultraviolet photodissociation
(UVPD) [25, 26] or ozone-induced dissociation (OzID) [27],
these fragments represent a minor portion of the total MS/MS
signal and, as such, do not affect standard spectral similarity
calculations. Given sufficient spectra which contain these frag-
ments in high abundance, Library Forge could, with modifica-
tion, annotate these fragment types.

Figure 1. Spectral library generation workflow. Lipid fragmen-
tation mapping requires raw MS/MS spectra, a library of poten-
tial lipid class metadata, and putative identifications (complex
method) or standard retention times (reference standard meth-
od). Duplicate identifications are clustered and curated to gen-
erate consensus MS/MS spectra. Annotation spectra are sub-
sequently generated from transformedMS/MSpeaks and com-
bined to reveal the fragment definitions and intensities common
to a lipid class. Derived fragmentation rules are then used to
generate a new tailored in silico spectral library
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At its foundation, Library Forge generates rule sets which
simulate lipid fragmentation by assigning each lipid spectral
peak a fragment type and determining the m/z difference (rule
modifier) between the peak and the fragment type definition.
For example, fragmentation spectra of PC 16:0_18:1 [M+Ac-
H]− often exhibit prominent features of m/z 255, 281, and 168.
Expert annotation of these spectral peaks classified them as
deprotonated fragments of each acyl chain (m/z 255 and 281)
and a phosphocholine ion with loss of a methyl group (m/z 168)
[28]. As defined above, these would be annotated as an alkyl
fragment with a m/z = 0 rule modifier and fragment with a
m/z = 168 rule modifier. Along with the predicted relative
intensity, this rule set uniquely describes each lipid fragment
and forms the foundation of in silico library generation in
Library Forge. Although the previously published Library
Generator functionality of LipiDex also uses these rule sets
[19], the process of defining fragmentation patterns is a man-
ual, time-consuming process. Library Forge automatically gen-
erates these rule sets by exploiting the mathematical relation-
ship between the lipid structural components.

In Figure 2a we demonstrate the structural component clas-
sification of an α-hydroxy fatty acid ceramide (Cer[AS]
[M+Ac-H]−) composed of a fixed headgroup (acetate ion and
modified glycerol backbone; blue), a variable-length α-hy-
droxy fatty acid (green), and a sphingoid backbone (orange).
Based on this classification and the fragment types outlined
above, six possible fragment types exist for this lipid class:
fatty acid fragment, sphingoid fragment, fatty acid neutral loss,
sphingoid neutral loss, neutral loss, and fragment (see Supple-
mental Methods in Supplemental Information for fragment
type definitions). We can define each possible fragment type
for this lipid using a chemical equation comprising the original

fragment m/z, the lipid structural component m/z values, and a
rule modifier which mass-balances the equation (Figure 2b).
As described above, it is clear that a simple lipid-dependentm/z
transformation is needed to solve for each rule modifier. Once
this transformation is applied to spectral peaks originating from
the same fragmentation pathway, these peaks will have identi-
cal m/z values, regardless of their untransformed m/z value.
Additionally, the transformedm/z value is equivalent to the rule
modifier described previously. By applying the correct m/z
transformation to correct lipid identifications, unique fragmen-
tation pathways are readily mapped and converted into frag-
mentation rules for subsequent generation of in silico spectral
libraries.

These transformations, as applied here, can be seen as a re-
ordering of the shotgun lipidomic paradigm. Shotgun
lipidomics uses prior knowledge of lipid fragmentation to
inform the design of layered neutral loss and precursor scan-
ning combinations which reconstruct a sample’s lipid constit-
uents [29]. Conversely, Library Forge creates multi-
dimensional scans in silico for each identified lipid to deter-
mine lipid fragmentation patterns de novo. Although different
in approach, both of these lipid identification methods exploit
the same mathematical relationships between fragments stem-
ming from the same lipid class [28]. We note that another re-
ordering of this paradigm is central to LipidXplorer [30] which
creates queryable lipidomics experiment databases for
infusion-based lipidomics [31].

Mapping Lipid Fragmentation

To illustrate the outlined method for deriving lipid fragmenta-
tion rules from experimental spectra, we demonstrate the

Figure 2. Defining lipid fragmentation. (a) Lipid structural component classification of Cer[AS] d18:1_14:0 [M+Ac-H]− used for
constructing and defining lipid fragment types. For fragmentationmapping, the lipid adduct and headgroup are considered one unit.
(b) Allowed lipid fragment type definitions for Cer[AS] d18:1_14:0 [M+Ac-H]− defined in terms of headgroup m/z (blue square),
sphingoid backbonem/z (orange square), fatty acidm/z (green square), fragmentm/z (spectral peaks), and rule specific modifierm/z
(questionmark). Each transformation used to generate annotation spectra is simply the corresponding fragment definition solved for
the rule modifier
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fragmentation mapping of deprotonated Cer[AS] species in
Figure 3. Library Forge leverages putative lipid identifications
to generate the correct m/z transformations needed to create the
annotation spectra. These identifications can be generated from
analysis of either a mixture of known lipid reference standards
or whole lipid extracts whose MS/MS spectra have been
searched using preexisting libraries. For this example, the
experimental MS/MS spectrum (Cer[AS] d18:1_24:0 [M-
H]−) and the original in silico spectrum contained in the
LipiDex spectral library (LipiDex HCD Acetate, LipiDex
v1.0.1) [19] show only marginal fragment m/z and intensity
correlation (dot product: 318) (Figure 3a). From the LC-MS/
MS analysis of HAP1 cell lipid extracts, we putatively identify
eight unique Cer[AS] species and subsequently create a con-
sensus spectrum for each species.

To each spectrum, we apply the six m/z transformations
described in Figure 2b. Only those adjusted m/z values present
in a given percentage of the annotation spectra for a given lipid
class (dotted line) are retained (Figure 3b). In this way, peaks
present in the annotation spectra corresponding to noise, co-

fragmented lipids, or m/z transformation artifacts are removed.
To simulate the relative intensity of each fragment, each frag-
mentation rule is then assigned the average relative intensity of
the spectral peaks which stem from that fragmentation pathway
(Figure 3c). For the example of Cer[AS] d18:1_24:0 [M-H]−,
Library Forge generated an in silico spectrum with high spec-
tral fidelity towards both the experimental spectrum (dot prod-
uct: 991, Figure 3d) and a reference standard spectrum (dot
product: 971, Supplementary Figure 2 in Supplemental
Information).

Generating Lipid Spectral Libraries

Based on the outlined workflow, spectral library quality largely
depends on three experimental factors: the lipid species ana-
lyzed, the instrumental setup used, and the putative identifica-
tions generated. To demonstrate the robustness and utility of
the Library Forge algorithm, we generated in silico spectral
libraries from four different starting condition sets. These li-
braries were created using spectra collected from different

Figure 3. Mapping fragmentation of α-hydroxy fatty acid ceramides. (a) Original experimental (dark gray) and in silico (light gray)
MS/MS spectra for Cer[AS] d18:1_24:0 [M-H]−. (b) All annotation spectral peaks for sphingoid neutral loss (turquoise), sphingoid
fragment (orange), alkyl neutral loss (green), alkyl fragment (magenta), fragment (blue), and neutral loss (purple) generated from 8
unique Cer[AS] [M+Ac-H]− species. (c) Generated Cer[AS] d18:1_24:0 [M-H]− spectra after addition of annotation spectral peaks
found in at least 75% of annotation spectra for each rule type. (d) Original experimental (dark gray) and generated in silico (colored)
spectra for Cer[AS] d18:1_24:0 [M-H]−
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sample sources (HAP1 cell extract and reference standardmix),
fragmented using distinct collisional-dissociation methods
(beam-type HCD and ion trap CAD), and putatively identified
using dissimilar spectral libraries (LipiDex v1.0.1 andMS-Dial
v2.84). For HAP1 cell sample analysis, all putative identifica-
tions with a dot product score greater than 200 (7366 total
spectra for LipiDex IDs) or 150 (6615 total spectra for
LipidBlast IDs) were analyzed. Although too permissive for
standard spectral searching, this low threshold ensured frag-
mentation mapping of lipid classes for which the original
library contained poor-quality in silico spectra. For reference
standard analysis, we collected MS/MS spectra from a mixture
of 83 phospho-, glycero-, sphingo-, and sterol lipids analyzed
on the Q Exactive HF platform using HCD and on the Orbitrap
Fusion Lumos platform using ion trap CAD.

For a global view of the accuracy of the spectra generated
from these experimental datasets, we plot the percent total ion
current (TIC) of the originalMS/MS spectrum explained by the
generated rules and the dot product score between the original
spectrum and the generated in silico spectrum in Figure 4a (see
Supplementary Figures 3–38 for example spectral results). For
the datasets outlined previously (HAP1-HCD-LipiDex, HAP1-
HCD-LipidBlast, Ref. Standard-HCD, and Ref. Standard-ion
trap CAD), Library Forge produced spectra with a median dot
product score of 900, 897, 969, and 974, respectively. Addi-
tionally, the algorithm on average successfully mapped 72%,
72%, 95%, and 88%, respectively, of the TIC. For each dataset,
the fragmentation of a small percentage of spectra (8%, 13%,
12%, and 15%, respectively) could not be successfully mapped

(dot product < 500). In the majority of these instances, frag-
mentation rules could not be extracted due to the experimental
dataset containing insufficient spectra of suitable signal to
noise for a given lipid class. We note that the scoring and
%TIC mapped difference between the reference standard and
complex sample datasets can be attributed to increased co-
fragmentation of isobaric lipid species and false putative MS/
MS identifications in the complex sample datasets. Review and
subsequent removal of these identifications prior to fragmen-
tation mapping would greatly decrease differences between the
datasets. Despite these small differences in spectral accuracy,
the algorithm capably maps lipid fragmentation from LC-MS/
MS datasets generated with different starting experimental
conditions.

Confident spectral matching maximizes the score difference
between the correct identification and the top-scoring false
identification (Δdot product) [32]. This difference greatly in-
creases identification confidence in the absence of a false
discovery rate (FDR) estimate as commonly used in discovery
proteomics [33]. To equitably test the Δdot product scores for
spectra from each in silico library, we merged each library with
the full LipiDex HCDAcetate spectral library (LipiDex v1.0.1)
and re-searched the spectra. By combining each library with a
common Bbackground^ library, we ensured the measured se-
lectivity was not a factor of library size but of spectral quality
(Supplemental Information). Co-fragmented lipids were not
considered incorrect matches for this comparison. We were
encouraged to see that each dataset demonstrated excellent
selectivity (Figure 4b) and returned high-confidence MS/MS

Figure 4. Generating lipid spectra (a) dot product returned and %TIC explained for original MS/MS spectra after in silico library
generation from complex HAP1 cell extract using LipiDex spectral library (blue), complex HAP1 cell extract using LipidBlast spectral
library (magenta), reference standardmix using HCD (green), and reference standardmix using ion trap CAD (orange). For clarity, the
dot product and %TIC explained are additional displayed as density plots (bin width = 10) on each corresponding axis. (b) Density
plots (bin width = 50) of the dot product returned for original MS/MS spectra from the correct lipid identification (colored) and the first
incorrect identification (match). Note: For complex spectra which contained co-fragmented lipid species, these identifications were
not counted as incorrect
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identifications (dot product > 500, Δdot product > 200) for the
majority of the spectra (82%, 76%, 90%, 86%) (Supplemental
Figure 39 in Supplemental Information).

To explore the algorithm’s ability to refine preexisting spec-
tral libraries based on data collected on different instrument
platforms, we plot the median spectral similarity score for all
mapped lipid classes from the HAP1 dataset for the original
LipidBlast and the Library Forge-generated spectral libraries.
As seen in Figure 5, Library Forge returned significantly im-
proved (> 100) dot product scores for 18 of the 35 lipid
classes—improving the average returned dot product from
721 to 890. For the most dissimilar spectra (DP < 700), the
algorithm improved the median dot product score by an

average of 329. This analysis did not show any lipid classes
with significantly reduced scores—suggesting that, at mini-
mum, the algorithm recapitulates the original in silico spectra.
For comparison, we performed the same analysis for the HAP1
dataset which used the LipiDex HCD Acetate library (LipiDex
v1.0.1) (Supplementary Figure 40 in Supplemental Informa-
tion). As this library was originally developed using the same
LC-MS/MS platform, the algorithm returned fewer significant-
ly improved lipid class spectra (n = 8) and reconstructed the
fragmentation pathways already contained within the original
library (LipiDex HCD Acetate library v1.0.1).

Fragmentation Rule Validation

Having confirmed the algorithm’s ability to generate in
silico spectra with high similarity to experimental MS/MS
spectra, we sought to validate the fragmentation rules and
ensure we were not over-fitting data and generating rules
which only modeled spectra in the experimental datasets.
First, we analyzed a mixture of 54 isotopically labeled
reference standards, not present in any of our original ex-
periments, using HCD fragmentation. As each standard
contained an isotopically labeled fatty acyl chain, these
standards represent unique lipids for each class and serve
as a validation set. We declared each putative fragmentation
rule as bona fide if it was present in the isotopically labeled
lipid spectra. Encouragingly, the reference standards vali-
dated at least 95% of the fragmentation rules for all lipid
classes contained in the fragmentation rule sets for each of
the previously generated HCD libraries (Figure 6a). The
majority of all verified fragmentation rules also fell within
a ± 10 ppm window of the actual fragment m/z and a relative
intensity difference of less than 25% (Figure 6b). Next, we
sought to determine whether Library Forge could map ex-
perimental fragment ions not commonly found in
preexisting lipid spectral libraries. To test this, we searched
for the presence of each fragmentation rule in a set of
previously published in silico libraries [10–12] containing
748,902 spectra modeled on experimental data collected
from multiple instrument platforms. Of the isotopically
validated rules, approximately half were contained in the
published library set—further demonstrating the algo-
rithm’s capability to map unique fragment ions.

To date, the consensus lipid identifications created from the
interlaboratory study of the NIST SRM 1950 sample represents
the best method for validating lipid identification pipelines [34].
Accordingly, we generated lipid identifications in LipiDex
using the previously detailed HCD spectral libraries from trip-
licate LC-MS/MS analysis of the NIST SRM 1950 material
(Supplemental Methods in Supplemental Information). No fil-
tering of the lipid feature identifications was performed. Any
putative identification was considered validated if it was previ-
ously putatively identified by at least three laboratories in the
interlaboratory study. As seen in Supplementary Figure 41 in
Supplemental Information, for the generated libraries, we vali-
dated 91%, 93%, and 92% of all lipid identifications. For all

Figure 5. Refining in silico spectral libraries. Median dot prod-
uct returned for each lipid class/adduct combination mapped
when searching the experimental MS/MS spectra against the
original LipidBlast spectral library (orange) and generated spec-
tral library (blue). The difference between each group with sig-
nificantly improved median dot product scores (> + 100)
highlighted in blue and the number of MS/MS spectra used to
generate fragmentation rules is displayed on the right
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identifications not identified by at least three laboratories, we
hand annotated the spectra. From these, we validated all but two
of the identifications (Supplementary Figure 42 in Supplemen-
tal Information). Taken together, this represents a correct lipid
identification rate of 98.7%, 98.7%, and 98.6%.

Finally, we validated the robustness of the Library Forge
approach by extracting lipid fragmentation rules from MS/
MS spectra whose putative lipid identifications were gener-
ated using Lipid Data Analyzer v2.6.3_3 (LDA 2) (Supple-
mental Methods in Supplemental Information). As LDA 2
identifies lipids using identification rule sets rather than
spectral similarity scoring, these identifications serve to
evaluate the broad applicability of the approach outlined
in this manuscript. In Supplementary Figure 43 in Supple-
mental Information we display the results of the same val-
idation analyses outlined previously on this specific dataset.
Notably, we validated 90% of identifications made with this

LDA 2 library using the NIST 1950 SRM consensus iden-
tifications. Altogether, these datasets and analyses comprise
a comprehensive validation of the efficacy and robustness
of the Library Forge method. The Library Forge algorithm
automatically creates bona fide lipid fragmentation
spectra—greatly reducing the time necessary to generate
high-confidence lipid identifications from diverse experi-
mental platforms.

Conclusions
Here, we describe a robust spectral parsing algorithm which
leverages the inherent structural modularity of lipids to learn
their fragmentation behavior directly from experimental MS/
MS spectra. This approach ensures in silico-generated spectra
mirror the fragmentation behavior of the user’s experimental
platform, thereby increasing spectral similarity, identification
selectivity, and identification confidence. Because the algo-
rithm derives lipid fragmentation patterns from transformed
spectra where individual fragmentation pathways are isobaric
instead of directly from untransformed MS/MS spectra, it
circumvents the need for numerous training spectra as required
for machine learning-based approaches [35]. We deploy nu-
merous spectral quality filters to remove spectral noise, spuri-
ous identifications, and analysis artifacts which allows the
algorithm to effectively analyze reference standard mixtures
or complex lipid extracts.

We also note that Library Forge’s ability to accurately
model lipid fragmentation may prove valuable for automat-
ically generating realistic decoy databases for a lipid-specific
FDR calculation. Recently published methods for small-
molecule FDR estimation have described the increased per-
formance of decoy libraries created using fragmentation-
informed rules to generate more realistic decoy spectra [36,
37]. With minor modifications, Library Forge could generate
accurate decoy spectra, an important step in statistically
robust lipid identification. This algorithm represents a criti-
cal step towards platform-independent lipid identification
which performs on par with manually curated instrument-
specific libraries. By automating in silico library develop-
ment for a wide variety of lipid classes and fragmentation
techniques, Library Forge offers an expedited and simplified
route to simple and confident spectral identification for LC-
MS/MS lipidomic experiments.

Supporting Information
Library generation standards, library validation standards,
LC-MS/MS analysis parameters for Q Exactive HF Analy-
sis, LC-MS/MS analysis parameters for Orbitrap Fusion
Lumos analysis, Library Forge processing parameters,
NIST 1950 SRM processing parameters, lipid fragment type
definitions, Cer[AS] reference standard spectrum, represen-
tative in silico spectra for HCD Hap1 Analysis, identifica-
tion confidence using generated libraries, dot product

Figure 6. Validating fragmentation rules. (a) Radial bar charts
depicting the number of fragmentation rules validated via iso-
topically labeled standards (solid color) and present in external
spectral libraries (outlined) for the libraries generated in silico
from complex HAP1 cell extract using the LipiDex spectral
library (blue), complex HAP1 cell extract using the LipidBlast
spectral library (magenta), and reference standard mix using
HCD (green). (b) Scatter plot depicting the relative intensity error
out of 1000 and mass error (ppm) for each derived fragmenta-
tion rule
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enhancement after fragmentation mapping, NIST 1950
SRM validation, NIST 1950 SRM identification manual
validation, and LDA 2 identification dataset. Raw data are
available on Chorus (Project ID 1501). The full software
suite and accompanying multimedia tutorials describing the
use of Library Forge are available at http://www.ncqbcs.
com/resources/software/.
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