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Abstract : Lipidomics, an emerging field, focuses on the comprehensive analysis of lipid species. However, despite its
advances, non-targeted lipidomics approaches continue to encounter significant challenges in lipid annotation, primarily due to
the limited coverage of publicly available tandem mass spectrometry spectral libraries. Therefore, this study aims to introduce a
non-targeted lipidomics approach using molecular networking to enhance neutral lipid identification. Collision energy condi-
tions were first optimized using commercial neutral lipid standards and subsequently validated with National Institute of Stan-
dards and Technology Standard Reference Material 1950 Metabolites in Frozen Plasma. A normalized collision energy of 30,
combined with Global Natural Products Social Molecular Networking parameters (cosine score of 0.7 and a minimum of six
matched fragment ions), enabled effective spectral connectivity and improved neutral lipid detection. Among the scan ranges
tested, the 600–1000 m/z range was the most effective, facilitating comprehensive detection of diglycerides, triglycerides, and
cholesteryl esters. This study presents an optimized molecular networking strategy for non-targeted lipidomics that enhances
both lipid annotation and structural characterization.
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Introduction

Lipidomics, a specialized field within systems biology,

focuses on the comprehensive analysis of lipid molecules to

understand their structures, functions, and metabolic path-

ways. While originally considered a subfield of metabolo-

mics, lipidomics has emerged as a distinct domain within

omics sciences. This shift reflects the structural diversity,

unique physicochemical properties, and critical biological

functions of lipids.1,2 Recent studies show that lipidomics

has further emerged as a key area in systems biology, with

broad applications in translational research, including dis-

ease diagnosis,3,4 biomarker discovery,3 pharmaceutical

development,5 and nutritional assessment of food.1,6 Lipid-

omics approaches are generally categorized into targeted7-10

and non-targeted strategies,10-12 with analytical methods

selected based on the specific aims of the study. Lipids

exhibit extensive structural diversity, arising from variations

in chain length, saturation, and functional group positions,

resulting in thousands of distinct molecular species.13,14 Owing

to this complexity, targeted lipidomics alone is inadequate

for comprehensive lipidome profiling, thereby highlighting

the complementary role of non-targeted strategies. To

address this limitation, non-targeted lipidomics has gained

recognition as a promising approach for expanding lipid

coverage and facilitating the discovery of novel biomark-

ers within complex lipid mixtures. 

However, lipid annotation in non-targeted lipidomics

remains a significant challenge due to the limited availabil-

ity and coverage of publicly available spectral databases.15-17

Consequently, < 2% of detected lipid features can be anno-

tated using existing libraries,15 leaving the substantial por-

tion of lipid species uncharacterized. This highlights a

critical limitation of current annotation approaches.

To address this challenge, we propose a non-targeted lipi-

domics strategy leveraging molecular networking—a key

bioinformatics tool for visualizing and annotating chemical

diversity in non-targeted mass spectrometry (MS) datasets.

Since its introduction in 2012,18 molecular networking has

emerged as an essential method for analyzing non-targeted
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MS data by grouping structurally related molecules based

on spectral similarity. In contrast to conventional reference

spectrum-based approaches, molecular networking enables

effective visualization and annotation of non-targeted mass

spectra without reliance on known spectral libraries.16,17,19,20,21

Moreover, while molecular networking has shown promise

in non-targeted lipidomics, its effectiveness for lipid anno-

tation is hindered by a lack of optimized analytical condi-

tions, limiting its potential for comprehensive lipid

profiling.

Therefore, this study aims to optimize molecular net-

working for the improved annotation of neutral lipids in

National Institute of Standards and Technology (NIST®)

Standard Reference material (SRM®) 1950 Metabolites in

Frozen Plasma as representative real world samples by sys-

tematically tuning key MS parameters—specifically colli-

sion energy(CE) and MS/MS scan range—as well as

Global Natural Products Social Molecular Networking

(GNPS) clustering thresholds, using high-resolution MS

data. Neutral lipids were selected as the focus of this study

because they represent the most abundant class of lipids in

the human body and play essential roles in energy storage

and metabolic regulation. Optimizing molecular network-

ing for neutral lipid annotation holds potential to advance

biomarker discovery and improve the diagnostic utility of

non-targeted lipidomics, particularly in complex biological

matrices such as plasma. To this end, we employed a data-

driven approach integrating high-resolution MS with

molecular networking tools to enhance lipid clustering and

annotation performance.

Experimental

Reagents and analytical standards

We purchased MS-grade water (H2O) and methanol

(MeOH) from Fisher Scientific Co. (Pittsburgh, PA, USA).

Ammonium acetate (NH4Ac), butylated hydroxytoluene

(BHT), chloroform, methyl tert-butyl ether (MTBE), and

the NIST SRM 1950 Metabolites in Frozen Plasma were

obtained from Sigma-Aldrich (St. Louis, MO, USA). MS-

grade isopropanol (IPA) was sourced from Merck (Darm-

stadt, Germany). Commercial triglyceride (TG) standards

were acquired from Avanti Polar Lipids (Alabaster, AL,

USA).

Lipid extraction

All lipid extractions from NIST SRM 1950 were per-

formed using the Matyash method with slight modifica-

tions.22 The NIST SRM 1950 was used as a certified human

reference sample. A single aliquot (10 µL) was used for

extraction, and the material was stored at −80oC until use.

As this is a commercially available certified reference

material, no additional ethical approval was required. First,

300 µL of ice-cold 100% MeOH containing 0.1% BHT was

added to 10 µL plasma, followed by the addition of 90 µL

of H2O. Next, 1 mL of MTBE containing 0.1% BHT was

added, and the samples were shaken at room temperature

for 1 h. Subsequently, 250 µL of H2O was added, and the

mixture was vortexed for 10 min. Phase separation was

conducted through centrifugation at 14,000 × g (4oC,

15 min) The supernatant was separated into upper (880 µL)

and lower (440 µL) phases. which were then combined.

The solvent was evaporated while the dried extract was

reconstituted in a total volume of 100 µL, comprising

100 µL of MeOH:chloroform (9:1, v/v).

Data-dependent LC–ESI–HRMS/MS analysis

Lipid extracts were analyzed using liquid chromatogra-

phy-positive electrospray ionization high resolution MS on

an UltimateTM 3000 UHPLC System integrated with a Q

Exactive™ Focus Hybrid Quadrupole-Orbitrap™ Mass

Spectrometer (Thermo Fisher Scientific Inc., Waltham,

MA, USA). Chromatographic separation was performed

using a Kinetex® C18 column (100 × 2.1 mm, 2.6 μm; Phe-

nomenex Corporation, Torrance, CA, USA). Lipids were

eluted with a binary gradient system comprising 10 mM

NH4Ac in H2O/MeOH (1:9, v/v) as solvent A and 10 mM

NH4Ac in an IPA/MeOH (1:1, v/v) as solvent B. The flow

rate was maintained at 200 µL/min with the following gra-

dient elution conditions: starting at 30% solvent B, increas-

ing to 95% over 15 min, maintaining 95% for 5 min, and

then decreasing to 30% over 5 min. The total analysis time

was 25 min. The column oven temperature was set to 40oC,

and the injection volume was 1 μL.

The source parameters were as follows: spray voltage,

3500 V; capillary temperature, 320oC, sheath gas flow rate,

40 arb; auxiliary gas flow rate, 2.0 arb; and S-lens RF level,

50. Mass spectral data were obtained using full scan and

data-dependent MS/MS (ddMS2) modes. The scan parame-

ters were set as follows: resolution, 70,000; AGC target, 1 ×

106 for full scan mode; and resolution, 17,500; AGC target,

5 × 104; maximum injection time, 100 ms; CE and normal-

ized collision energy (NCE), 10–50 eV; and stepped NCE,

15 eV, 30 eV, and 45 eV for ddMS2 mode. For the detection

of neutral lipids, the scan range was set to m/z 600–1000,

based on preliminary evaluations described in the Results

section. Chromatographic and spectral data were processed

using Xcalibur 4.1 software (Thermo Fisher Scientific Inc.,

Waltham, MA, USA).

Data preprocessing parameters

Raw data files were converted into the open-source

mzXML format with MSConvert 3.0 and subsequently pro-

cessed using MZmine 2.53. All data processing steps were

performed following the guidelines provided in the GNPS

documentation.23 Given that the MZmine parameters for

commercial standards were adjusted based on signal inten-

sity, the parameters described below specifically apply to

the NIST SRM 1950 samples.

The MS and MS/MS spectra were extracted using
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MZmine 2.53, with the mass detection noise levels set at

1E4 and 0E0, respectively. Chromatograms were con-

structed using the Automated Data Analysis Pipeline

(ADAP) algorithms,24,25 using a minimum group size of 5

scans, a group intensity threshold of 3E5, a minimum peak

height of 3E5, and an m/z tolerance of 5 ppm. The ADAP

wavelet-based chromatogram deconvolution algorithm was

applied using a baseline cutoff approach with the following

parameters: minimum peak height of 3E5, baseline level of

1E5, peak duration range of 0.1–25 min, m/z window for

MS/MS scan pairing of 0.01, and retention time (RT) win-

dow for MS/MS scan pairing of 0.2 min. Isotopic peaks

were grouped using the de-isotoping function with an m/z

tolerance of 5 ppm and an RT tolerance of 0.1 min. Peak

alignment was performed using the join aligner method

with the following parameters: m/z tolerance of 5 ppm, an

absolute RT tolerance of 0.1 min, and weighting factors of

75 and 25 for m/z and RT, respectively. Gap filling was con-

ducted using the peak finder module with the following set-

tings: intensity tolerance of 10%, m/z tolerance of 5 ppm,

and RT tolerance of 0.1 min. Subsequently, the resulting

peak list was filtered using the “Feature List Rows Filter”

module, requiring a minimum of one peak per row and at

least one peak within an isotopic pattern.

Feature-Based Molecular Network Analysis

Molecular networks were constructed using the Feature-

Based Molecular Networking (FBMN) workflow on the

GNPS platform.26 The processed MZmine output was eval-

uated using the FBMN pipeline provided by GNPS. The

molecular network was constructed using a precursor ion

mass tolerance of 0.02 Da and a fragment ion mass toler-

ance of 0.02 Da. Nodes were connected when the cosine

similarity score exceeded 0.7 and the MS/MS spectra

shared at least six matched fragment peaks. Spectral library

searches were performed using the same parameter applied

during network construction. The resulting molecular net-

works were visualized and annotated using Cytoscape ver-

sion 3.4.0 (San Diego, CA, USA).27

Lipids annotation in molecular networking

The strategy focused on clusters containing the largest

number of nodes. Within these clusters, each node was ten-

tatively annotated using one or more of the following

approaches: (1) During molecular network (MN) construc-

tion on the GNPS platform, fragment similarity searches

were performed across several public databases (e.g. Mass-

Bank, HMDB, MoNA). The resulting annotations were

automatically incorporated into the MNs generated in Cyto-

Figure 1. MS/MS spectrum and proposed fragmentation pathway of TG 41:0(14:0/13:0/14:0)-d5.

Abbreviations: MS/MS, tandem mass spectrometry; TG, triglyceride
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scape. (2) The MS data—including accurate mass and frag-

mentation pattern—were manually compared against

entries in other databases such as LIPID MAPS, PubChem,

and ChemSpider. (3) When no database matches were

found, MS data from all nodes within a cluster were closely

analyzed for common fragments ions or neural losses.

These shared spectral features were used to infer a possible

chemical class, based on literature references or known

fragmentation behavior. In each case, once an m/z feature

was annotated within a cluster, the remaining nodes in that

cluster were subsequently annotated based on similarities in

their MS/MS spectra and accurate mass differences.

 

Results and discussion

Fragmentation patterns of neutral lipids

In positive ion mode, TGs are primarily detected as

[M+NH4]
+ ions. The observed fragmentation patterns are

consistent with those reported in previous studies.28 For

example, Figure 1 illustrates the fragmentation pattern of

TG 41:0 (14:0/13:0/14:0)-d5, featuring fragment ions corre-

sponding to the neutral loss of a 14:0 acyl chain (m/z

486.4565) and a 13:0 acyl chain (m/z 500.4722). Additional

fragment ions due to the loss of two acyl chains were

observed at m/z 290.2738 and theoretically expected at m/z

276.2582, although the latter was not detected in the spec-

trum. Furthermore, ions corresponding to single fatty acids

were observed at m/z 197.1900 and 211.2056. All detected

fragment ions were within a 5 ppm mass accuracy.

Collision energy optimization for molecular networking

A cosine score (cos) of 0.6 and a minimum of six

matched fragment ions (MF) were selected based on widely

used settings for molecular networking,21 with stepped CE

applied during analysis. Under these conditions, TGs con-

taining two 14:0 acyl chains were successfully connected,

as were those containing two 16:0 acyl chains. However,

TGs containing two 18:1 acyl chains did not form any con-

nections (Figure 2a). When the cos threshold was increased

to 0.7, the default setting in GNPS, TGs with identical acyl

chains were still successfully connected under both stepped

NCE and NCE 30 conditions. Furthermore, inter-cluster

connections were established, resulting in a single, fully

connected network comprising nine TGs (Figure 2b).

These results reflect the fundamental principle that higher

m/z ions require greater CE for effective fragmentation.

While CE settings apply a uniform energy across all m/z

values, NCE conditions adjust the energy based on the m/z

value, thereby effectively reducing the energy gap across

different ions. This adaptive energy application potentially

enhances the connectivity observed in the molecular net-

works.29

Validation using NIST SRM 1950

To identify the optimal CE for neutral lipid analysis and

assess the applicability of the optimized conditions to bio-

logical samples, the NIST SRM 1950 plasma was used.

Various scan ranges (200–1200, 250–850, 300–800, 300–

1100, 600–1000, 700–1000) and two CE settings (NCE 30

and stepped NCE) were tested to construct a molecular net-

work and evaluate the suitability of the method for biologi-

cal sample analysis.

At NCE 30, the scan range of 200–1200 detected 1

diglyceride (DG), 16 TGs, cholesterol, and 9 cholesteryl

esters, while the 250–850 range identified 2 mono-

glycerides (MGs), 5 DGs, 7 TGs, cholesterol, and 9 cho-

lesteryl esters. The 300–800 range detected 2 MGs, 6 DGs,

1 TG, and 9 cholesteryl esters, while the 300–1100 range

identified 3 DGs, 18 TGs, cholesterol, and 9 cholesteryl

esters. The 600–1000 range detected 6 DGs, 36 TGs, and 9

cholesteryl esters, and the 700–1000 range detected 43

TGs. Under stepped CE, the 200–1200 scan range detected

Figure 2. Molecular networks generated using (a) stepped CE (cos: 0.6; MF: 6) and (b) stepped NCE and NCE 30 conditions (cos: 0.7; MF: 6).

Abbreviations: cos, cosine score; MF, minimum fragment ions; CE, collision energy; NCE, normalized collision energy.
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10 TGs, while the 250–850 range identified 2 MGs, 5 DGs,

and 7 TGs. The 300–800 range detected 1 MG, 5 DGs, and

1 TG, while the 300–1100 range identified 13 TGs. The

600–1000 and 700–1000 ranges detected 6 DGs, 32 TGs,

and 35 TGs respectively.

Compared to stepped NCE, the NCE 30 setting consis-

tently detected a broader range of neutral lipids across all

tested scan ranges (Figure 3). To further investigate this

finding, we compared the variation in neutral lipid detec-

tion across different scan ranges under the NCE 30 condi-

tion. Furthermore, the 600–1000 scan range was identified

as the most suitable for neutral lipid detection, as it facili-

tated the identification of a diverse range of lipid species,

including DGs, TGs, and cholesteryl esters (Table 1). Based

on these findings, a molecular network was constructed

using the 600–1000 scan range under NCE 30 conditions

(Figure 4). Table 2 summarizes the detected neutral lipid

species. Consistent with previous studies, 4 of 5 DG species

and 30 of 42 TG species were consistently detected in our

Figure 3. Comparison of neutral lipid detection between NCE

30 and stepped NCE across different scan ranges.

Abbreviations: NCE, normalized collision energy; m/z, mass-

to-charge ratio

Table 1. Neutral lipid species detected across different scan ranges under NCE 30 conditions.

Lipid
Scan range

200–1200 250–850 300–800 300–1100 600–1000 700–1000

MG - 2 2 - - -

DG 1 5 6 3 6 -

TG 16 7 1 18 36 43

Cholesterol 1 1 - 1 - -

Cholesteryl ester 9 9 9 9 9 -

Note: MG, monoglycerides; DG, diglycerides; TG, triglycerides; 

Figure 4. Molecular network

of neutral lipids from NIST

SRM 1950 constructed using

NCE 30 and the 600–1000 scan

range.

Abbreviations: NCE, normalized

collision energy; m/z, mass-to-

charge ratio; SRM, Standard

Reference Material
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analysis. Furthermore, 9 of 15 cholesteryl esters were

detected, along with cholesterol, consistent with findings of

previous studies.30 To further confirm the fragmentation

consistency, the neutral lipid species detected in the NIST

SRM 1950 exhibited fragmentation patterns similar to

those observed for TG 41:0(14:0/13:0/14:0)-d5, including

characteristic acyl chain losses and fatty acid ion formation,

all within a mass accuracy of 5 ppm.

These findings demonstrate that the combination of NCE

30 with GNPS-recommended parameters (cos of 0.7 and a

minimum of six MF ions) most effectively facilitates the

detection of the full range of neutral lipids within the 600–

1000 m/z scan range.

 

Conclusions

In this study, we optimize the CE conditions for molecu-

lar networking-based analysis of neutral lipids. Analysis

under the NCE 30 condition, combined with the GNPS-rec-

ommended parameters (cos of 0.7 and a minimum of six

MF ions), consistently enabled the effective detection of a

broad range of neutral lipid species. Among the scan ranges

Table 2. Neutral lipid species identified from NIST SRM 1950 under NCE 30 conditions using the 600–1000 scan range.

No. Class Species Q1 (m/z) No. Class Species Q1 (m/z)

1 1

DG

DG 34:1 612.5562 27 21

TG

TG 52:2 876.8011

2 2 DG 34:0 614.5717 28 22 TG 52:1 878.8171

3 3 DG 36:3 636.5562 29 23 TG 52:0 880.8326

4 4 DG 36:2 638.5719 30 24 TG 53:2 890.8172

5 5 DG 36:1 640.5874 31 25 TG 54:7 894.7545

6 6 DG 36:0 642.6033 32 26 TG 54:6 896.7668

7 1

TG

TG 42:0 712.645 33 27 TG 54:5 898.786

8 2 TG 44:1 766.692 34 28 TG 54:4 900.801

9 3 TG 44:0 768.7075 35 29 TG 54:3 902.8173

10 4 TG 46:2 792.7075 36 30 TG 54:2 904.8328

11 5 TG 46:1 794.7232 37 31 TG 54:1 906.8484

12 6 TG 46:0 796.7386 38 32 TG 56:8 920.7698

13 7 TG 48:3 818.723 39 33 TG 56:5 926.8167

14 8 TG 48:2 820.7388 40 34 TG 56:4 928.8328

15 9 TG 48:1 822.7544 41 35 TG 56:3 930.8484

16 10 TG 48:0 824.7698 42 36 TG 56:2 932.8641

17 11 TG 50:4 844.7388 43 1

Cholesteryl ester

Cholesteryl 

ester 16:1
640.6027

18 12 TG 50:3 846.7546 44 2
Cholesteryl 

ester 16:0
642.618

19 13 TG 50:2 848.77 45 3
Cholesteryl 

ester 18:3
664.6027

20 14 TG 50:1 850.7859 46 4
Cholesteryl 

ester 18:2
666.6183

21 15 TG 50:0 852.8017 47 5
Cholesteryl 

ester 18:1
668.634

22 16 TG 51:1 864.8015 48 6
Cholesteryl 

ester 18:0
670.6496

23 17 TG 52:6 868.7387 49 7
Cholesteryl 

ester 20:5
688.6028

24 18 TG 52:5 870.7545 50 8
Cholesteryl 

ester 20:4
690.6196

25 19 TG 52:4 872.7702 51 9
Cholesteryl 

ester 22:6
714.6033

26 20 TG 52:3 874.7855

Note: DG, diglycerides; TG, triglycerides
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tested, the 600–1000 m/z range was the most suitable for

the comprehensive identification of DGs, TGs, and cho-

lesteryl esters. These findings offer a practical framework

for enhancing neutral lipid profiling in biological samples

and highlight the potential of molecular networking as a

potent tool for untargeted lipidomics.
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