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of Chemistry Structural lipidomics provides comprehensive information on lipidomes, and there is great interest in
applying it to single-cell analysis for accurate cell phenotyping and lipid pathway studies. However,
structural lipidomics relies on tandem mass spectrometry analysis of a large number of lipid species,
which remains challenging for single-cell analysis due to the small sample amounts. Herein, using
a miniature dual-linear ion trap (LIT) mass spectrometer with enhanced ion processing capability, we
developed an effective strategy to achieve annotations of more than 100 lipid species in a single cell
with high structural specificity. The ion utilization efficiency was greatly improved with multi-stage MS"
(n = 2-4) analysis performed for each lipid species to acquire structural information at different levels.
From a single MDA-MB-468 cancer cell, we identified 100+ lipids, including 64 lipids at the acyl-chain

. N . sum composition level, 23 at the sn-position level, 30 at the C=C location level, and 20 at the C=C/sn-
Aiﬁ:gtee?j st Ig;i;nr:s;r 3025 position level, primarily phosphatidylcholamines (PCs) and phosphatidylethanolamines (PEs). Significant
variations in sn-position and C=C location isomers were observed in doxorubicin-resistant and

DOI: 10.1039/d5sc08665¢ -sensitive K562 cells. With enriched information at the structural lipidomics level, the correlation was
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Introduction

Single-cell analysis has enabled and accelerated studies of cell-
to-cell heterogeneities that are instrumental in understanding
disease development.'* The technical advancement and appli-
cations of single-cell genomics, transcriptomics, and proteo-
mics have made significant contributions to biological science.
Lipidomics is an essential part of metabolomics that is also
expected to provide important information regarding the bio-
logical processes of a single cell.>® Lipids serve as crucial
cellular metabolites, constituting integral components of
membranes and organelles and playing pivotal roles in
processes such as cell division, endocytosis, protein export, and
cell signaling.’** The combination of lipidomics with other
omics methods applied to single-cell studies has contributed to
the understanding of the genetic and molecular basis of
diseases, molecular changes that occur during the development
of organisms, and the immune system's response to infec-
tions.'* Mass spectrometry (MS) is the most effective tool for
lipidomics due to its exceptional structural characterization
capability.

In the past decade, powerful lipid structural characterization
tools have emerged that have unraveled the complexity of the
human lipidome, in particular at the C=C location/geometry
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established between variations in lipidome and response to ferroptosis for human cancer cells.

15-

and fatty acyl sn-position levels."**” These tools rely on
tandem MS (MS/MS or MS") analysis, and were also shown to be
effective in combination with chemical derivatization,'®* such
as for PB-MS/MS (PB, Paterno-Biichi reaction®). Consequently,
these technical advancements also led to the consensus that the
field of lipidomics has entered the era of structural lipidomics.
Alternative lipid metabolic pathways have been revealed,*'?
and potential disease biomarkers have been proposed,****
which are critical for understanding diseases and finding new
therapeutic targets.

The application of structural lipidomic technologies for
single-cell analysis, however, faces significant challenges
stemming from the limited sample availability of a single cell,
especially for mammalian cells.”® Conventional mass spec-
trometers with MS/MS capabilities are mostly designed for
coupling with liquid chromatography, where ions from
a sample are not utilized at high efficiency when MS/MS anal-
ysis is performed. Using a commercial ion trap, triple-
quadrupole, or quadrupole-time-of-flight (TOF) mass spec-
trometers as an example, ions of only one target precursor are
used for each MS/MS scan, with all the others wasted.?® The
consequence of using these instruments for single-cell struc-
tural lipidomics analysis is low coverage of lipid species that can
be identified with a high level of structural confidence.

Numerous methods have been explored to address these
limitations for single-cell analysis. Qin et al. developed ID-
organic cytoMS, incorporating an efficient online lysis system
that extended single-cell analysis time from seconds to tens of
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seconds.” This approach enabled the identification of 150
metabolite species from a single MCF-7 cancer cell, although
the number of identified lipid species remained lower, likely
due to sample dilution during analysis. The Li group extended
trapped ion mobility separation to dual-polarity ionization
mass spectrometry imaging for in situ single-cell lipidomics
analysis. With this method, it was revealed that a total of 185
lipids were derived from single cells,*® but lipids are identified
at the lipid sum composition level without in-depth structural
information such as C=C location and sn-positions of fatty
acyls. We explored the combination of on-demand nano-
electrospray ionization (nanoESI) with photochemical derivati-
zation using the PB reaction,” empowering single-cell lipid
analysis with C=C location specificity. However, the coverage of
the lipid species was still limited by the number of MS/MS
analyses and ultimately the sample amount from a single cell.

To truly apply structural lipidomics for single-cell analysis, it
is highly desirable to increase the coverage of the lipid species
from a single cell, which indicates that MS" analysis with
significantly improved efficiency for sample usage is required. It
should be noted that MS* or MS* might also be required for
comprehensive lipid structural characterization. For instance,
determining the C=C location in an sn-specific fatty acyl
requires two rounds (sn-1 and sn-2) of MS* analysis for ultimate
structure determination.’**

With these considerations, we explored the development of
a high-coverage single-cell structural lipidomics method
utilizing a miniature dual-linear ion trap (LIT) mass spectrom-
eter.*>* Tons were stored in LIT 1 and could be partially, mass-
selectively transferred to LIT 2 for MS” (n = 2-4) analysis. That
facilitated the comprehensive and targeted interrogation of the
lipidome. The single-cell structural lipidomics approach
enabled the identification of approximately 100 lipids from
a single MDA-MB-468 breast cancer cell, including the precise
determination of C=C locations in sn-specific fatty acyls of
phospholipids, representing the most in-depth characterization
of phospholipids within single cells to date. Although our
method is highly effective for PCs and PEs, its application to
other lipid classes may require further optimization.

We successfully applied the method to distinguish between
doxorubicin (DOX)-resistant and DOX-sensitive human chronic
myelogenous leukemia (CML) K562 cells based on their unique
lipidomic profiles, leveraging the quantitative information ob-
tained at the C=C location and sn-position levels. We also
evaluated the erastin-induced ferroptosis in human breast and
liver cancer cell lines and uncovered a transition state between
normal and ferroptotic cells. These findings underscore the
significant potential of this novel single-cell structural lip-
idomics method for advancing the understanding of cellular
heterogeneity.

Results and discussion
The single-cell MS platform based on dual-LIT MS

The platform integrated the single-cell ion source with the dual-
LIT MS platform (Fig. 1a). The single-cell sampling and ioni-
zation method was modified from the reported methods that

© 2026 The Author(s). Published by the Royal Society of Chemistry
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involved cell fixation, migration, derivatization, and ioniza-
tion.” The optimized workflow is shown in Fig. Sla and
comprises three steps. Step 1: single cells were suspended in
a methanol/H,O mixture (1 : 1, v/v) and migrated to the capillary
tip via gravity, followed by drying. This solvent condition was
chosen to minimize lipid dissolution in the solvent and
promote on-demand ionization for sensitive analysis. Step 2:
lipids were derivatized using 2-acetylpyridine (2-AP, 121.14 ¢
mol ') in acetonitrile/water (1:1, v/v) via a droplet-assisted
method. Step 3: lipids were ionized using on-demand nanoESI
with methanol/acetonitrile (1:1, v/v) containing 1% formic
acid.** This gravity-based cell migration method, different from
electro-migration, enabled parallel processing of multiple cells
(>100) with an average processing time of less than 10 s per cell.
Furthermore, the methanol/H,0-based cell suspension method
eliminated the need for glutaraldehyde fixation, preserving
crucial phospholipid species such as PEs (Fig. S1c). To ensure
optimal performance, the time for matching the single-cell ion
source with dual-LIT MS was carefully optimized (Fig. S2).
However, the round of sampling from a single cell using on-
demand nanoESI was limited to four, which was fewer than
achievable with glutaraldehyde fixation methods,* as shown in
Fig. S3. This limitation might be attributed to potential lipid
loss during the methanol/H,0-based cell suspension process.

The dual-LIT MS system, described in detail in the ‘Dual-LIT
MS System’ section of the SI, played a crucial role in this study.
Ionized lipids from single cells were trapped in LIT 1 and mass-
selectively transferred to LIT 2 for MS” (n = 2-4) analysis
(Fig. 1a). Optimization of the dual-LIT MS system, particularly
the vacuum regulation system (Fig. S4a), significantly enhanced
ion transfer efficiency and storage time, leading to improved
sensitivity and enabling multiple ion analysis capabilities.*
Notably, dual-LIT MS efficiently stored ions for more than 30 s
with minimal ion loss (<10%) (Fig. S4b-d), and therefore, it is
well-suited for single-cell lipidomics by maximizing ion utili-
zation. This platform also offers versatile MS" capabilities
tailored for comprehensive lipid structure characterization.

Three unique operational modes were employed in this work
(Fig. 1b): (i) mass-selective axial transfer (MSAT), enabling
sequential and selective ion transfer from LIT 1 to LIT 2 for
efficient multiple MS/MS analyses with high ion utilization;* (ii)
multiple mass-selective partial transfers (MMPTs), facilitating
the transfer of ions of a specific m/z in multiple batches to
acquire detailed structural information at various levels; (iii)
selective accumulation of low-abundance ions, which enhanced
the detection of low-abundance ions by accumulating them in
LIT 1 via ejecting high-abundance ions. The MMPT was devel-
oped based on the MSAT method. MSAT utilized an AC signal
with a sufficiently large amplitude to efficiently transfer ions
from LIT 1 to LIT 2. By reducing the AC amplitude, only
a portion of the ions was transferred (Fig. S5). This principle
formed the basis of MMPTs, where partial ion transmission was
repeated multiple times until all ions of a target lipid were
transferred for subsequent MS" analysis (Fig. S6 and 7).

The dual-LIT MS platform features unique ion manipulation
capabilities, including the ability to perform MS" analysis and
three operational modes. Leveraging the optimized vacuum

Chem. Sci., 2026, 17, 3828-3840 | 3829


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5sc08665e

Open Access Article. Published on 22 December 2025. Downloaded on 4/6/2026 9:19:40 AM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

Chemical Science

a Single-Cell lon Source

DAPI

L

On-demand
nanoESI

Gate 1

View Article Online

Edge Article
Dual-LIT MS
LIT1 LIT2
lon storage MS" analysis
Detector
@ msn

000
°
2082 Yol S+

Gate 2
@ Otherions @ Targetion

Gate 3

b (i) Mass-selective axial transfer (iii) Accumulation of low-abundance ions
LIT2 000000 LTI LIT2
S0 0000 _ 0000
000000 Ejection of Q9 (% 1%}
high-abundance ions
(i) Multiple mass-selective partial transfer
(MMFT) m/z 782
LIT1 LIT2 S<-f\---
00 e el
00 /\ 30%
00 10%
& /\A
Amp,c=284mV 152mV ~ 176mV 236mV

Fig.1 The dual-LIT-MS platform for single-cell structure lipidomics, and its operational modes for lipid transfer and tandem MS analysis. (a) The
platform of single-cell MS based on dual-linear ion trap mass spectrometry (dual-LIT MS). DAPI: discontinuous atmospheric pressure interface.
(b) Three modes of dual-LIT MS: (i) mass-selective axial transfer (MSAT) between LIT 1 and LIT 2, (ii) multiple mass-selective partial transfer
(MMPT) between LIT 1 and LIT 2, and (iii) selective accumulation of low-abundance ions.

system, the platform exhibits exceptional ion storage capacity,
maximizing ion utilization. In conjunction with optimized
single-cell sampling and ionization methods, this integrated
single-cell MS platform enables comprehensive and detailed
lipid structural characterization at the omics level. The lipid
structures characterized include lipid acyl-chain sum compo-
sitions, C=C locations, sn-positions of fatty acyl, and C=C
locations in sn-specific fatty acyl (C=C/sn-position).

High coverage lipid analysis with C=C location specificity

The dual-LIT mass spectrometer can maximize ion utilization
due to its excellent ion storage capability. However, achieving
high-coverage lipid profiling within single cells remains chal-
lenging. During MSAT, high-abundance ions could interfere
with the transmission of low-abundance ions, particularly those
with m/z values differing by only 2 Da, as evidenced in Fig. S8.
Simulation studies, detailed in the ‘Theoretical model and
simulation method’ section of the SI, elucidated the mecha-
nism of the interference. When only target ions (blue) were
present in the ion trap, they exhibited stable motion (Fig. 2b
and c). However, the introduction of high-abundance inter-
fering ions (red) disrupted this stability (Fig. 2d and e).
Analysis of ion movement frequencies revealed that the
resonance point of the target ion was shifted towards the
resonance point of the interfering ion (Fig. 2f). The frequency
shift could be attributed to the collective interactions of ions,
also known as the space-charge effect.*®*” The inherent char-
acteristics of cellular lipidomes further exacerbated the inter-
ference between different ions. On the one hand, lipid ion

3830 | Chem. Sci, 2026, 17, 3828-3840

abundances within a single cell could span several orders of
magnitude. On the other hand, the presence of phospholipids
with varying degrees of unsaturation resulted in closely spaced
m/z values, often differing by only 2 Da, which significantly
complicates ion isolation and transmission.

To enhance the dynamic range for lipid detection, a targeted
lipidomic strategy was developed, as illustrated in Fig. 2a, to
enable high coverage and C=C structural specificity of lipid
analysis within single cells. This strategy, implemented on the
single-cell MS platform, involved the separate analysis of high-
and low-abundance lipid ions to maximize single-cell lipidome
coverage. Low-abundance ions were selectively accumulated in
LIT 1, utilizing mode (iii) depicted in Fig. 1b, and subjected to
multiple rounds of MS/MS. In contrast, high-abundance ions
were analyzed following a separate ion injection. Accumulation
of low-abundance ions was achieved using a stored waveform
inverse Fourier transform (SWIFT) waveform.*®** The SWIFT
waveform, a short-duration (approximately 35 ms) broadband
voltage signal (Fig. 2j), efficiently isolated ions of specific m/z
values from a complex mixture. Secular frequencies of ions to be
stored in LIT 1 were selectively excluded from the SWIFT
waveform, resulting in ‘notches’ in the frequency spectrum
(Fig. 2k). Of note, the average time required for ion isolation
using SWIFT (radial ejection) was significantly shorter (<1 ms)
than using axial ejection (MSAT) due to the considerably
smaller radial dimension of the LIT compared to its axial
length.

To implement the targeted lipidomics strategy outlined in
Fig. 2a, it was necessary to first identify the target peaks for MS/

© 2026 The Author(s). Published by the Royal Society of Chemistry


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5sc08665e

Open Access Article. Published on 22 December 2025. Downloaded on 4/6/2026 9:19:40 AM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

View Article Online

Edge Article Chemical Science
a lon injection LT L2
High-abundance ions
L - . MSAT
1st injection All lipids Low-abundance lipids MS/MS
Single cell lipid analysis
Sum molecular composition =
and C=C location L - . . MSAT
2nd injection All lipids: high-abundance lipids MS/MS

b Without interfering ions d With interfering ions f

< _—— < 104 e b --=- w/o interfering ions
3 rgetion { —e— W/ interfering ions
B d ﬂ Z 10 (low abundance) i 9
2
<= o -> <TSresirs> 510
q = 10!
100 4
= — 0 100 200 300 400 500 600 700 800 900 1000
¢ 40 2e5 10° =
240 20 _ 10t Interfering ions Z
§ | 15 G 10° ‘ (high abundance) o
o2 10 £ 102 i g e L
2101 5 4 101] wmm=—" S e
0 e 0 100 4
4 05 0 05 1 -1 -05 0 05 1 0 100 200 300 400 500 600 700 800 900 1000
xiro xrg Frequency (kHz)
100 [PC 34:1+H]", 760 h | ' 00 ;
6‘&3% threshold 50
BN
801 8 60 58 246160 58 57 57 55 54 = ®
A S = .
& 601 5 la il 27feature w! 27 feature
= [FBPC 34:1+H]*, 881 5 40 <50 1 peaks ° - peaks
£ 401 2 o o
3 Threshold E 2 2 o!
@ 201 (3%) z =
z — 0
] - - < 0
700 750 800 850 900 950 NSRS NG (\§\° Q§\°§ feature-1 ———————> feature-54
Threshold ~
Voo k I pcars e PC40:4  gag
5 1 4001184 5001184
i With acsgn;glgtion 150 || With accumulation
: i PS 40:5
[} [} s
R SWIFT P SWIFT 3 637 708 653 838
= Time domain ar Frequency domain S 0 ot
5 : <
2001Without accumulation 2501 Without accumulation
1 o0 ; . Wy ; . 400 r . , \ 500 . , r .
0 5 10 15 20 25 30 35 O 100 200 300 400 500 200 400 600 800 1000 200 400 600 800 1000
t(ms) Frequency (kHz) iz mz

Fig. 2 Lipid structure identification at the level of sum composition and C=C location for a single MDA-MB-468 cell. (a) Workflow of single-cell
structural lipidomics at the level of sum composition and C=C location. (b—f) Simulation of ion interference. Target ions (blue, m/z 760): 100
simulated ions used to represent 1 x 10* real ions. Interfering ions (red, m/z 758): 1000 simulated ions used to represent 1 x 10° real ions. (b)
Target ions in the ion trap without interfering ions, and (c) distribution of target ions in the ion trap. (d) Target ions in the ion trap with interfering
ions, and (e) distribution of target ions in the ion trap. (f) Simulated ion intensities as a function of applied AC frequencies. The upper part
represents the simulated ion intensity of the target ions, without interfering ions (dotted line) and with interfering ions (solid line). The lower part
represents the simulated ion intensity of the interfering ions. (g—i) The threshold determination for distinguishing low-abundance ions from high-
abundance ions. (g) MS spectrum. (h) Number of identified lipid compositions for different thresholds, and (i) distribution of high- and low-
abundance ions. (j and k) Wave of stored waveform inverse Fourier transform (SWIFT) for single MDA-MB-468 cells. (j) Wave in the time domain,
and (k) wave in the frequency domain. () MS/MS spectra to determine lipid type with accumulation and without accumulation for m/z 798 and m/
z 838.

MS analysis. A typical single-cell MS1 spectrum following PB
reaction is shown in Fig. 2g. By repeatedly collecting lipid MS1
data from 10 single cells, 54 stable mass spectral features were
identified for MDA-MB-468 cells (Fig. S9). Subsequently, the
threshold for distinguishing high- and low-abundance ions was
optimized. During the optimization process, 0.5 uL of cellular
extracts in methanol/acetonitrile (1:1, v/v) was transferred to
the nanoESI capillary to test repeatability. Lipids that were
successfully identified in three replicate analyses were

© 2026 The Author(s). Published by the Royal Society of Chemistry

considered for further investigation. As illustrated in Fig. 2h,
a 3% relative intensity (Rel. Int. (%)) threshold was determined
to be the optimal threshold for distinguishing low-abundance
ions from high-abundance ions. It should be noted that the
3% relative intensity threshold for distinguishing high- and low-
abundance ions was optimized using the MDA-MB-468 cell line.
While this threshold was also applicable to the MCF-7 and BT-
474 breast cancer cells analyzed in this study, its universality
may be limited for cell types with vastly different lipid

Chem. Sci., 2026, 17, 3828-3840 | 3831
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compositions, and re-optimization would be necessary for such
applications.

In this study, we employed a relative quantification method,
which was straightforward for quantifying the relative amounts
of lipid isomers. Fig. 2i shows the distribution of high- and low-
abundance ions. For the MDA-MB-468 cell, 27 low-abundance
and 27 high-abundance lipid ions were detected. In partic-
ular, the SWIFT waveform (Fig. 2j and k) was generated
according to the identified low-abundance feature peaks. The
isolation efficiency of lipid targets using the SWIFT waveform
exceeded 85%, as demonstrated in Fig. S10.

Following the establishment of the analysis strategy,
multiple single cells were analyzed. The gas pressure curves for
analyzing high- and low-abundance ions are presented in
Fig. S11. The time for an injection was 100 ms, and an MSAT
was 50 ms. Each MS/MS analysis required 900 ms for data
acquisition. Consequently, the total analysis time for low- and
high-abundance ions was approximately 50 s. The efficacy of ion
accumulation was demonstrated by comparing MS/MS spectra
of some specific low-abundance ions with and without accu-
mulation (Fig. 2I). An improvement greater than 10-fold in the
signal-to-noise (S/N) ratios of lipids was observed. This
enhanced sensitivity enabled the identification of previously
undetectable lipids, including PC 37:3, PE 40:3, PC 40:4, and PS

View Article Online
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40:5, based on the presence of their characteristic fragment
ions.

Among the 54 feature peaks identified in MDA-MB-468 cells,
9 were PB product ions, including "’PC 32:1, *°PC 34:2, PPPC
34:1, PPPC 36:3, PPPC 36:2, PPPC 36:1, PPPC 38:4, PBPE 36:2,
and PPPE 36:1. By analyzing these PB product ions via MS/MS,
the C=C location of lipids can be determined. This is ach-
ieved through a single-cell online PB reaction process, which is
illustrated in Fig. 3a and consists of five steps, all completed
within approximately 1 minute: (1) single-cell migration to the
capillary tip; (2) application of 10 mmol L' 2-AP in acetonitrile/
H,0 (v/v, 1:1); (3) 254 nm UV irradiation for 30 s; (4) solvent
evaporation; (5) on-demand nanoESI analysis. Diagnostic ions
for C=C locations at n-10, n-9, and n-7 locations were detected
in the MS/MS spectra of "PC 32:1 and "PE 36:1 (Fig. 3b and c).
Additional MS/MS spectra of these PB product ions are pre-
sented in Fig. S13 and S14.

All MS/MS spectra of the 54 feature peaks observed in the
MDA-MB-468 cell are shown in Fig. S15. Peaks with an S/N ratio
of >3 in the MS/MS spectra were considered for subsequent
analysis. Lipid acyl-chain sum compositions and C=C loca-
tions were determined based on the characteristic fragment
ions generated during MS/MS analysis. For instance, after CID
PCs generate characteristic fragments at m/z 184, PEs exhibit
a characteristic neutral loss of 141 Da, and PSs exhibit

a Workflow of online PB derivatization for single-cell structural lipidomics
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Fig. 3 Lipid structure identification at the level of C=C location for a single MDA-MB-468 cell. (a) Workflow of online photochemical deriv-
atization. (b and c) MS/MS spectra of PB product to determine the lipid structure of (b) ["®PC 16:0_16:1 + H]* (m/z 853) and (c) ["®PE 18:0_18:1 +

HI* (m/z 867). UV lamp: 254 nm, 5W.
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a characteristic neutral loss of 185 Da. In total, 64 lipids were
identified at the molecular sum composition level (Fig. S16 and
Table S1), and 30 lipids were characterized at the C=C location
level from a single MDA-MB-468 cell (Table S2), demonstrating
the method's ability to analyze lipids with high coverage and
C=C specificity. Of note, PCs and PEs are the primary lipids
detected, and the lower detection of PS and SM species could be
attributed to several factors, including their inherently lower
ionization efficiency and the targeted analysis strategy, which
prioritized ions based on pre-defined abundance thresholds.

sn-Position and C=C/sn-position specificity of lipid analysis

To achieve the ultimate lipid structural characterization for
single-cell analysis, we implemented a strategy of combined

View Article Online
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MS?/MS* analysis of sodiated PB products for the lipidome.*!
MS? analysis of these sodiated products releases sn-specific fatty
acyls containing the 2-AP-derivatized C=C bond. Further MS*
analysis allows C=C location determination in the sn-specific
fatty acyl, avoiding ambiguities in the determination of C=C
location and sn-positions of fatty acyls for phospholipids
(Fig. 4a).

The PB-MS*/MS* method requires a minimum of three MS”
analyses to fully elucidate the complete structure of a target
phospholipid. To evaluate the performance of this strategy, we
performed MS® analysis of mixed PC 16:0/18:1(n-9) and PC
18:1(n-9)/16:0 (Fig. S17), releasing sn-specific fatty acyls con-
taining 2-AP derivatized C=C (m/z 380/396 and 466 for C18:1 at
sn-2 and sn-1, respectively). MS* analysis of these sn-specific

a PB-MS8/MS* for comprehensive phospholipid characterization
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fragments confirmed the C=C location within sn-1 and sn-2
C18:1 fatty acyl, both at the n-9 location.

Using conventional MS instrumentation, without ion accu-
mulation, a lipid precursor can only sustain one round of MS/
MS, posing a challenge for comprehensive lipid characteriza-
tion that requires multiple rounds of MS" analysis. The dual-LIT
MS platform offers the flexibility to tackle this challenge via the
MMPT mode, as shown in Fig. 1b. With the target lipid stored in
LIT 1, MMPT enables partial transfers of these stored lipid ions
to LIT 2 in a time sequence, enabling the detailed and complete
MS" analysis required for ultimate phospholipid identification,
and sn-position and C=C location isomer quantitation in
a single-cell lipidome. Operationally, derivatized lipids were
transferred from LIT 1 to LIT 2 in three batches and subjected to
one MS® and two MS* analyses (Fig. 4b).

To facilitate sodium-adduct formation, a spray solvent of
methanol/acetonitrile (1:1, v/v), added to 100 pM sodium
acetate, was used. Within LIT 1, 9 sodiated PB lipid products
were accumulated after the removal of intact lipid ions in
the low-mass range ( Fig. S18). Five of the most abundant
derivatized lipids, including "PC 32:1 (m/z 875), "°PC 34:2
(m/z 901), PPPC 34:1 (m/z 903), PBPC 36:2 (m/z 929), and "®PC
36:1 (m/z 931), were subjected to MS”" analyses (one MS® and
two MS*) via MMPT. The remaining four lipids were analyzed by
PB-MS® for the determination of sn-positions of fatty acyls.
Analysis of all these lipid products in an MDA-MB-468 cell was
completed within approximately 25 s.

MS? analysis of "PPC 34:1 (m/z 903) identified it as a mixture
of PC 16:0/18:1 (m/z 396) and PC 18:1/16:0 (m/z 466) (Fig. 4c).
The MS? spectra of the other eight lipids are shown in Fig. S19.
Subsequent MS* analyses of the sn-specific fatty acyls (m/z 396,
466) showed the C18:1 fatty acyl at the sn-1 and sn-2 positions to
be a mixture of n-9 and n-7 isomers, as evidenced by the cor-
responding pairs of diagnostic ions (highlighted in red in
Fig. 4d). Our method revealed PC 16:0/18:1 to be composed of
four distinct isomers in MDA-MB-468 cells, i.e., PC 16:0/18:1(n-
9), PC 16:0/18:1(n-7), PC 18:1(1-9)/16:0, and PC 18:1(n-7)/16:0.
These findings strongly support the method's capability for
unprecedented single-cell lipidome analysis with high struc-
tural specificity.

Multi-dimensional in-depth single-cell lipidome
characterization

The technique enables comprehensive lipid characterization at
the single-cell level, encompassing lipid sum compositions,
C=C locations, sn-positions of fatty acyls, and C=C/sn-posi-
tions. Three rounds of sampling from a single cell were required
for this comprehensive analysis. The first two rounds of
sampling focused on determining lipid sum compositions and
C=C locations. The third round of sampling was dedicated to
identifying the sn-position and C=C/sn-position. From a single
MDA-MB-468 cell, we successfully identified 64 molecular lipids
(35 PCs, 20 PEs, 8 PSs, and 1 SM), 30 lipid C=C location
isomers, and 23 lipid sn-position isomers (Table S3). Further-
more, 20 distinct lipids were characterized at C=C/sn-position
levels (Table S4).
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Excluding duplicated lipids, a total of 55 lipids were identi-
fied at the lipid sum composition level, with 16 identified at the
C=C location level, 10 lipids identified at the sn-position level,
and 24 identified at the combined C=C/sn-position level. In
particular, a total of 8 isomers were identified for PC 34:2,
including two isomers at the sn-position level (PC 16:0/18:2 (n-6,
9), and PC 18:2 (n-6, 9)/16:0) and six isomers at the C=C/sn-
position level (PC 16:1/18:1(n-7), PC 16:1/18:1(n-9), PC 18:1(n-7)/
16:1, and PC 18:1(1n-9)/16:1, PC 16:1/18:1(n-10), and PC 18:1(n-
10)/16:1). These findings demonstrate the remarkable depth
of lipid structural information that can be obtained from
a single cell using our developed method.

This single-cell lipidomics method was successfully applied
to MCF-7 and BT-474 cell lines, and the identification results are
summarized in Tables S5-10. A total of 60 molecular lipid
species, 28 lipid C=C location isomers, 21 lipid sn-position
isomers, and 20 lipid C=C/sn-position isomers were detected
for MCF-7 cells. For BT-474 cells, a total of 56 molecular lipid
species, 23 lipid C=C location isomers, 18 lipid sn-position
isomers, and 20 lipid C=C/sn-position isomers were detected
(Fig. S20). Distinct lipid profiles were acquired and can be used
for the accurate grouping of MDA-MB-468, MCF-7, and BT-474
cells. Of note, the number of different lipids with structural
specificity identified from a human breast cancer cell is higher
than that which can be obtained with existing methods.?” >4

The quantification of lipid isomers in this study is based on
the relative intensities of their diagnostic ions. This approach
assumes that the ionization efficiencies of isomers derived from
the same parent ion are comparable, and that diagnostic ions
for different isomers are generated with similar fragmentation
efficiencies. While these assumptions are necessary for relative
quantification at the single-cell level, we acknowledge that they
could be influenced by factors such as differential fragmenta-
tion or ion trap residence times. However, the high structural
similarity of isomers, particularly for C=C location isomers,
suggests that these effects are likely minor. The consistency of
our isomer ratio data with that in the existing literature further
supports the validity of this quantitative approach.

In an ideal scenario, quantification could be achieved by
spiking a known amount of an internal standard into a single
cell. However, due to the extremely small volume of a single cell
(<pL), it remains technically challenging to accurately introduce
such a minute quantity. For the derivatization step, reproduc-
ibility at the single-cell level is achievable because the reaction
is relatively stable. Quantification was achieved by normalizing
lipid signals to either mutual internal standards (for C=C
isomers with similar efficiencies) or a single intense benchmark
peak (e.g., m/z 760 for PC 34:1). Therefore, to ensure robust
reproducibility, several strategies can be employed: applying
internal calibration standards for signal correction; developing
optimized normalization protocols, such as those utilizing
stable isotope-labeled or endogenous housekeeping lipids, to
correct for cell-to-cell heterogeneity; and integrating real-time
monitoring systems for immediate quality assurance.

In addition to comprehensive single-cell lipidome analysis
including lipid isomers, we next aimed to evaluate the perfor-
mance of our method with respect to quantitative analysis of
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lipid isomers (C=C location, sn-position). Fig. 5a shows the
distribution of C=C location isomers (n-7, n-9, and n-10) for
phospholipids containing a C18:1 and C16:1 fatty acyl. Notably,
the proportion of C18:1 (n-7) is greater than 80% (calculated
using identities of diagnostic ions) in PC 16:1_18:1. By
comparison, in PC 16:0_18:1, the relative amount of C18:1 (n-7)
was only approximately 50%. Due to the high structure-
resolving power of our method, we can even acquire the
isomer composition of C16:1 or C18:1 in an sn-specific
approach. The different sn-position of C16:1 or C18:1 fatty acyl
does not seem to affect its C=C isomer compositions (Fig. 5b).
A significant advantage of isomer analysis is its low coefficient
of variation (CV). This may stem from the similar ionization and
fragmentation efficiencies of the isomers and the fact that
fluctuations in these efficiencies between individual cells are
cancelled out through ratio calculation. This implies that more
reproducible quantitative data for single-cell analysis can be
obtained via ratio-based normalization, thereby achieving
better quality control and laying a solid foundation for subse-
quent applied research.

Fig. 5c illustrates the sn-position isomer composition of
representative phospholipids with fatty acyls identified. For
example, PC 34:2 is a mixture of two pairs of sn-isomers: PC
16:1/18:1, PC 18:1/16:1, PC 16:0/18:2, and PC 18:2/16:0. These
results are consistent with existing studies and confirm the
robustness of the method for qualitative and quantitative
analysis at the single-cell lipidome level.**
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Distinguishing DOX-resistant and DOX-sensitive CML K562
cells

DOX is a widely utilized, broad-spectrum anti-tumor agent in
leukemia therapy. Despite initial treatment efficacy, some
patients can develop acquired DOX resistance. Accurate differ-
entiation between DOX-resistant and -sensitive K562 cells in
heterogeneous populations is crucial. Although there is suffi-
cient evidence that DOX resistance is closely related to
membrane proteins,*** insufficient research has been con-
ducted on the cellular lipidome.** In this section, we aim to
differentiate DOX-resistant and DOX-sensitive CML K562 cells
by analyzing their lipidomes at the single-cell level. DOX-
resistant K562 cells were developed through prolonged expo-
sure to 1 ug mL~ " DOX over 20 passages, while wild-type K562
cells, which were DOX-sensitive, served as controls.

A targeted lipidomics analysis focused on 24 high-
abundance and 20 low-abundance lipids. A total of 30 PCs, 14
PEs, and 8 PSs were detected at the sum composition level
(Table S11), along with 30 C=C location isomers and 23 sn-
position isomers (Tables S12 and S13). The lipid C=C location
and sn-position isomers were expressed as isomer ratios to
improve data robustness and quantitative accuracy (Table
S14).** The resulting dataset, i.e., a total of 96 dimensions
including 51 lipid sum compositions (excluding PC 34:1), 22
C=C locations, 13 sn-positions, and 10 C=C/sn-positions, was
used for comparative analysis.

The ¢-distributed stochastic neighbor embedding (¢-SNE)
algorithm and k-means method were employed to cluster DOX-

C sn-isomer and fatty acyl isomer compositions
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In-depth lipid profiling of single MDA-MB-468 cells (N = 10) using photochemical lipid derivatization and a dual-LIT mass spectrometer.

(a) Isomeric composition of C18:1- or C16:1-containing phospholipids: n-7, n-9 and n-10. (b) Composition of C=C isomers from specific sn-
positions (C=C/sn-positions) via PB-MS? analysis-derivatized PCs from single MDA-MB-467 cells. The relative amount was calculated by the
intensity of the C=C-specific diagnostic ions for a specific isomer divided by the total intensity of those for all possible C=C isomers. (c)
Composition of phospholipid sn-position isomers for PCs and PEs. The relative amount was calculated by the intensity of the sn-position specific
diagnostic ions for a specific isomer divided by the total intensity of those for all possible sn-position isomers.
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resistant and -sensitive cells. To assess the effectiveness of
different lipid features for distinguishing cell types, clustering
analyses were conducted using various factors, including lipid
sum composition, C=C location, sn-position, and their
combinations (Fig. 6a and $22). Lipid composition alone failed
to accurately discriminate the two cell types, with approximately
50% overlap between the two clusters. By comparison, it was
found that the C=C location is a highly discriminating feature,
highlighting the importance of single-cell structural lipidomics
in biological applications. With multiple lipidomic features
available, it can be expected that their combination could
further improve the accuracy of cell classification.

Cluster 1 was tentatively identified as DOX-resistant cells,
with Cluster 2 identified as DOX-sensitive cells. Across all
analyses shown in Fig. 5a, three cells are consistently mis-
classified (Fig. 5a and S22a-c). Specifically, cell #8(C1), a DOX-
resistant cell, was incorrectly classified as DOX-sensitive, and
cells #33(C2) and #38(C3), both DOX-sensitive, were mis-
classified as DOX-resistant. This resulted in an overall classifi-
cation accuracy of 94.9%. The discrepancy of C2 and C3 cells
might be attributed to the presence of drug-resistant subpop-
ulations in the DOX-sensitive cells, aligning with the known
existence of a small proportion of DOX-resistant cells within the
otherwise sensitive populations.*

Lipidomic analysis of the remaining cell populations,
excluding misclassified cells, revealed significant differences in

sn-position and C=C/sn-
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lipid classes, C=C locations, sn-positions, and C=C locations
at specific sn-positions (Fig. 6b). Volcano plot analysis identified
20 lipid features that are most significant to discriminate DOX-
resistant and -sensitive cells (p < 10~°), including four molecular
lipid species, seven lipid C=C location isomers, five sn-position
isomers, and four C=C location isomers with identified fatty
acyl sn-positions ( Fig. S23 and S24). For example, the n-10/n-7
isomer ratio of PC 16:0_16:1 was reduced mainly in DOX-
resistant K562 cells (Fig. 6¢), and the PE 18:1/18:1 to PE 18:2/
18:0 ratio for PE 36:2 was also lower in DOX-resistant cells
(Fig. 6¢). Conversely, the C18:1 n-9/n-7 ratio for PC 16:1/18:1 was
much higher in DOX-resistant cells (Fig. 6c). While the biolog-
ical implications of these lipidome changes require further
investigation, this study demonstrates that our single-cell lip-
idomics method is a powerful tool for analyzing cellular lipid
heterogeneity and evaluating the drug resistance of cancer cells.

Variations in the cellular lipidome at multiple structural levels
during ferroptosis

Ferroptosis is emerging as a critical factor in cancer, offering
a potential therapeutic target for inducing cancer cell death and
insights into the mechanisms of tumor suppression and
chemoresistance.***® Ferroptosis can be triggered by inhibiting
glutathione peroxidase 4 (GPX4) with small-molecule
compounds, leading to lipid peroxidation through the accu-
mulation of reactive oxygen species.’>** While the link between
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Fig. 6 Discrimination of DOX-resistant (N = 29) and DOX-sensitive (N = 30) human chronic myelogenous leukemia K562 cells. (a) t-SNE plot of
DOX-resistant group cells and DOX-sensitive group cells by lipid composition, ratio of different C=C location isomers, ratio of sn-position
isomers and C=C/sn-position isomers, and combination (lipid composition, ratio of C=C location isomers, ratio of different sn-position
isomers, and ratio of C=C/sn-position isomers). Two cluster areas were circled by k-means clustering results with a confidence probability of
0.95. Clwas cell #8, C2 was cell #33, and C3 was cell #38. (b and c) DOX-resistant (N = 28) and DOX-sensitive (N = 28). (b) Alterations of lipids,
the ratio of C=C location isomers, the ratio of different sn-position isomers, and the ratio of C=C/sn-position isomers. (c) Comparison of the
ratio (n-10)/(n-7) of PC 16:0_16:1, PE (18:1/18:1)/(18:2/18:0) and PC 16:1/18:1(n-9/n-7) between DOX-resistant group cells and DOX-sensitive

group cells. ***: p < 0.001. P-values were determined by a two-tailed t-
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lipid peroxidation and ferroptosis is well established, the
connection between ferroptosis and lipid remodeling remains
to be explored at the structural lipidomics level, e.g., at C=C
location and sn-position levels. For this purpose, we induced
ferroptosis in multiple cancer cell lines (MDA-MB-468, MCF-7,
BT-474, and HepG2) using erastin, a highly potent ferroptosis
inducer (Fig. 7a). Lipid species identified from HepG2 are
shown in Tables S15-S17. The single-cell lipidomics data are
subjected to data conversion, previously used for the analysis of
K562 cells, for comparative analysis (Fig. 7b).

Among all four cell lines after ferroptosis induction, HepG2
cells exhibited the most pronounced ferroptotic response, as
evidenced by the significant alterations in single-cell lipidome
profiles. -SNE classification of the single-cell lipid data for the
HepG2 cell population revealed distinct clustering patterns
before and after ferroptosis (Fig. 7c). By contrast, BT-474 and
MCF-7 cells were relatively insensitive to ferroptosis (Fig. 7c and
S26). MDA-MB-468 cells were sensitive to ferroptosis, but the
two cell clusters overlapped (Fig. 7c). These findings aligned
with those of previous studies (Fig. S25).°> Hierarchical clus-
tering of MDA-MB-468, performed without a pre-set number of
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classes, identified three cell groups: control, ferroptosis, and
a transition group in the overlapped regions (Fig. S27). The
transition group included nine cells from the ferroptosis group
and six from the control group. Re-clustering confirmed the
transition group to be intermediate between the control and
ferroptosis groups (Fig. 528).

Upon further re-hierarchical clustering (Fig. 7d), it was
observed that PE 38:4 levels were significantly lower in the fer-
roptosis group compared to the control, but similar to those in
the transition group (Fig. 7e). This is consistent with the fact
that PE 38:4 (i.e., PE 18:0_20:4) is depleted by lipid peroxidation
during ferroptosis.” The significantly higher ratio of PC (18:1/
18:3)/(16:0/20:4) in the ferroptosis group is also consistent
with C20:4 depletion (Fig. 7f). We also noted lipid changes at the
C==C level. For instance, in PE 18:1_18:1, the n-10/n-7 ratio was
higher in the ferroptosis and transition groups than in the
control group, possibly suggesting a relatively higher activity of
fatty acid desaturase 2 (FADS2) (Fig. 7g). Elevated levels of C18:1
n-9/n-7 ratios were also observed in multiple lipid species,
suggesting an altered interplay between stearoyl-CoA desaturase
1 (SCD1) and B oxidation.”***
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Fig. 7 Results of ferroptosis induction in single cells, including HepG2, MDA-MB-468, and BT-474. Control group (DMSO), ferroptosis-induced
group (10 pmol erastin, 24 h). (a) Schematic diagram of the cell culture process. (b) The number of features quantified at different levels for
different cell lines. (c) t-SNE plot using MS/MS analysis results, including lipid sum composition, the ratio of C=C location isomers, the ratio of
different sn-position isomers, and the ratio of C=C/sn-position isomers. Ferroptosis-induced group cells (N = 30) and control group cells (N =
30) of HepG2, MDA-MB-468 and BT-474. Two cluster areas were circled by k-means clustering results with a confidence probability of 0.95. (d—
g) MDA-MB-468. (d) Hierarchical cluster analysis of ferroptosis-induced group cells, cells in the transition state, and control group cells. The top
25 features ranked by —log(p) values were used for the cluster. (e—g) Comparison among ferroptosis-induced group cells, cells in the transition
state, and control group cells of (e) the relative intensity of PE 38:4 (normalized to intensity of PC 34:1), (f) the ratio of PC (18:1/20:3)/(18:0/20:4),
and (g) the ratio of PE 18:1_18:1(n-10/n-7). *: p < 0.01; **: p < 0.005; ***: p < 0.001. P-values were determined by a two-tailed t-test. Error bars

represent SDs.

© 2026 The Author(s). Published by the Royal Society of Chemistry

Chem. Sci., 2026, 17, 3828-3840 | 3837


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5sc08665e

Open Access Article. Published on 22 December 2025. Downloaded on 4/6/2026 9:19:40 AM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

Chemical Science

The transition group cells, which accounted for 25% of the
total cell population, might represent a state of ferroptosis
resistance. This ratio was consistent with those reported in
previous studies on ferroptosis sensitivity in various cell pop-
ulations.”® The distinct ‘Transition’ state may represent the
asynchronous onset of ferroptosis, where cells initiate lipid
peroxidation at different times. This is reflected in the hetero-
geneous lipidome profile (Fig. 7d-g), a mixture of cells depleting
susceptible lipids (such as PE 38:4) alongside those that have
not. Furthermore, this state could involve alternative lipid
remodeling pathways. This transitional population, resisting
full ferroptotic commitment, is analogous to partial drug
resistance, linking our findings to broader cellular stress
responses.

Conclusion

Lipidomics analyses of bulk samples have achieved significant
developments, identifying over 1000 lipid species at the level of
sum compositions, C=C location, and sn-position.**>**
However, single-cell lipidomics faces unique challenges.
Limited sample content from single mammalian cells restricts
the number of feasible MS/MS analyses, and low ion utilization
poses significant obstacles to comprehensive lipid structural
characterization and accurate quantitative analysis. To address
these limitations, we developed a high-coverage single-cell
structural lipidomics method utilizing dual-LIT MS coupled
with single-cell electrospray technology and online photo-
chemical derivatization. The dual-LIT MS system, with its effi-
cient ion storage capabilities, maximizes ion utilization and
offers versatile MS" capabilities crucial for comprehensive lipid
structure characterization.

Overall, this method represents a significant advancement
and innovation in several aspects. (1) Enhanced ion utilization
and MS” capabilities: the current study focuses on significantly
improving ion utilization efficiency and expanding the capa-
bilities of MS" analysis. We optimized the dual-LIT MS system,
particularly the vacuum regulation system, to achieve efficient
ion storage for over 30 s with minimal ion loss. This enhance-
ment allows for multiple rounds of MS” analysis (n = 2-4) for
each lipid species, enabling comprehensive structural charac-
terization at different levels. We also implemented a PB-MS®/
MS* analysis strategy for comprehensive phospholipid charac-
terization. This approach enables the determination of sn-
specific fatty acyls and C=C locations within them, providing
the most in-depth analysis of phospholipids within single cells
to date. (2) Targeted lipidomics strategy for high coverage: we
developed a targeted lipidomics strategy to overcome the chal-
lenges of ion interference and maximize the coverage of lipid
species within single cells. This strategy involves the separate
analysis of high- and low-abundance lipid ions, using the
MMPT mode for low-abundance ions and separate ion injection
for high-abundance ions. This approach significantly improves
the dynamic range of detectable lipids and enables the identi-
fication of 100+ distinct lipid molecules from a single cell. (3)
Application to cell drug resistance and ferroptosis: we success-
fully applied the developed method to distinguish between

3838 | Chem. Sci,, 2026, 17, 3828-3840
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DOX-resistant and DOX-sensitive K562 cells with high accuracy
and to investigate ferroptosis in multiple cancer cell lines.
These applications demonstrate the significant potential of this
novel single-cell structural lipidomics method for advancing
research on cell drug resistance and programmed cell death. In
summary, we anticipate that this technology will have broad
prospects for advancing deep single-cell lipidomic analysis and
its applications.
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