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Mass spectrometry-based metabolomics and lipidomics are central analytical tools for characterizing cel-
lular chemical composition. However, most workflows still rely on the simplifying assumption of homo-
geneous intracellular pools, which is increasingly inadequate for spatially organized eukaryotic systems.
Metabolites and lipids are distributed across subcellular compartments that differ in chemical environ-
ment, turnover, and accessibility, thereby affecting both measurement and interpretation. Recent
advances in subcellular and spatial metabolomics have highlighted both the potential and the limitations
of organelle-resolved analysis, particularly in terms of extraction chemistry, quantification, and data
interpretation. In this review, we critically examine organelle-resolved metabolomics and lipidomics from
a mass spectrometry—centric perspective, treating subcellular compartmentalization as an analytical vari-
able rather than solely a biological feature. By comparing metabolomics and lipidomics studies on subcel-
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lular compartments, we evaluate fractionation-based, affinity-based, and spatial MS strategies, and we
highlight current capabilities, common artefacts, and future opportunities, including the integration of
stable isotope tracing and emerging single-organelle approaches such as Nanoscale Secondary lon Mass
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1. Introduction

Mass spectrometry (MS)-based metabolomics and lipidomics
have established themselves as powerful analytical platforms
in translational and preclinical research. These techniques
enable the simultaneous profiling of thousands of small-mole-
cule metabolites and lipids in complex biological matrices,
including biofluids (plasma, urine), tissues, cells, and mini-
mally invasive samples such as dried blood spots (DBS).'™®
Liquid chromatography and gas chromatography coupled to
MS (LC-MS and GC-MS, respectively) platforms provide high
sensitivity and coverage, enabling the detection of slight meta-
bolic perturbations at early, often pre-symptomatic, stages of
disease while facilitating biomarker discovery. By profiling
downstream cellular products, these approaches bridge geno-
mics, proteomics, and phenotype, revealing real-time meta-
bolic remodeling in conditions such as cancer, cardiovascular
diseases, diabetes, and neurodegeneration.”**

By identifying dysregulated pathways, metabolomics has
also become central to precision and personalized medicine,
supporting early detection, patient stratification based on indi-
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Spectrometry (NanoSIMS) and Direct Organelle Mass Spectrometry (DOMS).

vidual metabolic phenotypes, treatment response monitoring,
and accelerated drug development. However, a fundamental
limitation remains largely overlooked. Most workflows treat
the intracellular space as a homogeneous, well-mixed system.
As a result, classical bulk extraction collapses chemically dis-
tinct intracellular pools into a single composite signal,
masking compartment-specific biology.

However, in eukaryotic cells metabolism and lipid biology
are intrinsically compartmentalized: organelles operate as
specialized biochemical hubs with distinct enzymatic activi-
ties, chemical environments (pH, redox state, enzyme density),
and transport mechanisms, which are essential for cellular
homeostasis."* For example, processes such as mitochondrial
oxidative phosphorylation and lysosomal degradation exem-
plify this spatial organization," leading to spatially segregated
pools of the same molecular species across compartments.

Lipids, in particular, serve as the structural backbone of
this compartmentalization, with their composition and distri-
bution defining organelle identity and function.'® As a result,
whole-cell metabolomics yields averaged signals that can
obscure localized biochemical alterations, despite its value for
broad molecular coverage and biomarker discovery.

In pathological conditions, opposing changes in different
compartments may cancel each other out at the bulk level,
leading to underestimation or misinterpretation of disease-
related processes. Therefore, understanding disease requires
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not only quantitative information but also spatial context, par-
ticularly in metabolic and neurodegenerative disorders, where
the sequestration of metabolites within specific organelles like
mitochondria or lysosomes often defines the pathological
state,'”'®

To provide a first-order view of how unevenly subcellular
information is currently represented in reference databases,
we interrogated the Human Metabolome Database (HMDB,
version 5.0, released 2022, accessed April 2026),"® which cur-
rently includes 119 481 annotated metabolites. These entries
include detected and quantified, detected but not quantified,
and expected but not yet experimentally confirmed metab-
olites. Among these, only a limited subset (n = 8209; ~6.9%) is
associated with expert-curated subcellular localization infor-
mation, highlighting a substantial knowledge gap in spatial
metabolomics.

Within the localized metabolome, the cytosol represents the
predominant compartment (n = 7819), consistent with its role as
the central hub of primary metabolism. This compartment is
dominated by highly abundant, soluble intermediates, including
sugars (e.g., glucose), amino acids (e.g, glutamate), and key gly-
colytic metabolites such as pyruvate and lactate. In contrast, a
markedly smaller fraction of metabolites is associated with mito-
chondria (n = 310), where the metabolome is enriched in tricar-
boxylic acid (TCA) cycle intermediates (e.g, citrate, succinate)
and redox cofactors (e.g., NADH), reflecting the specialized role
of this organelle in energy metabolism. The nuclear metabolome
(n = 80) is even more restricted and is enriched in metabolites
involved in regulatory processes, such as nucleotides (e.g., CMP,
dUMP) and methyl donors (e.g., S-adenosylmethionine), which
are essential for epigenetic modifications and transcriptional
control (Fig. 1 and SI Table S1).

This imbalance likely reflects both biological factors
and annotation bias: abundant, central metabolites and
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well-studied pathways are more likely to be localized than
low-abundance, transient, or poorly  characterized
species. Therefore, this distribution should be interpreted
as a reflection of current knowledge representation rather
than a quantitative estimate of the true intracellular
metabolome.

The situation is even more constrained for lipids. LIPID
MAPS (accessed March 2026)***" is primarily a structure- and
classification-centered resource that provides expert-curated
lipid records, cross-references, and annotations. While it is
indispensable for lipid nomenclature, classification, and struc-
tural annotation, it is not a comprehensive molecule-by-mole-
cule database of experimentally validated subcellular localiz-
ation. It provides an extensive catalog of over 60 000 lipid struc-
tures, yet subcellular localization is available only for a limited
subset of entries. Lipid compartmentalization is inferred on
the basis of established biosynthetic pathways, membrane
composition, and repeatedly observed organelle-enrichment
patterns from the literature, rather than presented as an
exhaustive localization census derived directly from the
database.

From this perspective, some broad principles are well sup-
ported: cardiolipin is strongly associated with mitochondria,
sphingolipids are enriched in the plasma membrane and
Golgi/endolysosomalsystem, and neutral lipids such as triacyl-
glycerols and cholesteryl esters accumulate in lipid droplets.
However, these represent class-level localization trends rather
than comprehensive, molecule-specific assignments.

Despite these limitations, integration of pathway knowledge
with available localization counts allows an overview of lipid
compartmentalization. Out of 62 808 lipids annotated in LIPID
MAPS, approximately 52 889 can be assigned to at least one
subcellular compartment based on current annotations and
inferences (Fig. 2 and SI Table S2).
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Fig. 1 Overview of metabolite distribution across major subcellular compartments. The figure combines a pie chart summarizing the fraction of
metabolites with and without subcellular annotation in the Human Metabolome Database (HMDB) with a Venn diagram illustrating the overlap and
compartment-specific distribution of annotated metabolites across the cytosol, nucleus, and mitochondria. Representative metabolites and their
chemical structures associated with each organelle are also reported to highlight characteristic compartment-specific metabolic features. The pie
chart emphasizes the still limited proportion of metabolites currently assigned to defined intracellular localizations, while the Venn diagram illus-
trates the relative overlap between major subcellular compartments [SI Table S1].
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Fig. 2 Overview of lipid distribution across major subcellular compartments. The figure combines a pie chart summarizing the fraction of lipids

with and without subcellular annotation in the LIPID MAPS database with

a graphical representation illustrating the compartment-specific distri-

bution of annotated lipids across major organelles, including the endoplasmic reticulum, plasma membrane, mitochondria, lipid droplets, endo-

some/lysosome, and Golgi apparatus. Representative lipid classes and their

chemical structures associated with each compartment are also shown

to highlight characteristic organelle-specific lipid compositions. The pie chart emphasizes the still limited proportion of lipids currently assigned to

defined intracellular localizations, while the compartmental representation
organelles [SI Table S2].

Taken together, these database surveys highlight an impor-
tant analytical and knowledge gap: subcellular localization
remains  incompletely Compartmentalization
deserves greater attention in the metabolomics community,

annotated.

where it remains an underappreciated issue. It is not only a bio-
logical feature, but also a major analytical challenge that affects
every stage of the workflow, from sampling and extraction to
matrix effects, quantification, and data interpretation. This
spatial distribution is particularly evident in lipid biology, where
lipids play a structural role in defining organelle identity and
function. Unlike small polar metabolites, which are highly
soluble and can rapidly shuttle between compartments, most
lipids are membrane-anchored or confined within specific lipid
This physical

assemblies. confinement generally makes
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illustrates the heterogeneous distribution of lipid species across cellular

organelle-resolved lipidomics more robust and less prone to
leakage.

This review examines subcellular metabolomics and lipido-
mics from a mass spectrometry-centric perspective, with a
focus on the analytical consequences of intracellular compart-
mentalization. Rather than treating organelle localization
solely as a biological attribute, we consider it a variable that
directly affects sampling, fractionation, extraction, ionization,
quantification, and data interpretation. We argue that the
analytical behavior of compartment-resolved metabolomics
and lipidomics differs substantially, largely because small
polar metabolites are highly dynamic and diffusible, whereas
many lipids are structurally anchored to membranes and
therefore more resistant to redistribution during isolation. By
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comparing fractionation-based, affinity-based, and spatial MS
approaches, we outline both the potential and the current
limits of organelle-resolved analysis, and discuss how inte-
gration with isotope tracing and multi-omics may improve the
interpretation of compartment-specific metabolism.

2. Compartmentalization as an
analytical variable in cellular
metabolomics and lipidomics

2.1 Bulk workflows measure composite intracellular pools

Bulk metabolomics and lipidomics analyses are built on
several key assumptions that simplify data interpretation but
are increasingly questioned in light of emerging subcellular
and spatial studies. A primary assumption is that metabolites
and lipids are homogeneously distributed, such that whole-
cell extracts reflect the true biological state.'*'™** In reality,
sequestration into organelles and membrane association gen-
erates spatially distinct pools that are averaged during bulk
extraction. A second critical assumption concerns the techni-
cal integrity of the sample: effective quenching and mainten-
ance of steady-state conditions are presumed to prevent post-
collection changes, while sample preparation is expected to
cause negligible redistribution. However, incomplete quench-
ing often allows residual activity, particularly for highly labile
compounds like nucleotides or redox-sensitive species.”*
Failure to rapidly arrest metabolism, combined with lysis and
extraction, can induce leakage, exchange, and redistribution
across compartments.

Recent evidence shows that such processes can disrupt
in vivo gradients and alter pool compositions, especially for
polar metabolites or amphiphilic lipids."> Finally, MS signals
are often interpreted as direct proxies of intracellular concen-
trations, despite the influence of extraction efficiency, ioniza-
tion bias, and matrix effects.’®

While these assumptions enabled widespread adoption of
bulk approaches, their limitations are increasingly evident in
subcellular studies. The same molecular species can exist in
chemically and kinetically distinct pools across compartments,
resulting in composite signals that obscure functional
differences.**>*?

2.2 Subcellular chemical microenvironments and dynamic
compartmentalization

Subcellular compartments do not merely serve as biological
containers; they establish distinct chemical microenviron-
ments that profoundly influence metabolite stability, reaction
kinetics, and analytical outcomes. Mitochondria maintain a
highly negative membrane potential, an alkaline matrix pH
(~7.8-8.0), and a reducing redox environment (high NADH/
NAD" and NADPH/NADP' ratios), favoring oxidative phos-
phorylation and ROS management.”> Lysosomes exhibit an
acidic pH (~4.5-5.0), oxidative redox conditions, and high
hydrolytic enzyme density, optimized for degradation.”® The
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cytosol is near-neutral (pH ~7.2), with a more balanced redox
state and lower enzyme specialization for specific pathways.>”
The endoplasmic reticulum features a more oxidizing environ-
ment for protein folding and lipid synthesis,”® peroxisomes
harbor high catalase activity and oxidative conditions for fatty
acid p-oxidation,?® and the nucleus maintains a pH close to
that of the cytosol but with unique ion and protein compo-
sitions influencing gene regulation.*®

These differences create reaction environments that directly
affect  metabolite  stability, extractability, and MS
detectability.*®3132

In addition, compartmentalization is highly dynamic.
Metabolites continuously shuttle via transporters and vesicular
trafficking, generating concentration gradients across mem-
branes. Many reactions are spatially restricted (e.g., TCA cycle
in mitochondria), making bulk measurements insensitive to
these dynamics. Quenching and extraction can further disrupt
these gradients, posing a major analytical challenge.'>**

From an analytical perspective, compartments should be
viewed not simply as biological labels, but as chemical micro-
environments that shape metabolite stability, extractability,
and MS detectability.

2.3 Origins of compartment-specific pools

Compartment-specific metabolite and lipid pools arise from
several interconnected mechanisms that generate analytically
distinct subpopulations, even for chemically identical mole-
cular species.>® First, physical separation and selective trans-
port are foundational: organelle membranes function as semi-
permeable barriers where specific transporters—such as the
SLC family for polar metabolites and ABC transporters for
lipids—tightly regulate entry and exit.'>** This active gating
creates steep concentration gradients and asymmetric distri-
butions that are essential for cellular homeostasis, yet these
gradients rapidly collapse during the cell lysis typical of bulk
extraction workflows.

Second, membrane association and phase partitioning
drive molecular enrichment based on physico-chemical pro-
perties such as hydrophobicity, surface charge, and lipid
packing. This is particularly evident in hepatic lipid trafficking,
where physical membrane-contact sites between lipid droplets
and organelles enable the targeted partitioning of fatty acids,
preventing their unregulated dispersion into the cytosol.*>*”

Finally, local enzyme enrichment and metabolic channeling
add a layer of kinetic complexity. Enzymes often assemble into
multi-enzyme complexes (metabolons) or anchor at membrane
interfaces to funnel substrates directly from one active site to
the next.*® This ‘kinetic isolation’ produces metabolite pools
with unique turnover rates and flux dynamics that do not equi-
librate with the rest of the cell.

Together, these mechanisms generate chemically and kine-
tically distinct pools that collapse into composite signals upon
bulk extraction, obscuring spatial information.*® This loss of
spatial and kinetic context represents one of the central
analytical limitations of bulk MS-based metabolomics and
lipidomics.

This journal is © The Royal Society of Chemistry 2026
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3. Experimental strategies for
organelle-resolved metabolomics and
lipidomics

Because compartment-specific pools are chemically fragile and
often operationally inaccessible, any isolation strategy inevita-
bly involves a trade-off between spatial specificity and mole-
cular preservation. Current strategies broadly fall into two cat-
egories: fractionation-based methods, which physically separ-
ate organelles before MS analysis, and in situ spatial methods,
which aim to preserve the native cellular architecture. Each
approach presents distinct advantages and limitations in
spatial resolution, chemical coverage, throughput, and quanti-
tative reliability.

3.1 Fractionation for organelles isolation methods

Every fractionation workflow begins with organelle release,
consisting of the controlled disruption of the plasma mem-
brane to obtain intact organelles. Typical approaches include
mechanical homogenization using a Dounce or Potter-
Elvehjem homogenizer, brief sonication, osmotic shock, or
mild detergent-based permeabilization. The choice of method
is critical: insufficient disruption reduces yield, whereas exces-
sive force induces leakage and degradation of labile metab-
olites and lipids.*>*! The selection of an appropriate lysis
buffer is a critical step in organelle isolation, as its compo-
sition governs both the efficiency of homogenization and the
integrity of the recovered structures. Buffer components must
be carefully optimized to preserve organelle stability while
enabling effective cell disruption. An unsuitable formulation
can compromise purification by promoting organelle damage
or contamination, whereas a well-designed buffer ensures
compatibility with downstream analytical techniques."®

Once organelles are released, they can be enriched by a
range of separation techniques (Table 1).

Differential centrifugation separates organelles based on
their size and sedimentation coefficient through the appli-
cation of gradual increases in centrifugal force. Larger and
denser structures, such as nuclei and mitochondria, sediment
at lower speeds, whereas smaller vesicles require higher cen-
trifugal forces. This approach is simple, rapid, and widely
accessible, making it a common first-step enrichment strategy.
However, it provides limited purity and is prone to cross-con-
tamination, due to co-sedimentation of organelles with similar
size and density, leading to composite signals and potential
metabolite leakage during processing.***?

In contrast, density-gradient centrifugation exploits differ-
ences in buoyant density. The homogenate is layered onto a
continuous or discontinuous gradient, usually made of
sucrose, Percoll or iodixanol, and centrifuged until each orga-
nelle reaches its isopycnic point. This results in the formation
of distinct bands, allowing improved resolution between mito-
chondria, lysosomes, peroxisomes and endoplasmic reticulum
fragments. Compared to differential centrifugation, it provides
higher resolution and improved enrichment of major orga-
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nelles. Nevertheless, the technique is more time-consuming
and can induce osmotic stress from the gradient media, pro-
moting leakage of polar metabolites, redistribution along the
gradient, and ion suppression in downstream MS analysis.**>*®

The optimization of a fractionation workflow requires
careful consideration of the available biological material and
the sensitivity of the analytical techniques employed. These
parameters play a central role in experimental design, as they
directly influence the reliability and interpretability of the
results. This is particularly relevant in metabolomics and lipi-
domics, where analyte levels are highly dynamic and suscep-
tible to rapid fluctuations, necessitating stringent control of
experimental conditions.**

Free-flow electrophoresis offers a complementary separation
strategy by exploiting differences in surface charge and electro-
phoretic mobility. Organelles are separated within a laminar
buffer flow under an applied electric field, making this tech-
nique relatively gentle and better suited for preserving mem-
brane integrity compared to centrifugation-based methods.
However, it has low throughput, requires specialized equip-
ment, and separation is based on surface charge, which may
not reflect true organelle identity and can introduce bias

toward more stable or highly charged membrane
structures.*>*>
Differential filtration uses membranes with precisely

defined pore sizes to mechanically separate organelles accord-
ing to their physical diameter. This method is rapid and does
not require density media. However, resolution is limited,
membranes are prone to clogging, and mechanical shear can
rupture fragile organelles, leading to loss of small or deform-
able organelles and release of soluble metabolites.*>*®

Affinity purification utilizes highly specific antibody-
antigen or ligand-receptor interactions. Organelles expressing
specific surface markers are captured on magnetic supports or
columns, enabling selective isolation. This approach offers
high specificity when suitable markers are available. However,
it depends on antibody quality, can suffer from non-specific
binding, and inherently isolates only marker-positive subpopu-
lations, introducing representation bias and potentially alter-
ing organelle surface composition.*>*

Fluorescence-activated organelle sorting (FAOS) extends
principles similar to fluorescence-activated cell sorting to sub-
cellular level. Organelles are labeled with specific fluorescent
dyes or genetically encoded fluorescent proteins and sub-
sequently high-speed sorted. This approach enables high-
purity isolation and can reach single-organelle resolution.
However, it requires prior labeling, involves instrument com-
plexity and potential phototoxicity, and only tagged organelles
are recovered, introducing labeling bias and potential pertur-
bation of native composition.*”

Magnetic nanoparticle-based isolation relies on magnetic
nanoparticles conjugated to organelle-specific antibodies.
After incubation, the labeled organelles are rapidly separated
by applying an external magnetic field. This method is rapid,
scalable, and compatible with downstream MS workflows.
However, it requires accessible surface markers, can cause
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Table 1 Overview of subcellular fractionation methods, highlighting their main advantages and associated analytical artefacts

Subcellular fractionation methods

Method
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Disadvantages/analytical artefacts
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- Simple and rapid
- Widely accessible

- Scalable

- Improved resolution between major
organelles

- Better enrichment than differential
centrifugation

- Gentle separation
- Preserves membrane integrity better
than centrifugation

- Fast and simple
- No density media required

- High specificity for target organelles
- Selective enrichment

- High purity
- Ability to isolate subpopulations
- Single-organelle level resolution

- Very fast
- Scalable
- Compatible with downstream MS

- Combines multiple separation
principles
- Potential for fine resolution

- Low purity and high cross-contamination

- Co-sedimentation of organelles with similar
size/density

- Artificial mixing of compartments leading to
composite signals

- Metabolite leakage during prolonged
processing

- Time-consuming
- Osmotic stress from gradient media

- Leakage of polar metabolites across
membranes

- Redistribution of small molecules along the
gradient

- Low throughput

- Requires specialized equipment

- Separation based on surface charge may not
reflect true biological identity

- Bias toward stable membrane-bound
structures

- Limited resolution

- Risk of clogging

- Mechanical stress causing membrane rupture
- Loss of small or deformable organelles

- Dependent on antibody quality

- Non-specific binding

- Selective isolation of subpopulations (biased
representation)

- Potential alteration of organelle surface and
composition

- Requires labeling

- Phototoxicity and instrument complexity

- Label-dependent bias (only tagged organelles
detected)

- Alteration of native composition due to
fluorescent tagging

- Requires surface markers

- Possible membrane damage

- Non-uniform labeling efficiency

- Physical perturbation of membranes and
associated metabolites/lipids

- Risk of non-specific adsorption

- Variable recovery

- Loss of metabolites due to interaction with
stationary phase

- Distortion of quantitative profiles through
differential retention

This journal is © The Royal Society of Chemistry 2026



Analyst

membrane damage, and variable labeling efficiency may lead
to incomplete or uneven recovery, affecting quantitative
reliability.*>*®

Finally, chromatographic solid-phase separation sorts orga-
nelles based on their differential interaction with stationary
phase, as in size-exclusion, ion-exchange or hydrophobic inter-
action chromatography. By combining multiple separation
principles, it can achieve high resolution under optimized con-
ditions. However, there is a risk of non-specific adsorption,
variable recovery, and distortion of quantitative profiles due to
differential retention and interaction with the stationary
phase.*>*°

As summarized in Table 1, fractionation-based approaches
remain widely used despite their well-known methodological
limitations. These workflows inherently introduce analytical
artefacts, including metabolite leakage, lipid exchange,
residual enzymatic activity, and ion suppression from buffer
components. These effects complicate quantitative interpret-
ation and highlight the need for rigorous controls, including
organelle marker proteins, internal standards, and comp-
lementary validation strategies such as imaging-based
approaches.*®

A critical step in fractionation workflows is the characteriz-
ation of the obtained fractions. Because most isolation strat-
egies yield enriched rather than pure organelle populations,
validation of enrichment and cross-contamination is essential.
This is typically addressed through orthogonal approaches
such as Western Blot (WB), enzymatic assays, or targeted pro-
teomics on organelle marker proteins.’>*® While these
approaches have limitations, they provide a widely accepted
framework for assessing fraction quality. Integration with
quantitative proteomics and imaging further improves evalu-
ation of fraction integrity.>>>® In this context, subcellular MS
data should be interpreted as relative enrichments within
characterized fractions rather than absolute compartment-
specific concentrations.

While fractionation enables physical access to subcellular
compartments, it also introduces multiple sources of analyti-
cal bias. These limitations become particularly evident during
downstream MS analysis of the isolated fractions, as discussed
below.

3.2 Analysis of subcellular fractions by MS-based
metabolomics and lipidomics

Once the enriched organelle fractions are obtained, analysis
typically proceeds through solvent extraction followed by mass
spectrometry analysis. Polar metabolites are typically extracted
using cold solvent systems (e.g., methanol/water mixtures),
often combined with chemical derivatization. Dansyl labeling
is widely used to enhance sensitivity and coverage in LC-MS/
MS workflows,** while for primary metabolites such as organic
acids, amino acids and sugars, gas chromatography-mass spec-
trometry (GC-MS) following methoximation and trimethyl-
silylation (TMS) derivatization remains a powerful complemen-
tary strategy.’*°

This journal is © The Royal Society of Chemistry 2026
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Conversely, lipid fractions are typically extracted using
liquid-liquid protocols based on tert-butyl ether (MTBE)/
methanol/water solutions. This approach efficiently separates
the lipid phase and reduces interference from salts and buffer
components.”® Lipid extracts are subsequently analyzed by
reversed-phase LC-MS (RP-LC-MS) for detailed acyl-chain pro-
filing, and/or by shotgun lipidomics (direct infusion) when
sample availability is limited. Importantly, lipids benefit from
greater stability due to membrane anchoring and slower turn-
over, more robust compartmental profiles compared to polar
metabolites.**>’

3.3 Spatial metabolomics: in situ imaging

To maintain native spatial organization and avoid the artefacts
associated with organelle isolation, such as metabolite
leakage, residual enzymatic activity, and redistribution of
molecules, in situ mass spectrometry imaging techniques rep-
resent particularly attractive analytical strategies (Fig. 3).

Among these, Secondary Ion Mass Spectrometry (SIMS),
and in particular nanoscale SIMS (NanoSIMS), provides the
highest spatial resolution currently achievable in MS-based
imaging. NanoSIMS employs a focused primary ion beam to
sputter the sample surface, generating secondary ions that are
subsequently analyzed. This enables high-resolution spatial
mapping of elemental and isotopic distributions at the subcel-
lular level. The lateral resolution can reach ~50-100 nm,
enabling sub-organelle analysis and direct visualization of
isotope incorporation into target lipid classes and metabolites
in stable isotope tracing experiments.’®*° In recent years,
several studies have successfully applied NanoSIMS to image
intracellular lipid trafficking, membrane dynamics, and
metabolite incorporation at subcellular resolution, demon-
strating its utility for spatially resolved metabolic
investigations.>®%%-%!

Because NanoSIMS primarily detects secondary ions gener-
ated from the sample surface, intracellular organelles generally
need to be exposed prior to analysis, either through ultrami-
crotome sectioning of the cell or by sequential sputtering/
depth-profiling  approaches when intact cells are
analysed.”®However, as NanoSIMS is primarily an elemental
and isotopic imaging technique, its ability to unambiguously
identify intact molecular species is inherently limited com-
pared with LC-MS-based approaches. Moreover, absolute
quantification remains challenging due to matrix-dependent
ion yields and the requirement for appropriate calibration
standards. As a result, NanoSIMS is most effectively applied to
probe metabolic activity through isotopic enrichment rather
than to provide comprehensive molecular profiling (Fig. 3a).
Beyond conventional NanoSIMS workflows, recent SIMS-based
platforms such as 3D OrbiSIMS have demonstrated label-free
metabolic imaging with subcellular lateral resolution and
improved mass-resolving power, further expanding the analyti-
cal potential of spatially resolved intracellular metabolomics.®

In contrast, Matrix-Assisted Laser Desorption/Ionization
Mass Spectrometry Imaging (MALDI-MSI)**"*®> and Desorption
Electrospray  Ionization Mass Spectrometry Imaging
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a. NanoSIMS

b. MALDI-MSI
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c. DOMS

Fig. 3 Representative examples of subcellular molecular imaging by mass spectrometry-based techniques. (a) NanoSIMS imaging of cholesterol
and sphingolipid distributions at nanometer spatial resolution, enabling visualization of subcellular lipid heterogeneity via isotopic labelling. (b)
Single-cell MALDI-MSI integrated with optical microscopy, allowing spatially resolved molecular profiling correlated with cellular morphology. (c)
DOMS coupled with nanomanipulation, enabling isolation and chemical analysis of individual organelles and revealing intra-cellular compositional
variability. Images reproduced/adapted from ref. 58 for NanoSIMS, from ref. 67 for MALDI-MSI, and from ref. 71 for DOMS.

(DESI-MSI)®® provide broader molecular coverage, enabling the
detection of hundreds of metabolites and lipids in a single
experiment. In MALDI-MSI, analytes are co-crystallized with an
organic matrix that facilitates laser-induced desorption and
ionization, allowing high sensitivity and broad molecular cov-
erage, particularly for lipid species. DESI-MSI, in contrast,
operates under ambient conditions by directing a charged
solvent spray onto the sample surface, enabling ionization
with minimal sample preparation, albeit generally with lower
spatial resolution and sensitivity compared to MALDI. These
techniques generally lack the subcellular resolution necessary
to distinguish individual organelles, as their lateral resolution
typically ranges from 5 to 50 pm. Consequently, while MALDI-
and DESI-MSI are powerful tools for tissue-level and cellular
spatial metabolomics and lipidomics, their ability to resolve
true organelle-specific distributions remains limited. However,
recent advances in transmission-mode geometry and laser
post-ionization strategies have started to push MALDI-MSI
towards true subcellular resolution, achieving pixel sizes
approaching 1 pm while preserving broad molecular coverage
for lipids and metabolites®” (Fig. 3b).

A complementary strategy linking physical isolation and
direct MS analysis is Direct Organelle Mass Spectrometry
(DOMS). In this approach, individual organelles are selectively
micro-aspirated under microscopic visualization and directly
analyzed by nanospray MS, bypassing the redistribution arte-
facts associated with bulk isolation.®®”° This strategy preserves
molecular information at the level of isolated organelles and
has been primarily applied to the analysis of lipid compo-
sition, particularly in lipid droplets. However, DOMS remains
technically demanding and low-throughput, and its appli-
cation to comprehensive metabolomics is still limited. In
addition, potential contamination during micro-manipulation
and the very small sample amounts complicate quantitative
analysis (Fig. 3c).

Taken together, these workflows highlight that method-
induced distortion is analyte-specificc membrane-anchored
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lipids generally exhibit greater stability than soluble, fast-turn-
over metabolites. More broadly, they illustrate a central analyti-
cal trade-off in spatial metabolomics: techniques providing the
highest spatial resolution (e.g., NanoSIMS) offer limited mole-
cular specificity, whereas approaches enabling broad mole-
cular coverage (e.g., MALDI- and DESI-MSI) operate at lower
spatial resolution.

3.4 Representative applications and methodological trade-
offs

Recent applications in subcellular metabolomics and lipido-
mics have highlighted both the transformative analytical
potential of organelle-resolved workflows and the methodo-
logical compromises that still limit their widespread
implementation. Importantly, the robustness of subcellular
measurements strongly depends not only on the analytical
platform employed, but also on the structural and biochemical
properties of the investigated organelles.

Mitochondria currently represent one of the most analyti-
cally accessible targets for subcellular metabolomics. Their
relatively large size, double-membrane architecture, and estab-
lished purification workflows enable comparatively robust
enrichment with limited cross-contamination. Recent studies
combining rapid immunocapture approaches with LC-MS ana-
lysis successfully characterized compartment-specific TCA
intermediates, acyl-carnitines, and redox metabolites while
partially minimizing post-isolation metabolic drift.>"*" These
studies demonstrated how organelle-resolved metabolomics
can uncover localized metabolic regulation that remains
obscured in bulk-cell analyses. Importantly, the main analyti-
cal advantage of these workflows is not absolute purity, but
speed: by shortening the interval between quenching and
extraction, rapid immunocapture better preserves relative
mitochondrial enrichment patterns than conventional cen-
trifugation-based protocols. At the same time, these studies
also indicate that the most reliable compartment-specific read-
outs are obtained for metabolites that are sufficiently abun-
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dant and less prone to rapid exchange, whereas adenylates
and other highly diffusible species remain particularly vulner-
able to distortion. Nevertheless, even mitochondrial workflows
remain highly sensitive to incomplete metabolic quenching
and leakage of highly diffusible metabolites such as ATP, NAD
(H), and glycolytic intermediates.

In contrast, lysosomal metabolomics remains substantially
more challenging. Lysosomes are highly dynamic and fragile
organelles characterized by acidic luminal pH and elevated
hydrolytic activity, making them particularly susceptible to
metabolite redistribution during isolation. Affinity purification
strategies such as LysoIP workflows enabled the characteriz-
ation of lysosome-specific metabolite pools and nutrient
sensing pathways.>* However, these studies also highlighted
the difficulty of preserving native metabolite concentrations
during fractionation, especially for small polar compounds
that rapidly diffuse across partially compromised membranes.
Consequently, lysosomal metabolomics currently remains
more vulnerable to preparation-induced artefacts compared
with mitochondrial enrichment workflows, further emphasiz-
ing how analytical distortions in subcellular omics are highly
organelle- and analyte-dependent. Thus, LysoIP-based work-
flows are especially powerful for identifying qualitative
pathway relationships and nutrient-sensing signatures, but are
less secure when used to infer absolute lysosomal concen-
trations of small polar metabolites. This contrast with mito-
chondrial workflows illustrates a broader analytical principle:
the success of subcellular metabolomics depends not only on
instrumental sensitivity, but also on the intrinsic physical
stability of the target organelle during isolation.

Beyond organelle-specific isolation challenges, spatially
resolved and single-organelle mass spectrometry approaches
have recently enabled direct investigation of intracellular meta-
bolic heterogeneity while partially minimizing redistribution
artefacts associated with bulk fractionation workflows.

The NanoSIMS example shown in Fig. 3a illustrates isotopic
enrichment localized within intracellular membrane-rich
regions following stable isotope tracing experiments. In the
studies summarized by Brunet and Kraft, mammalian cells
and tissue models were supplemented with isotopically
labelled metabolic precursors, such as *C- or ""N-labelled
lipids, in order to track intracellular lipid incorporation and
membrane remodeling processes at nanometer-scale lateral
resolution.”® The resulting NanoSIMS images enabled visual-
ization of localized isotope accumulation within distinct sub-
cellular regions, revealing heterogeneous lipid turnover and
intracellular trafficking patterns that would remain inaccess-
ible in bulk analyses. In particular, the image reported in
Fig. 3a highlights the capability of NanoSIMS to spatially
resolve metabolically active membrane domains and intra-
cellular lipid incorporation with exceptional spatial precision.
At the same time, these studies also emphasized important
analytical limitations associated with NanoSIMS workflows,
including relatively limited molecular specificity, demanding
sample preparation requirements, and the need for sectioning
or depth-profiling strategies to expose intracellular structures
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prior to analysis. In this context, the analytical strength of
NanoSIMS lies less in comprehensive molecular annotation
than in its ability to localize isotopically labelled metabolic
activity with unmatched spatial precision. NanoSIMS is there-
fore best viewed as a hypothesis-testing and validation tool for
intracellular flux and membrane remodelling, rather than as a
stand-alone platform for broad metabolite identification.

The MALDI-MSI example shown in Fig. 3b highlighted
recent progress toward near-subcellular lipid imaging in intact
biological samples. In particular, Potthoff et al. combined
transmission-mode MALDI-MSI with integrated optical
microscopy and advanced ion optics to investigate intracellular
lipid heterogeneity in single mammalian cells undergoing
phagocytosis as well as in tumor-infiltrating neutrophils
within tissue sections.®***®” Their workflow enabled visualiza-
tion of chemically distinct intracellular regions and revealed
heterogeneous lipid distributions associated with different cel-
lular states and microenvironments while preserving broad
molecular coverage at micrometer-scale spatial resolution.
Importantly, the study demonstrated how multimodal inte-
gration between microscopy and MSI can substantially
improve the interpretation of intracellular chemical heterogen-
eity by correlating molecular information with cellular mor-
phology and spatial organization. Nevertheless, accurate
assignment to specific organelles remains challenging because
of residual spatial overlap, ion suppression effects, and limited
three-dimensional resolution in densely packed intracellular
environments.

Additional subcellular MSI and SIMS studies further support
this trend, showing that improvements in ion optics and high-
resolution imaging platforms can reveal intracellular chemical
heterogeneity beyond conventional tissue-scale MSI, but do not
fully eliminate the trade-off between localization accuracy, confi-
dent molecular assignment, and quantitative robustness.
Accordingly, these approaches are particularly informative when
interpreted together with orthogonal workflows such as orga-
nelle enrichment, targeted MS, or stable isotope tracing.

Finally, the DOMS workflow (Fig. 3c) demonstrated direct
aspiration and nanospray ionization of individual lipid dro-
plets from differentiated 3T3-L1 murine adipocytes, enabling
characterization of single-organelle triacylglycerol (TAG) com-
position with minimal sample processing.”* Using nanomani-
pulation-coupled MALDI-DOMS, the study revealed substantial
lipid heterogeneity between individual lipid droplets that
would otherwise be masked in bulk-cell lipidomics experi-
ments. The work also demonstrated improved ionization
efficiency, longer acquisition times, and MS/MS capabilities
compared with previous NSI-DOMS approaches. However, the
study simultaneously emphasized several practical limitations
of single-organelle workflows, including low throughput, extre-
mely limited sample amounts, and the difficulty of achieving
robust quantitative standardization during micromanipula-
tion. In this sense, DOMS occupies a distinct analytical niche:
it sacrifices throughput and standardization in exchange for
maximal proximity to the native chemical content of individ-
ual organelles.
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Collectively, these representative applications demonstrate
that no current methodology simultaneously achieves high
spatial resolution, broad molecular coverage, quantitative
robustness, and high throughput. Instead, each workflow
involves distinct trade-offs between localization accuracy,
analytical depth, sample integrity, and experimental
scalability.

4. Metabolomics versus lipidomics at
the organelle level

Recent subcellular studies highlight a critical analytical aspect:
lipidomics behaves far more robustly than metabolomics
during organelle purification.”* This distinction depends pri-
marily on fundamental differences in molecular turnover and
physical properties. As the structural scaffold of organelles,
lipids are integrated into membranes, and their hydrophobic
nature and strong membrane association allow them to resist
redistribution during subcellular fractionation.'® Furthermore,
the slow turnover rates of most structural lipids, ranging from
minutes to hours, allow them to remain stable during the iso-
lation window without significant degradation.””*

In contrast, the subcellular metabolome is characterized by
high dynamic variability. Small polar metabolites, such as TCA
cycle intermediates or nucleotides, exhibit very high turnover
rates (milliseconds to seconds), making them highly suscep-
tible to post-collection enzymatic activity and metabolic shift-
ing if quenching is not instantaneous.'>** Moreover, their
high aqueous solubility leads to leakage across compromised
organelle membranes, often resulting in underestimation of
true compartmental concentrations.”*”®

From an MS perspective, lipidomics also benefits from
cleaner extraction protocols (e.g. liquid-liquid extraction)
which effectively remove salts and osmotic agents that would
otherwise cause severe ion suppression in polar metabolomics
workflows.”” As a result, lipid measurements are generally less
affected by matrix effects and signal distortion. Consequently,
while organelle-resolved metabolomics often yields a partial
and potentially biased representation of the most abundant
species, lipidomics provides a more accurate reflection of com-
partmental specificity, maintaining high spatial and molecular
resolution.”®

These analytical differences directly impact data interpret-
ation and the reliability of biological conclusions.

5. Data interpretation and analytical
limits

5.1 Data interpretation and quantitative limitations

A central challenge in organelle-resolved MS analysis is dis-
tinguishing accurate subcellular localization from technical
artifacts introduced during isolation and extraction. The detec-

tion of a metabolite or lipid within a purified fraction does not

necessarily reflect its functional compartmentalization,
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especially for highly mobile polar metabolites.'>*
Quantitative interpretation is further complicated by limited
sample amounts, variable recovery, and matrix effects, and the
fact that virtually all fractionation methods produce enriched
fraction rather than pure organelles.

5.2 Key analytical challenges and artefacts

Several recurring artifacts can compromise the reliability of
subcellular metabolomics and lipidomics data (Table 2).

Incomplete quenching represents a major concern for
labile metabolites such as nucleotides, redox cofactors (NAD'/
NADH, NADP'/NADPH) and glycolytic intermediates. Their
rapid turnover allows residual enzymatic activity that could
alter metabolite pools before the extraction procedure.”®

Similarly, leakage and unintended mixing occur when orga-
nelle membranes integrity is compromised during homogeniz-
ation or centrifugation steps, leading to the redistribution of
soluble compounds into non-native compartments and
causing underestimation of compartment-specific
concentrations.**°

Cross-contamination further complicates analysis. In fact,
co-sedimentation or incomplete separation of organelles with
similar physicochemical properties generates mixed profiles
that cannot be wunambiguously assigned to a single
compartment.*?

Moreover, differential extraction bias originates from the
unequal solubility of metabolites in isolation buffers and
extraction solvents, often resulting in selective loss or over-
recovery of certain compound classes.**

Ion suppression, typically induced by salts, sucrose, Percoll
or other gradient media carried over from density gradients,
strongly suppress ionization, particularly affecting low-abun-
dance polar analytes in LC-MS workflows.**!

As previously discussed, lipidomics is generally more
robust against these issues because structural lipids are phys-
ically anchored at membranes and exhibit slower turnover
rates, whereas small polar metabolites are highly diffusible
and with very fast turnover (milliseconds to seconds).5*?

true

5.3 Organelle purity, validation and normalization

Virtually no subcellular isolation method yields absolute
purity. Residual material from adjacent compartments or
membrane fragments is almost inevitable, even under opti-
mized conditions.">**> Consequently, subcellular MS profiles
should be interpreted as relative enrichments within well-
characterized fraction rather than absolute compartment-
specific concentrations. Fraction quality is typically assessed
by western blotting, enzymatic assay or quantitative proteo-
mics using multiple organelle makers.***® Protein correlation
profiling and complementary imaging further improve confi-
dence in the enrichment levels. Even with these controls,
minor contaminants may remain undetected, making orthog-
onal validation (e.g.,, NanoSIMS or DOMS), highly advisable
when possible.***”

Accurate comparisons between organelles or conditions
requires careful normalization. Total protein content remains

This journal is © The Royal Society of Chemistry 2026
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Table 2 Common analytical artefacts in subcellular metabolomics and lipidomics, their impact on measurements, and mitigation strategies

Analytical artefacts

Artefact

Impact on measurements

Mitigation strategies

Incomplete quenching 7°

Metabolite leakage 1580

<

5 =
A\ 7
SnF

N 2
5 >
Cross-contamination 4590

Differential extraction bias *

Organic
Solvent

Metabobte:

lon suppression 4481

Residual enzymatic activity after sampling induces rapid
alterations in labile metabolites (e.g., nucleotides, redox
cofactors, glycolytic intermediates), distorting the native
metabolic state

Loss and redistribution of soluble metabolites due to
compromised organelle membranes, leading to
underestimation of compartment-specific concentrations

Co-isolation of organelles with similar physicochemical
properties generates mixed fractions that do not represent
a single compartment

Unequal extraction efficiencies due to differences in
metabolite solubility across isolation and extraction
solvents, resulting in selective loss or under-recovery of
specific metabolite classes

Carry-over of salts and buffer components (e.g., sucrose,
mannitol) reduces ionization efficiency in MS, particularly
affecting low-abundance polar metabolites

- Rapid quenching protocols combining snap-
freezing with cold, acidified solvents

- Minimization of processing time

- Implementation of microfluidic or fast-sampling
approaches

- Gentle cell disruption

- Rapid processing

- Use of isotonic and stabilizing buffers

- Validation of compartment integrity using
imaging or marker assays

- Rigorous fraction characterization (e.g., western
blot, enzymatic assays, quantitative proteomics
with multiple markers)

- Protein correlation profiling

- Orthogonal validation strategies

- Optimization of extraction protocols for each
fraction

- Use of class-specific internal standards
- Evaluation and reporting of extraction recoveries

- Removal of interfering components through
sample clean-up (e.g., liquid-liquid extraction,
desalting)

the most practical and widely used approach, since it assumes
relatively constant protein-to-volume ratios across different
compartments.

This assumption may not be universally valid, particularly
when comparing organelles with very different membrane den-
sities or metabolic roles.”" Alternative strategies based on esti-
mated organelle volume or total cell/organelle number may
provide a closer link to absolute quantities, but they are techni-
cally more demanding and prone to propagate measurement
errors. The most transparent practice is to report results
obtained with multiple normalization methods and clearly
state which was used for each presented dataset.®®

5.4 Implications and mitigation strategies

Apparent compartmental shifts observed in subcellular data-
sets may in reality reflect technical artefacts (incomplete
quenching, leakage, cross-contamination, matrix effect) rather
than biological changes.

Conversely, real localized metabolic changes may be
masked or underestimated due to low fraction purity and inap-
propriate normalization.>®*° In pathological contexts, this risk
is particularly high where metabolic variation in different orga-

This journal is © The Royal Society of Chemistry 2026

- Use of matrix-matched calibration
- Optimization of LC-MS conditions

nelles may be covered at the bulk level or produce misleading
enrichment profiles.

To maximize reliability and mitigate these challenges
several useful strategies could be implemented. Rapid quench-
ing protocols, combining snap-freezing with acidified cold sol-
vents or integrated microfluidic approaches, should be pre-
ferred whenever possible.””®® Fraction purity should be
assessed using multiple orthogonal markers and, when feas-
ible, protein correlation validation.’®®"* Furthermore, normali-
zation should never rely on a single proxy; reporting results
obtained with different strategies (protein content, estimated
organelle volume, and cell/organelle number) greatly improves
transparency.®® In addition, the use of complementary spatial
MS techniques such as NanoSIMS or direct organelle nanos-
pray-MS can provide independent confirmation of metabolite
distributions, thereby reducing over-reliance on classical frac-
tionation methods.”®

By systematically applying these mitigation strategies and
maintaining transparent reporting of experimental limitations,
researchers can substantially increase the reliability and bio-
logical relevance of subcellular metabolomics and lipidomics
studies.
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6. Future perspective and concluding
remarks

The field of organelle-resolved metabolomics and lipidomics
is advancing rapidly, driven by the growing awareness that sub-
cellular compartmentalization must be treated as a key analyti-
cal variable rather than a secondary biological feature. While
current methods have already exposed important limitations,
they have also opened several promising directions to improve
both data quality and interpretation.

6.1 Integrating organelle-resolved metabolomics with isotope
tracing

Combining subcellular fractionation or spatial MS with stable
isotope tracing represents one of the most powerful
approaches. Unlike steady-state measurements, isotope label-
ing enables the measurement of compartment-specific meta-
bolic fluxes.”””®* For example, tracing substrates such as *C-
glucose or N-glutamine in mitochondria- or in lysosomes-
enriched fractions can uncover localized pathway activity
hidden in bulk analyses.>***

However, this approach introduces technical challenges,
including partial loss of isotopic enrichment during long iso-
lation procedures and temporal mismatches between labeling
dynamics and organelle separation.®>°® In addition, the result-
ing isotopologue patterns are often complex and difficult to
interpret without dedicated modelling frameworks. Future pro-
gress will likely depend on faster isolation workflows (e.g.,
microfluidic platforms), and improved computational models
capable of resolving complex isotopologue patterns in subcel-
lular datasets.”®"’

6.2 Multi-omics integration on the same fraction

Performing metabolomics, lipidomics and proteomics on the
same subcellular fraction offers significant advantages by
reducing inter-sample variability and enabling direct corre-
lation between metabolite/lipids and the enzymes or transpor-
ter of that compartment. In particular, protein correlation pro-
filing has emerged as a valuable tool to assess organelle
enrichment while simultaneously linking metabolic changes
to the presence of specific enzymes or transport systems.”® %
This type of workflow reduces inter-sample variability and
enables a more direct interpretation of proteome-metabolome
relationships within defined compartments.

Realizing the full potential of this strategy requires robust
protocols for parallel extraction of the different molecular
classes from the same, limited material, as well as unified
bioinformatics pipelines that can integrate multi-omics.'*"%?

6.3 Emerging single-cell and single-organelle technologies

Significant advances are expected from single-cell and single-
organelle approaches. Techniques such as fluorescence-acti-
vated organelle sorting (FAOS), DOMS, and improved high-
resolution  imaging (NanoSIMS and next-generation
MALDI-MSI).'%37106
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Although these methods currently face limitations in sensi-
tivity and throughput their combination with multiplexed
isotope tracing or with live-cell imaging, hold great promise
for studying dynamic, compartment-specific metabolism at
subcellular resolution.****%”

6.4 The role of artificial intelligence and machine learning

Artificial intelligence and machine learning are increasingly
applied to subcellular datasets for tasks such as deconvoluting
composite signals from mixed fractions, predicting subcellular
localization from bulk omics data, and optimizing normaliza-
tion strategies, %510

When carefully validated against experimental ground-truth
data (e.g., imaging or isotope tracing) these tools can help
mitigate some inherent analytical limitations. However,
without rigorous validation there is a real risk that may
reinforce rather than resolve underlying artefacts.'*"*

6.5 Concluding remarks

Organelle-resolved metabolomics and lipidomics have high-
lighted fundamental analytical constraints that are inherent to
mass spectrometry-based measurements in spatially organized
eukaryotic cells. By explicitly considering compartmentaliza-
tion as an analytical variable, and systematically addressing
issues of quenching, purity, extraction bias, and quantifi-
cation, the field can move beyond averaged bulk signal toward
a more accurate, spatially resolved understanding of cellular
metabolism. The most impactful advances will arise from com-
bining complementary approaches, including fractionation
with spatial imaging, isotope tracing, multi-omics integration,
and data-driven computational methods, while maintaining
transparent reporting of methodological
limitations.**10%107:110

This integrated approach will be essential for uncovering
compartment-specific mechanisms in complex disease, such as
cancer and neurodegeneration, and supporting more precise
mechanistically informed therapeutic strategies.***°%'**
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Abbreviations

ABC ATP-binding cassette (transporters)
Al Artificial intelligence

ATP Adenosine triphosphate

DBS Dried blood spots

DESI-MSI Desorption electrospray ionization mass spec-
trometry imaging

ER Endoplasmic reticulum

FAOS Fluorescence-activated organelle sorting

FFA Free fatty acid

GC-MS Gas chromatography-mass spectrometry

HMDB Human Metabolome Database

LC-MS Liquid chromatography-mass spectrometry

MALDI-MSI Matrix-assisted laser desorption/ionization mass
spectrometry imaging

MS Mass spectrometry

MTBE Methyl tert-butyl ether

NAD'/ Nicotinamide adenine dinucleotide (oxidized/

NADH reduced)

NADP'/ Nicotinamide adenine dinucleotide phosphate

NADPH (oxidized/reduced)

NanoSIMS  Nanoscale secondary ion mass spectrometry

ROS Reactive oxygen species

RP-LC-MS  Reversed-phase liquid chromatography-mass
spectrometry

SIMS Secondary ion mass spectrometry

SLC Solute carrier (transporters)

TCA Tricarboxylic acid (cycle)

TMS Trimethylsilylation
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Supplementary information (SI): supplementary Tables S1
and S2 are provided as an Excel file containing multiple work-
sheets. A description of each worksheet is included in a dedi-

cated README sheet. See DOI: https:/doi.org/10.1039/
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