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Single-cell metabolomics reveals cell heterogeneity and elucidates intracel-
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lular molecular mechanisms. However, general concentration measurement of
metabolites can only provide a static delineation of metabolomics, lacking the
metabolic activity information of biological pathways. Herein, we develop a
universal system for dynamic metabolomics by stable isotope tracing at the
single-cell level. This system comprises a high-throughput single-cell data
acquisition platform and an untargeted isotope tracing data processing plat-
form, providing an integrated workflow for dynamic metabolomics of single
cells. This system enables the global activity profiling and flow analysis of
interlaced metabolic networks at the single-cell level and reveals heterogeneous
metabolic activities among single cells. The significance of activity profiling is
underscored by a 2-deoxyglucose inhibition model, demonstrating delicate
metabolic alteration within single cells which cannot reflected by concentration
analysis. Significantly, the system combined with a neural network model
enables the metabolomic profiling of direct co-cultured tumor cells and mac-
rophages. This reveals intricate cell-cell interaction mechanisms within the
tumor microenvironment and firstly identifies versatile polarization subtypes of
tumor-associated macrophages based on their metabolic signatures, which is in
line with the renewed diversity atlas of macrophages from single-cell RNA-
sequencing. The developed system facilitates a comprehensive understanding

single-cell metabolomics from both static and dynamic perspectives.

Metabolomic analysis uncovers the chemical phenotype of human
subjects, and metabolic dysregulation often causes cellular malfunc-
tions and plays a pivotal role in the pathogenesis and progression of
diseases”. Measurement of concentrations of metabolites, however,
can only provide a “snapshot” of metabolic status, which represents
the converged results of multiple metabolic reactions, including the
production and consumption with various flow orientations®*. It indi-
cates that high metabolite’s concentrations not usually represent for
high reaction flux, since the accumulation of metabolites may attribute
to the decreased consumption’. Hence, the analysis of metabolic
activity is of greater significance than metabolic concentration

information in enabling us to ascertain the dynamics of metabolic
pathways and delineate the interconnected metabolic network, such
as various nutrient origins. Stable isotope tracing metabolomics is an
attractive tool for determining metabolic activity*®, during which cells
or organisms are administered with stable isotope tracers such as
[U-*C]-glucose and their transformation into labeled metabolites
through the metabolic network is subsequently tracked”®. Thus, the
activity of metabolites and pathways can be unraveled through the
labeling form and labeling extent (LE), which represents the enrich-
ment of all labeling forms of the metabolite (see “Method”). Targeted
isotope tracing metabolomics enables the observation of specific
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pathway activities to reveal underlying biological mechanisms®°.

However, this approach is constrained by a limited number of labeled
metabolites and lacks comprehensive analysis of global homeostasis.
In recent years, untargeted isotope tracing metabolomic methodolo-
gies have also emerged to facilitate comprehensive delineation of
metabolic activities across the entire system and provide opportu-
nities for the discovery of novel pathways" . Nevertheless, the intri-
cate isotope-labeled data pose significant challenges for data
processing and interpretation, necessitating the utilization of sophis-
ticated algorithms and models.

Compared with general metabolomics, single-cell metabolomics
reveals the widely existed cell heterogeneity under typical physiolo-
gical status'® as well as various cell subtypes across the organs or
tumors. In complex microenvironments, cell metabolism is influenced
by neighboring cells through cell-cell communication, which relies on
the secretion of soluble molecules”, extracellular vesicles', or the
formation of tumor microtubes'. Conventional population analysis of
co-cultured cells typically depends on indirect co-cultured systems
separated by a membrane®, while direct co-cultured methods require
inevitable labeling to isolate cells for subsequent analysis, such as
Fluorescence-activated Cell Sorting (FACS), which might induce
impact on the cellular metabolomics**. Single-cell metabolomics can
exactly solve these problems by enabling direct co-culture of different
cell types to more accurately mimic physiological conditions, and
allowing for the direct analysis of single cells without any labeling for in
vitro cell-cell interaction studies. Efforts have been made towards
single-cell-based in situ studies of cell-cell communication®*, with
ongoing work focused on developing label-free and high-throughput
single-cell metabolomics analysis methods for this purpose. Recently,
there is an emergence of isotope tracing analysis on tissues using mass
spectrometry imaging (MSI) at near single-cell resolution® 2, It reveals
the spatial organization of metabolic activity, underscoring the sig-
nificance of analyzing metabolic activity at the single-cell level. How-
ever, a limited number of identified metabolites resulting from matrix
effect, delocalization of metabolites, and challenges in single-cell
segmentation from pixels causes difficulties for single-cell hetero-
geneous analysis. Especially, it is not suitable for conducting analysis of
live single-cells, those are crucial for evaluating the metabolic activity.
Online single-cell metabolomic sampling such as organic mass
cytometry®>* and CyESP"' are recently developed technologies for
single-cell metabolomic analysis with minimal sample pretreatment
and high single-cell throughput, unveiling precisely cell typing and
metabolomic changes at different biological conditions® . Impor-
tantly, this approach enables the direct detection of hundreds of
metabolites from single cells at physiological condition®, cir-
cumventing matrix deposition and complex single-cell segmentation
in MSI. Therefore, organic mass cytometry serves as a potential tool for
single-cell metabolic activity analysis, which has not been previously
explored. Besides the methodologies for single-cell isotope tracing
analysis, the data processing method also remains challenging. The
peaks extraction methods using one cell marker in existing organic
mass cytometry analysis may cause false-positive identification and
biased peak quantification of metabolites. Meanwhile, there is an
urgent need to develop a compatible untargeted isotope tracing ana-
lysis platform for single-cell data.

In this study, we develop a universal dynamic single-cell meta-
bolomic analysis system by integrating a single-cell metabolomic
analysis platform and untargeted stable isotope tracing analysis,
enabling dynamic metabolomics of single cells in a high-throughput
and label-free way (Fig. 1). Organic mass cytometry is utilized for
single-cell data acquisition due to its high single-cell throughput. Then,
the data processing workflow for untargeted single-cell metabolomics
and targeted extraction of isotopically labeled metabolites is con-
structed. A delicate data processing by a homemade Python program
is developed for rational single-cell data extraction and automated

quantification of LE and labeling patterns of all labeled metabolites in
single cells. Subsequently, system-wide metabolic activity analysis is
achieved by the model cell line MDA-MB-231 with 40 labeled meta-
bolites. Different metabolic activities are determined, and inter-
connected pathways with various cycles and flow orientations are
observed at the single-cell level. Heterogeneous metabolic activities
within single MDA-MB-231 cells were also demonstrated using this
method. We further discover the activity alteration of glycolysis as well
as other pathways across different 2-deoxyglucose (2-DG) induced
conditions, which indicates more precisely cell typing with metabolic
activity information of single cells. Importantly, the developed system
is utilized for the study of cell-cell interaction of directly co-cultured
tumor cells and macrophages with the aid of a machine learning model
for online cell type identification, revealing significant metabolic
alteration of these two cell types in both concentration and activity.
The versatile subtyping of tumor-associated macrophages (TAM)
reveals cell heterogeneity featured with differential metabolic altera-
tions in the tumor microenvironment (TME). In summary, our dynamic
single-cell metabolomics system enables determination of metabolic
activities and delineation of crosslinked metabolic networks, thus
provides deeper single-cell metabolomic analysis which holds great
potential for further exploration in cell heterogeneity and cell-cell
communication.

Results

Construction of dynamic single-cell metabolomics system

In order to achieve the high-throughput dynamic metabolomic ana-
lysis of single cells, a single-cell metabolomics platform was con-
structed through combining the idea of organic mass cytometry with
isotope tracing. In this work, a high-throughput organic mass cyto-
metry device was constructed through coupling CyESI-MS to Dean
flow-based single-cell dispersion®” (Supplementary Fig. 1a, b). The
chromatography of single cell pulse was demonstrated in Supple-
mentary Fig. 1c, and fine subtyping of 3 cell lines including MCFI10A,
MCF-7 and MDA-MB-231 were demonstrated to verify its capability for
discrimination between normal epithelial cells and cancer cells, as well
as subtyping of different breast cancer cells (Supplementary Fig. 1d).
Internal standard (IS) of 2-Chloro-L-phenylalanin was added to the
sheath liquid during data acquisition, and high stability of the device
was validated from the low relative standard deviation (RSD) of IS
intensity (7.8%), while high RSD was observed in the relative intensity
of endogenous metabolites in single cells (Supplementary Fig. 2a),
confirming the cell heterogenous detected by the device. Robustness
of the device was also confirmed by 3 replicate acquisitions (Supple-
mentary Fig. 2b). Stable isotope tracing was introduced to this plat-
form to achieve a high-throughput dynamic metabolomic data
acquisition. Subsequently, in order to achieve a global dynamic pro-
filing of single cells, the single-cell compatible analysis workflow of
isotope tracing analysis was generated according to recently devel-
oped MetTracer technology, which was built for global isotope tracing
of bulk system®® (Fig. 2a). Firstly, both labeled and unlabeled samples
were analyzed by organic mass cytometry. Untargeted metabolomics
were conducted for unlabeled single cells, wherein metabolite anno-
tation was achieved through matching the accurate mass with the
standards in Human Metabolome Database (HMDB) as well as the local
database constructed from LC-MS/MS from population cells and
online single-cell MS/MS analysis®® (see “Methods”, Supplementary
Fig. 3 and Supplementary Data 1). Subsequently, the corresponding
isotopologue peaks library of the annotated metabolites was con-
structed. Meanwhile, all of the detected peaks in labeled samples were
screened for single-cell characteristic pulse peaks (see “Methods”),
leading to the determination of characteristic peaks of single cells.
Then, the targeted extraction of potential isotopologue peaks from the
characteristic peaks in labeled single cells was performed, and the
specific labeled isotopologue peaks and corresponding labeled
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Fig. 1| Schematic workflow of the dynamic single-cell metabolomics system.
Cells were labeled with isotope tracers and analyzed using the high-throughput
data acquisition platform. Subsequently, the single-cell essential metabolic data
processing and isotope tracing analysis were performed by a Python-based data
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processing platform. This system enables profiling of metabolic activity and flow
analysis of interlaced metabolic networks at the single-cell level, which was further
applied in the study of cell-cell interaction.
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Fig. 2 | Dynamic single-cell metabolomics data processing platform. a Data
processing workflow of untargeted dynamic single-cell metabolomic analysis.

b Total ion chromatography (TIC) and extract ion chromatography (EIC) of cell
markers in one cell pulse. ¢ The RT distribution of maximum intensity of meta-
bolites during one cell pulse (ro-rs). d The ry/r; distribution of maximum intensity of
metabolites with different m/z values in 10 single cells. e The heatmap of

T

metabolites’ relative intensities extracted by a specific cell marker or the maximum
intensity. The data was normalized by the mean values of each m/z. f The Venn plot
of annotated metabolites extracted by two cell markers, respectively. The analyzed
cell line is MDA-MB-231. Cell number =188. Source data are provided as a Source
Data file.
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metabolites can be determined. Then, all labeled isotopologue peaks’
intensities were extracted and correction for natural isotope abun-
dance. Finally, the LE of MO-Mn of metabolites in each single cells were
calculated, with the output of statistical analysis figures, including
mass isotopomer distribution (MID), time-course fitting curve of
averaged LE, and distribution of heterogeneous LE of single cells. The
entire data processing pipeline was executed using a homemade
Python program, offering an efficient and streamlined workflow for
essential single-cell data processing and isotope tracing analysis.

Specifically, the essential single-cell data processing before iso-
tope tracing analysis includes single-cell pulse peak selection, char-
acteristic peak determination, metabolite annotation, and peak
intensity extraction. It can be observed that a single cell pulse includes
3-6 mass spectra indicated by TIC variation and EIC of cell markers
under our data acquisition conditions (Fig. 2b). The retention time (RT)
of maximum intensity of glutathione (m/z 306.0760) was marked as r;
for one cell pulse, and the RTs of the adjacent 6 spectra within this cell
pulse were respectively annotated as rg - I's, as presented in Fig. 2b. The
difference of spectrum numbers between cells may attribute to various
cell volume, and the difference between metabolites may result from
different intracellular concentration and extraction efficiency of
metabolites by the sheath liquid. In a subset of cells (about 2/3), the
peak intensity of various metabolites reached their maximum at dif-
ferent time points during the cell pulse, which may attribute to
microelectrophoresis separation (at the timescale of millisecond)**°
following the metabolites extraction from the single cell during the
contact with methanol (- 0.86 s™) at the spray tip (Fig. 2b). We inves-
tigated the RT of maximum intensity for cell characteristic peaks in 10
cell pulses and observed that the majority of these peaks reach their
maximum intensity at two adjacent spectra (time interval of 135 ms)
within the cell pulse, specifically r; and r, (Fig. 2c, d). Furthermore, it
can be observed that peaks within the m/z range of 80-500 tend to
exhibit maximum intensity earlier at r;, while those within the m/z
range of 500-1000 preferentially display maximum intensity later at r,
(Fig. 2d). These findings are consistent with the electromigration rates
of molecules with different sizes. We draw the heatmap of single-cell
metabolites’ intensities extracted by m/z 306.0760 (glutathione), m/z
804.5760 (PS (37:0)) and maximum intensity in each cell pulse
respectively, and significantly different metabolic profiling was
observed (Fig. 2e). Therefore, the maximum intensity of each detected
peak in each cell pulses was extracted separately to avoid the biased
quantification based solely on one cell marker. Actually, more meta-
bolites can be determined through two cell markers with different
molecular weights than using only one (Fig. 2f). In addition, the signal-
to-blank ratio (SBR) of each detected peak was calculated through the
maximum intensity within the cell pulse divided by the adjacent
background intensity, and only m/z peaks with SBR >3 and occurrence
frequency >20% of all cells were kept as characteristic peaks of cells
and used for further processing (see “Methods”). In conclusion, an
isotope tracing-based organic mass cytometry platform was con-
structed for the acquisition of single-cell dynamic metabolomic data,
and a streamlined data processing platform was developed for the
processing of essential single-cell data and untargeted isotope tracing
analysis.

Global metabolic activity profiling at the single-cell level

As a proof-of-concept, we demonstrated the global single-cell meta-
bolic activity profiling using above developed system on the MDA-MB-
231 cell line (Fig. 3a). The cells were cultured in medium with dialysis
fetal bovine serum (dFBS), and labeled by [U-*C]-glucose or [U-2C]-
glutamine separately for 5 min to 3 h labeling time after optimization.
Cells were then collected and dispersed by trypsin, and prepared for
organic mass cytometry analysis. A comparison between trypsiniza-
tion and scraping for cell harvest was carried out for bulk cells, and the
results indicated that there was no significant difference in the

determination of metabolic activity for 98% of the metabolites
between them (Supplementary Fig. 4). 32 and 23 of labeled metabolites
were determined through the isotope tracer of glucose and glutamine,
respectively, result in a total of 40 metabolites labeled within 3 h
(Fig. 3b and Supplementary Data 2). The KEGG enrichment analysis
indicated that some pathways were prone to be labeled and detected
by our method (Fig. 3c), such as alanine, aspartate, and glutamate
metabolism, arginine biosynthesis, TCA cycle, purine metabolism,
ascorbate and aldarate metabolism, etc. These labeled metabolites
demonstrated different LE and labeling rates, which indicated different
metabolic activities. Although we can’t monitor the LE changes in one
individual cell because of the “destructive detection” of mass cyto-
metry, we can acquire the averaged LE in hundreds of single cells at
each time point as displayed in Fig. 3d. The averaged isotope tracing
results of single cells were compared to LC-MS analysis of population
cells, and averaged LE and MID of represent metabolites were
demonstrated in Supplementary Fig. 5, indicating the basic con-
sistency between averaged single-cell results and population cells.
Further, the labeled metabolites were hierarchically clustered into 3
clusters under glucose or glutamine labeling conditions (Fig. 3d), and
diverse time-course patterns of these clusters were obtained
(Fig. 3e, f). Metabolites in cluster 1 reached isotopic steady state within
3 h labeling, with the highest labeling rate. While, metabolites in clus-
ters 2 and 3 could not reach isotopic steady state in 3 h with step down
labeling rates. Nonlinear fittings of each metabolite were conducted,
and the calculated labeling rates (k, see “Methods”) of metabolites in 3
clusters (Fig. 3g, h) were in consistent with the time-course patterns.
The performance of the above two isotope tracers were demonstrated
separately, and KEGG annotations of notable labeled pathways in each
cluster were displayed (Fig. 3i, j). For instance, the galactose metabo-
lism and sphingolipid metabolism showed high labeling rates by glu-
cose labeling, meanwhile, the glutamine labeling showed high labeling
rates in alanine, aspartate and glutamate metabolism and histidine
metabolism. In summary, we demonstrated the isotope tracing and
metabolic kinetic analysis using our method, and a global delineation
of metabolic activity can be drawn by the wide-coverage labeling and
untargeted isotope tracing analysis at the single-cell level.

Apart from average analysis, the cellular heterogeneity of meta-
bolic activity was also demonstrated using our method. We collected
single-cell isotope tracing data labeling by [U-*C]-glucose, with a total
of approximately 5000 single cells from 6 labeling time points. Uni-
form Manifold Approximation and Projection (UMAP) analysis based
on the LE features of all single cells was conducted, and subclusters of
single cells emerged (Fig. 4a). Density Based Spatial Clustering of
Applications with Noise (DBSCAN) was performed on the total cells,
resulting in 6 clusters, namely A, B, C, D, E, and F (Fig. 4b). The LE of
labeled metabolites in clusters A-F was analyzed (Supplementary
Fig. 6), and an increase in LE from A to F in each labeled metabolite was
observed, indicating an evolution along clusters A-F as the labeling
time progresses (Fig. 4b). The distribution of single cells from each
time-course group is displayed in Fig. 4c. It can be noted that the
cluster population varies at different time points, and there were more
than one subcluster of A-F in many time-course groups, including
5min, 10 min, 30 min, 1h and 3 h. These results reveal the hetero-
geneous metabolic activities and the non-synchronous of single cells
over labeling time, which cannot be captured in bulk analysis.

Interconnection and flow analysis of metabolic pathways at the
single-cell level

Metabolic pathways form a complex, interconnected network within
cells, and a single metabolite can be influenced by multiple pathways.
Isotope labeling-based dynamic single-cell metabolomics not only
offers insights into metabolic activity but also reveals diverse pathways
in which a metabolite participates. Here, various pathways and their
interconnections can be observed through the labeling patterns of

Nature Communications | (2025)16:4582


www.nature.com/naturecommunications

Article

https://doi.org/10.1038/s41467-025-59878-w

a b Cc 10
_13C]- .
[U-"*C]-glucose / [U-13C]-glucose [U-13C]-glutamine Alanine, @
[U-13C]-glutamine Y 8 aspartate and
\ —} Positive Negative Positive N/egative Arginine glutamate met.
. ’ —~
5min-3h \ \ @ 64 biosynthesis
—_— ~= )
) 4523 5315 ) Purine met. Ascorbate and
Isotope labeling Cell harvest S 4., ¢ TCA cycle IZcor ate an
Total: 32 Total: 23 VO uememer
~__— Glutathione met.
2 e° ° '. Starch and
17 15 8 o sucrose met.
oL#e o
Mass cytometry 00 01 02 03 04 05 06 07
analysis Total: 40 Pathway impact
d [ J
Glucose labeling Glutamine labeling o Cluster 1 Cluster 1
1.0 : Galactose met. {70 1 Ala, Asp and Glu met, [T 2
Sphingolipid met. {77 1 His met. {707 1
Cluster 2 Cluster 2
05 0.5 Ala, Asp and Glu met T 6 Ala, Asp and Glu met, (T 6
Arg biosynthesis{T ] 3 TCA cycle{T] 3
Cluster 2 N Purine meé. s Butanoate met. {3
jcotinat
0.0 0.0 nicotinamide met. | 2 dioaate and P 3

Cluster 3

Ala, Asp and Glu met. 3

Glyoxylate and : 3
dicarboxylate met.

Cluster 3

Arg biosynthesis: 2

Amino sugar and nucleotide
% 1

tabol
Cluster3 Cluster 3 Glutathione met. {7 2 gi(art"h?o?xeon‘]seT 1
S S S0 S &S &0 01 2 3 4 5 6 01 2 3 4 5 6
gé\ «o& \Q& %Q& N 0& %‘(\ ,\Q&%Q& Number of metabolites Number of metabolites
e Cl 1 Cl 2
uster uster Cluster 3 2
1.0 " 0.3 0.10 g
<0
w 0.5 w ] S -2
= — o1 w005 =3
2
00 g
0.0 ' 0.00{=7 1 =
0 50 100 150 200 0 50 100 150 200 0 50 100 150 200
f Time/min Time/min Time/min Cluster 1 Cluster 2 Cluster 3
10 Cluster 1 10 Cluster 2 Cluster 3 2
. : 0.3
S0
' .
0.2‘ é el
w 051 wos w = -2 ——
0.1 El
>
o
001 , . , , , 001 , - . : , 0.0 —
0 50 100 150 200 0 50 100 150 200 0 50 100 150 200
Time/min Time/min Time/min Cluster 1 Cluster 2 Cluster 3

Fig. 3 | Global single-cell metabolic activity profiling. a Schematic illustration of
isotope labeling of cells and mass cytometry analysis. b The Venn plot of labeled
metabolites detected under the negative and positive modes labeled by [U->C]-
glucose and [U-*C]-glutamine separately. ¢ The KEGG enrichment analysis of
labeled metabolites. d Hierarchical-clustering analysis of metabolites’ averaged LE
at different time point. e, f The time-course plot of metabolites’ LE in 3 clusters
labeled by the tracer (e) [U-*C]-glucose and (f) [U-2C]-glutamine. Data are pre-
sented as mean values (black dots) +/- SD. The red line is the exponential fitting
line. g, h The box plot of logarithmic transformed labeling rates of each metabolite

in 3 clusters labeled by (g) [U-2C]-glucose and (h) [U-*C]-glutamine. The centerlines
of the boxplots indicate the median values, the lower and upper lines in boxplots
correspond to 0.25 and 0.75 quartiles, and the whiskers indicate the largest and
lowest points inside the range defined by 0.25 and 0.75 quartile plus 1.5 times the
interquartile range (IQR). The white point represents mean values. i, j The KEGG
annotation of metabolites in 3 clusters labeled by (i) [U-*C]-glucose and (j) [U-*C]-
glutamine. Cell number =100 for each group. Source data are provided as a Source
Data file.

metabolites. Cancer cells consume glucose at a surprisingly high rate
compared to normal cells by aerobic glycolysis to meet the bioener-
getics and biosynthesis needs for proliferation, a phenomenon termed
“the Warburg effect”*2. The glycolysis provides cells with inter-
mediates for many biosynthetic pathways, thus the production rate of
the associated metabolites indicated the glycolysis reaction rate to
some extent. The time-course labeling of UDP-glucose/UDP-galactose
was observed at the single-cell level using [U-®C]-glucose as a tracer
(Supplementary Fig. 7a and Supplementary Fig. 8a). The LE of M6
indicated the hexose of UDP-glucose was rapidly labeled (within 5 min)
via the glucose-1P intermediate from the glycolysis pathway (Fig. 5a),
while the M5-labeled ribose was generated later through the pentose
phosphate pathway and pyrimidine metabolism, such as uridine

(Supplementary Fig. 8b). Therefore, the M1l isotopelogue of UDP-
glucose emerged after 1-hour labeling, with a significant decrease in LE
of M6 after 3-hour labeling (Fig. 5b). In addition, the labeling pattern of
UDP-GIcNAc indicated the interconnection of various pathways
resulting in versatile labeled forms (Supplementary Fig. 8c, d). Pyr-
uvate (M3) was produced following the uptake of [U-*C]-glucose via
the glycolysis pathway, and its involvement in the TCA cycle was
observed (Supplementary Fig. 7b)*’. Various labeled isotopologues
were detected for metabolites participating in the TCA cycle, such as
citrate, succinate, and malate (Fig. 5c and Supplementary Fig. 8e). The
M2 isotopologues detected in succinate and malate indicated their
involvement in the first TCA cycle from pyruvate through acetyl-CoA.
Subsequently, M3 isotopologues were produced and detected in
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groups of labeling time. The cell number of each group was annotated below each
figure. The dotted box in the subfigure of the O min group was magnified in the
other subfigures. Source data are provided as a Source Data file.

succinate and malate during the second TCA cycle. Apart from the
second TCA cycle, M3 malate can be produced via pyruvate ana-
plerosis catalyzed by pyruvate carboxylate (PC) from pyruvate (Sup-
plementary Fig. 7b), and the comparison between LE of M3 malate and
M3 succinate indicated the pyruvate anaplerosis contribution to the
TCA cycle** (Supplementary Fig. 9). The third TCA cycle resulted in the
emergence of M4 isotopologues which were detected in succinate.
Furthermore, metabolites associated with the TCA cycle such as
aspartate and glutamate exhibited similar labeling patterns corre-
sponding to different cycles within the TCA pathway (Fig. 5d). In
addition, the platform enabled correlation matrix analysis of labeling
patterns in single cells, and it was conducted for 3-hour labeling
samples (Fig. 5e). The correlation matrix analysis revealed in-depth

pathway correlations in single cells (Fig. 5f), including a positive cor-
relation between M11 labeled UDP-glucose and ribose in the pyrimidine
pathway, a positive correlation between M6 labeled UDP-glucose and
other pyrimidine nucleotide sugars (UDP-GIcNAc, UDP-D-Glucuronate),
and a positive correlation among various isotopologues of UDP-
GIcNAc. The correlation matrix also revealed the significant positive
correlation among the TCA-related metabolites as well as between
different TCA cycles (Fig. 5f and Supplementary Fig. 10).

Additional isotope tracers were utilized to observe biological
reversible or multiplex pathways at the single-cell level. It has been
reported that lactate can be utilized by lung cancer cells via gluco-
neogenesis as an alternative energy source to adapt to glucose
depletion”. Therefore, [U-*Cl-glucose and [U-®C]-lactate were
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Fig. 5 | Metabolic flow and interconnection via versatile labeling tracers at the
single-cell level. a, b The time-course labeling patterns of (a) M6 and (b) M11
labeled UDP-glucose/UDP-galactose. The left panels are the violin plots of single
cells. Right panels are presented as averaged LE (black dots) +/- SD, and the red
line represents the exponential fitting line. Cell number =100 for each group.

¢, d The time-course labeling patterns of (c) TCA intermediates and (d) associated
metabolites. Cell number =100 for each group. e The correlation matrix of LE
after 3 h labeling. The Pearson correlation coefficient was calculated with the
exclusion of all single cells containing zero values. f Enlarged figures of the cor-
relation matrix corresponding to e. Cell number =268. g, h The labeling patterns
of (g) UDP-glucose/UDP-galactose and (h) uridine/pseudouridine after 12 h
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labeling. The right panel is the enlarged view of a specific labeled form in the left
panel. The blue, orange, green, and red dots present samples of unlabeled,
[U-3C]-lactate labeling, [U-*C]-glucose labeling, and co-labeling of the above 2
tracers, respectively. Cell number =200 for each group. i, j The LE of (i) M4 and
(j) M3 labeled metabolites after 3 h labeling by [U-2C]-glutamine in A549 and
MDA-MB-231 cell lines. Data are presented as mean values +/- SD, and black
dots represent single cells. A two-sided Wilcoxon rank-sum test was performed
to assess significance, and P=1.61x1075, 6.44 x107, 9.269 x 10! for M3

malate, M3 aspartate, and M3 succinate, respectively. **P < 0.001; ns non-
significant. Cell number =100 for each group. Source data are provided as a
Source Data file.

selected as tracers to track the glycolysis and gluconeogenesis path-
ways, and UDP-glucose/UDP-galactose was chosen as the readout of
upper pathways” (Supplementary Fig. 7c). M6 and M11 labeled UDP-
glucose were generated upon the entry of [U-*C]-glucose into glyco-
lysis, while the utilization of [U-*C]-lactate as a tracer would result in a
mixed isotope distribution pattern of downstream metabolites due to
the labeled carbon loss through the TCA cycle*¢, and M2 labeled UDP-
glucose was observed when using [U-*C]-lactate as the only tracer,
probably attributing to the detection limit in single cells (Fig. 5g).
Furthermore, absence of labeled uridine by [U-*C]-lactate indicated
that M2 labeled UDP-glucose originated from hexose labeling via glu-
coneogenesis (Fig. 5h). However, simultaneous labeling with [U-2C]-
glucose and [U-®C]-lactate did not yield detection of the M2 iso-
topologue, which can be attributed to a faster labeling rate via

glycolysis masking the labeling for fewer carbon atoms in hexose.
When utilizing [U-®C]-glutamine as the isotope tracer, a-ketoglutarate
derived from glutamine can not only undergo oxidation in the TCA
cycle through glutaminolysis, but also be transformed into citrate via
the reductive glutamine metabolism particularly under hypoxic con-
ditions (Supplementary Fig. 7d)**%. The M4 labeled TCA inter-
mediates, including malate, aspartate, and succinate, were produced
through the TCA cycle and emerged as the predominant labeling form
under normal culture conditions, with a higher labeling rate in A549
cell compared to MDA-MB-231 cell (Fig. 5i). The M3 isotopologues of
these metabolites can be attribute to the reductive glutamine meta-
bolism, with significantly higher LE of M3 labeled malate and aspartate
in A549 cells compared to MDA-MB-23], indicating a higher reductive
activity in A549 (Fig. 5j). Conversely, non-significant difference in LE of
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M3 labeled succinates between the two cell lines can be attribute to a
relatively low proportion of succinates origin from the reductive
metabolism in A549, which consistent with earlier study results with
population cells*. However, further verification using more specific
isotope tracers tracking the reductive metabolism is necessary to
avoid potential interference from impurities in [U-*C]-glutamine and
different TCA cycles leading to the emergence of M3 isomers at the
single-cell level.

2-DG induced metabolic perturbations in single MDA-MB-

231 cells

2-DG is a synthetic analog of glucose, in which the 2-hydroxyl group is
replaced by hydrogen. It functions as a chemotherapeutic agent by
inhibiting the initial step of glycolysis catalyzed by hexokinase, leading
to the formation of 2-deoxyglucose-6-phosphate (2-DG-6P), which
cannot be metabolized within cells (Supplementary Fig. 11a)*. In order
to delineate the metabolic perturbation of cancer cells at the single-cell
level, we compared the metabolic dynamics by isotope tracing of
single MDA-MB-231 cells under normal or 2-DG drug treatment con-
ditions, wherein separate pools of cells were set for each condition.
Firstly, the 2-DG-6P was detected in single cells of drug treatment
groups while the slight decrease of relative intensity in the overnight
group may result from the leaking from the cell during cell aging
(Supplementary Fig. 11b). Thus, the cell morphology was observed and
the cell viability was determined to verify the cell integrity and viability
after 2-DG treatment. (Supplementary Fig. 12). The concentration of
assigned metabolites represented by the relative intensity was ana-
lyzed, and significantly different metabolites between 2-DG treatment
with different treated times and control groups were hierarchical
clustered (Supplementary Fig. 11c and Supplementary Data 3). Trend
analysis revealed five main profiles of metabolite changes (Supple-
mentary Fig. 11d), and the corresponding KEGG enrichment analysis
was conducted (Supplementary Fig. 11e). The significant decrease of
metabolites in profile 1 in the 2-DG treatment group, particularly the
overnight treatment group, indicated the downregulation of amino
sugar and nucleotide sugar metabolism, taurine and hypotaurine
metabolism, ascorbate and aldarate metabolism, etc., following gly-
colysis inhibition. The metabolites in profiles 2-3 demonstrated the
downregulation of purine metabolism, pentose phosphate pathway,
and pyrimidine metabolism, indicating the downregulation of
nucleotide biosynthesis resulting from both 2-DG treatment and cell
aging. The metabolites in profile 4 exhibited a significant upregulation
in both drug treatment groups, including arginine biosynthesis, starch
and sucrose metabolism, fructose and mannose metabolism, etc.,
encompassing some amino acids as well as hexose and hexose phos-
phate, which probably accumulated due to the slowdown of the glu-
cose consumption rate. In addition, it's worth noting that some
metabolites in profile 1 and 5 showed elevated concentration in 3 h
treatment group, such as phosphatidylethanolamines (PE) which was
consistence with the existing study*°, sphingomyelin (SM) which clo-
sely associated with cell fates through SM/ceramide balance®*, and
glutamine which probably served as an alternative carbon source to
cope with the glycolysis inhibition during the initial stages of 2-DG
treatment.

Concentration analysis provides a snapshot of metabolite abun-
dance at a single time point, but this measurement cannot reflect the
dynamic activity of metabolites. In contrast, dynamic single-cell
metabolomics using isotope labeling offers valuable insights into
metabolic activity. For instance, the 2-DG treatment can induce inhi-
bition of glycolysis and downstream pathways, yet the abundance of
UDP-glucose/UDP-galactose didn’t show significant changes within the
three groups (Fig. 6a, left panel). However, following the treatment
containing 1h labeling with [U-2C]-glucose, the LE of UDP-glucose/
UDP-galactose in three groups exhibited a declining trend (Fig. 6a,
right panel), indicative of reduced glycolytic activity. Similarly, the

abundance of UDP-GIcNAc remained unchanged after 3-hour treat-
ment but significantly decreased following overnight treatment, sug-
gesting the concentration downregulation only after prolonged
exposure (Fig. 6b, left panel). However, the LE of UDP-GIcNAc dis-
played a marked decrease of LE in both of the treatment groups
(Fig. 6b, right panel). The verification from bulk cells analyzed by LC-
MS was demonstrated in Supplementary Fig 13a, b, strengthen the
results from single cells. In addition, the LE of these metabolites
after 2-DG treatment ranging from 1h to 24 h indicated a rapid and
sensitive time-dependent activity downregulation in glycolysis and
associated pathways (Supplementary Fig. 14). Furthermore, the time-
course labeling of these two metabolites within 3h exhibited a
decreased labeling rate under 2-DG treatment (Fig. 6¢, d), in which
isotope labeling commenced following either a 3 h or overnight 2-DG
treatment. These results demonstrated the activity alteration reflected
by LE of labeled metabolites under 2-DG treatment in single cells,
especially after a short exposure, at which time the abundance may
haven’t change significantly.

Subsequently, the LE of labeled metabolites in three groups were
hierarchically clustered, and two distinct clusters emerged (Fig. 6e).
Labeled metabolites in cluster 1 exhibited decreased LE across the
three groups, revealing that 2-DG inhibition not only reduced glyco-
lysis activity, but also impacted associated pathways such as amino
sugar and nucleotide sugar metabolism, galactose metabolism, etc., as
well as purine metabolism which impacted by cell aging simulta-
neously as indicated by LE of bulk cells (Supplementary Fig. 13c).
Conversely, the labeled metabolites in cluster 2 (Fig. 6e) exhibited
increased metabolic activity in the alanine, aspartate and glutamate
metabolism, TCA cycle, etc., following 2-DG treatment which might
serve as alternative energy sources under glycolysis inhibition which
verified by bulk cells either (Supplementary Fig. 3b and Supplementary
Figs. 13c, d). Meanwhile, the concentration of all the above labeled
metabolites in single cells exhibited a downregulation or no significant
change. (Fig. 6f).

Furthermore, UMAP was performed on the labeled metabolites
for dimensionality reduction of single cells under different conditions
(Fig. 6g). When using relative intensity for dimensionality reduction, it
proved challenging to distinguish between single cells in three groups.
While with the information of LE of the labeled metabolites, the three
groups were basically distinguished based on their different activity
levels. In addition, better discrimination can be achieved using relative
intensity of all metabolites with the addition of LE of labeled meta-
bolites, especially between 2-DG treatment groups with different
exposure duration (Fig. 6h). Consequently, dynamic single-cell meta-
bolomics provided valuable activity information enabling fine and
efficient single-cell clustering, serving as necessary complements for
concentration analysis.

Cell-cell interactions between tumor cells and macrophages
TME is a sophisticated integrated network primarily comprised of
tumor cells, immune cells, fibroblasts, and adjacent microvessels.
Macrophages are pivotal constituents of TME and play crucial roles in
tumor progression. They can reprogram their metabolomics induced
by tumor cells and polarize into TAM, which in turn promote tumor
progression and immune suppression®. Thus, investigating the intri-
cate crosstalk between tumor cells and macrophages helps to under-
stand the biological process within TME and find new strategies for
cancer therapy.

Herein, the dynamic single-cell metabolomics system was
employed to investigate the interactions between tumor cells
and macrophages. Initially, mono-cultured MDA-MB-231 cells and
macrophages derived from THP-1 cells were analyzed, revealing sig-
nificantly different metabolites that were used for the UMAP cluster
of single cells subsequently. The UMAP analysis demonstrated
highly reproducible clustering of these two cell types with or without
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Fig. 6 | 2-DG induced metabolic activity perturbation and single-cell cluster
analysis. a Relative intensity and LE of UDP-glucose/UDP-galactose in 3 groups.
b Relative intensity and LE of UDP-GIcNAc in 3 groups. The centerlines of the
boxplots indicate the median values, the lower and upper lines in boxplots corre-
spond to 0.25 and 0.75 quartiles, and the whiskers indicate the largest and lowest
points inside the range defined by 0.25 and 0.75 quartiles plus 1.5 times IQR. Cell
number =200 for each group. ¢, d The time-course labeling curve of (c) UDP-
glucose/UDP-galactose and (d) UDP-GIcNAc in 3 groups. Data are presented as

UMAP_1

mean values (black dots) +/- SD. The lines represent the exponential fitting line.
Cell number =100 for each group. e Hierarchical clustering of Z-score normalized
LE of labeled metabolites. f Heatmap of Z-score normalized relative intensity of
labeled metabolites. Cell number =200 for each group. g UMAP analysis of 3
groups based on relative intensity or LE of labeled metabolites. Cell numbers =150
and 200 in the two panels, respectively. h The UMAP analysis of 3 groups based on
the relative intensity of all metabolites with or without LE of labeled metabolites.
Cell number =150 for each group. Source data are provided as a Source Data file.

[U-2C]-glucose labeling (Supplementary Fig. 15a), with the ability to
precisely classify the mixture into different cell types (Supplementary
Fig. 15b). Following co-culture for 3 days, single-cell metabolomic
analysis revealed that the co-cultured cells could be classified into two
clusters (purple dots in Fig. 7a), one of which closely overlapped with
mono-cultured macrophages while the other partially overlapped with
mono-cultured MDA-MB-231 with some deviation. Furthermore, co-
cultured cells were labeled with CD45 antibody-APC fluorescent dyes
and subjected to FACS for separation of tumor cells and macrophages,
following by single-cell metabolomic analysis. The results demon-
strated that CD45" cells overlapped with macrophages, whereas CD45"
cells aligned with the deviated cluster of MDA-MB-231 in co-cultured
samples (purple dots in Fig. 7a), confirming significant metabolic
alterations in MDA-MB-231 cells after co-culture and demonstrating
the feasibility of our single-cell metabolomics platform for direct
analysis of co-cultured cells based on their metabolic features without
requiring any labeling.

To facilitate more convenient and accurate classification of the
two cell types in co-cultured samples for downstream analysis, a

supervised machine learning model based on neural networks with
three linear layers was developed (Fig. 7b and Supplementary Fig. 16a).
The performance of the trained model was validated through 5-fold
cross-validation, demonstrating its effectiveness (Fig. 7c and Supple-
mentary Fig. 16b). The predicted results for the entire testing dataset
and each subset of it are presented in Fig. 7d, e respectively, while the
robustness and generalization capability were confirmed through
biological repeats and macrophages treated by conditioned media of
MDA-MB-231 cells (Supplementary Fig. 16¢). Subsequently, the trained
model was utilized for classifying co-cultured cells, with the predicted
results shown in Fig. 7f.

Firstly, concentration analysis was performed on unlabeled sam-
ples, revealing significantly different metabolites between mono- and
co-cultured cells (Supplementary Fig. 17a, b and Supplementary
Data 4). In MDA-MB-231 cells, KEGG analysis indicated upregulation of
glycerophospholipid metabolism, amino sugar and nucleotide sugar
metabolism, fructose and mannose metabolism, pentose phosphate
pathway, etc. Meanwhile, downregulation was observed in phenylala-
nine, tyrosine and tryptophan biosynthesis, alanine, aspartate and
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Fig. 7 | Metabolomic analysis of co-cultured MDA-MB-231 cells and macro-
phages. a The UMAP analysis of single cells. Cell number of MDA-MB-231 =334,
macrophage = 65, °C labeled MDA-MB-231 =282, *C labeled macrophage =204,
CD45 =297, CD45" =470, co-culture = 327. The gating panels of FACS data are
provided in Source Data. b The construction of the neural network model. ¢ The
accuracy and loss function of the testing dataset. d, e The predicted results of
(d) the entire testing dataset and (e) subset of it. f The predicted results of co-
cultured samples. g-j Concentration and activity alteration of co-cultured cells
compared to mono-cultured ones. The median values, 0.25 and 0.75 quartiles are
drawn as dotted lines on violin plots. A two-sided Wilcoxon rank-sum test was
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were noted. P=2.94 x 107 and 2.48 x 10~ for the relative intensity changes of NAD
and UDP-GIcNAc in macrophages, respectively. P=2.12 1072, 2.40 x107%,
1.22x10™,2.59 x1073,9.43 x10™%2,1.38 x 10™ for the LE changes of NAD, succinate,
malate, citrate, glutamate, and GABA in macrophages, respectively. *P < 0.05,
*P<0.01, *P<0.001, ***P < 0.0001; ns non-significant. Cell number of mono-
cultured MDA-MB-231 = 794, C labeled mono-cultured MDA-MB-231 = 833, mono-
cultured macrophage = 245, *C labeled mono-cultured macrophage =223, co-
cultured MDA-MB-231 = 303, co-cultured macrophage =158, *C labeled co-cultured
MDA-MB-231= 635, °C labeled co-cultured macrophage = 233. Source data are
provided as a Source Data file.

glutamine metabolism and other amino acids pathways after co-
culture (Supplementary Fig. 17¢). The comparison of relative intensity
of represent metabolites from these pathways between mono- and co-
cultured MDA-MB-231 cells were displayed in Supplementary Fig. 18.
For macrophages, upregulation was observed in pyrimidine metabo-
lism, amino sugar and nucleotide sugar metabolism, taurine and
hypotaurine metabolism, etc (Supplementary Fig. 17d). While some
metabolites with downregulated abundance such as phosphoethano-
lamines were notated in Supplementary Fig. 17b. Likewise, the intensity
alteration of corresponding metabolites was displayed in Supple-
mentary Fig. 19.

Subsequently, the metabolic activity analysis was performed
using 1 h [U-2Cl-glucose tracing, and significant activity alteration was

observed in TAM. The upregulation of metabolic activities in TAM,
including oxidative phosphorylation, amino sugar and nucleotide
sugar metabolism, purine metabolism and arginine biosynthesis is
consistent with the findings from concentration analysis (Fig. 7g and
Supplementary Fig. 20). In addition, the metabolic activity in TCA cycle
including succinate, malate and citrate was also up-regulated
in TAM (Fig. 7h), as well as alanine, aspartate and glutamate metabo-
lism, glutathione metabolism and serine biosynthesis (Fig. 7i and
Supplementary Fig. 20), which without significant difference in their
abundance. It worth to mention that the metabolic shift to
oxidative phosphorylation and TCA cycle aligned with the reported
metabolic alterations in M2 polarized macrophages, endowing TAM
with predominant M2-like pro-tumor capabilities™. Interestingly, the
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abundance of UDP-GIcNAc increased while its metabolic activity
decreased marginally on the other side (Fig. 7j), suggesting the accu-
mulation of UDP-GIcNAc in TAM at this stage may be attributed to its
reduced consumption. UDP-GIcNAc promotes the O-GIcNAc glycosy-
lation modifications of proteins, which reported to influence the
inflammatory responses in macrophages and regulate the transfor-
mation between M1 and M2 polarization of TAM>**, This warrants
further investigation into its biological mechanisms. Overall, the inte-
grated results from abundance and activity analysis reveal a metabolic
reprogramming of direct co-cultured tumor cells and macrophages,
including the increased hexose metabolism and pentose phosphate
pathway while decreased glutamine metabolism and amino acids
synthesis in MDA-MB-231 cells after direct interaction with macro-
phages, and the predominant M2-like polarization of TAM character-
ized by increased TCA cycle and oxidative phosphorylation, as well as
other pathways which indicating a complex constitute of TAM in TME.

Macrophages have been classified into two main polarization
states: M1 polarization, characterized by pro-inflammatory pheno-
type, and M2 polarization, characterized by anti-inflammatory phe-
notype. However, not all TAMs exhibit a clear M1 or M2 phenotype,
as they often express markers associated with both polarization
phenotypes®**, which underscores the need to delineate novel TAM
phenotypes rather than the M1/M2 dichotomy. Recent studies have
utilized single-cell RNA-sequencing (scRNA-Seq) technology to con-
struct a new landscape of cell subpopulations according to the
genomic characterization®®”. Here, a single-cell metabolomic plat-
form provides a cell heterogeneous analysis of macrophages in TME
characterized by diverse metabolic features. UAMP analysis accord-
ing to metabolic activities was conducted for refined subtyping of
TAM, and 4 subclusters emerged (Supplementary Fig. 21a). Cluster 1
and 2 demonstrated a higher activity in arginine biosynthesis (N-
Acetyl-L-glutamic acid) and oxidative phosphorylation (NAD), while
cluster 3 and 4 demonstrated a higher level of hexosamine bio-
synthesis pathway (UDP-GIcNAc), indicating a higher metabolic
activity of mitochondrial metabolism in cluster 1 and 2 and a higher
metabolic activity in hexose metabolism in cluster 3 and 4 (Supple-
mentary Figs. 21b, c). In addition, cluster 1 and 2 were grouped by the
different activity in lipopolysaccharide metabolism (Neu5Ac®*®), and
cluster 3 and 4 were predominantly grouped by their difference in
galactose metabolism (UDP-glucose) as shown in Supplementary
Fig. 21d. Then, the metabolomics data was compared with scRNA-Seq
data integrated from different tumor types®* (Supplementary
Fig. 22). Among the 12 clusters of macrophages based on gene fea-
tures, the RTM_int subpopulation and the Mac_Angio subpopulation
demonstrated enrichment in genes related to the oxidative phos-
phorylation pathway. Moreover, the RTM_int also displayed gene
enrichment in glycolipid and glycan synthesis, which was consistent
with the metabolic characteristics of clusters 1 and 2. This indicates
their biological functions of inducing epithelial-mesenchymal tran-
sition and angiogenesis, respectively, according to the enrichment
genes from scRNA-Seq data. In addition, the group of subpopulations
encompassing Mac_IFN, RTM_IFN, and another group including
Mac_Hypo, Mac_Alv-like, and RTM_LA all exhibited gene enrichment
in glycolysis and nucleotide metabolism. Meanwhile, the latter group
showed significantly higher enrichment in galactose metabolism,
indicating the consistency of these two groups with clusters 3 and 4
in metabolomic analysis (Supplementary Fig. 22), suggesting the
shared function of extracellular matrix remodeling of cluster 3/4 and
the additional function of the interferon signaling pathway of cluster
4. In addition, subpopulations of macrophages corresponding to
cluster 1/2/4 and Mac_Hypo in cluster 3 showed enrichment of genes
associated with pro-tumor process, indicating the predominant pro-
tumor function of TAM under direct co-culturing with tumor cells.
Overall, the single-cell subtyping analysis revealed a heightened
metabolic diversity among macrophages in TME, endowing them

with various potential functions such as pro-tumor, angiogenesis,
extracellular matrix remodeling, interferon signaling, etc®”.

Discussion

In this study, we developed a dynamic single-cell metabolomics system
through the construction of a single-cell metabolomics data acquisi-
tion platform with the introduction of stable isotope tracing and the
development of a dynamic single-cell data processing platform.
Organic mass cytometry with high single-cell throughput was estab-
lished for data acquisition, and a Python program was established for
single-cell essential data processing and untargeted isotope tracing
analysis, which equipped with unbiased peak quantification and robust
characteristic peak extraction over background. 40 labeled metabo-
lites under both negative and positive mode labeled by [U-*C]-glucose
and [U-2C]-glutamine were traced in MDA-MB-231 single cells within
3 h, and the global metabolic activity profiling demonstrated various
labeling rates of different pathways. The averaged isotope tracing data
showed consistency with LC-MS analysis of bulk cells, while cell het-
erogeneous in metabolic activity was also unraveled using our method.
The interconnection and flow of metabolic pathways was demon-
strated by labeling patterns such as glycolysis pathway, pyrimidine
metabolism, distinct TCA cycles, etc. In addition, correlation analysis
between different pathways showed relationships consistency to the
metabolic network. Furthermore, more pathways, such as gluconeo-
genesis and reductive metabolism, were observed by additional iso-
tope tracers.

The metabolomics perturbation induced by 2-DG in breast cancer
cells were further explored. Glycolysis downstream pathways, such as
nucleotide sugar biosynthesis, showed significantly decrease in
metabolic activity while remaining unchanged in abundance. The
labeled metabolites with decreased concentrations in the TCA cycle,
however, showed increased activities, which might serve as an alter-
native energy source under glycolysis inhibition. PCA revealed the
differentiation of single cells between the control group and the 2-DG-
treated groups based on their distinct LE, which cannot be dis-
tinguished by their relative intensity. These findings underscore the
importance of conducting metabolic activity analysis as a valuable
complement to concentration analysis. Significantly, to address the
challenge in population cell analysis, single-cell metabolomic analysis
was conducted for the direct cell-cell interaction analysis between
tumor cells and macrophages. The direct co-culture of naive macro-
phages (M0) and tumor cells in our experiment provided a model of
the interaction between early infiltrated macrophages and tumor cells,
which is less reported. There would be a conflict between the anti-
tumor activity of MO towards tumor cells and the TAM polarization of
MO impacted by tumor cell, which exhibits an opposite pro-tumor
capability. After the effective cell typing with the aid of machine
learning, the union analysis of concentration and activity demon-
strated the enhancement of hexose metabolism and pentose phos-
phate pathway while decreased glutamine metabolism and amino
acids synthesis in MDA-MB-231 cells after co-culture, as well as the
predominant M2-like polarization of TAM characterized by increased
oxidative phosphorylation and TCA cycle in TAM, disclosing a pre-
dominant transformation of MO into a more M2-like TAM. And the
metabolic alteration of MDA-MB-231 cells probably underwent sup-
pression followed by promotion by macrophages under direct cell-cell
contact between the two types of cells. In addition, there’s other works
revealed direct cell-cell contact may potentially influence MO macro-
phages to support the TNBC cell line growth rather than inhibiting it,
which contrasts with the outcomes observed when using conditioned
medium®. These results highlight the significance of single-cell online
metabolomic analysis, which enabling rapid online detection of direct
co-culture of cells to better mimic physiological conditions in the TME
in vivo. Furthermore, the refined subtyping of TAM revealed the het-
erogeneity of metabolic activities during polarization, indicating a
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heightened metabolic diversity in TAM in the microenvironment
besides the simplistic M1/M2 polarization.

In summary, a dynamic single-cell metabolomics system was
proposed and successfully demonstrated by the global profiling of
metabolic activity and flow analysis of metabolic pathways at the
single-cell level. The significance of metabolic activity profiling for
single-cell metabolomic analysis was underscored by a 2-DG inhibition
model, which demonstrated sensitive metabolic activity alteration and
fine intergroup clustering of single cells which cannot achieved by
solely concentration analysis. The system showed great potential in
the exploration of important biological issues at the single-cell level.
Metabolic alteration of cell-cell interaction between tumor cells and
macrophages was depicted from the union analysis of static and
dynamic metabolomics, which further indicated more versatile polar-
ization subtypes of TAM. As a result, dynamic single-cell metabolomics
advances single-cell metabolomic analysis to a new dimension, offer-
ing great potential for enhanced comprehension of cell heterogeneity
and contributing to future therapeutic implications.

Methods

Reagents and materials

MDA-MB-231 cells and A549 cells were obtained from Xinxiang Zhang
Laboratory (Peking University), MCF10A cells were obtained from Chu
Wang Laboratory (Peking University). MCF-7 cells were purchased
from KeyGEN BioTECH (Jiangsu, China. Catalog # KGG3332-1). The
human monocyte cell line THP-1 was acquired from ATCC (ATCC
Number TIB-202). Dulbecco’s Modified Eagle Medium (DMEM)/high
glucose (+ 25 mM glucose, + 4 mM L-glutamine) were purchased from
Thermo Fisher Scientific Life Technologies (USA). The dialyzed fetal
bovine serum (dFBS) was purchased from Biological Industries (Kib-
butz Beit-Haemek, Israel). The [U-®Cl-glucose, [U-Cl-glutamine,
[U-*C]-lactate were purchased from Cambridge Isotopes Laboratories
(MA, USA). CD45 monoclonal antibody (HI30), APC, eBioscience™
(Catalog # 17-0459-42) were purchased from Invitrogen.

Cell culture and pretreatment

The MDA-MB-231 cells and A549 cells were cultured in DMEM/high
glucose medium supplemented with 10% dFBS, 80 p/mL penicillin,
and 80 pg/mL streptomycin. MCF-7 cells and THP-1 cells were cul-
tured with RPMI-1640 medium supplemented with 10% dFBS, 80 U/
mL penicillin, and 80 pg/mL streptomycin. MCF10A cells were cul-
ture in MEGM (Lonza, CC-3150) supplemented with 10% horse serum,
80 U/mL penicillin, and 80 pg/mL streptomycin. All of the cells were
cultured in an incubator with 5% CO, at 37 °C.

For [U-®C]-glucose labeling experiments, when cells were grown
to 80% confluence, the unlabeled medium was removed, and cells
were washed by PBS for 3 times. Then, glucose-free DMEM with
25 mM [U-C]-glucose and 10% dFBS was added for isotope labeling.
For [U-BC]-glutamine labeling, the medium was replaced by
glutamine-free DMEM with 4 mM [U-®C]-glutamine and 10% dFBS.
For [U-®C]-lactate labeling, the cells were cultured in DMEM/high
glucose with 10 mM unlabeled lactate and 10% dFBS for 3 days, later
the medium was replaced by DMEM/high glucose with 10 mM [U-2C]-
lactate and 10% dFBS for solely lactate labeling, replaced by glucose-
free DMEM with 25 mM [U-C]-glucose, 10 mM unlabeled lactate and
10% dFBS for solely glucose labeling, or replaced by glucose-free
DMEM with 25mM [U-2*C]-glucose, 10 mM [U-*C]-lactate and 10%
dFBS for two tracers’ labeling. After labeling, the labeling medium
was quickly removed, and cells were washed twice by PBS, trypsi-
nized, and dispersed in PBS. Cells were quickly placed in the dry ice
until PBS was removed by centrifugation, and cells were resuspended
in 140 mM ammonium formate aqueous solution (pH = 7.3). Then,
cells were counted and diluted into 1x10*mL by ammonium for-
mate buffer, followed by detection with organic mass cytometry
immediately.

For co-culture experiments, THP-1 cells were treated with 100 ng/
mL phorbol-12-myristate-13-acetate (PMA; Sigma-Aldrich, USA) for
48h for differentiation into macrophages. Subsequently, macro-
phages were mixed with MDA-MB-231 cells at a ratio of 1:1 and co-
cultured for 3 days. After co-culture, the co-cultured cells and mono-
cultured cells were harvested by trypsin for FACS or direct single-cell
metabolomic analysis. For the production of conditioned media from
MDA-MB-231 cells, the MDA-MB-231 cells were washed by PBS when
the cell confluence is around 80%, and were further cultured in fresh
DMEM media for another 24 h. Then, the media were collected, filtered
by 0.22-pm filters, and stored in 4 °C.

Construction of mass cytometry device

The construction was built refer to CyESI-MS, which was illustrated in
Supplementary Fig. 1a, b. Briefly, the inner capillary (150 pm OD.,
50 pm ID.) was used to introduce cell suspension, which was driven by
a Pressure Injection Cell with Magnetic Stirplate (Next Advance, Inc.
USA) with 15 psi. A curved segment of 5 loops with a total length of
23 cm was fabricated for cell ordering by Dean flow. Then, the inner
capillary was wrapped by the middle capillary (360 pm OD., 200 pm
ID.) through a metal three-way valve, which was utilized for sheath
liquid transportation. High voltage was applied on the sheath liquid by
a metal valve for electrospray ionization. The sheath gas was also
introduced by a three-way valve and wrapped the middle capillary by a
poly(ether-ether-ketone) capillary (790 pm OD., 500 pum ID.). At the tip
of this device, the outlet of the inner capillary was 4 mm shorter than
the middle capillary to achieve full contact of the cell suspension and
sheath liquid for metabolites extraction and stable formation of elec-
trospray. The outlet of the middle capillary was stretched out the outer
capillary by 2 mm for nebulization, and nitrogen served as the sheath
gas. For ddMS2 acquisition of single cells*, the distance between the
outlet of the inner capillary and the middle capillary was extended to
14 mm to prolong the contact time of the cell with methanol for the full
release and diffusion of metabolites of single cells before their intro-
duction into MS, thereby achieving an extended analysis window of
single cells for ddMS2 acquisition.

Mass spectrometry for single-cell analysis

All mass spectrometry detection was performed on an Orbitrap MS
(Q Exactive Plus, Thermo Scientific, San Jose, CA). The MS para-
meters for full MS acquisition were set as follows: capillary tem-
perature=320°C, resolution=35,000, AGC target=1x10°,
maximum inject time =50 ms, microscans=1 in both positive and
negative mode. The high voltage applied on sheath liquid was set as
+3.5kV and - 3.5kV in positive or negative mode, respectively. The
MS parameters for ddMS2 mode acquisition were set as follows:
resolution=17,500, AGC target=1x10°, maximum inject time =50
ms, isolation window = 0.4 Th, collision energy =30,40,50, top N=9,
dynamic exclusion duration=60s.

Data analysis for single-cell essential data processing and iso-
tope tracing

A streamline data processing platform was developed for single-cell
essential data processing and isotope tracing. For essential data pro-
cessing, 4 steps included:

(1) Single-cell pulse peak extraction: The raw MS data was
transformed into mzML format by the MSConvert software
(ProteoWizard). Then, the mzML file was read by a Python
package named Pyteomics®*, and processed by a self-developed
Python code. Briefly, the cell marker (m/z306.0760) was used to
extract single-cell events in the negative mode, and the intensity
cutoff was set as 5x10°. The continuous spectra with absolute
intensity of m/z306.0760 above the cutoff were assigned to one
cell, and the spectrum of the maximum intensity of m/z
306.0760, the one spectrum before it, and the two spectra
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after it were set as one cell pulse peak event. Thus, all cell pulses
were extracted with each including a list of 4 spectra. In the
positive ion mode, m/z 760.5844 was used as a cell marker, and
the two spectra before its maximum spectrum, the one
spectrum after it were set as one cell pulse peak event. In
addition, the overlapped single-cell pulses were filtered out
according to the interval between two cell pulses.

Single-cell characteristic peak determination: firstly, the mass
peaks with absolute intensity >1e4 appeared in all single-cell
pulses were extracted, and the peaks with occurrence frequency
>10% of all cells were filtered for further process. Secondly, all of
these detected peaks went through maximum intensity extrac-
tion in each single-cell pulse, and the maximum intensity divided
by the background intensity (defined as the former and the
latter spectra, which were 2 spectra apart from the maximum)
were record as the SBR. Only peaks with both SBR>3 were
defined as characteristic peaks in one cell. Finally, the
characteristic peaks with occurrence frequency >20% of all
cells were filtered as characteristic peaks of single cells. For
isotopologue searching, the threshold of occurrence frequency
was setting for 15%.

Metabolite annotation: the characteristic peaks detected in
single cells were annotated to metabolites by accurate mass
matching with standards in HMDB, local database, and MS/MS
determined metabolites from population cells (MDA-MB-231)
successively. For isotope tracing analysis, peaks with m/z< 663
were filtered for subsequent analysis.

Intensity extraction from single cells: for isotope tracing analy-
sis, the maximum intensities of all isotopologues of labeled
metabolites (determined by isotope tracing analysis) were
extracted. For normal analysis, the relative maximum intensities
of all annotated metabolites were extracted.

For isotope tracing analysis, there were 5 steps after metabolite

annotation described above, including isotopologue library con-
struction, labeled peaks extraction, labeled metabolites determina-
tion, natural isotope correlation for isotopologues intensity and
statistical analysis.

@

2

3

@
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Isotopologue library construction: after the metabolite annota-
tion, the theoretical m/z of all isotopologues were calculated
according to the carbon number of metabolites.

Labeled peaks extraction: all characteristic peaks in the labeled
or unlabeled single-cell samples were screened through the
isotopologues library, and the detected isotopologue peaks
were conserved.

Labeled metabolites determination: the detected isotopologue
peaks of labeled and unlabeled samples were compared, and the
peaks which appeared in labeled samples and deficient in unla-
beled samples were marked as labeled isotopologues. Finally,
the corresponding labeled metabolites and labeled forms were
determined.

Intensity extraction and natural isotope abundance correla-
tion: The absolute intensity of all isotopologues of labeled
metabolites in each single cell were extracted, and natural
isotope abundance correction was performed using the R
package “AccuCor” (version 0.2.4; https://github.com/
XiaoyangSu/AccuCor).

After the labeled metabolites determination and peak intensity
extraction, the data was proceeded for statistical analysis. The
LE of each labeled form of metabolites was calculated, and the
box plots of single-cell distribution were outputted. The
averaged LE and the standard deviation of each labeled form
of metabolites between single cells were calculated, and the
averaged LE at all time points were fitted to the following
exponential function®®, where k is the first-order rate constant,

indicating the labeling rate of the metabolites from the tracer.
Therefore, the time-course plots and corresponding fitting
lines were outputted for each labeled form of metabolites. In
addition, the labeling pattern of each metabolite in single cells
were also outputted and analyzed.

LE=ax e %Y _ g(a<0) @D

LC-MS analysis

@
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Sample preparation. For the isotope labeling experiment, when
cells grown to 80% confluency, they were washed by PBS for 3
times, and DMEM containing 25 mM [U-*C]-glucose was added
and labeling for 1 or 3 h. After labeling, cells were harvested by
either trypsinization or scraping. For trypsinization, cells were
washed by PBS for 3 times, and 2mL trypsin was added and
incubated for 1min for MDA-MB-231 cells. Then, the trypsiniza-
tion was quenched by dFBS immediately, and the cells were
blown down and collected by centrifugation. The cell pellet was
washed by 5 mL PBS for 3 times, and 3 mL -20 °C pre-cooled 50%
MeOH/H,0 was added for quenching and extraction of metabo-
lites. For scraping, cells were washed by PBS for 3 times, and 3 mL
-20 °C pre-cooled 50% MeOH/H,0O was added immediately, and
cells were scraped from the plate and collected. After cell harvest,
the samples were vortexed for 1 min followed by sonication for
10 min in an ice-bathed ultrasonic cleaner (40 kHz), and were
centrifuged for 20 min using 16,200 g at 4 °C. The supernatant
was evaporated to dryness in a vacuum concentrator. Dry
extracts were saved at —80°C or reconstituted in 100 pL of
ACN:MeOH:H,O (3:2:1, v/v/v), followed by 10 min ice-bathed
sonication (40 kHz) and 20 min centrifugation using 16,200 g at
4 °C. Supernatants were finally transferred to HPLC glass vials for
LC-MS analysis. Biological replicates =3 for the above trypsiniza-
tion/scraping experiments. QC samples were prepared through
the combination of unlabeled samples.

LC separation. Metabolomics data was acquired using a UPLC
system (Waters ACQUITY UPLC, Waters) coupled to an orbitrap
MS (Q Exactive plus, Thermo Scientific). Waters ACQUITY UPLC
BEH Amide column (particle size, 1.7 pm; 100 mm (length) x 2.1
mm (i.d.)) was used for LC separation for polar extraction of cell
metabolites. Mobile phases A=95:5 H,O/ACN (v/v) containing
1%o formic acid for positive mode / 95:5 H,O/ACN (v/v) con-
taining 1% NH5-H,O for negative mode. Mobile phases B =100%
ACN containing 1%. formic acid for positive mode / 100% ACN
containing 1%. NH3-H,O for negative mode. Flow rate = 0.5 mL/
min. The linear gradient eluted from 3% A (0-1 min), to 10% A
(1-6 min), to 50% A (6-20 min), stayed at 50% (20-25 min) and
went back to 3% A (25-30min) for both positive and
negative mode.

Mass spectrometry. The MS parameters for full MS acquisition
were set as follows: capillary temperature =350 °C, resolu-
tion=70,000, AGC target=1x10° maximum inject time=
200 ms, aux gas heater temperature =350 °C, sheath gas =35
arb, aux gas =10 arb; sweep gas =5, scan range = 80-1200 Th,
spray voltage=3.5kV or -4.0kV, in positive or negative
modes, respectively. The MS parameters for ddMS2 acquisi-
tion were set as follows: resolution = 35,000, AGC
target =1x10°, maximum inject time =200 ms, isolation win-
dow =0.4 Th, collision energy = 20,30,40, top N=9, dynamic
exclusion duration=30s.

Data processing. The ddMS2 raw data acquired from Orbitrap
MS was analyzed by Compound Discoverer 3.3 for metabolite
annotation to construct a local library with MS/MS data for the
MDA-MB-231 cell line. For bulk isotope tracing analysis, the full
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scan raw data was transformed into mzXML format using
MSConvert (ProteoWizard). Then, the mzXML files were
processed by XCMS for peak detection, retention time correc-
tion, and peak grouping. The key parameters were set as follows:
method = “centWave”, ppm =15, snthr = 10, peakwidth = ¢(5,60);
minfrac, 0.5. Target extraction of labeled isotopologues was
achieved by self-developed Python code, and natural abundance
correction was performed using the R package “AccuCor”
(version 0.2.4).

Calculation of labeling extent (LE)

Labeling extent (LE) represents the labeling enrichment of all labeling
forms of one metabolite, or the labeling enrichment of one typical
labeling form (Mn) if specifically annotated. It’s calculated by Eq. (2).

n
LE= 7%";1 ’IMi @
i=0"Mi

Fluorescence-activated Cell Sorting

FACS was performed on an Aria SORP flow cytometer (BD Bios-
ciences). The samples were prepared according to the Flow Cytometry
Protocols provided on the official ThermoFisher Scientific website.
Briefly, the cells were harvested by trypsin and resuspended into 3%
BSA/PBS solution. 5 pL antibody were added into 50 pL cell suspension
and diluted into a final volume of 100 pL. The mixtures were incubated
on ice in the dark for 30 min. Subsequently, the stained cells were
washed, resuspended in 3% BSA/PBS solution, and analyzed as soon as
possible.

Statistical analysis

The UMAP analysis was performed on the OmicShare online platform,
and the parameters were set as follows: n_neighbors =15, n_compo-
nents =2, metric = “Euclidean”, n_epochs =200, min_dist=0.1 or 0.5,
and negative_sample_rate =5. The hierarchical clustering was per-
formed on Origin and the parameters were set as follows: cluster
method = “Group Average”, distance type = “Euclidean”.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The metabolomic MS raw data have been deposited to MetaboLights
with the dataset identifier MTBLS11091. The published datasets related
to the conclusions in this paper can be accessed under GEO accession
numbers: GSE114727, GSE139829, GSE154600, GSE115978, GSE118390,
GSE125449, GSE15803, GSE130973, GSE115978, GSE127465; URLs for
additional data are https://www.synapse.org/#!Synapse:syn21560407
and http://blueprint.lambrechtslab.org, as well as https://support.
10xgenomics.com/single-cell-gene-expression/datasets/1.1.0/pbmc3k.
The integrated datasets can be downloaded through the following link:
https://cellxgene.cziscience.com/collections/3f7c572c-cd73-4b51-
a313-207c7f20f188 provided by https://doi.org/10.1038/s41467-024-
49916-4. All data supporting the present study are available within the
paper and the Supplementary Information. Source data are provided
in this paper.

Code availability
The code developed in this manuscript has been submitted to Code
Ocean, https://doi.org/10.24433/C0.6142726.v1.
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