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Spatially resolved 3D metabolomic profiling in tissues
Shambavi Ganesh1,2*, Thomas Hu1,2*, Eric Woods3,4†, Mayar Allam1, Shuangyi Cai1, 
Walter Henderson3,4, Ahmet F. Coskun1‡

Spatially resolved RNA and protein molecular analyses have revealed unexpected heterogeneity of cells. Metabolic 
analysis of individual cells complements these single-cell studies. Here, we present a three-dimensional spatially 
resolved metabolomic profiling framework (3D-SMF) to map out the spatial organization of metabolic fragments 
and protein signatures in immune cells of human tonsils. In this method, 3D metabolic profiles were acquired by 
time-of-flight secondary ion mass spectrometry to profile up to 189 compounds. Ion beams were used to measure 
sub–5-nanometer layers of tissue across 150 sections of a tonsil. To incorporate cell specificity, tonsil tissues were 
labeled by an isotope-tagged antibody library. To explore relations of metabolic and cellular features, we carried 
out data reduction, 3D spatial correlations and classifications, unsupervised K-means clustering, and network 
analyses. Immune cells exhibited spatially distinct lipidomic fragment distributions in lymphatic tissue. The 3D-SMF 
pipeline affects studying the immune cells in health and disease.

INTRODUCTION
Molecular profiles of RNAs, proteins, and metabolites in cells and 
tissues are informative about health and disease state at the single-cell 
level (1, 2). Spatially resolved analysis of immune organs is critical 
to map out tissue organization (3). Chemical compounds are altered 
in spatially distinct locations in tissues to regulate cell-cell interactions 
and intracellular decision-making. In particular, a human tonsil is a 
secondary lymphoid organ that exhibits a heterogeneous distribution 
of immune cells, such as T cells and B cells, among other subtypes 
of immune and structural cells (4). Tonsils play a large role in 
accepting and rejecting foreign organisms that enter the human 
airway (5). The tonsils lie at the beginning of the alimentary tract, 
where they continually monitor and capture pathogens such as viruses 
and bacteria to perform immune surveillance. This network of cel-
lular interactions is guided by immune responses, secreted antibodies, 
and metabolic regulators in the tonsil (6). Immune tissue function 
and architecture in tonsils has been previously investigated by histo-
logical analysis and immunofluorescence to examine various cell 
types and molecular distributions. However, these techniques have 
been limited to a relatively small number of markers (7), leading to 
an incomplete map of chemical compositions in immune networks.

Tissue architecture, cellular identification, subcellular localization, 
and metabolic regulation in immune organs require simultaneous 
measurements of many chemical fingerprints. Regenerative medicine 
and immunoengineering applications require a deeper understanding 
of native tissue functionality and the role of metabolites with high 
spatial detail (8). To resolve these cell features, multiplexed and 
highly spatially localized metabolic profiles of immune cells in 
human tissues are crucial. Thus, technological developments are 
needed to deliver spatially localized metabolic profiles of individual 
immune cells in human tissues.

Here, we interrogate metabolites that are spatially distributed in 
specific anatomical regions of tonsil samples using time-of-flight 
secondary ion mass spectrometry (TOF-SIMS) (9). The TOF-SIMS 
system raster scans ion beams across the tissue sample to profile 
atomic masses ranging from 1 to 10,000 atomic mass units (amu). 
The system can detect elements down to concentrations of a few 
parts per million of a monolayer, making it a technique capable of 
dopant-level surface and depth profile characterization. It can produce 
chemical maps and three-dimensional (3D) chemical reconstructions 
from both positive and negative ions with single-nanometer depth 
resolution and submicrometer lateral resolution (10, 11). While im-
plementing 3D depth profile results in the destruction of the sample, 
the damage is localized to a small volume of material. If no depth 
information is needed, then TOF-SIMS is quasi-nondestructive, 
meaning that damage depth is less than one monolayer.

Before destructive TOF-SIMS analysis, optical imaging (12) allows 
for nondestructive and highly accurate spatial location of cellular 
boundaries and stained cells in volume across multiple micrometers 
in-depth to define an anatomical region in tonsils. Once the regions 
of interest (ROIs) such as germinal centers (GCs) have been identi-
fied from the optical microscopy experiments, TOF-SIMS is used to 
examine the areas of interest. After recording the spatial coordinates 
of the GCs using optical inspection, metabolic profiles were recorded 
inside, outside, and at the border of GCs in healthy tonsil tissue.

Another important advance is to incorporate cell-specific enrich-
ment in spatial metabolic profiling in tissues. The labeling method 
was adapted from cytometry by time of flight (CyTOF) (13) and 
imaging mass cytometry (IMC) (14) technologies that routinely use 
up to 35-plex isotope tags to profile and spatially localize individual 
cell types and structural components of cell suspensions and tissues. 
The toolkits (15) are readily available to conjugate these isotope tags 
onto the antibodies using MaxPar labeling, and the efficiency of anti-
body detection was validated by IMC measurements in tonsil tissues 
without metabolic distributions. In this platform, we deployed these 
isotope-tagged antibody libraries to stain the tonsil tissues, followed 
by TOF-SIMS measurements around GCs of the labeled tonsil sec-
tion. While unlabeled tonsil sections were initially analyzed, a library 
of 20-plex isotope-tagged antibodies was labeled onto tonsil slices to 
correlate cell-specific features to metabolites of interest. This paper 
presents 3D spatially resolved metabolomic profiling framework 
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(3D-SMF) as a method to profile volumetric metabolic fragment 
maps and cell-specific features of immune cells in spatially distinct 
anatomical regions of a tonsil architecture (Fig. 1).

First, the experimental procedures to record 3D metabolic data 
cubes were demonstrated and validated after calibration of abun-
dant mass channels across serial TOF-SIMS imaging of 256 pixel by 

256 pixel regions of tonsil tissue. This step was followed by digital 
quantification of up to 189 metabolic channels using dimensionality 
reduction, 3D spatial correlation, and unsupervised 3D clustering 
analysis. Second, isotope-tagged antibody labeling of a tonsil section 
was introduced in TOF-SIMS experiments to associate cell-specific 
features such as surface receptor distributions for immune cells and 

Fig. 1. 3D-SMF. (A) The schematics of 3D metabolic profiling over 50 to 150 depth layers in a tonsil specimen is illustrated. (B) Calibration of the mass peak lists was per-
formed using the negatively charged ions. (C) Postanalysis of the acquired TOF-SIMS data included extraction of the mass channels, their corresponding intensity counts, 
and duration of data collection. (D) To determine the exact value of a mass channel, we identified the peaks of the relevant mass channels during the image acquisition 
or after the measurements. (E) Mass channels were carefully chosen on the basis of the intensity and width of mass channels. (F) The acquired images from the mass 
channels were analyzed using log transforms and filtering, followed by the data export into an American Standard Code for Information Interchange (ASCII) text. (G) 3D 
metabolic distributions in the acquired TOF-SIMS datasets were processed by postanalysis methods. (H) The spatial clustering of all TOF-SIMS datasets into six distinct 
clusters was performed using six unique colors. (I) Overlaid images of isotope-labeled mass channels with those containing distinct 10 lipid fragments were shown. 
(J) TOF-SIMS signal difference between isotope-labeled and unlabeled dataset of the same GC was illustrated. (K) Prediction of isotope-labeled dataset amino acid mass 
channel was calculated from mass image differences of labeled and unlabeled channels.
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functional markers to correlate phenotypic signatures to metabolic 
distributions.

Last, spatially distinct regions that contain or exclude GCs were 
mapped in labeled tonsil sections and analyzed to determine unique 
lipidomic profiles that are correlated or anticorrelated across the 3D 
volume distributions. The 3D-SMF provides high-dimensional 
maps of immune cell distributions in immune organs and can be 
broadly applicable to other tissues from diseased samples such as 
tumors.

RESULTS
3D spatially resolved metabolic profiling and data analysis
In the 3D-SMF approach, formalin-fixed and paraffin-embedded 
(FFPE) tonsil tissue slices were subjected to repeated sputtering cycles 
with cesium (Cs) ion gun to remove the oxidized/intermediate layer 
and subsequent analysis with bismuth (Bi) ion gun producing sec-
ondary ions to measure a series of 50 to 150 depth images from the 
same field of view that were stacked to generate a 3D volumetric 
reconstruction of the chemistry of tonsil tissues (16). The overall pro-
cedure to handle the measurement datasets acquired from TOF-SIMS 
imaging was outlined (Fig. 1A). To extract prominent mass channels, 
we used peaks of lower masses from negatively charged ions (e.g., abun-
dant phosphorus, sulfur, and oxygen ions) for calibration of the list 
of peaks over a large range (Fig. 1B). The measurement window was 
used to monitor and quantify the mass number and the corresponding 
intensity count (Fig. 1C). The selection of peaks could be performed 
either before or after the measurement process (Fig. 1D). Analysis 
of mass channels was carried out using the SurfaceLab (version 6) 
software to export data that are designed to be compatible with 
Python pipelines (Fig. 1, E and F). Spatially resolved clustering of 
the resultant mass spectra was performed to create pseudo-colored 
images of cell-specific features and metabolic fragments (Fig. 1, H and I). 
For validation, the same GC was also imaged from the serial tissue 
sections, wherein the difference analysis was performed between the 
two similar biological targets that were labeled with the isotype- 
antibody pairs, and another one was left unlabeled (Fig. 1J). A predic-
tive analysis was developed to calculate contributions of antibodies 
used in labels to the amino acid fragments (Fig. 1K), providing a 
computational solution to measure multimass spectra components 
of labels in the 3D-SMF platform.

To identify each compound in the dataset, we used two models 
to assign chemical targets to the potential mass fragments. First, mass 
numbers that were compiled from the previous TOF-SIMS literature 
(9, 17–23) were assigned to the lipidomic fragment signatures in the 
3D-SMF datasets (data file S1). Upon collection of mass identifica-
tion information corresponding to relevant chemical compositions 
from the TOF-SIMS datasets, the number of occurrences for each 
identified mass numbers was statistically analyzed. The most repeat-
able and probably mass signatures were then assigned to each of the 
mass numbers. This is akin to the community-based platform pro-
vided by METASPACE 2020  (24) for the metabolic annotation from 
the matrix-assisted laser desorption/ionization mass spectrometry 
(MALDI-MS) datasets that were created from a public repository, 
which inspired our mass target identification from the TOF-SIMS 
literature. Second, the TOF-SIMS library contains a repository of 
empirically identified mass spectra from previous calibration exper-
iments using relatively pure targets (data file S2). TOF-SIMS uses 
the elemental and molecular isotope ratios that were previously ex-

tracted from the large library of samples to predict the compound 
names corresponding to mass numbers (25, 26). Here, the SurfaceLab 
program searches for the peak in the spectrum that is closest to the 
mass number in question, after which the center of the mass peak is 
determined for target identification. For the compounds closest in 
mass to the peak center, the database lists them in order of the dif-
ference of their library mass from the selected peak’s centroid. For 
each compound listed, a match is calculated at the positions of pos-
sible isotopic permutations. If a signal is detected at these positions, 
then the “explained” value for that compound is 100%. If there is no 
detected signal at some predicted location(s), then the explained value 
is correspondingly lower than 100%. These values statistically match 
chemical compounds such as amino acids, lipids, and other meta-
bolic fragments. While these two methods are the major mass iden-
tification strategies, correlation of the TOF-SIMS data to other MS 
techniques such as MALDI (27)) and desorption electrospray ion-
ization (28), as well as other neural network-based training methods 
of known samples to identify unknown targets, can, in principle, be 
used in a large-scale sample library (29). Target identification that is 
presented in this platform is still a proof-of-principle model, which 
can directly benefit from emerging target identification approaches 
in the MS field.

The volumetric postprocessing steps were performed in custom- 
developed Python scripts to quantify 3D metabolite distributions in 
the unlabeled and labeled tonsil data using the t-distributed stochastic 
neighbor embedding (t-SNE) maps, heatmaps, K-means clustering 
algorithm, and network analysis (Fig. 1G). Data reduction by the 
t-SNE maps suggested metabolites that have high-degree colocal-
ization of their spatial distributions. Hierarchical clusters denoted 
heatmaps from 3D correlation analysis of 10 binned slices that com-
bined the average of 10 subsequent depth images using Pearson’s 
coefficients that spanned a range of −1 to 1 values, providing cor-
related and anticorrelated metabolic mass channels across volumetric 
data. The effect of 5 to 20 slices binning on the heatmaps was illus-
trated (fig. S1). These correlation values were then visualized as a 
network of metabolic channels using nodes and edges, wherein edge 
thickness referred to a higher correlation and the dark red color 
corresponds to positive correlations. To classify metabolic voxels, 
we used an unsupervised K-means clustering method to determine 
the organization of metabolic differences in spatially distinct regions of 
tonsil samples. For instance, of the six clusters obtained in K-means 
analysis from an unlabeled tonsil tissue sample, cluster 3 provided 
mass compounds that were enriched in 385 mass/charge ratio (m/z) 
(C23H45O4

−, Cholesterol) mass channel, and cluster 5 yielded 42.2 m/z 
compounds. In spatial distributions, the first compound in cluster 5 
showed circular cellular features, whereas the latter one was more 
distributed around the peripheral regions of the cells. While these 
round metabolic distributions are similar to those single-cell nuclear 
images in the 4′,6-diamidino-2-phenylindole channel obtained from 
optical images, we will broadly refer to cellular features to avoid any 
miscalling. The resultant t-SNE maps, heatmaps with clustergrams, 
and K-means clusters of 3D metabolic distributions provided spa-
tially resolved 3D chemical fingerprints that contain largely distinct 
lipidomic signatures in tonsils.

The 3D metabolomic fragment measurements were performed 
in a 5-m-thick unlabeled tonsil slice (Fig. 2A). The peak list for 189 
compounds was identified, and the measurement data were exported 
for postanalysis (Fig. 2B). To categorize metabolic compounds into 
spatially resolved groups, we computed 3D Pearson’s correlations 
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across the volumetric 189 mass channels to define “correlated” and 
“anticorrelated” metabolite groups across 20 binned slices (tables S1 
and S2). Correlated compounds exhibited highly colocalized spatial 
distributions, while the anticorrelated ones showed different spatial 
cellular maps. A ranking of correlation coefficients was carried out 

on the basis of the highest spatial similarity and dissimilarity, wherein 
the highest correlation ranking for 20 to 50 correlated compounds 
and lowest ranking for 20 to 50 anticorrelated metabolites were 
determined. To allow comparisons across datasets, we displayed the 
compounds that commonly occur in the rankings in the form of 

Fig. 2. Anticorrelated and correlated spatially resolved metabolic distributions in tissues. (A) A 5-m-thick unlabeled tonsil slice was imaged by a TOF-SIMS device, 
providing 3D metabolite images over 138 depth slices. (B) The calibration and identification of the 189 mass channels were carried out, and the resultant measurement 
data were exported into an ASCII text file. (C) The bar graphs for total ion 3D signals were used for the highest 50 correlated and anticorrelated metabolite pairs. (D) The 
t-SNE plot for the unlabeled tonsil dataset demonstrated the highest (blue) and lowest correlated (anticorrelated) metabolites (green). (E) Six clusters were obtained from 
a 3D K-means algorithm to visualize selected five metabolites of 50, 63, 74, 79, and 385 m/z (C23H45O4

−, cholesterol) on a heatmap of normalized z-scores. (F) Pairwise 
correlations of the 189 metabolites of the unlabeled tonsil tissue dataset were computed on a clustered heatmap. (G) Five metabolites of 50, 63, 74, 79, and 385 m/z 
(C23H45O4

−, cholesterol) were visualized for six clusters. The first column contains pixel-binned 2D images, the second column shows the 3D clusters, and the third column 
displays the 3D voxels of the five metabolites. The clusters and the original metabolites were quantified by F1 scores (0.661 to 0.982).
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bar graphs. In the unlabeled tissue dataset, the highest correlated 
compounds included m/z mass channels 16, 17, 50, 60, 61, 63, 66, 
74, 76, 79, 98, 109, 118, 179, 185, 201, and 190 m/z (C7H13NPO3

+, 
lipid) and 385 m/z (C23H45O4

−, cholesterol); and the lowest cor-
related (anticorrelated) metabolites were mass channels 50, 60, 72, 
73, 74, 76, 96, 97, and 98 m/z (C5H12NO+, lipid), 179 and 190 m/z 
(C7H13NPO3

+, lipid), and 385 m/z (C23H45O4
−, cholesterol) (Fig. 2C). 

Notably, some metabolite identities (e.g., 50, 60 m/z, etc.) appeared 
in both lists due to spatial correlations with one subset of metabo-
lites and simultaneous noncolocalized distributions for a different 
set of metabolic signatures. The pairwise correlations among the 
189 metabolites were visualized using heatmaps.

The t-SNE plot validated anticorrelated and correlated compounds 
(Fig. 2D). The resultant t-SNE maps were generated through opti-
mization of nonlinearity parameters such as perplexity, learning rate, 
and exaggeration. These data reduction maps provided a decent 
separation of metabolic compounds. Unlike proteomic datasets to 
separate cell types such as T cells and B cells, the presented t-SNE 
maps cover a mixture of metabolites without distinctive separation 
due to heterogeneous distribution of metabolic markers in any cell 
subset of immune cells. As a proof of concept, a selected list consist-
ing of m/z mass channels 50, 63, 74, 79, and 385 m/z (C23H45O4

−, 
cholesterol) that exhibit spatially distinct distributions was used in 
the 3D K-means algorithm to quantify and visualize volumetric me-
tabolite differences across six K-means clusters. From 3D data cubes, 
z-score row-normalized values of these compounds were plotted in 
the heatmap, where unique clusters (1 to 6) capture the spatial 
structural 3D localization of each compound (Fig. 2E). For pairwise 
analysis, hierarchical clustering from 3D metabolites showed cor-
related and anticorrelated compounds in the distinct clustergram 
groups of a heatmap (Fig. 2F).

For the same selected five metabolic compounds, the quantifica-
tion of the overlap between the calculated clusters and the original 
metabolomic compounds was validated using colocalization and F1 
scores (30). The first column showed the 2D images from metabolic 
images. The second column denotes the results of one cluster of six 
that separates 3D spatial metabolite patterns. The third column demon-
strates the original voxel values, and the fourth column shows colo-
calization of the clusters and voxels as visual representations of the 
3D overlap, whereas the F1 score was a quantification metric that 
corresponds to the similarity of the clusters that are colocalized with 
the original metabolic voxel distributions in the specific mass chan-
nels. The F1 metric obtained ranges from 0.661 to 0.982, providing 
a high-degree overlap for all the five metabolic compounds 
(Fig. 2G). The lower F1 score between the mass channels 50 and 
63 might be attributed to the similarity in their spatial distributions 
as the density- based K-means analysis would not be able to efficiently 
separate them. Alternatively, the higher F1 scores correspond to 
the successful classification of anticorrelated and spatially different 
compounds.

3D spatial metabolomic profiling with cell-specific labels
Metabolomic fragment signatures are widely distributed across many 
cell types. The specificity of a metabolite of interest to a well-defined 
cell identity is rather limited. For instance, lipidomic markers are 
distributed across the cell membranes and cytosol, and most immune 
cell types heterogeneously express these features. To introduce 
specificity to a metabolomic profiling pipeline, 3D-SMF used isotope- 
tagged antibody libraries that were implemented from IMC experi-

ments (31, 32). These isotope-tagged markers (Table 1) corresponded to 
the specific cell features that included structural tissue [169 collagen I 
and 141 smooth muscle actin (SMA)], epithelial cells (148 PanKeratin), 
T cells (170 CD3, 156 CD4, 162 CD8A, 155 Foxp3, and 173 CD45RO), 
B cells (161 CD20), checkpoints [165 programmed cell death pro-
tein 1 (PD1) and 150 Programmed Cell Death Ligand 1 (PDL1)], 
nuclear enriched signatures (171 histone 3 and 191/193 intercala-
tors), and other functional markers (143 vimentin, 158 E-cadherin, 
168 Ki-67, and 167 granzyme B), and together with unlabeled 
or background channels (127, 131, 138, 152, 190, and 208). In 
3D-SMF, a key criterion is that cells and tissues should have a min-
imal natural background (33) for these mass channels such that the 
labeling will provide the enriched contribution of labels for cell-specific 
ion signals but not from native metabolic distributions. The exten-
sive CyTOF and IMC literature have validated minimal cell back-
ground in these channels, while 3D-SMF may still have a small 
contribution from metabolites of interest. Thus, the decoupling of 
relatively low metabolic signals and cell-specific ions will not be at 
the center of this current pipeline. 3D correlative analysis of cell-type 
features and metabolic compounds provides data-driven analysis of 
enhanced specificity in the 3D-SMF results. Notably, the sensitivity 
of secondary ion detection per isotope channel for IMC and 3D-SMF 
might also be different due to the source differences (bismuth and 
oxygen) and the dimensions of the imaging volume, which are in-
trinsically controlled by the device settings (34). However, 3D-SMF 

Table 1. Library of isotope-tagged antibodies for cell labeling in 
TOF-SIMS.  

Number Mass Label Description

1 141 Pr SMA

2 143 Nd Vimentin

3 148 Nd PanKeratin

4 149 Sm H3K9me3

5 150 Nd PDL1

6 155 Gd Foxp3

7 156 Gd CD4

8 158 Gd E-cadherin

9 159 Tb CD68

10 161 Dy CD20

11 162 Dy CD8A

12 165 Ho PD1

13 167 Er Granzyme B

14 168 Er Ki-67

15 169 TM Collagen I

16 170 Er CD3

17 171 Yb Histone 3

18 173 Yb CD45RO

19 191 Ir Intercalator 
(DNA)

20 193 Ir Intercalator 
(DNA)
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is a correlation-based and spatially resolved clustering solution to the 
image-based metabolic dissection of tissue architectures that should, 
in principle, relate cell-feature association to compounds at a high 
confidence level.

Cell-specific labeling of an unlabeled tonsil was carried out using 
an IMC-optimized isotope-tagged antibody library (Fig. 3A). As de-
scribed, tonsil tissue slices were stained with 20-plex functional and 
structural cellular labels to obtain specificity in the 3D-SMF platform 
(Fig. 3, B and C). 3D metabolic data were captured across a 150 m 
by 150 m area of the labeled tonsil tissue at 256 pixel by 256 pixel 
sampling over 150 slices. To demonstrate the separation of mass 
labels and metabolic compounds on the t-SNE map, each isotope 
label was displayed in black, the highest correlated compounds were 
shown in blue, and lowest correlated (anticorrelated) metabolites 

were denoted in green colors (Fig. 3D). Isotope-tagged antibody li-
brary for 20 targets and metabolic compounds for another 169 peaks 
were extracted from the calibrated mass spectra (Fig. 3E). These two 
distinct classes are correlated in 3D to associate cell features to 
metabolites of interest, providing cell type enrichment of a subset of 
compounds in tonsil tissues.

The 3D correlation heatmap of the inside isotope antibody–labeled 
tonsil dataset is displayed for metabolic compounds and isotope- 
tagged mass channels. To validate cell-specific features, we presented 
3D correlations across 20 binned slices from only antibody channels 
(Fig. 3F). In this analysis, several correlations correspond to cellular 
features that were expected from labeling schemes. For instance, 
171 histone 3 proteins were correlated with 193 intercalator (DNA) 
channels, providing good agreement for voxel distributions across 

Fig. 3. Isotope-conjugated antibodies were labeled on tissue sections. (A) Cell-specific labeling of an unlabeled tonsil-sliced sample using an isotope-tagged anti-
body library. (B) Specific cellular features and metabolic compounds were identified. (C) After labeling, the tonsil tissue was analyzed by TOF-SIMS imaging to acquire a 
3D dataset. (D) The t-SNE plot exhibited the highest correlated metabolites (blue), anticorrelated metabolites (green), and isotope-tagged antibody labels (black) in the 
labeled tissue dataset. (E) The calibrated mass spectra consisted of 189 compounds that contained 20 peaks for cell features and 169 peaks for metabolites. (F) Pairwise 
3D correlations for only the antibody-labeled masses of the isotope antibody–labeled tonsil dataset across 20 binned slices were shown on a hierarchically clustered 
heatmap. (G) A clustered heatmap was used to represent the pairwise 3D correlations between a subset of metabolic compounds and cell-specific labels. (H) The hierarchically 
clustered heatmap showed pairwise 3D correlations of the five binned slices of the metabolite compounds and antibody labels. The dominant red/green colors in the 
heatmaps included a colormap for blue (low correlations), green (medium correlations), and red (high correlations).
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the nuclear regions. Because of the sensitivity differences of each 
isotope channel, these correlations would not provide perfect cor-
relations. A subset of the metabolic compounds was uniquely cor-
related with the cell-specific labels. For instance, the CD4 cells (155 
and 156 masses) were associated with 42, 64, 79, 87, 95, 102, 112, 
124, and 144 mass channels, whereas CD20 cells (161 mass) were 
linked to 66, 75, 84, 86, 91, 100, and 107 metabolites (Fig. 3G). The 
entire 3D correlation map across five binned slices of the ion data 
cube that contains antibody labels and metabolite compounds is dis-
played (Fig. 3H). The large heatmap showed that the immune labels 
correlated with a considerable number of other metabolomic com-
pounds, which are denoted as a dominant green/red cluster in a 
colormap of blue (low correlations), green (medium correlations), 
and red (high correlations).

3D metabolomic profiling in spatially distinct tonsil 
anatomical regions
Tonsil tissue architecture comprises spatially unique anatomical 
regions. One biologically interesting region to regulate immune 
responses is GCs that regulate antibody production through B cell 
and T cell interactions (35). The communication between these cells 
is regulated by the lipid structures (36) that are functionally linked 
to the ligand and receptor pairs for enabling cell-cell recognition. 
To determine the relations of cell-specific features to metabolomic 
fragments and particularly lipidomic fragment maps, we performed 
multiple 3D-SMF measurements in spatially distinct regions. To 
identify ROIs, we used a separate optical imaging step to observe the 
inside and outside regions of a GC that is close to one of the tissue 
edges in the labeled dataset (Fig. 4A and figs. S2 and S3). To align 
ROIs in the TOF-SIMS, we also used an internal optical camera to 
exactly match the inside, outside, and at the border of the same GC 
while starting the mass acquisition for the 3D-SMF datasets (Fig. 4, 
B to D). Spatially unique lipidomic signatures (37) around the GC 
region will be useful to identify the key chemical fingerprints that 
control immune-cell functionality in tonsils.

The hierarchically clustered heatmaps for the 3D correlations 
of 20 binned slices inside, outside, and at the border of GC were 
demonstrated for comparisons (Fig. 4E and figs. S4 to S6). While 
correlation clustering inside and outside the GC exhibit unique 
lipidomic features, the border regions of the GC showed a transi-
tion state from the clusters with varying heatmaps. In the t-SNE 
maps, the correlated (blue), anticorrelated (green), and antibody- 
labeled (black) channels showed distinct clusters for each category 
(Fig. 4F).

The extracted secondary ion signal levels from the selected cell- 
specific and metabolic compounds were then compared across these 
three spatial regions of the GCs in the form of bar plots (tables S3 to 
S8). In the total signal level across the 3D datasets, mass channels of 
127, 131, and 149 m/z were the most distinguished for inside the GC; 
131, 149, and 159 m/z were the most prominent for outside the GC; 
and the cell-specific markers for T cell markers of 156 and 170 m/z 
were the most enriched compounds in the border of the GC (Fig. 4G). 
The enrichment of B cells was higher inside the GC at the 161 m/z 
mass channel, which was expected from B cell distributions in the 
GCs of a tonsil sample. The correlated and anticorrelated metabolite 
and cell-specific compounds that were the most commonly found 
in the highest correlations for each of the three labeled datasets were 
displayed (Fig. 4H). The correlated and anticorrelated list were 
uniquely distributed inside, outside, and at the border of GCs, pro-

viding spatially distinct compositions of tonsil anatomical regions 
(Table 2).

To visualize 3D distributions of metabolic compounds, we used 
unsupervised K-means clustering for a combination of anticorrelated 
and correlated metabolites. To select several mass channels for 3D 
visualization, we used the 3D correlation strengths, commonly 
occurring compounds, and 3D ion signal levels from bar graphs as 
a classification strategy. For 3D clustering analysis, the dominant 
compounds in the inside GC datasets were 50 and 385 m/z (C23H45O4

−, 
cholesterol) and 122 and 98 m/z (C5H12NO+, lipid), providing colo-
calization values using F1 score in the range of 0.841 to 0.999 (Fig. 5A). 
The noteworthy mass channels outside GC datasets were 75, 80, 229, 
and 42, yielding F1 scores of 0.889 to 0.999 (Fig. 5B). Similarly, im-
portant compounds for GC border were 75, 42, 50, and 144, exhib-
iting F1 scores of 0.683 to 0.995 (Fig. 5C).

A comparison in the form of a bar graph of the detected meta-
bolic fragments was presented (Fig. 5D). Distinct subsets of lipid-
omic compounds were identified inside, outside, and at the border 
of GCs. This trend can be observed across the hierarchically clustered 
heatmaps (Fig. 4E and figs. S7 to S11), wherein high concentrations 
of B cells inside the GC and enrichment of T cells outside the GCs 
yielded cell type to lipidomic correlations. The distinct distribution 
of the lipidomic signatures correlated with higher concentrations of 
the B cells inside the GCs and higher concentrations of T cells outside 
the GCs (Fig. 5D). Several anticorrelated compounds have been dis-
played in the form of original 2D images for comparisons (figs. S12 
to S15). These dominant correlated and anticorrelated metabolites 
and the mass channels corresponding to the cell-specific labels were 
also presented as networks of nodes (figs. S16 and S17) (38). The 3D 
spatial correlations among these mass channels were also denoted 
with connecting lines, where the dark red lines show high correla-
tions and fainter gray lines demonstrated lower correlations.

In addition to the molecular correlation and network analyses, 
spatially resolved clustering of mass channels was performed on all 
of the mass channels (n = 189) and only in lipid fragment channels 
(n = 47), yielding six distinct spatial distributions of 3D-SMF mea-
surements that are provided as uniquely pseudo-colored mass channel 
images (figs. S18 to S24). Using an analytical formalism (see Eq. 1 in 
Materials and Methods) for K-means analysis of mass channel im-
ages, these clusters showed spatial similarity or differences of each 
metabolic fragment and other potential distribution by the isotope 
antibody labeling. To visualize the results of clustered mass images, 
the original TOF-SIMS data were binned across four pixels in x and 
y dimensions of 2D images and colored by unique assignments. 
Among 189 mass channels, spatially distinct 10 mass channels for 
lipid fragments showed substantial localization variability around 
the GCs (in, out, and border), wherein visual representations of the 
overlaid images of isotope-specific channels for immune cells and 
other 10 mass images from lipid fragments in the form of two row 
sets were shown in the first column, single pseudo-colored cell-specific 
channels were presented in the second column, and colored meta-
bolic images from major lipid fragments were included in the third 
to seventh columns (Fig. 5E). This coloring demonstration is a 
proof-of-principle analysis for 12 mass channels and can be extended 
to the entire set of 17 isotope-labeled channels and 47 lipid fragments.

To further validate the presented 3D-SMF results, we obtained 
another set of TOF-SIMS data in the same GC from serial tissue 
sections of the tonsil samples. The first tissue sample was labeled by 
seven-plex isotope-enrichment targets (171Yb, histone 3; 149Sm, 
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Fig. 4. Cell type–specific and metabolic correlations for the GC in tonsil tissues. (A) An optical imaging technique was used to observe the 5-m sliced tonsil section 
before TOF-SIMS. (B) The selected ROI was identified consistently between the optical imaging platform and the TOF-SIMS platform. In the TOF-SIMS device, an internal 
optical camera was used to align the ROIs. (C) The image showed the outside of the GC captured by the internal optical camera before the TOF-SIMS measurement process. 
(D) The images were shown for the border of the GC captured by the internal optical camera image before the TOF-SIMS measurement process started. (E) Comparative 
hierarchically clustered heatmaps for the 3D correlations were implemented for inside, outside, and at the border of the GC in the labeled tonsil datasets, yielding unique 
lipidomic features in each dataset. (F) Comparative t-SNE maps of the same GC of the labeled tonsil tissues was displayed. The t-SNE contained correlated (blue), anticor-
related (green), and antibody-labeled (black) channels. (G) Bar plots of the secondary ion signal levels were computed for the selected antibody labels and the metabolite 
compounds. (H) The bar graphs showed the 50 highest correlated and anticorrelated rankings of metabolic pairs from the 3D Pearson correlations.
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histone H3 lysine 9 trimethylation (H3K9me3); 153Eu, CD44; 143Nd, 
vimentin; 158Gd, E-cadherin; 168Er, Ki-67; 192Ir/193Ir, intercalator for 
DNAs), and the second tissue sample with the same anatomical structure 
was left unlabeled to serve as a control. The imaging settings were kept 
the same between the labeled and the unlabeled GC targets. To perform 
histological comparisons, we obtained the optical images of labeled 
and unlabeled tonsil tissues using the internal optical microscope in 
the TOF-SIMS device (fig. S25). To quantify the similarities in the 2D 
distributions of TOF-SIMS signals, we performed spatial clustering 
analyses of all mass channels and separately of only lipid fragment 
channels from both unlabeled and labeled distinct tissues in the same 
GC (fig. S26 to S29). These spatially clustered mass channels correspond-
ing to unique lipidomic compounds from the labeled and unlabeled 
GC datasets were presented as pseudo- colored and composite im-
ages (Fig. 6A). To link morphological features to TOF-SIMS signals, 
we overlaid histological optical images of the labeled and the unla-
beled tonsil tissue slices with the same 10 lipid fragment datasets 
(Fig. 6B). Compared to the wet-form imaging of the tonsils using 
a separate optical microscope, the dry-form tonsil imaging inside the 
TOF-SIMS provides better matching cell patterns. Notably, the surface 

of imaging may be separated by a few micrometers in the TOF-SIMS 
data acquisition from the labeled and unlabeled GC due to the section-
ing process of tissues despite analyzing the same GC, potentially exhib-
iting biological variations of lipid fragments and cell-specific targets.

The 3D-SMF platform may help explain the role of unique lipid 
signatures for major pathways in immune regulation. To identify 
functions of distinct lipid fragments in our GC datasets, we used the 
library from the lipid maps consortium to classify the 47 lipid frag-
ment types mainly as fatty acids (FAs), among major eight lipid 
classification categories (tables S9 to S11) (39). FAs in distinct channels 
showed enhancement or reduction inside the GCs in the average 
signals maps of lipids in the labeled and unlabeled GCs, yielding 
unique spatial lipid codes per channel (fig. S30). These differential 
changes in FA concentrations agree well with the findings that sup-
port the mechanism of B cells in GCs that selectively oxidized FAs 
for energy (40). Vitamin E (205 m/z) and cholesterol (385 m/z) may 
also contribute to the membrane compositions to regulate cell-to-
cell recognition (41, 42).

3D-SMF analyses of the same GCs from serial tissue slices enable 
a quantitative framework to quantify signals from other mass frag-
ments in the labeling assembly that contains isotopes, antibodies, 
and polymers. After labeling, the sum of pixel intensities across 138 
z-scans from these datasets for the GC showed intensity enhance-
ment in the total signal from all mass channels (fig. S31A). The total 
signal in the TOF-SIMS measurements can be modeled as multiple 
mass spectral analyses, in which the distinct chemical compounds 
can be numerically computed in different ranges of mass channels 
(see Eq. 2 in Materials and Methods). In the case of seven isotopes 
used for the labeling, the total signal of 3D TOF-SIMS per isotope- 
targeting channels showed an increased summed intensity, while the 
other mass channels either showed enhancement or reduction in 
the total signal per channel (fig. S31, B and C). The antibodies are 
expected to get fragmented into amino acids based on prior TOF-
SIMS analysis of pure antibodies (43). Thus, we assigned 11 mass 
channels to amino acid fragments and calculated the signal enhance-
ment due to labeling in each amino acid channel of the labeled and 
unlabeled GC data, providing a consistent enhancement in all the 
mass channels for amino acid fragments and a spatial patterning in 
the labeled data for the visual representation of mass images (fig. S32, 
A to C). For further quantification factor of the total signal levels 
per channel, signals in the labeled samples were subtracted by those 
in the unlabeled channels (fig. S33) that were then divided by the 
total labeled signal, yielding positive factors for amino acid channels 
due to antibodies, positive factors for isotopes, and heterogeneous 
positive and negative factors for lipids that might be due to the bio-
logical variability (fig. S34). In the case of the polymers used to con-
jugate antibodies to the isotopes, the mass spectra should be in 
the range of 525 (only polymer) that is added by the isotope’s mass 
number (e.g., 85 amu), demonstrating a mass peak at 610 m/z 
and beyond, which was previously experimentally verified by single 
quadrupole electrospray ionization MS measurements of the 
same maleimido-mono-amide–1,4,7,10-tetraazacyclododecane-1, 
4,7,10-tetraacetic acid (DOTA) (mal-DOTA) polymer complex (15). 
This fairly large mal-DOTA complex should, in principle, be detected 
by the TOF-SIMS in the 400 to 600 m/z range based on prior polymer 
studies in the TOF-SIMS literature (44). Therefore, the spectral de-
composition of total TOF-SIMS signal and prior mass analysis on 
antibodies and polymers allowed isolation of signal contributions that 
are arising from a labeling complex, an important framework for the 

Table 2. Unique compound distributions inside, outside, and at the 
center of GCs in tonsil tissues.  

Masses (m/z)

Inside germinal

Common correlated 
compounds

194, 35, 66, 100, 201, 
42, 75, 76, 107, 16, 84, 

88, 185, 91, and 60

Common 
anticorrelated 

compounds

1, 35, 42, 50, 185, 58, 
57, 63, 64, 194, 66, 

196, 201, 74, 75, 84, 
85, 86, 88, 91, and 107

Top correlation 
compounds pairs

75-42, 91-42, 75-91, 
84-91, and 84-42

Top anticorrelation 
compounds pairs

50-16, 50-179, 50-76, 
16-122, and 359-431

Outside germinal

Common correlated 
compounds

128, 66, 35, 100, 42, 
75, 107, 79, 84, 86, 91, 

and 63

Common 
anticorrelated 

compounds

1, 128, 133, 35, 42, 64, 
66, 72, 73, 75, 84, 86, 
91, 92, 95, 100, 102, 

107, and 124

Top correlation 
compounds pairs

75-84, 60-76, 75-91, 
60-16, and 16-17

Top anticorrelation 
compounds pairs

73-75, 73-42, 73-91, 
73-84, and 73-100

Border germinal

Common correlated 
compounds

97, 98, 35, 66, 72, 73, 
42, 75, 74, 50, 84, 86, 

185, and 60

Common 
anticorrelated 

compounds

1, 35, 42, 185, 58, 63, 
64, 66, 67, 68, 194, 

201, 75, 82, 84, 85, 86, 
87, 88, 91, and 124

Top correlation 
compounds pairs

75-42, 50-185, 50-74, 
75-91, and 50-73

Top anticorrelation 
compounds pairs

1-158, 1-155, 1-98, 
208-1, and 267-1
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Fig. 5. 3D clustering of metabolic fragments in spatially distinct cell distributions in tissues. (A) The prominent mass channels were identified in the inside GC data-
set that contained 50 and 385 m/z (C23H45O4, cholesterol) and 122 and 98 m/z (C5H12NO+, lipid). The first column contains pixel-binned images, the second column shows 
the 3D clusters, and the third column displays the 3D visualization of voxels of the four metabolic channels. The 3D overlaps between metabolites and clusters were 
represented using colocalization in the fourth column and an F1 score in the range of 0.661 to 0.982 in the fifth column. (B) The prominent mass channels in the outside 
GC are 75, 80, 229, and 42 m/z. The F1 scores were 0.889 to 0.999. (C) The prominent mass channels in the border GC are 75, 42, 50, and 144 m/z. The F1 scores were 0.683 
to 0.995. (D) A comparison of the detected metabolic compounds was shown in the form of a bar graph. Distinct distributions of lipidomics were obtained for inside, 
outside, and at the border of the same GC. (E) A comparison of TOF-SIMS mass channel images that were overlaid using the identified immune labels and lipid fragments. 
In each row, immune markers and lipid fragment metabolic images were assigned to unique colors.
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3D-SMF platform to decode chemical species, cell-specific features, 
and natural compounds such as lipid fragments.

In addition to signal-level analysis, a spatial cross-correlation–
based quantification was performed across the labeled and unlabeled 
datasets per mass channels that correspond to amino acids, lipids, 
and isotopes. Here, the labeled image of a single mass channel was 
spatially cross-correlated with the unlabeled image of the same mass 
number, providing a Gaussian peak and the height of this peak in-
dicating a higher similarity of spatial distributions (fig. S35A). 
Antibody fragmentation in amino acid channels may show higher 
spatial similarity, while the isotope-specific channels should be more 
spatially unique. This expectation was recapitulated in the heatmap 
that contained the cross-correlation amplitudes of mass channel 

pairs from 189 compounds (fig. S35B), where all of the amino acids 
and several other mass compounds showed substantial spatial sim-
ilarity and some of the lipid channels also showed spatial similarity 
that might be due to their related functionality in cell regulation.

To further test out the spatial enrichments of antibodies in the 
amino acid channels, we developed an inverse model from the dif-
ference of labeled and unlabeled data (see Eqs. 3 and 4 in Materials 
and Methods). Because antibody fragments may arise from the same 
locations around the GCs, the inverse model computes these com-
mon distributions by taking the average of the differences between 
labeled and unlabeled samples in the amino acid mass channels. 
Another amino acid channel (e.g., 82 m/z) that was not used for cal-
culating this mean difference can then be modified by this common 

Fig. 6. Spatially resolved clustering and coloring of isotope-labeled and unlabeled GC in serial tonsil sections. (A) A comparison of TOF-SIMS mass channel images 
overlaid on microscopy images with lipid fragments from the labeled and unlabeled GC was shown. Two rows of lipid fragment metabolic images were assigned a unique 
color and then overlaid together with the morphological image. (B) A comparison of TOF-SIMS mass channel images overlaid from the isotope-labeled mass data of im-
mune targeted channels and lipid fragments for labeled and unlabeled GC was shown. Each row immune marker and lipid fragment metabolic image were assigned a 
unique color and then overlaid together.
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spatial pattern, providing a predicted labeled image without the use of 
original labeled data (fig. S36, A to D). This inverse predictive model 
was then used to predict experimental images in major 11 amino acid 
channels (fig. S37), wherein the comparison of the original experi-
mental labeled image of this predicted amino acid channel and the 
predicted image of a labeled image provided a decent agreement with 
a structural similarity of 0.2 to 0.43. These predictive solutions for 
the mass spectral dependent analysis of the same biological targets 
with and without isotope labels will be shedding light on the under-
lying isotope-enriched biological signatures while separating the con-
tributions of antibodies or polymers used in the 3D-SMF technology.

DISCUSSIONS
3D metabolomic profiling platforms were previously implemented 
in cells and tissues based on various MS technologies. Using TOF-
SIMS devices, 3D metabolomic profiling datasets lacked cell type 
specificity with a comparable nanoscale resolution to the presented 
3D-SMF platform (17, 18, 20). On the other hand, another metabo-
lomic profiling measurement was limited to low-imaging resolution 
in the order of 10 to 100 m and large sample volumes using MALDI 
(21). Additional 3D biological systems used metabolomic flux ana-
lyzers and shotgun metabolomic profilers to measure chemical 
fingerprints in 3D cultures (19, 22). An OrbiSIMS platform (23) was 
also used to profile up to 100 metabolites with custom machine 
engineering at 300-nm resolutions. Another NanoSIMS device was 
leveraged to map out up to seven targets at 100-nm resolution (45, 46). 
Recently, cell specificity was also introduced in NanoSIMS with 
antibody-based oligo-tagging with seven mass channels (47). To 
simultaneously achieve multiplexing and specificity, 3D-SMF offers 
both cell labeling and metabolic analysis up to 200 markers in a 
single-imaging MS measurement at sub–100-nm resolutions.

In addition to the lipidomic measurements in the 3D-SMF plat-
form, antibodies that were made by the B cells inside the GC region 
would have been interesting targets to profile in the same experiment, 
but the secondary ions from this experiment would not be sufficient 
to call the type of the proteins [e.g, immunoglobulin A (IgA) and IgG] 
(48) definitively. These experiments can be achieved by a combined 
analysis of MS and imaging mass analysis, but conventional MS 
would not reach a nanoscale spatial resolution that renders its use 
insufficient in the 3D-SMF platform. An ultimate imaging MS plat-
form should combine protein and metabolite identification at 
nanoscale measurements, but the device trade-offs make it challeng-
ing either to map higher-resolution profiles with the loss of protein 
identity or to map lower-resolution complete profiling in tissues. 
To address these issues, 3D-SMF will be an alternative route to retain 
protein specificity with metabolite calling with high-resolution capa-
bilities, wherein antibody-labeled additional isotopes should also be 
included to cover IgA and IgG molecular detection.

Last, alternative routes are emerging to perform 3D metabolomic 
profiling measurements with high spatial resolution up to 50 markers. 
The first direction is to use label-free Raman imaging to visualize 
chemical fingerprints in the vibrational spectra. Recent approach 
supermultiplex vibrational imaging (49) allows up to 24-plex mea-
surements in even live specimens. In combination with computational 
debarcoding of optical spectra, the multiplex vibrational analysis 
should, in principle, reach highly multiplex metabolomic profiling 
measurements. Using 3D scanning of optical paths or sample stages, 
these metabolomic profiling technologies should achieve exciting 

3D spatial metabolomic profiling platforms. The latter direction is 
to profile RNA or protein signatures of metabolites of interest using 
readily available multiplexed transcriptional and proteomic mapping 
technologies. Along these lines, a recent demonstration included 
antibody-based detection of protein markers for enzymes to study 
T cell biology using CyTOF and multiplexed ion beam imaging (50). 
Multiplex RNA profiling of metabolic targets by fluorescent in situ 
hybridization (FISH)–based technologies such as sequential FISH 
(51, 52) and multiplexed error-robust FISH (53, 54) should provide 
metabolic regulators in tissues. A complementary RNA profiling 
approach illustrated the use of spatial transcriptomics data to reveal 
metabolic alterations in prostate cancers, albeit being limited to the 
2D images of tissue sections (55).

Summary
In summary, spatially resolved metabolomic profiling analysis 
framework, 3D-SMF, demonstrated cell-specific labeling and metabo-
lomic compound detection for up to 189 markers using a TOF-SIMS 
device. To quantify interactions of cell features and metabolites, we 
performed 3D spatial correlation analysis to reveal correlated and 
anticorrelated compounds in tonsil tissues. These associations were 
presented in the network graphs with nodes and edges. To visualize 
3D distributions, we used an unsupervised clustering method in the 
3D metabolite and cell-labeled mass channels. F1 score was the val-
idation method of the colocalization measure in the 3D visuals. To 
explore spatially distinct regions of tonsil tissues, we analyzed 3D-SMF 
results inside, outside, and at the border of a GC region after defin-
ing an ROI by prior optical imaging. Unique lipidomic profiles 
obtained for each spatial region were linked to specific immune 
subsets. The presented 3D-SMF results may affect the understanding 
of the spatial organization within a tonsil architecture by highlighting 
metabolic cues that play key roles in cell-cell interactions toward 
deciphering the spatial dynamics of immune responses.

MATERIALS AND METHODS
The presented 3D-SMF method uses experimental and computational 
procedures to profile metabolic and cell-specific compounds in tissues 
as detailed in the following sections.

Tissue
The human tonsil tissues were obtained from an FFPE tonsil block 
(ID 1320.06.3D, BioMax). This FFPE tissue block was cut into sec-
tions at a thickness of 5 m and mounted on Superfrost Plus Gold 
Slides (catalog number FT4981GLPLUS, Thermo Fisher Scientific). 
The tissue samples on microscope slides were then deparaffinized 
by immersing them in xylene and then rehydrated through sequen-
tial immersing steps in descending concentrations of ethanol (100, 
95, 80, 70, and 50%) and a final wash step in deionized water. After 
dehydrating the tissue, unlabeled tonsil sections were then analyzed 
by optical microscopy and TOF-SIMS imaging under dry conditions.

Tissue labeling
After performing the tissue deparaffinization step as described in 
the previous section, the heat-induced epitope retrieval process was 
then achieved by immersing the tissue slides in a target retrieval 
solution with pH 9 (catalog number S2367, Agilent Dako) and using 
a pressure cooker on a high-pressure setting for 20 min. Protein- 
blocking step was performed by immersing the tissue slides in a 
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serum-free, ready-to-use blocking buffer (catalog number X090930-2, 
Agilent Dako) for 30 min at room temperature. After three washes 
of Maxpar phosphate-buffered saline (PBS) (catalog number 201058, 
Fluidigm), the tonsil tissues were then stained with metal-conjugated 
antibody cocktail mix for immune markers overnight at 4°C following 
Fluidigm-labeling protocol. The tissue slides were then washed with 
three changes of Maxpar PBS, and the nuclear staining was performed 
using an iridium-conjugated intercalator (catalog number 201192A, 
Fluidigm) for 10 min at room temperature. Last, slides were washed 
with three changes of Maxpar PBS and left to dry overnight.

Optical microscopy
To define anatomical regions of the tonsil tissue, tonsil tissues were 
initially scanned and imaged by an optical microscope (Keyence 
IX810) using 20× and 60× objective lenses in the bright-field and 
ultraviolet channel with autoexposure settings. The microscopic im-
ages corresponded to the light microscopy patterns or autofluores-
cence images of cells in tissues. Landmark patterns were identified 
and the coordinates of which were saved in a grid view. The optical 
imaging was carried out before the TOF-SIMS experiments because 
the sample retained its original shape and structure only before 
TOF-SIMS. Once the coordinates of the ROI are obtained from the 
optical images and the TOF-SIMS optical camera, spatial distinct 
regions (e.g., GCs) were aligned properly for 3D metabolic imaging 
(fig. S2). Notably, after metabolic measurements, the cells in tissues 
are ablated destructively, and thus, optical registrations would not 
be accurate.

TOF-SIMS imaging
The TOF-SIMS (IONTOF 5 GmbH, Münster, Germany) instrument 
uses a bismuth liquid metal ion gun as the primary ion source to 
generate secondary ions from the sample surface, followed by iden-
tification of m/z of secondary ions by a TOF analyzer. The bismuth 
source can be used in different modes: Singly charged 25-kV mono-
atomic (Bi+), singly charged 25-kV three-atom cluster (Bi3+), or doubly 
charged 50-kV cluster (Bi3

++) mode. Distinct modes exhibit extra 
cluster mass and energy that can increase the yield (i.e., the number 
of secondary ions per primary ion) of heavier molecular weight sec-
ondary ion species. In this device, the secondary ions were collected 
and then accelerated across a voltage gap and directed into an ultra-
high-vacuum flight tube toward the detector (a combination channel 
plate and photomultiplier tube). The flight time of secondary ions is 
proportional to the ion m/z; thus, lighter ions (lower m/z) arrive at 
the detector more quickly, and the heavier the ion, the longer the 
TOF. For depth profiling, another cesium ion gun (Cs+ ions, 2-kV 
energy, and microampere current) was used to iteratively sputter 
away very thin layers, followed by bismuth (Bi) bombardment to 
generate secondary ions from the tissue sample before and after Cs 
sputtering cycles.

Mass channel calibrations
TOF-SIMS spectra simultaneously record thousands of peaks. How-
ever, a peak for a metabolite of interest may shift fractionally because 
of device tuning settings. The uncertainty in mass for a peak increases 
with the mass of the compound, so when measuring high molecular 
weight compounds, accurate and large range calibrations are needed 
to minimize the errors in the peak identification (56). Thus, abun-
dant lower mass channels (atomic ions, hydrogen, phosphate, and 
sulfur-containing channels) were used to define the “offset” in the 

experimental spectra for each peak, and a larger range of mass channels 
was included to achieve calibration accuracy for large molecules.

Mass imaging modes
To achieve optimal calibration performance, different imaging set-
tings are available for TOF-SIMS imaging that includes burst alignment 
(BA), BA-burst, and high-current bunch (HCBU) modes (57). While 
the HCBU mode provides high mass and low spatial resolution with 
high ion counts, the BA-burst mode achieves high mass and high 
spatial resolution but with low counts. On the other hand, BA mode 
yields high spatial resolution (in submicrometers) and medium mass 
resolution with counts higher than that of BA-burst mode and lower 
than that of HCBU (5 m). Each mode has unique advantages, and 
thus, a combined procedure was developed to optimize both modes 
at the same time. First, the HCBU mode is used to choose the metab-
olite of interest. Second, BA-burst mode is used to refine the peaks 
of each compound. Last, BA mode is performed to capture higher 
spatial resolution and higher count rate.

Imaging mode polarity
In this 3D-SMF platform, negative and positive modes were exper-
imentally tested. As the metabolomic profiling measurements in 
unlabeled samples provided more noteworthy spatial distributions in 
the negative mode, the rest of the experiments were performed to 
detect the negatively charged compounds as the selection of polarity. 
The critical question is whether a positive ion and a negative ion of 
the same compound have the same mass. The opposite polarity ions 
differ in mass by two electrons. Thus, if neutral C is exactly 12.0000 Da, 
then C- is ~12.0005 Da, and C+ is ~ 11.9995 Da. Even with the high 
mass resolution in the HCBU mode (resolution = m/m ~ 5000), those 
masses would overlap almost completely. As long as the m/z axis 
scaling is carefully performed in the mass calibration, the peak po-
sition should be accurate in either polarity. Thus, the list of com-
pounds from various literatures should be generally applicable to the 
identification of the detected mass channels.

Mass image acquisition
Negatively charged ion mass spectra were collected on 150 m by 
150 m areas with 256 pixel by 256 pixel density. After extensive 
experimentation at different settings, the optimal configuration was 
this pixel size of 580 nm by 580 nm in the BA mode. The peak masses 
were initially calibrated using the HCBU mode and then fine-tuned 
with the BA mode, followed by image acquisition in the BA-burst 
mode in labeled tonsil tissues. Additional factors that include ion 
beam instability, sample roughness, and analyzer settings slightly shift 
the detected masses. Biological tissues have high concentrations of 
anions (e.g., phosphates and chlorides) that can be identified with a 
high degree of certainty for a given set of samples, providing accu-
rate calibration settings for the mass channel (m/z) axis of the overall 
spectra. After calibration, peaks of interest can be selected either 
before or after the acquisition of the spectral information. The cri-
teria for selection of the peaks include the signal-to-noise ratio, the 
width of peaks, and the degree of spectral overlap. Once optimiza-
tions are complete, mass spectra is saved to identify any metabolite 
of interest after the measurements using postanalysis.

Postacquisition data analysis
After the data acquisition, the IONTOF SurfaceLab software 
(version 6) was used to perform basic image processing operations 
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on the acquired spatial mass spectra. The spatial distribution for 
each selected peak was visualized in 2D/3D, and the files containing 
the coordinates and pixel intensity values were generated. A total of 
189 peaks were selected, and 256 pixel by 256 pixel images for each 
peak were obtained. The selected peaks were each normalized to the 
total pixel intensities available, and each mass peak was normalized 
to the total intensity of the remaining peaks in the mean-centered 
spectra. The data were then exported in American Standard Code 
for Information Interchange (ASCII) format into a text file. Open-
sourced codes in Python and R were used for the postanalysis of the 
exported mass channel files. The computational analysis included 
data dimensionality reduction technique (t-SNE), hierarchically 
clustered 3D correlation heatmaps, 3D spatially resolved clustering 
algorithms, and 3D network maps.

3D clustering method
K-means is a robust clustering algorithm that splits the data into k 
different clusters, wherein each datum is assigned to the cluster with 
the mean nearest to the spatial density distributions. The k value 
needs to be defined before the clustering to generate many clusters 
accordingly. In the 3D classification algorithm, the cluster means and 
the cluster associated with each data point are iteratively updated 
until the algorithm reaches the upper limit on the number of itera-
tions. Compared to most other algorithms, K-means has the advantage 
of being computationally efficient as it only requires computing 
means of the ion voxels. F1 score is used to check the validity of the 
computed clusters. F1 score is defined as the harmonic mean of pre-
cision and recall. Precision captures how much the method is prone 
to produce false positives, wherein high precision implies that the 
method does not produce a lot of false positives. The recall is a measure 
of the ability of the method to correctly identify all the true-positive 
cases. In this pipeline, the predicted clusters are compared with the 
original compounds to quantify the spatial colocalization between 
the two, yielding typically a range of 0.6 to 0.9 values.

Network analysis of compounds
Network analysis methods visualize the bipartite association struc-
ture between the correlated and anticorrelated metabolites and cell- 
specific compounds. A bipartite network is a particular class of graph 
that separates the nodes into two sets and has a specific property of 
only allowing connections (edges) between two nodes in different 
sets. The network nodes are the metabolites and cell-specific com-
pounds with the weights represented by the 3D spatial correlation 
between two compounds that are extracted from a voxel level of the 
TOF-SIMS images. Two types of networks are obtained from the 
bipartite network: circular layout and force atlas. The networks were 
plotted using Gephi, a network visualization software used in various 
disciplines that include social network analysis, biology, and genomics. 
The circular layout places the nodes of the graph on a circle, and the 
nodes are evenly spaced. On the other hand, ForceAtlas2 is a force- 
directed layout simulating a physical system to spatialize the network 
by giving repulsion forces to the nodes and attraction force to the edges.

Spatial clustering and coloring
Spatial maps are generated on the basis of K-means clustering of the 
mass peak images. From pixel intensity, the acquired mass images 
are used for unsupervised clustering. Each cluster is assigned to a 
unique colormap. The mean image of each cluster is used to con-
struct a spatial map showing spatial structures. Each single mass 

channel image is colored in the associated cluster color to show the 
similarity between mass channels within a single cluster. Here, the 
K-means clustering divides the set of 189 images into six disjoint 
clusters C, each described by the mean j of the images in the cluster 
(Eq. 1). Each image is represented by a unique vector xi obtained by 
reshaping a 256 pixel by 256 pixel image to a 65,536 size vector. The 
K-means algorithm aims to find the centroids that minimize the with-
in-cluster sum of squares of distances as follow with n = 189

    i=0  n    min     j  ∈C  ( ‖ x  i   −    j  ‖   2 )  (1)

Multiple mass spectra contributions of labeling
The spectral dependent analysis separates the contributions of the 
total signal into amino acid channels, isotope-specific channels, lipid 
channels, and polymer channels. The pixel intensity at position (i, j) 
for the total signal is split into multiple spectra by the following Eq. 2

 M(i, j ) =    m∈    A  m  (i, j ) +   I  m  (i, j ) +   L  m  (i, j ) +   P  m  (i, j ) +   R  m  (i, j)   (2)

with M as the total signal, Am as the signal split into the amino acid 
channel at mass m, Im as the signal split into the isotope-labeled 
channel at mass m, Lm as the signal split into lipid channel at mass 
m, Pm as the signal split into polymer channel at mass m, and Rm 
as the rest of the mass channel at mass for m ∈  with  of all the 
mass channels.
= AA + L + I + P + R, with mass channel identified with amino 

acids (AA), lipids (L), isotope-labeled (I), polymer (P), and the 
rest (R).

1) P = (610).
2) AA = (42, 44, 56, 61, 70, 72, 73, 74, 82, 84, and 86).
3) I = (141, 143, 148, 149, 150, 152, 155, 156, 158, 159, 161, 162, 

165, 167, 168, 169, 170, 171, 173, 191, and 193).
4) L = (30, 34, 55, 57, 58, 59, 60, 66, 67, 68, 69, 71, 81, 83, 85, 88, 91, 

93, 95, 97, 98, 100, 102, 104, 105, 111, 146, 166, 182, 184, 185, 190, 194, 
196, 198, 206, 210, 212, 224, 226, 238, 240, 246, 252, 254, 256, and 282).

5) R = (50, 200, 201, 202, 203, 204, 205, 207, 208, 209, 214, 216, 
217, 220, 221, 222, 223, 225, 229, 232, 236, 243, 248, 249, 250, 253, 
259, 261, 263, 265, 267, 190, 273, 275, 276, 279, 289, 301, 307, 308, 
310, 318, 385, 332, 339, 344, 353, 359, 369, 380, 385, 397, 412, 424, 
431, 436, 448, 457, 468, 474, 479, 498, 63, 501, 510, 514, 518, 520, 
529, 544, 552, 570, 586, 64, 593, 610, 1, 75, 16, 76, 78, 79, 80, 17, 87, 
96, 107, 109, 112, 115, 116, 117, 118, 121, 122, 124, 125, 127, 128, 
131, 133, 134, 138, 35, 140, 144, 151, 164, and 179).

Isotope-labeled amino acid mass channel image prediction
Let IL, m(i, j) be the pixel intensity at position (i, j) for the labeled mass 
channel m and IU, m(i, j) for the unlabeled mass channel m with 0 ≤ 
i ≤ w and 0 ≤ j ≤ h, w as the width and h as the height of the image 
(here, 256 by 256) (Eq. 3). The difference between labeled and unla-
beled pixel can be expressed as

   D  m  (i, j ) = ( I  L,m  (i, j ) −   I  U,m  (i, j ) )  (3)

Therefore, using a linear model, the predicted labeled mass channel 
image of amino acid can be obtained by the following Eq. 4

   P  L,m  (i, j ) =  I  U,m  (i, j ) +    1 ─ n      k∈AA,k!=m    D  k  (i, j)  (4)
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With AA as the set of the mass channel corresponding to amino 
acid (42, 44, 56, 61, 70, 72, 73, 74, 82, 84, and 86) and n as the size of 
AA minus 1.

Spatial cross-correlation analysis
2D cross-correlation between the isotope-labeled and unlabeled 
TOF-SIMS signals was computed for each pair of mass images. The 
signal differences of each mass channel at each pixel Dm(i, j) loca-
tion are shown in Eq. 3. Each signal difference is represented by a 
unique vector xk obtained by reshaping 256 pixel by 256 pixel to a 
65,536 size vector. The pairwise correlation between mass channel k 
and l is computed by the Pearson correlation

   R  k,l   =   
  i=0  n  ( x  k,i   −   ̄   x  k   ) ( x  l,i   −   ̄   x  i   )  ─────────────────   

 √ 
____________

    i=0  n    ( x  k,i   −   ̄   x  k   )   2     √ 
___________

    i=0  n    ( x  l,i   −   ̄   x  l   )   2   
    (5)

with n = 65536, xk, i and xl, i as the individual signal point in xk and 
xl, respectively, indexed with i, and    ̄   x  k     as the mean value of xk and 
analogously for    ̄   x  l     .

SUPPLEMENTARY MATERIALS
Supplementary material for this article is available at http://advances.sciencemag.org/cgi/
content/full/7/5/eabd0957/DC1

View/request a protocol for this paper from Bio-protocol.
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