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Abstract

A high-throughput single cell profiling method has been developed for matrix-enhanced secondary
ion mass spectrometry (ME-SIMS) to investigate the lipid profiles of neuronal cells. Populations
of cells are dispersed onto the substrate, their locations determined using optical microscopy, and
the cell locations used to guide the acquisition of SIMS spectra from the cells. Up to 2,000 cells
can be assayed in one experiment at a rate of 6 s per cell. Multiple saturated and unsaturated
phosphatidylcholines (PCs) and their fragments are detected and verified with tandem mass
spectrometry from individual cells when ionic liquids are employed as a matrix. Optically guided
single cell profiling with ME-SIMS is suitable for a range of cell sizes, from Aplysia californica
neurons larger than 75 pm to 7-um rat cerebellar neurons. ME-SIMS analysis followed by #
distributed stochastic neighbor embedding of peaks in the lipid molecular mass range (/7/z 700-
850) distinguishes several cell types from the rat central nervous system, largely based on the
relative proportions of the four dominant lipids, PC(32:0), PC(34:1), PC(36:1), and PC(38:5).
Furthermore, subpopulations within each cell type are tentatively classified consistent with their
endogenous lipid ratios. The results illustrate the efficacy of a new approach to classify single cell
populations and subpopulations using SIMS profiling of lipid and metabolite contents. These
methods are broadly applicable for high throughput single cell chemical analyses.

Introduction

Single cell heterogeneity appears in seemingly homogeneous cell populations, even when
derived from identical genetic blueprints. Adjacent cells within tissues have distinct
identities and chemical contents; probing these differences aids in our understanding of the
interplay between chemistry, cell activity, and function in complex tissues. As a single cell
divides and differentiates into distinct subpopulations or into a malignant tumor, fluctuations
in chemical composition and changes in cellular state manifest as diverging cell lineages,
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confounded with decisions related to cell fate from environmental cues. Cell populations
appear only as homogenous as our ability to detect differences in their chemical
composition. Newly developed techniques measure heterogeneity in genetic materials,
proteins, peptides, lipids, and metabolites.2"11 Recent successes in single cell studies help
address confounding questions in cell biology and shape the next generation of drug
discovery and development efforts.1:12 Even so, there remains a need for single cell
techniques that are capable of simultaneously detecting many classes of biological
molecules in populations of cells.13 The search for rare cells, which for decades was akin to
finding a needle in a haystack, has become tractable with the emergence of high-throughput
and sensitive measurement techniques.

Typical mammalian cells contain a few picoliters of volume, with analyte concentrations
ranging from picomolar to millimolar. Thus, a successful single cell analytical technique
should provide a low absolute detection limit, a high dynamic range, and multiplexed
coverage of analyte classes.® Mass spectrometry (MS) has become a versatile and robust
method for performing volume-limited biological measurements. Mass spectrometry
imaging (MSI) is at the forefront of MS-based, label-free platforms for analyzing single
cells,8:14-18 demonstrating cellular and subcellular spatial resolution®-21 and untargeted
detection of biological molecules.>8 If cellular analytes are efficiently desorbed and ionized,
the gas phase ions can be further interrogated with hybrid MS instrumentation for structural
fragmentation, 2223 jon sizes and shapes,23-26 secondary structures,2”+28 and thermodynamic
properties.29:30

Secondary ion mass spectrometry (SIMS) and matrix-assisted laser desorption/ionization
(MALDI) are two common MS ionization microprobes that are suitable for spatially-
resolved surface analysis of single cells.31-34 MALDI uses focused laser light to desorb and
ionize sample analytes incorporated into a suitable matrix. In contrast, SIMS utilizes a beam
of accelerated primary ions or larger clusters that bombards the sample surface to sputter and
generate secondary ions in the gas phase for mass-to-charge (/m/2) analysis. Since the
primary ion beam can be tightly focused, SIMS can achieve subcellular spatial resolution.3!

Previous SIMS imaging investigations have established sample preparation methods that
improve the limits of detection and molecular coverage of biological samples, including
metal assisted3°-37 and ionic liquid (IL) matrix-enhanced SIMS.38-40 Many IL mixtures have
unique physical and chemical properties that can be optimized for SIMS- and MALDI-based
detection.40:41

Recently, we demonstrated the capability of a high-throughput, microscopy-guided MALDI
MS profiling method to classify dissociated rat pituitary cells, including rare cells, as well as
elucidate the cellular heterogeneity of rat islets of Langerhans.32:33 The approach
circumvents the need for MS raster imaging#243 of a large region of interest, which is time
consuming and often splits cell signals over multiple pixels. However, most single cell SIMS
studies also utilize raster imaging?2:34:35:44-50 tg fylly leverage the subcellular spatial
resolution of the method and localize analytes within single cells, albeit at low throughput
and reduced sensitivity.

Anal Chem. Author manuscript; available in PMC 2018 March 07.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Do etal. Page 3

Establishing optically-guided single cell SIMS profiling should facilitate lipidomics and
metabolomics studies on large populations of cells. Here we report a combination of matrix-
enhanced SIMS (ME-SIMS) and multivariate statistical analysis to profile single cells from
the Aplysia californica central nervous system, the rat dorsal root ganglion (DRG), and the
rat cerebellum. These neuronal cell types were chosen because they represent well-
characterized large (>75 pm in diameter), medium (10-50 pm), and small (5-10 um) cells,
respectively. The A. californica samples included large neurons with well-studied metabolite
and lipid contents,22:354246.49 and are therefore suitable for our method validation
experiments. The DRG contains the cell bodies of sensory neurons actively participating in
neuropathic pain.>! DRGs are traditionally classified based their on size,>2
electrophysiological properties,®® and peptide content.>* Cellular heterogeneity within the
DRG was previously shown to affect opioid peptide sensitivity® and produce differential
responses to neuropathic pain.>® The cerebellar cells are critical to cognitive function and
motor control,®” and were chosen as small cell targets for this study.

Here we performed ME-SIMS utilizing three different IL matrices to determine their ability
to enhance the sputtering/ionization efficiency and chemical signals for single cell SIMS
profiling. In addition, ME-SIMS tandem MS was performed to identify and characterize
metabolites, including lipids, from single cells. Data sets acquired from populations of DRG
and cerebellar cells were classified by #distributed stochastic neighbor embedding (t-SNE).
Each cellular population was further sub-divided by the same method, revealing their
heterogeneity based on lipid content.

Experimental Section

Chemicals

All chemicals were purchased from Sigma Aldrich (St. Louis, MO) and used without further
purification.

Matrix Preparation

Three IL matrix solutions were evaluated. The first, MI-CHCA, was prepared by dissolving
250 mg of a-cyano-4-hydroxycinnamic acid (CHCA; > 98% purity) in 10 mL LC-grade
methanol, followed by an addition of 105 uL of 1-methylimidazole (MI; Reagent Plus,
99%), with 10 mL of LC-grade acetonitrile added to the total volume of 20 mL. The second,
TRIP-CHCA, was similarly prepared using 252 pL of tripropylamine (TRIP; > 98% purity).
The third, Mix-CHCA, was prepared by mixing equal volumes of the MI-CHCA and TRIP-
CHCA solutions. DHB matrix was prepared by dissolving DHB (99% purity) to 50 mg/mL
in 1:1 (v/v) LC-grade etha-nol:water and 0.1% trifluoroacetic acid solvent.

Sample Preparation

Single cell samples were prepared from a total of two A. californica and seven Rattus
norvegicus animals. Sample preparation details are provided in the Supporting Information,
Sample Preparation.
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Instrumentation

The single cell profiling experiments were performed on two instruments. The first, a
customized hybrid MALDI/Cgy-SIMS Q-TOF mass spectrometer, described in detail
elsewhere,*6 was operated in positive ion mode for all SIMS measurements. Negative ion
mode on the custom instrument did not provide sufficient ion current during the single cell
experiments. The Cgg-SIMS instrument required minor hardware modifications to utilize the
previously-reported cell finding software32:33 for single cell measurements (for details, see
Supporting Information, C60 SIMS Instrument Modifications, and Figure S1A and B).

Single cell SIMS profiling was accomplished by registering the x, ) translation stage of the
oMALDI server (AB Sciex, Framingham, MA) with whole-slide, bright-field, and
fluorescence images. Cells deposited onto indiumtitanium oxide (ITO)-coated glass slides
were placed into a custom sample holder that can accommodate slides as large as 40 x 25
mm? (about one-half of a standard microscope slide). Several mechanically-etched fiducial
markers facilitated point-based similarity registration to map cell locations back to the stage
coordinate. Due to limitations with the SIMS instrument control, mass spectral data were
continuously acquired as the stage moved. Because the sample stage repeatedly travels and
stops at cell locations, it is critical to synchronize its movements with the primary Cgg™ ion
beam activity and record when a cell is reached. The ion beam should only be “On” when
the cell location is reached, and “Off” during sample stage movement, to ensure that only
targeted cells are bombarded with primary ions. To perform these functions, an Arduino
ATmega 2560 microcontroller (www.arduino.cc) was interfaced with the ion beam, mass
analyzer, and linear encoders of the x,y translation stage, and a datalogging computer. The
dwell time of the translation stage was set to 6 s per cell. For each cell, the Cgg™ ion beam
was signaled to turn on for 1 s after a 3 s delay. The 1 s desorption time was found to be
optimal, as shorter times yielded inadequate signals whereas longer beam exposure caused
IL matrix depletion and complication of the mass spectra with additional background ion
signals. The acquisition rate on the mass spectrometer was set to 2 s to improve the
likelihood that the entire analyte sputtering event was captured in a single scan. In ~20% of
scans, the analyte sputtering event was split between two acquisition windows, resulting in a
separation of low mass and high mass ions between two mass spectra (see Figure S1C).

The second instrument used was a Bruker ultrafleXtreme MALDI TOF/TOF mass
spectrometer with a frequency tripled Nd: YAG solid state laser. Single cell MALDI MS
analysis was performed as previously reported.32:33 Additional details are provided in the
Supporting Information, Instrument Parameters.

Optical Imaging and Determination of Pixel Coordinates for Individual Cells

Each dispersed cell population on an ITO-coated glass slide was imaged using an Axio
Imager M2 (Carl Zeiss, Oberkochen, Germany) in fluorescence and bright-field modes. An
X-CITE 120 mercury lamp (Lumen Dynamics, Mississauga, Canada) and a 31000v2 DAPI
filter set (Chroma Technology, Irvine, CA) were employed for fluorescence imaging.
Because the 1TO glass slides are transparent and conductive, they are compatible for both
MALDI MS and SIMS single cell profiling experiments. A 10x objective was used to obtain
a mosaic image of the targeted surface with 13% overlap between neighboring images.
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Images were taken using an Axio-Cam 503 Mono camera (Carl Zeiss) with a resolution of
1936 x 1460 pixels. All mosaic optical images were stitched with a minimum overlap of 5%
and maximum shift of 10%. The stitched image was loaded into lab-built software32 for
either manual or automatic cell finding. The fiducial marks were used to register the image
coordinates to the x, ) translation stage coordinate of the mass spectrometers. Based on the
registration, the cell coordinates were saved in either a pattern coordinate file-format
readable by the oMALDI server for SIMS experiments or a custom geometry file for the
MALDI-MS FlexControl software for mass spectral acquisition.

Matrix Application

ITO-coated glass slides were affixed onto a rotating plate for automatic matrix application,
as described elsewhere.32 Spraying conditions were optimized for each MS system. The
distance between the spray tip and the rotating plate was 5 cm for SIMS and 2 cm for
MALDI MS, with a nitrogen gas pressure of 50 psi. The solution flow rate was set to 30
mL/h for SIMS and 10 mL/h for MALDI MS, resulting in a matrix coating of 6 mg/cm? and
15 mg/cm?, respectively. DHB matrix was also employed for MALDI MS for comparison
with the IL matrices. The same spraying conditions were used for DHB as in IL MALDI-
MS.

Results and Discussion

IL Matrix Enables Detection of Lipids in Single Cell SIMS Profiling Experiments

SIMS ionization allows the characterization of small molecules with high spatial resolution.
Although SIMS does not require a matrix,3! analysis of small-volume samples and low-
concentration analytes can benefit from such treatments.36:38.39.58 A caljfornica pedal
ganglia neurons (~75 pum or larger in diameter) were used to validate cell targeting and
examine the effects of the IL-matrix coating. Several room temperature ILs have been
reported to enhance lipid, cholesterol, and peptide signals in SIMS measurements.38-40 The
enhancements are somewhat predictable, as ILs used in ME-SIMS are typically mixtures of
an organic base and a traditional MALDI matrix, such as CHCA, acting as an acid.

Unlike ME-SIMS with a traditional MALDI matrix, the components of ILs are positively
and negatively charged species that favorably assist proton transfer to, or capture from,
analytes while preventing matrix crystallization. A total of 47 pedal neurons from two A.
californica were examined with SIMS, producing one mass spectrum per cell. The averaged
mass spectrum acquired with native conditions is shown in the left two panels of Figure 1A.
The same sample was then coated with the MI-CHCA matrix and the same 47 cells were
profiled to assess the effect of the IL matrix in SIMS analysis. The averaged mass spectrum
acquired with the MI-CHCA coating is shown on the right side of Figure 1A. In both cases,
the characteristic signals of a-tocopherol were detected at /7m/z430.35 for the intact
molecule as well as /7/z 165.05 and /m/z 205 for the fragments.22:3549 However, many lipids
were detected in the m/z600-850 mass range exclusively in the presence of MI-CHCA.
Although the relative intensity of vitamin E (/1/2430.35) was not significantly different after
IL application (p = 0.73), the relative intensity of the phosphocholine head group (m/z
184.07) increased significantly, by two-fold (p <0.005) (Figure 1B). Finally, signals
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corresponding to fragments, sodiated and potassiated adducts of known
glycerophospholipids (/m/z709.5, m/z782.5, and m/z808.6), and
diacylglycerophosphocholines (m/z 746.5 and m/z 768.5) increased significantly (Figure
S2), consistent with previously published SIMS imaging data.*® Profiling of metabolites in
the A. californica neurons demonstrates the utility of an IL matrix for SIMS analysis of
individual cells.

IL Matrix Optimization for SIMS Analysis of DRGs

While the profiling of pedal ganglion neurons demonstrates the capabilities of MI-CHCA for
SIMS single cell lipid detection, other matrix compaositions were investigated to improve the
figures of merit.

Matrix Composition—A matrix capable of proton transfer will likely assist in the
ionization of lipid compounds during SIMS ionization.38 Furthermore, for single cell
profiling experiments it is imperative that the matrix uniformly covers the sample. Uniform
coverage partially depends on interactions between the IL and substrate surface.
Micrographs of an ITO-coated glass slide spray-coated with the MI-CHCA matrix (Figure
S3A) show the matrix deposition non-uniformity when MI-CHCA solution was sprayed
coated on a clean ITO glass slide. Similar to many imidazolium-based ILs, the high surface
tension of MI-CHCA may lead to generation of non-uniform “puddles” on the surface.*!
Poor matrix coverage introduces experimental cell-to-cell variability and redistributes
analytes and background contaminants from uncoated regions of the substrate. Therefore,
while MI-CHCA is a suitable matrix for general-purpose SIMS analyses, single cell SIMS
measurements require improvements in matrix properties. Advantages of using IL matrices
include the flexibility to tailor their physical properties by modifying IL components, or by
utilizing different matrix mixtures.

Previous studies on IL structures suggest that increasing the alkyl chain lengths produces ILs
with lower surface tensions, leading to more uniform sample coverage.*! As such, the TRIP-
CHCA matrix was considered, as well as an equal-volume mixture of MI-CHCA and TRIP-
CHCA, referred to here as Mix-CHCA.. Both TRIP-CHCA and Mix-CHCA showed more
uniform sample coverage with the same coating conditions (see Figure S3A). Although
previous reports demonstrated that MI-CHCA provides higher signal enhancement for SIMS
than TRIP-CHCA,38:39 the uniformity of the matrix coating was not considered in those
studies; rather, the matrix and analyte solutions were mixed and spotted on the
substrate.38:39

The three IL matrices—MI-CHCA, TRIP-CHCA, Mix-CHCA—were evaluated for lipid
analysis of rat DRG cells. The DRG contains a variety of physiologically important lipids,
making it a viable model for method development in the study of biologically significant
lipid contents.59.80 Lipids have been shown to influence the activities of DRG neurons, and
changes in lipid metabolism have been implicated in chronic neuropathic and inflammatory
pain.60-63 For these comparisons between IL matrices, glycerol-stabilized DRG cell samples
were washed with ammonium acetate buffer and stored in a nitrogen-purged dry box for 24
h before IL matrix application and MS analysis.
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The observed lipid profiles obtained from the same animal using the three different IL
matrices, and using Mix-CHCA across different animals, were compared. At least 300 DRG
cells in each sample were profiled in each set of measurements. To prevent measurement
bias from inadequate lipid signals occurring due to: (a) systematic errors in cell coordinate
registration; (b) random motor slop; (c)

IL matrix application quality; or (d) inadequate ionization enhancement provided by the
investigated matrix,38:39 single cell spectra with an /7/z 184.07 (phosphocholine head group)
signal intensity of less than 250 counts were removed from subsequent analyses. The
fraction of removed cells provides a measure of matrix quality, assuming systematic errors
did not vary significantly among different batches. As shown in Figure S3B, TRIP-CHCA
had the highest fraction of removed mass spectra, likely reflecting lower repeatability of
analyte extraction or matrix enhancement with this IL matrix. The fraction of removed
single cell mass spectra using Mix-CHCA was lower than even MI-CHCA when comparing
samples from the same animal.

Figure 2A shows the principal component analysis (PCA) score and loading plots of the
filtered data sets. The data acquired using the three IL matrices are well separated (no
overlap of the 95% confidence ellipses), whereas the three data sets obtained using three
animals and Mix-CHCA overlap significantly. The score plots suggest that the matrix-
related differences in data sets are larger than day-to-day and animal-to-animal variability.
Mass spectra of individual cells investigated with MI-CHCA and characterized by negative
PC1 scores generally had lower lipid signals and strong chemical noise in the /7/2200-400
range, as shown by the averaged mass spectra and the loading plot of PC1 (Figure 2A). The
use of Mix-CHCA improved the number of cells with abundant lipid signals while reducing
chemical noise. The relative signal intensities and number of analytes observed with Mix-
CHCA are comparable to that of MI-CHCA, and significantly better than TRIP-CHCA (see
Figure 2B), suggesting that the presence of TRIP in the mixture does not adversely affect
lipid signal intensities. Taking into account the uniform sample coverage and matrix
enhancement, Mix-CHCA was chosen for further single-cell profiling with ME-SIMS.

Sample Preparation—Previous single cell studies suggested that cells analyzed shortly
after isolation and sample preparation produce higher analyte signal intensities than those
with prolonged storage, as sample degradation significantly reduces endogenous analyte
concentrations.3® In agreement with these findings, Figure S4 shows that sample storage
profoundly impaired data quality. DRG cell samples prepared and analyzed on the same day
produced lipid signals three-fold more intense than signals acquired from similar samples
that were stored for one day in a dry nitrogen atmosphere prior to IL matrix application. The
improved sensitivity allows the detection of many minor lipid species. Most lipids detected
in the m/z600-850 range are phosphatidylcholines (PCs), as confirmed by tandem MS
(Figure S5 and Table S1). A number of the observed PCs exhibit alkyl chains possessing
between 30 and 36 carbons. The alkyl chains have at least two unsaturated forms as well as
the fully saturated form (inset in Figure S4B). The improved sensitivity from analysis of
fresh biological samples is in agreement with prior MALDI-MSI data from rat brain
tissue.64
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ME-SIMS Single Cell Profiling Provides Complementary Data to MALDI MS

From individual DRG cells, PC(34:1) at m/z760.56 and PC(32:0) at m/z 734.54 displayed
the highest relative intensity, with 77/2760.56 as the base peak with SIMS. To verify that the
single cell SIMS measurements produce semi-quantitative information on endogenous lipid
levels similar to MALDI MS, DRG cell profiling was also conducted with the Bruker
ultrafleXtreme MALDI TOF/TOF mass spectrometer. A comparative analysis of freshly
prepared samples coated with either DHB or MI-CHCA matrix was conducted. The Mix-
CHCA matrix performed poorly for MALDI MS (lower total ion counts with a strong bias
towards low-mass matrix peaks; data not shown) although the lipid distributions obtained
with Mix-CHCA are consistent with those obtained with MI-CHCA and DHB (see Figure
S6 and Figure 3). The analyte signal profiles in the averaged mass spectra in the /m/z500-
850 region agree qualitatively.

Quantitatively, the m/z760.56 peak was typically the base peak in either analysis but the
relative intensity of m/z734.54 increased in the ME-SIMS experiments. Whereas SIMS
investigates only the top few molecular layers of a sample, the inherent analyte extraction
from sample volumes that occurs during MALDI matrix application leads to acquisition of
mass spectra representative of the whole-cell content. Therefore, SIMS mass spectra likely
possess signals more specific for the surface of cell membranes, producing the observed
difference in lipid intensity ratios between the two approaches (Figure 3B). However, since
the relative abundance of the two PC lipids is not significantly different between MALDI
MS using DHB and MI-CHCA (Figure 3), the choice of the IL matrix in MALDI MS
measurements does not lead to a change in the relative sensitivity during lipid detection.

The mass spectral peaks at 7/2478.3, 496.3, 522.3, and 550.3 (data not shown) are likely
fragments of glycerophospholipids. This conclusion is made based on similarity in their m/z
values to those of reported molecules and the presence of a peak at /7/2184.07 in the tandem
MS product ion mass spectra of PC(32:0) at /7/2734.54 and PC(34:1) at m/z 760.56, and
other lipids (Figure S5). Therefore, variations in the degree of analyte fragmentation
between SIMS and MALDI MS may also account for the offset in detected ratios of intact
lipids (Figure 3B). In summary, the relative lipid composition observed with SIMS appears
to reflect endogenous cell content and provides complementary chemical information to
MALDI MS.

Single Cell Profiling with SIMS Enables Differentiation of Cell Types with Similar Lipid
Compositions

As discussed in the previous section, the relative PC lipid ratio from single cell ME-SIMS
profiling appears to be an intrinsic property of a given cellular origin, at least for the cell
types assayed here. However, incorporating more intact lipids into a multivariate dimension
reduction, such as t-SNE, may improve identification of additional subpopulations based on
variations in minor lipid species. To determine the capability of SIMS to distinguish single
cells with similar lipid profiles, neuron populations from the DRG and cerebellum were
individually profiled. For each cell type, two technical replicates were performed with a total
of 548 DRG cells and 995 cerebellum cells. The same threshold limit of 250 counts for m/z
184.07 was applied as before (see Supporting Information, Threshold Limit for Mass
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Spectral Filtering, and Figures S11 and S12). The set of lipid compounds detected from
cerebellum neurons is similar to DRG cells, and the two most dominant PC lipids, PC(32:0)
and PC(34:1), are the same in both cell types. The mass spectra acquired from DRG and
cerebellar cells have a number of signals within the /2 700-850 range, corresponding to
intact lipids. The spectra were normalized to intensities of the PC(34:1) m/z 760.56 signal.

The resulting data set was analyzed with t-SNE to provide a visual representation of the
sample heterogeneity. Additional details about t-SNE analysis can be found in Supporting
Information, Multivariate Statistical Analysis. Figure 4A shows the separation of DRG and
cerebellum neurons determined by t-SNE. These cells from different origins are well-
separated, with minimal overlap between the corresponding data sets, depicted by 95%
confidence ellipses. The identity of the base peaks is distinct between the two averaged mass
spectra acquired from each cell type. For DRGs, the unsaturated PC(34:1) at /7/2760.56 is
the most intense signal, whereas for cerebellum neurons, the saturated PC(32:0) is the most
intense peak. The high intensities of PC(32:0) and PC(34:1) signals may reflect the specific
roles of these compounds in membrane integrity and fluidity. The cerebellar cell membranes,
with relatively more PC(32:0), are expected to be less rigid than the membranes of larger
DRG cells in which unsaturated PC(34:1) produces the strongest signal. This simple test
illustrates the facile differentiation of nervous system cell types corresponding to their
origin, based on lipid profiles.

Multivariate Statistical Analysis Reveals Subpopulations of DRG and Cerebellar Cells

Figure 5A shows the two clusters obtained from A-means clustering of the t-SNE
distributions. A-means classifies spectra according to their distance on the t-SNE plot and
groups them into a specified number of clusters. Qualitatively, the two clusters differ based
on the relative intensities of PC(34:1) and PC(32:0) signals, as well as the relative
abundance of minor lipids such as PC(36:1) at /7/z788.60, PC(38:5) at /7/2808.60, and
PC(40:5) at m/z836.60. One can argue that the difference observed here arose due to
experimental factors such as target accuracy and cell finding errors. However, the average
spectra contain similar signal to noise ratios (S/N) (see Figure 5B), indicating the cells from
each subpopulation were analyzed with similar target accuracy. Additionally, if target
accuracy was poor, the mass spectra would be expected to cluster based on cell diameters,
since larger cells could tolerate higher uncertainty in target positioning. Therefore, our data
suggest the presence of at least two chemically distinct DRG cell populations. As seen in
Figure 5B, in the first subpopulation (red), the relative signal intensities of other lipids to
PC(34:1) are higher than in the second population (blue). The two cell clusters appear to
distribute similarly along the cell size axis (Figure 5C). A previous study suggested that an
increase in the relative lipid content due to peripheral inflammation occurs mainly in small-
diameter DRG cells, but not in larger-diameter cells.6% Thus, the method described here can
be instrumental in further characterization of such changes on a single cell level within these
populations.80 6060

A similar multivariate analysis was performed on the cerebellar cell data set (Figure 6).
Here, k-means clustering was optimal with four subpopulations. Unlike the outcome of the
DRG data set analysis, the clusters are more distinct in the t-SNE space (Figure 6A).
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Qualitatively, the most intense PC(32:0) signal changed noticeably between clusters,
increasing in clockwise order from the green to red cluster in the t-SNE space. The intensity
of the saturated PC(34:0) at m/2 762.56 also followed the same trend (Figure 6B). Taking
into account cell diameter and the size of the primary ion footprint, it is unlikely that some
cells were partially sampled and passed the quality threshold (Figure 6C). However, the S/N
for the yellow cluster is lower than the other clusters, primarily in the region outlined in
Figure S7, suggesting that the cells in this cluster with high values of Int(734.54)/Int(760.56)
may be “nearly-missed” cells rather than a separate subpopulation. The population and
subpopulation classifications for the DRG and cerebellum cells were repeated with another
pair of animals. This set of data was obtained one month after the first set to ensure that the
conclusions were not biased by instrument and animal variations.

Furthermore, since instrument parameters were optimized for each experiment, the
difference in the chemical noise profile for each data set may induce non-biological
separation among animals. Hence, we did not combine the two data sets in the same
analysis. Nevertheless, in the second data set, a total of 324 DRG cells and 1,249 cerebellum
cells were subjected to t-SNE analysis and A&-means clustering. The results are consistent
with the data presented above for the first data set, and shown in Figures S8-S10. However,
for the cerebellum, the presence of only two cellular subpopulations in the second dataset
was observed. The values of Int(734.54)/Int(760.56) for the first two populations shown in
Figure 6 are identical to the two populations shown in Figure S10 (i.e., 1.3 and 2.0),
suggesting that these two populations are biologically relevant. It would be of great interest
to correlate these subpopulations to known cerebellum subtypes through the means of other
techniques such as immunohistochemistry.

Summary and Conclusions

We describe a high-throughput method for single cell analysis using IL-assisted SIMS with a
20 kV Cgo™ primary ion beam. The IL matrix, composed of 50:50 (v/v) MI-CHCA and
TRIP-CHCA, provided uniform coating coverage and robust enhancement of a number of
lipid signals that were otherwise undetectable. Cells from three different model systems
were studied: the A. californica central nervous system, and the rat DRG and cerebellum.
For each cell type, characteristic metabolites (e.g., a-tocopherol) and lipids (e.g., PCs) were
observed. While PC(34:1) was the most abundant lipid in a majority of the studied DRG
cells, there were a few cells with more abundant saturated PC(32:0) than unsaturated
PC(34:1). These cells also showed an increase in absolute intensities of lipid signals.
Therefore, at least two subpopulations (types) of DRG cells can be classified using the
approaches presented here. Analysis of the lipid profiles of cells isolated from the rat
cerebellum revealed similar lipid compositions as those found in DRG cells. However,
PC(32:0) was more frequently observed as the base lipid peak—a characteristic molecular
signature to differentiate these two cell types from each other. Further classification of
cerebellar cells based on lipid profiles revealed at least two cellular subpopulations.

Our method provides a unique approach to differentiate cell types and subtypes by utilizing
lipid ratios as biomarkers, and is applicable to different classes of neuronal cells. Optically-
guided ME-SIMS can profile up to 2,000 cells in one experiment at the rate of ~600 cells/h.

Anal Chem. Author manuscript; available in PMC 2018 March 07.
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These figures of merit are limited by three factors: (a) the size of the sample holder/slide, (b)
the control of the ion beam state and its synchronization to mass spectral acquisition, and (c)
the ionization efficiency of the primary ion beam. The maximum number of cells assayed
per experiment is proportional to the sample area but is also limited by the degradation of IL
matrix inside the vacuum chamber, typically occurring after 3—4 h of analysis. A higher
energy ion beam would improve ionization efficiency and decrease the acquisition time per
cell. Together with better communication and synchronization between the ion beam, sample
stage, and mass analyzer, an acquisition rate as fast as 1 Hz can be achieved. The availability
of subcellular resolution with SIMS will aid in the discovery of compartment-specific
cellular markers. A combination of SIMS and MALDI MS profiling with other non-MS
based techniques, including microscopy and spectroscopy, will allow simultaneous and
multidimensional characterization of various analyte classes in the same sample, yielding
unique and complementary information for each cell.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1.
Effect of the IL matrix, MI-CHCA, on single cell profiling of A. californica pedal ganglion

neurons with Cgo-SIMS. (A) The averaged SIMS mass spectrum acquired from a batch of
single A. californica pedal ganglion neurons not treated (left, red) and treated (right, blue)
with MI-CHCA matrix. (B) Box plots of a-tocopherol (/2 430.35) and phosphocholine
head group (m/z 184.07) signal intensities detected at two studied conditions. The statistical
significance in each comparison was determined by a Wilcoxon rank sum test, *** p
<0.0005, n.s. - not significant, 7= 47 cells from two animals.
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Figure2.
Multivariate analysis of the effects of different IL matrices on ME-SIMS measurements of

1229 individual DRG cells. (A) PCA score and PC1 loading plots showing the separation
between the three different IL matrices. 95% confidence ellipses are shown for each
condition with regions of interest outlined and labeled (i-iv). (B) Averaged spectra of DRG
in negative (i) and positive (ii) PC1 score regions. The corresponding averaged mass spectra
of regions i-iv for m/zregions populated by intact lipid signals. The identified lipid peaks
are annotated with their m/z values.
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Figure 3.
Comparison of lipid profiles detected in single DRG cells using ME-SIMS and MALDI MS.

(A) The averaged mass spectra acquired from single DRG cells using SIMS (top, blue) and
MALDI MS (bottom, red). (B) Quantitative comparison of the ratio of signal intensities of
two dominant lipids, PC(32:0) at m/z 734.54 and PC(34:1) at m/z760.56, between SIMS
and MALDI MS measurements. *** p <0.005, n.s. - not significant as determined by a
Wilcoxon rank sum test. The number nindicates the total number of DRG cells in each data

set.

Anal Chem. Author manuscript; available in PMC 2018 March 07.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Do etal.

Figure 4.

A

t-SNE Dim 2

Relative Intensity

S o b oo
o b N ON

100 .
80 |
60 |
40 |
20 |

[| "
-20
-40 |
-60 |
-80 |

Page 17

0 .
-150 -100

10
08+ DRG

06

o
~

08 Cer
-1.0

50 0 50 100 150
t-SNE Dim1

E
—
-
b~
S
—
4+

500 550

600 650 700 750 800 850
m/z

Origin-related differentiation of cell types based on single cell SIMS profiling. (A) t-SNE
plot of DRG and cerebellar (Cer) cell data sets with 95% confidence ellipses. (B) The
averaged mass spectra acquired from single DRG (red) and cerebellar cells (blue).
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Figureb.
Identification of chemically distinct subpopulations of DRG neurons. (A) A&-means clusters

based on t-SNE distribution of data sets acquired from populations of single DRG cells. (B)
Representative averaged spectra for each cluster. (C) Plot of ratios of intensities of 7/z
734.54 and m/z760.56 signals as a function of cell diameter. Cell diameters are determined
after glycerol stabilization and drying, and therefore, are smaller than expected /7 vivo.
Points on the plot are colored in correspondence with the A~means clusters in panel A. The
averaged normalized intensities of PC(32:0) signals are 0.91 and 0.59 for cluster 1 (red) and
cluster 2 (blue), respectively. A horizontal histogram of the relative population of each
cluster based on the relative signal intensity ratio between PC(32:0) and PC(34:1) is shown
as an area filled with the corresponding color. The 95% confidence ellipses are shown in
scatter plots in A and C.
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Figure6.

Multivariate analysis of data acquired from populations of single cerebellar cells. (A) 4
means clustering of t-SNE distributions. (B) Representative averaged mass spectra of each
cluster. The averaged normalized intensities of PC(32:0) signals are 1.3, 2.0, 2.2 and 2.9 for
cluster 1 (green), cluster 2 (yellow), cluster 3 (blue), and cluster 4 (red), respectively. The
inset shows the relative intensity of 7/2762.56 for each cluster. (C) Plot of ratios of
intensities of 7/2734.54 and m/z 760.56 signals (Y axis) as a function of cell diameter (cell
diameters are determined after treatment with glycerol and drying, and therefore, are smaller
than expected /n vivo). A horizontal histogram of the relative population of each cluster
based on the relative signal intensity ratio between PC(32:0) and PC(34:1) is shown as an
area filled with the corresponding color. The 95% confidence ellipses areshown.
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