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ABSTRACT: Characterization of the metabolic heterogeneity in cell populations requires the analysis of single cells. Most current
methods in single-cell analysis rely on cell manipulation, potentially altering the abundance of metabolites in individual cells. Small
sample volume and the chemical diversity of metabolites are additional challenges in single-cell metabolomics. Here, we describe
the combination of fiber-based laser ablation electrospray ionization (f-LAESI) with 21 tesla Fourier transform ion cyclotron reso-
nance mass spectrometry (21 TFTICR-MS) for in situ single-cell metabolic profiling in plant tissue. Single plant cells infected by
bacteria were selected and sampled directly from the tissue without cell manipulation through mid-infrared ablation with a fine optical
fiber tip for ionization by f-LAESI. Ultrahigh performance 21T-FTICR-MS enabled the simultaneous capture of isotopic fine struc-
tures (IFSs) for 47 known and 11 unknown compounds, thus elucidating their elemental compositions from single cells, and providing

information on metabolic heterogeneity in the cell population.

In multicellular systems, different cell types can be closely
interspersed, obscuring differences in their metabolite compo-
sition and active biochemical pathways. Common tissue-scale
or cell-population-level analysis yields averaged abundance
data that masks critical information about the metabolic state of
individual cells, an important aspect of cellular heterogeneity.!
2 Mass spectrometry (MS) has become an essential technique in
single cell analysis of metabolites due to its high sensitivity,
broad molecular coverage, wide dynamic range, and its ability
to provide structural information.>* Assigning molecular for-
mulas for metabolites, solely based on the accurate masses of
the produced ions is often ambiguous, as many compounds with
different elemental compositions have close to identical accu-
rate masses. Ultrahigh performance Fourier transform ion cy-
clotron resonance mass spectrometry (FTICR-MS) can reveal
the elemental composition of compounds by exquisite mass ac-
curacy and mass resolution, and by capturing isotopic fine
structures (IFSs), for increased confidence in their identifica-
tion.’ State-of-the-art 21 tesla (21 T) FTICR-MS offers ultra-
high mass resolution and exceptional mass accuracy. Owing to
the complexity of their chemical compositions, characterization
of natural organic matter, e.g., petroleum crude oil and soil, has
been an important application for such high performance instru-
ments.®® The field of top-down proteomics has also profited

from ultrahigh resolution MS to tackle several challenges in-
cluding identifying highly similar human proteoforms.'” Re-
cently, the application of ultrahigh resolution MS in metabo-
lomics has been reported.!!

Current methods that enable high-throughput single-cell
analysis target the transcriptome, and rely on PCR amplifica-
tion.!? In addition, many high-throughput single-cell studies in-
volve some degree of cell sorting, labeling and manipulation
using techniques such as fluorescence- and magnetic-activated
cell sorting. MS-based proteomic studies on single cells are
emerging both for animal and human cell types.'*'* Single-cell
metabolomics by MS is constrained by the low sample volume
(e.g., ~1 pL for a mammalian cell),' high turnover rates, and
the structural complexity of certain metabolites.” The first two
constraints limit the number of observed spectral features that
can be obtained by MS from single cells, whereas structural
complexity limits unambiguous interpretation of fragmentation
in tandem MS. These challenges are more pronounced for the
analysis of rare cells, e.g., circulating tumor cells, where obtain-
ing maximum information from a limited sample volume is es-
pecially critical.!®’

To address the obstacles associated with single cell metabo-
lomics, we combined fiber-based laser ablation electrospray
ionization (f-LAESI) with a 21T-FTICR mass spectrometer for



in situ analysis of single plant cells. In our model system, the
soybean (Glycine max) root nodule, a specialized organ associ-
ated with biological nitrogen fixation, plant cells infected by
soil bacteria (Bradyrhizobium japonicum) and uninfected cells
are intimately mixed.'® Thus, this tissue presents an appropriate
test case for in situ metabolic analysis of single cells in highly
heterogeneous systems. Mid-infrared (IR) laser ablation by a
sharp optical fiber tip enabled direct ambient analysis of cells
without the need for sample processing, thus minimizing exter-
nal perturbation to the cells prior to analysis.!>! The ultrahigh
mass resolution, mass accuracy, and high dynamic range of the
21T-FTICR mass spectrometer were exploited to capture IFS
for numerous metabolites simultaneously from single cells, in-
creasing the confidence in their identification. The IFS were in
turn computationally processed to rapidly determine the corre-
sponding elemental compositions. In contrast, only one com-
pound at a time could be fragmented for identification by tan-
dem MS from single cells. This feature confers special benefits
for the identification of unknown compounds in single and rare
cells when tandem MS provides limited information and facili-
tates the characterization of cellular heterogeneity.

EXPERIMENTAL SECTION

Rhizobia cultures. Cultures of wild-type B. japonicum
USDA10 strain were incubated for 2 days at 30 °C in HM me-
dium.?? To prevent infection by other microorganisms, 25 mg/L
of tetracycline and 100 mg/L of spectinomycin were added to
the medium for the wild-type rhizobia. Optical density at a
wavelength of 600 nm measured by a spectrophotometer
(DeNovix DS-C, DeNovix Inc., Wilmington, DE, USA) was
used to estimate the bacterial cell counts in the cultures. When
the optical density reached 0.8 (or 10% cells/mL), the culture
tubes were removed from the incubator, centrifuged at 3,000
rpm for 10 min and washed three times with sterile deionized
water. Finally, sterile deionized water was added to the rhizobia
pellet and vortexed to form a homogenous solution that was
used later for inoculating soybean seeds.

Soybean growth, inoculation with B. japonicum and root
nodule harvesting. Soybean (Glycine max) seeds of ‘Williams
82’ were surface-sterilized with 20% (v/v) bleach for 10 min
and rinsed five times with sterile water. The sterile seeds were
planted into pots containing a mixture of sterilized 3:1 vermic-
ulite:perlite. For inoculation, 500 pL of the solution containing
wild-type B. japonicum were added to each sterilized soybean
seed. After covering the seeds with the potting material, the pots
were placed in the Bond Life Sciences Center’s greenhouse at
the University of Missouri at 30 °C with a 16-h light/8-h dark
cycle. These nodules were used in the IFS analysis, and the
comparative studies for the three sample types. After 21 days of
growth, the nodules attached to the primary root were harvested,
immediately frozen in liquid nitrogen, and stored at -80 °C. For
analysis of soybean root nodule cells by LAESI-MS, harvested
nodules were embedded in 2.5% carboxymethylcellulose
(CMC) in a mounting tray and placed in a cryostat microtome
(Cryostar NX70, ThermoFisher Scientific, Hillsboro, OR,
USA) at -10 °C until the embedding medium was frozen. For
single-cell analysis, 30 pm sections were prepared and thaw-
mounted on microscope glass slides.

Optical fiber preparation for single cell analysis by f-
LAESI-MS. The preparation of GeOz-based glass optical fiber

for f-LAESI was described in a previous publication.'® Briefly,
the outer thermoplastic and polyamide coatings at the ends of a
GeO»-based glass optical fiber (250 um core diameter, HP Fi-
ber, Infrared Fiber Systems, Inc., Silver Spring, MD, USA) of
~1 m in length were stripped from 2 cm sections by placing the
ends of the fiber in a glass vial containing 10 mL of 1-methyl-
2-pyrrolidinone and heated to 200 °C. When the outer coating
was dissolved and the glass cladding was exposed, the optical
fiber ends were rinsed with isopropanol. The two ends were
then cleaved with a sharp, sterile blade to form straight, uniform
surfaces. One of the fiber ends was etched to a sharp tip of ~10
um radius of curvature by vertically immersing it into a 4%
(v/v) nitric acid solution to a depth of ~500 um. After the tip
spontaneously detached from the acid solution surface, it was
rinsed with deionized water to remove any acid residue.

f-LAESI-MS. Single-cell analysis based on f-LAESI-MS
had been described in an earlier publication.'” Briefly, the non-
etched end of the optical fiber was held by a bare fiber chuck
(BFC300, Siskiyou Corporation, Grants Pass, OR, USA) and
secured in a single-mode fiber coupler (F-915, Newport Corpo-
ration, Irvine, CA, USA). Mid-IR laser radiation at 2940 nm
was produced by a diode-pumped Nd:YAG laser-driven optical
parametric oscillator (OPO) (Opolette 100, Opotek, Carlsbad,
CA, USA), and the laser beam was coupled to the optical fiber
by a plano-convex calcium fluoride lens (50-mm focal length,
LAS5763, Thorlabs Inc., Newton, NJ, USA). The energy of each
7-ns long laser pulse after attenuation and before coupling it to
the optical fiber was 1.3+0.2 mJ. The etched end of the fiber
was secured on a ceramic probe holder (MXP-150, Siskiyou
Corporation, Grants Pass, OR) that was mounted on a five-axis
micromanipulator (MX110, Siskiyou Corporation, Grants Pass,
OR, USA).

To generate an electrospray, the Velos Pro syringe pump was
used to supply the electrospray solution (50% methanol in water
with 0.1% (v/v) acetic acid for analysis in positive ion mode,
and 2:1 methanol:chloroform in negative ion mode analysis) at
500 nL/min to a pulled fused silica emitter (inner diameter 50
pum) that was mounted on a manual translation stage. High volt-
age (+3.3 kV for positive ion mode and -2.5 kV for negative ion
mode) generated by a power supply inside the Velos Pro mass
spectrometer, was applied to the emitter. The electrospray emit-
ter and the mass spectrometer orifice (temperature 325 °C) were
aligned on the same axis, whereas the etched optical fiber tip
was in the same plane just above the sample surface, sitting at
~8 mm below the spray axis. The electrospray emitter was po-
sitioned 10 mm from the mass spectrometer orifice, whereas the
fiber tip was ~2 mm ahead of the emitter tip position.

Thaw-mounted soybean nodule sections on microscope glass
slides were placed on a Peltier cooling stage with the tempera-
ture set to 2.5 °C to preserve sample moisture and reduce deg-
radation. This assembly was mounted on a motorized high-res-
olution XYZ translation stage (Zaber Technologies, Vancouver,
BC, Canada) for positioning. The sample was located under the
fiber tip which was tilted at a 45° zenith angle. In order to visu-
alize the individual cells and monitor their ablation, a long dis-
tance video microscope (InFocus Model KC, Infinity, Boulder
CO, USA) with a 5x infinity corrected objective lens (M Plan
Apo 5x%, Mitutoyo Co., Kanagawa, Japan) and a CCD camera
were mounted at a right angle to the sample surface using a dy-
namically damped post (DP14A, Thorlabs Inc., Newton, NJ,
USA) to reduce transmission of mechanical vibrations from the



environment. The focal plane of the microscope was fixed to
keep the optical fiber tip in focus at all times. Using custom
LabVIEW software, the sample was raised in the Z-direction
towards the fiber tip until distinct cells became visible, but be-
fore the fiber tip came in contact with the sample. The stage was
then moved in the XY plane to position the targeted cell under
the optical fiber tip, and then raised further until the fiber tip
made light contact with the targeted cell.

After the targeted cell was ablated, the stage was lowered un-
til the fiber tip detached from the sample, which was then
moved in the XY plane for targeting the next cell.

Conventional LAESI. For the analysis of large cell popula-
tions by conventional LAESI, mid-IR laser beam was steered
using gold-protected mirrors, and was focused on the surface of
~ 100 um-thick cryosections using a plano-convex calcium flu-
oride lens (50 mm focal length, LA5763, Thorlabs Inc., New-
ton, NJ).

f-LAESI-21T FTICR-MS. The 21T FTICR mass spectrom-
eter, and the technical parameters for the combination of a con-
ventional LAESI source to the mass spectrometer, including ex-
ternal mass calibration and signal processing, were described in
previous publications.* !! Briefly, to synchronize the ablation
with the collection of ions by the mass spectrometer, a TTL
pulse was sent from the Velos Pro to trigger the laser flash lamp
of the mid-IR laser. After 675 ns delay, another pulse was sent
by the delay generator that opened the Q-switch, thus delivering
a laser shot to the cell through the optical fiber tip. Ion accumu-
lation time in the Velos Pro was set to 50 ms in order to fill the
trap with ions resulting from a single laser shot.

Direct metabolite assignments by ultrahigh mass accu-
racy and IFS. Separate mass spectra for consecutive intervals
of 50 m/z units were collected between m/z 180 and 1500. The
mass resolution of the instrument was gradually increased as
higher m/z values were recorded. The resulting mass spectra
from all recorded m/z bands (180 < m/z < 1500) were ‘stitched’
together to produce a comprehensive mass spectrum. Using the
software Formularity
(https://omics.pnl.gov/software/formularity), internal calibra-
tion of the mass spectrum was performed based on previously
assigned molecular formulas from soybean root nodules.”® A
mean post-calibration mass measurement accuracy of
145460 ppb was achieved (see Table S1). To find potential
matches for the detected peaks in the mass spectrum, an in-
house database was built by combining all molecular formulas
for metabolites from the PlantCyc
(https://www.plantcyc.org/data/search) and Human Metabo-
lome Database (http:/www.hmdb.ca/) using the software Eci-
pex (https://cran.r-
project.org/web/packages/ecipex/index.html).* Molecular for-
mulas for common electrospray contaminants were added to the
database. Theoretical IFSs were generated using the software
Mercury for assigning the measured IFSs for metabolites.>>26
The experimental peak list was then compared with the database
to search for m/z peaks that matched with endogenous com-
pounds in G. max and B. japonicum (mass tolerance < 1 ppm),
and for IFS matching. The following Formularity search param-
eters were adopted: elemental composition (N < 10, S <5 and
P <5), for major peaks S/N > 3. for minor peaks minimum S/N

> 1.5, minimum peak presence/absence score = 1, and minimum
peak probability to score was set to 0.001.Fformula score was

based on relative abundance matching between theoretical and
experimental spectra, and the lowest mass error. A manual in-
spection of all the mass matches was performed for verification
and electrospray background peaks were eliminated. Theoreti-
cal IFSs in all figures were generated using Thermo Xcalibur
2.2 (ThermoFisher Scientific, San Jose, CA, USA).

For unknown metabolites that returned no hits in the database
search (see Table S3), the monoisotopic masses were used to
generate possible molecular formulas using ChemCalc
(http://www.chemcalc.org/mf finder) with < 1 ppm mass accu-
racy and the following possible elemental compositions:
C<100,H<100,N<10,0<20,S<5,P<5,Cl<3. Simu-
lated IFS for the generated chemical formulas were produced
using Thermo Xcalibur 2.2 (ThermoFisher Scientific, San Jose,
CA, USA), and the matching between the recorded and simu-
lated IFS, which took into account the mass accuracy and the
relative isotopic abundance, was performed manually.

Scanning electron microsco SEM) of root nodules.
Harvested nodules (21 days old) were put in a fixative solution
comprising of 2.5% glutaraldehyde, 0.01% triton X-100 in 0.1
M sodium cacodylate buffer for 2 days. The nodules were rinsed
3 times with 0.1 M sodium cacodylate buffer solution for 15
minutes, then kept in 1% osmium tetroxide solution overnight.
After rinsing with water, the nodules were kept for 1 hour in
10% ethanol containing 3% uranyl acetate. The nodules were
then rinsed with water and dehydrated by a series of 15-min
ethanol rinses as follows: 15%., 30%., 50%., 70%., 80%., and 90%
ethanol, and finally 3%15-min rinses with 100% ethanol. After
critical-point drying (Tousimis Autosamdri 931.GL. Rockuville,
MD, USA), the samples were mounted on SEM stubs using ad-
hesive carbon tabs. The outer surface of the nodules was re-
moved by applying adhesive tape onto the sample surface and
pulling, thus exposing cells within the infection zone, and peel-
ing off their cell walls and membranes. The surface of the sam-
ples was then sputter-coated using a high-resolution sputter
coater (Cressington 208 HR, Cressington Scientific Instruments
Limited, Watford, UK) with a 7 nm gold layer by placing the
samples at a 0° angle relative to the sputtering cathode then with
another 7 nm of gold at ~45°. The samples were imaged using
a FEI Teneo scanning electron microscope (FEI Teneo LV
SEM, ThermoFisher Scientific, Hillsboro, OR, USA).

Metabolite set enrichment analysis. In order to determine
metabolites that were up- and downregulated in the infected
cells compared to the uninfected cell clusters, peak lists and in-
tensities for the two groups were uploaded to MetaboAnalyst
4.0 (https://www.metaboanalyst.ca/) and multivariate statistical
analysis was performed. Metabolites with fold changes FC > 2
and F'C £0.5, and p-values (determined by #-test) of p <0.05,
were selected, and metabolite set enrichment analysis (MSEA)
was performed. The regulated metabolite names were searched
against an in-house library comprising of 138 metabolic path-
ways specific to G. max and B. japonicum that were compiled
from KEGG (https://www.genome.jp/kegg/kegg2. html) and
PlantCyc (https://www.plantcyc.org/). The p-values reported in
the MSEA were determined by phenotype-based permutation
tests adopted from gene set enrichment analysis.?” The cutoff
for p-values in MSEA was < 0.05.

RESULTS AND DISCUSSION



In order to achieve the spatial resolution required for target-
ing individual infected cells, a mid-IR laser beam
(A =2940 nm) was coupled to an optical fiber that was etched
to a tip with ~10 um radius of curvature (see Figure S1 and the
Experimental section in the Supporting Information (SI)). Due
to the strong absorption of energy by the water content of the
sample at this wavelength, a single laser shot (with a pulse en-
ergy of 1.3+0.2 mJ) discharged into the cell through the optical
fiber tip resulted in ablation creating a plume of cellular mate-
rial. The ablation plume, consisting of mostly neutrals, was ion-
ized by electrospray and introduced into the 21T-FTICR-MS
for mass analysis (see Figure S1 in the SI). An advantage of the
f-LAESI-21T-FTICR-MS approach is the ability to analyze in-
dividual cells in their native tissue environment. Perturbation of
the molecular composition of a cell can be significant during
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tissue dissociation often used for the analysis of non-circulating
cells. Compared to proteins and nucleic acids, this can be espe-
cially problematic for metabolites with short half-lives (high
turnover rates). For cells analyzed by the f-LAESI system this
problem is mitigated as they are still alive right before the anal-
ysis.

Optimal signal was recorded at an ion accumulation time of
50 ms, and the resulting mass spectrum contained ~180 spectral
features for 180 < m/z < 800 (Figure 1). Many peaks that corre-
sponded to close-to-isobaric compounds, e.g., daidzein at m/z
255.06520 and an unidentified species at m/z 255.06461 sepa-
rated by only 0.00059 Da, i.e. by little over the mass of an elec-
tron, were resolved (see Figure 1).
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Figure 1. Analysis of a single soybean root nodule cell infected with B. japonicum by f-LAESI with 21T-FTICR-MS. (a) Ablation
of an infected cell in a 30 pm-thick root nodule section. Arrows show the targeted infected cell in the top image and the resulting
ablation spot in the bottom image. Panels (b) and (c) show resulting mass spectra in positive and negative ion modes, respectively.
Mass spectrum in (b) was acquired at a transient length of 3.072 s, whereas in (c) it was acquired at 6.144 s. The top left inset shows
the captured IFS (black) for N-acetylglutamic acid overlaid on top of its simulated mass spectrum (red dashed line). The middle inset
shows the resolving of two peaks just 0.59 mDa apart that correspond to two different metabolites. The top right inset shows the IFS
of dehydrosoyasaponin I (black) captured at higher transient length (6.144 s). The peaks drawn with a red dashed line correspond to

the simulated mass spectrum of the same ion.

To capture IFSs for metabolites and lipids from single cells,
the transient length of the ICR cell was set to 3.072 s (see Figure
1b) or 6.144 s (see Figure 1c), depending on the recorded m/z
range. This resulted in mass resolutions that ranged between
R =500,000 and 2,000,000. The IFSs aided in identifying
close-to-isobaric compounds with different elemental composi-
tions. For example, the quasi-molecular ion, [M+H-H>O]", of
phosphocreatine, and the potassium adduct of histidine have ex-
act masses that are only 0.11 mDa apart. Comparing the calcu-
lated IF'S patterns for the two ions and their M+1 peaks with the
experimental data indicated a better match for histidine at m/z

194.03288 and its “'K and '®0 isotopologues than the dehy-
drated phosphocreatine (see Figure 2).

A critical factor in capturing IFS is the dynamic range of the
FTICR mass analyzer. As high ion numbers in an ICR cell can
lead to ion cloud coalescence, the high intensity end of the dy-
namic range can be truncated.?® Thus, for the determination of
elemental formulas based on high quality IFS, we recorded sep-
arate mass spectra from individual cells at 26 bands spanning
m/z 50 units in the m/z 180 to 1,500 range. The major advantage
of recording in m/z 50 bands compared to a wide band is illus-
trated in Figure S2. The narrow band recording captured the IFS
for the M+2 ion of a glucoside in agreement with the calculated



profile, a clear difference from the wide band recording. For
peaks that fell within 600 < m/z < 1,500, the transient length
was increased to 6.144 s. Initially, the molecular formulas of
more than 120 metabolites and lipids were tentatively assigned
based on accurate mass (see Table S1). For 47 of these com-
pounds, the elemental compositions were determined based on
their single-cell IFS using the software Formularity,” followed
by manual verification of the mass differences (see Table S2).
All of these compounds were also found in database (DB)
searches. However, for another 11 metabolites, the elemental
compositions were determined based on ultrahigh mass accu-
racy and IFS but no matches were found by DB searches (see
Table S3). This demonstrates the utility of IFS both for the iden-
tification of known molecular species and the discovery of un-
known compounds in single cells.

g

[CsHoN;0,+K]"
m/z194.03288

my/z =196.03710
[CeHyN;O 0 +K]"

g

ra,
P

196.03665 196.03700 196.03735 196.03770

m/z = 196.03097 \
Ao+ \
m/z =195.03621 [CsHaN3 O+ K] !

Rel. Intensity (%)
& 3

201 [CsCHgN,0,+K]* l \
\
¥ L .
; LN N ! H
L] T 7 /- = 7 A T - =t
194.0320 194.0330 195.0360 196.0300 196.0310 196.0370
m/z

Figure 2. Peak assignment for [histidine+K]" by IFS in an ex-
panded mass spectrum from an infected cell. Measured peaks
are in black, whereas dashed peaks in red and blue correspond
to simulated spectra for the [M+H-H20]" ion of phosphocrea-
tine and the potassium adduct of histidine, respectively. The
measured M+1 peak, which corresponded to the '3C isotopo-
logue, matched closely with both simulated peaks. The meas-
ured peak at m/z 196.03097 matched with the 'K isotopologue
of the potassium adduct of histidine. The [M+H-H>O]" ion of
phosphocreatine does not have an IFS feature at this m/z value.
The inset shows the closer match between the relative abun-
dances of the measured peak and the simulated peak of the '*O
isotopologue of histidine.

Whereas IFS for small ions could be captured by high-reso-
Iution Orbitrap mass spectrometers, IFSs for larger biomole-
cules, such as lipids, oligosaccharides and peptides, require
higher mass resolution that currently cannot be achieved with
Orbitraps. The 21T-FTICR-MS is capable of reaching mass res-
olution levels above 1,000,000 that can resolve IFSs for many
of these biomolecules.” The IFSs were captured from single
cells for 26 metabolite ions, comprising of lipids, oligosaccha-
rides, and soyasaponins, for which the m/z values ranged from
600 to 1200 (see Table S2). Overall tentative peak assignments
were established for 46% of the spectral features based on ul-
trahigh mass accuracy alone. However, many compounds with
different elemental compositions can have close to identical ac-
curate masses. This issue can be mitigated by acquiring IFSs,
which were present for an additional 33% of the total number
of peaks assigned from single cells.

The dependence on ultrahigh mass resolution, mass accuracy
and high dynamic range for fast elemental composition assign-
ment from IFS, although a steppingstone in single-cell metabo-
lomics, falls short of providing structural information that can
help discern between constitutional isomers. The ability to elu-

cidate such information is critical when structural isomers per-
form different biological functions. Some of the techniques that
are capable of providing structural information for metabolites
and that are coupled to MS include ion mobility separation
(IMS) and gas-phase ion IR spectroscopy. IMS-MS enables dis-
tinguishing gas-phase isobaric and isomeric ions based on their
mass, charge, size, and shape on a timescale of milliseconds.**
3 Collision cross-section (CCS) values can be measured by
IMS-MS and used to enhance confidence in metabolite assign-
ment.'> 33 Tandem MS or sequential MS (MS"), sometimes
combined with IMS,. as orthogonal methods can provide addi-
tional structural information through induced fragmentation of
selected ions.** Gas phase ion IR spectroscopy coupled with MS
exploits resonant photon energy absorption by certain func-
tional groups in the ion, leading to photodissociation and the
generation of multiple fragments that can be used to decipher
the molecular structure.3¢-38

Comparing single cell data with bulk analysis revealed that
in some cases the former resulted in enhanced metabolite iden-
tification through isotopologues, as some of the corresponding
peaks were not recorded by the latter method. For example, a
peak at m/z of 399.14451, identified as the monoisotopic peak
of S-adenosylmethionine (SAM), was detected from the analy-
sis of cell clusters by conventional LAESI from a 100 pm sec-
tion and the same peak was also recorded from a single cell by
f-LAESI (see Figure S3). In plant metabolite databases, this
particular mass is consistent with compounds of different ele-
mental compositions. However, the M+2 peak for SAM was
only revealed by single-cell analysis. The mass accuracy of the
21T-FTICR-MS enabled the identification of the M+2 peak as
the **S bearing isotopologue of SAM, thus aiding in assigning
the elemental composition of this compound (see Figure S3).

In some cases, the detection of a chemical species exclusively
by single-cell analysis can be attributed to the effect of dilution
during bulk analysis by other cells that do not contain that com-
pound. Similar observations were made in single-neuron anal-
ysis, where two neuropeptides were detected from specific neu-
rons that were absent in the analysis of extracts from the whole
central nervous system.* Similarly, heterogeneity among in-
fected cells, asymmetry in the spatial distribution of a number
of metabolites within a root nodule,*’ and the close intersper-
sion of infected and uninfected cells can collectively mask in-
formation about the biochemical profile of individual cells dur-
ing large cell-population analysis.

To characterize cellular heterogeneity, initially we used de-
scriptive statistical metrics without any assumption about the
abundance distribution of the metabolites. Measurements of the
metabolic noise, defined as 1> = o*/u?, where p is the mean
abundance and ¢ is its standard deviation for a cell population,
can provide information on the variance of metabolite levels
from cell to cell. The total measured noise, Nm* = N + Np?, is a
combination of technical, n?, and biological (metabolic) noise,
nv>. In order to determine the technical noise, 23 replicates of
1.0 pL aliquots from 500 uM glucarate standard solution were
ablated with the optical fiber tip under the same experimental
conditions that were used for single-cell analysis. Intensities for
glucarate ions at m/z 209.03039, and ions at m/z 191.01986 re-
sulting from in-source fragmentation, were summed and nor-
malized, and used to evaluate the technical noise. The normal-
ized intensities from 23 replicates exhibited a normal distribu-
tion, with a mean normalized intensity, L, and a standard devi-
ation, o, of 13.36 and 2.43, respectively. This corresponded to
a technical noise of N = 6/ = 0.033 (see Figure S4a in the
SI).



Signal variability in the single cell measurements, nm?, for
n =124 infected cells was determined and compared to signal
fluctuations caused by the technique, n. For example, the
measured mean normalized intensity for glucarate was
um=2.41, with a standard deviation of om= 2.77, which
yielded a measured noise of nu® = 1.31 (see Figure S4b in the
SI). Thus, the biological noise (reflecting phenotypic differ-
ences), Mp> = Nm - N = 1.28, for glucarate is close to the meas-
ured noise for this metabolite, Nm? = 1.31, with a small correc-
tion due to the technical noise, né = 0.033. To minimize cross-
contamination and altering the cellular composition by ablating
a neighboring cell, we avoided sampling adjacent cells. Cells
sampled for analysis were 7-10 cells apart.

Biological noise levels for 47 metabolites are listed in Table
S4. Several primary metabolites, such as saccharides and
NAD, and some secondary metabolites endogenous to plants,
such as dihydroxydimethoxyisoflavone glucoside and furano-
coumarin, exhibited relatively low metabolic noise (ns° < 0.50).
Conversely, lipids, including phosphatidic acids (PAs), phos-
phatidylglycerols (PGs) and phosphatidylethanolamines (PEs),
showed greater noise levels (o> > 0.50).

Biological noise originates from a variety of sources and it is
manifested at the transcript, protein, and metabolite levels. The
potential sources of cell-to-cell abundance fluctuations depend
on the copy numbers of the particular biomolecules. For exam-
ple, abundance fluctuations for low copy number proteins are
sensitive to intrinsic factors, e.g., the production and breakdown
of mRNA. In contrast, the levels of species with high copy num-
bers, e.g., some proteins and most metabolites, vary due to ex-
trinsic factors, such as variations in the local environment, fluc-
tuations in ribosome and enzyme concentrations,*' and can be
affected by the tightness of the regulatory network. Measuring
metabolic noise provides insight into the potential sources be-
hind cell-to-cell variations in metabolite levels.

For any molecule, it is expected that fluctuations in the copy
number are lower when the molecule is present in large num-
bers and become more significant as the count decreases. For
example, single-cell global profiling of proteins in Escherichia
coli, for which the protein copy numbers range between 1 and
3x10° molecules/cell,* showed that the protein expression
noise, np?, depends on the mean copy number, pp, and that the
relative contributions of the two components that make up the
biological noise, i.e., intrinsic and extrinsic noise, are also de-
pendent on the mean.*> At low protein copy numbers (p, < 10
molecules/cell), the intrinsic component dominates protein
noise, and it decays as 1/u,. As , increases, the intrinsic com-
ponent becomes less dominant, and it decreases until the mean
reaches a certain value (y, > 10 molecules/cell), beyond which
the extrinsic noise takes over with a value independent of p,.*

For metabolites, however, the noise levels, nm?, were inde-
pendent of the mean metabolite ion intensities, pm, that repre-
sent metabolite abundances (see Figure S5 in the SI). This result
can be attributed to the higher metabolite copy numbers, for ex-
ample in E. coli, 10> <n < 10% molecules/cell, compared to
transcripts at 1 <n<10?> molecules/cell, and proteins at
1 <n < 3x10° molecules/cell.* Thus, metabolic noise levels are
more likely to be influenced by factors other than metabolite
copy numbers.

For metabolic noise measurements in soybean root nodules,
the low metabolic noise for primary metabolites in infected
cells indicates low signal variability from cell to cell, which can
be attributed to the tighter regulation of primary metabolite lev-
els. This control may be essential for cellular growth and

maintenance supported by many primary metabolites. On the
other hand, higher metabolic noise is observed for lipids asso-
ciated with membrane synthesis in bacteria and plants, such as
PAs, PGs, and PEs. Lipids of these classes play an important
role in root nodule development, as they are required for mem-
brane biogenesis in the growing plant cells, bacteroids, infec-
tion threads, and symbiosomes.®® As the degree of infection,
i.e., the percentage of plant cell volume occupied by bacteroids,
can vary between cells, lipid assembly for membrane biosyn-
thesis varies significantly throughout the nodule. Accordingly,
we suggest that this contributes to the presence of higher meta-
bolic noise.

To explore the variation in the degree of infection between
cells, we used SEM as an orthogonal technique to obtain infor-
mation on the population of bacteroids in infected plant cells.
The SEM images revealed that, for many of these cells, the pop-
ulation density of the bacteroids was high, where the nitrogen-
fixing microorganisms appeared to occupy close to the entire
volume of the plant cell (see Figure S6). For other infected cells,
however, the population density of the bacteroids appeared sig-
nificantly lower (Figure S6). Previous light-microscope images
of infected root nodule cells in another legume species, Medi-
cago_truncatula, showed similar observations.** These two
types of infection stages, proliferating and volume limited, can
be linked to different metabolic states of the bacteroids. These
states can be associated with different activity levels of certain
pathways and different abundances of some metabolites mani-
festing in their bimodal distributions.

Additional insight can be gleaned by determining the distri-
bution of metabolite abundances over the studied cell popula-
tion. Within a randomly selected population of 124 infected
cells, lognormal, normal and bimodal distributions of certain
metabolite abundances were observed. For example, N-acetyl-
glutamic acid and gluconic acid exhibited lognormal distribu-
tions, whereas hydroxy-pentamethoxyflavanone rhamnoside
and disaccharide distributed normally (see Figure 3).

Abundances for other metabolites, such as acetylcarnitine,
hexose phosphate and NAD", displayed bimodal distributions
(see Figure 3) that were deconvoluted into two components. For
NAD™" abundance distribution, each of the individual subpopu-
lations exhibited a lognormal distribution. Of the two subpopu-
lations that composed hexose phosphate abundance distribu-
tions, the larger subpopulation characterized by a larger area
under the component green dashed curve in Figure 3 exhibited
a lognormal distribution, whereas the smaller subpopulation
(marked by the blue dashed curve) exhibited a normal distribu-
tion. The bimodal distribution for acetylcarnitine abundances
was adequately represented by a linear combination of either
one lognormal and one normal distribution, or two lognormal
distributions. There are several approaches to establish the ex-
istence of two distinct components in a bimodal distribution.
For example, for two underlying normal distributions, Ash-
man’s D > 2 criterion can be applied.* We also applied this
criterion for the combination of a lognormal and a normal dis-
tribution to establish the presence of distinct subpopulations for
certain metabolites.

Chemical analysis of single cells can be the basis for post hoc
detection of additional subpopulations within a prespecified
classification. For example, the prespecified groups of unin-
fected and infected cells can be further differentiated post hoc
based on the presence of bimodal abundance distributions for
some chemical species in the infected group.*® For the distribu-
tion of NAD" levels in infected cells, the mean values for nor-
malized intensities for the two hypothetical subpopulations, 1



and po2, were 3.53 and 8.25, respectively, and the standard devi-
ations, o1 and o2, were 0.49 and 2.09, respectively. For these
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Figure 3. Distributions of normalized ion intensities for nine metabolites in a population of 124 infected cells. The first, second, and

third columns show ion abundances with normal, lognormal, and b

imodal distributions, respectively. For the latter, green and blue

dashed curves represent the deconvoluted distributions for each subpopulation. The following mean values and standard deviations
were determined for the deconvoluted distributions in the third column: for NAD* pi1=3.53, w2 = 8.25, 61 = 0.49, and o2 = 2.09, for
hexose phosphate 11 = 8.18, p2 = 18.33, 61 = 6.75 and 62 = 1.76, and for acetylcarnitine p1 = 1.21, p2 = 3.88, o1 = 0.83, and 62 = 0.96.

Abbreviation: HPMF, hydroxy-pentamethoxyflavanone.

deconvoluted distributions, D = 3.11, which satisfied the D > 2
condition, and supported the post hoc grouping of the infected
cells into two subpopulations with relatively low and high abun-
dances of NAD". Similarly, D =2.97 and D = 2.06 was found
for the bimodal distributions of acetylcarnitine and hexose
phosphate abundances, respectively, which indicated the poten-
tial of two distinct subpopulations based on these metabolites.

Bimodal metabolite abundance distributions can identify two
subsets of cells with different mean abundance values caused
by intrinsic or extrinsic factors. For example, a subpopulation
of cells that arises from intrinsic changes in gene expression can
be identified by distinct levels for certain metabolites, whereas
cells that are located in a different microenvironment from the
rest of the cells in the tissue can exhibit separate levels for cer-
tain metabolites due to their exposure to different extrinsic stim-
uli. Throughout our analysis, the spatial location for each cell
was recorded in order to determine any potential correlation be-
tween metabolite abundances and cell locations in a root nod-
ule. Such a correlation was not observed.

A potential explanation behind the bimodal distribution ob-
served for NAD™ levels is provided by the phenotypic diver-
gence between two subpopulations of infected cells. At 21 days
post-inoculation, the root nodule is considered mature. How-
ever, as our SEM images have revealed, the individual infected
plant cells can exist at different infection stages.*’ These can be
defined by the plant cellular volume, bound by the cell wall,
fully or partially occupied by the bacteroids. At the point when
bacteroids fully colonize a cell, they can still be metabolically
active, though unable to grow and divide due to spatial re-
strictions, resulting in a metabolic state similar to that of quies-
cent cells. The subpopulation of cells that are not yet fully col-
onized by bacteroids could still host more of them, thus they are
able to proliferate inside of these cells. In some bacteria (and in
cancer), quiescent and proliferating cells express high and low
NAD*/NADH ratios, respectively.”®*° The bimodal distribution
of NAD" abundances the infected cells of root nodules indi-
cated the detection of two subpopulations with high and low
NAD" levels. These may correspond to two subpopulations of
plant cells, one that hosts proliferating bacteroids, and another




that contains non-dividing, yet metabolically active quiescent
bacteroids.

There is an interesting correlation between bimodality and
the primary source of some metabolites that can be the plant,
the bacteroids, or both. Disaccharides (e.g., sucrose) are primar-
ily synthesized by the plant and transported to the nodule to
support the bacteroids. Indeed, disaccharide levels in the root
are orders of magnitude higher than in the nodule, which itself
exceeds the levels in free living rhizobia by additional orders of
magnitude.”® The distribution of disaccharide levels, estab-
lished by the plant, follows a normal distribution. In contrast,
hexose phosphate levels in the nodule are orders of magnitude
higher than in the root. This means that the quiescent and pro-
liferating bacteroids have a significant contribution to the levels
of this metabolite. Correspondingly, hexose phosphate levels,
similar to NAD", exhibit a bimodal distribution. When the pro-
duction of a metabolite by the plant and the bacteroids is com-
parable, no prediction can be made about the nature of the dis-
tribution.

To explore potential correlations between regulated metabo-
lites in the infected cells and certain biochemical pathways, we
analyzed small clusters of uninfected cells (~5 cells/cluster) and
compared their metabolic compositions to the infected ones.
Uninfected cells interspersed the infected cells and were identi-
fied based on their significantly smaller sizes. Regulated me-
tabolites in the infected cells, with FC > 2 and FC < 0.5, and p-
values of p <0.05, were selected, and MSEA was performed to
determine enriched metabolic pathways based on their fold en-
richment and p-values.

Nine and one metabolic pathways were enriched and de-
pleted, respectively, in the infected cells compared to the unin-
fected group (see Figure S7). Of the enriched pathways, zeatin
biosynthesis had the highest statistical significance based on the
associated p-value (p = 0.001), and ~14-fold enrichment in the
infected cells compared to the uninfected ones. On the other
hand, a ~24-fold depletion of starch and sucrose metabolism (p
=0.003) was observed in the infected cells compared to the un-
infected group (see Fig. S7).

MSEA indicated that the upregulation of PAs, PGs. and PEs
in the infected cells lead to ~6-fold enrichment in glycerophos-
pholipid metabolism compared to the uninfected cells (Fig. S7).
As glycerophospholipids are integral components of mem-
branes in rhizobia and plant cells, the higher abundances of
PAs, PGs, and PEs in infected cells may be related to the need
for membrane synthesis in infection, e.g., for proliferating bac-
teroids. Additionally, enrichment of amino sugar and nucleotide
sugar metabolism, arginine and proline metabolism, zeatin bio-
synthesis, and homoglutathione biosynthesis in the infected
cells (Fig S7) indicated upregulation of metabolites associated
with biological nitrogen fixation.>

CONCLUSION

The combination of f-LAESI and 21 T-FTICR-MS enabled in
situ single-cell analysis with direct molecular formula assign-
ments for numerous known and yet unidentified metabolites
simultaneously from single cells by ultrahigh mass accuracy
and IFS. This demonstrates the utility of this approach for un-
targeted MS-based metabolic analysis of cells. Discerning ele-
mental formulas for unknown metabolites from single cells is
especially relevant for molecules only produced by rare cells,
where bulk analysis is not feasible.

Single-cell measurements enabled post hoc identification of
latent subpopulations based on the bimodal abundance distribu-
tions for some chemical species, suggesting the presence of cell
subpopulations in proliferating and quiescent phases. This ob-
servation, that is only accessible through analysis at the cellular
level, describes an unexpected stratification within a complex
multicellular symbiotic organ. In addition to revealing cellular
heterogeneity among the infected cells, metabolic noise meas-
urements provided possible correlations between the degree of
infection, the tightness of regulation for selected metabolites,
and their metabolic noise levels.

Although our work demonstrates the improvement in the
quality of the data generated from single-cell metabolomics and
the throughput of data interpretation through exploitation of su-
perior instrumental performance, it should be noted that the
throughput of data generation in single-cell metabolomics is
still low compared to single-cell transcriptomics (~100,000
cells/study) and proteomics (~1,000 cells/study). A major factor
that limits the current throughput in single-cell metabolomics
that potentially can be resolved by f-LAESI-MS is the low effi-
ciency of cell targeting. The duration of this process can be
shortened by incorporating image processing for the determina-
tion of cell centroids and implementing a motorized translation
stage for automated ablation of single cells with the optical fiber
tip. Enabling high throughput single-cell metabolomics can aid
the development of multi-omics for individual cells and help
reveal the link between genotype and phenotype for rare cells.
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