pubs.acs.org/ac

Letter

Single-Cell Infrared Microspectroscopy Quantiﬁes Dynamic
Heterogeneity of Mesenchymal Stem Cells during Adipogenic
Diﬀerentiation
Yadi Wang,# Wentao Dai,# Zhixiao Liu,# Jixiang Liu, Jie Cheng, Yuanyuan Li, Xueling Li,* Jun Hu,
and Junhong Lü*
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ABSTRACT: The central relevance of cellular heterogeneity to biological
phenomena raises the rational needs for analytical techniques with singlecell resolution. Here, we developed a single-cell FTIR microspectroscopybased method for the quantitative evaluation of cellular heterogeneity by
calculating the cell-to-cell similarity distance of the infrared spectral data.
Based on this method, we revealed the infrared phenotypes might reﬂect the
dynamic heterogeneity changes in the cell population during the adipogenic
diﬀerentiation of the human mesenchymal stem cells. These ﬁndings
provide an alternative label-free optical approach for quantifying the cellular
heterogeneity, and the combination with other single-cell analysis tools will
be very helpful for understanding the genotype-to-phenotype relationship in
cellular populations.

C

changes in adipocyte development are intensively studied, key
information regarding the structural and functional relevance
of dynamics heterogeneity that aﬀects lineage commitment
remains to be understood.20−22
The development of synchrotron radiation (SR)-based
infrared spectroscopy allows for spatially resolved chemical
mapping and molecular characterization of individual
cells.23−26 As the infrared spectra contain a lot of information
about fatty acids, proteins, and nucleic acids-carbohydrates,
Fourier transform infrared (FTIR) spectroscopy enables one to
detect the cellular composition, molecular structure, and
biochemical changes in response to the stimuli.27−30 Because
the spectral diversity reﬂects the relatively small biochemical
changes in cells, single-cell FTIR can in principle be used to
identify cell-to-cell variability that is lost in the studies on
average cell spectra.23 Recently, we found that 20 cells (at least
15 cells for practical performance) are enough to distinguish
the biological variability from technical errors with statistical
conﬁdence.31 In this work, we proposed a novel strategy for
quantitatively evaluating cellular heterogeneity by statistical
analysis of single-cell infrared spectra obtained from synchro-

ellular populations often exhibit heterogeneity to some
degree either in phenotypes or/and in genotypes, which
can play a central relevance to biological phenomena such as in
therapeutic resistance and stem cell diﬀerentiation as well as in
the immune response.1−6 Ensemble-averaged measurements
can identify the dominant components and interactions in a
population but do not reﬂect the cell-to-cell diﬀerences.7−9
With the rapid technological advances, a variety of single-cell
methods are emerging for the promise of unveiling cellular
heterogeneity.1,10,11 For instance, single-cell omics (genomics,
epigenomics, proteomics, and metabolomics) can permit a
comprehensive analysis of heterogeneity in a large cell
population.12,13 Despite these advances, the demand of a
detailed and unbiased approach to simultaneously quantify
global biomolecular structure information in a single cell and
heterogeneity within cells is urgent.
Mesenchymal stem cells (MSCs), one of the most versatile
cell types available for cell therapy, have been characterized by
the capacity of diﬀerentiating into diﬀerent lineages such as
osteocytes, adipocytes, and chondrocytes.14 In the adipogenic
diﬀerentiation, a complex process was thought to occur in the
diﬀerentiation stages.15 It has long been established that
hMSCs ﬁrst commit to the preadipocyte lineage and then the
preadipocyte acquires the characteristics of the mature
adipocyte,14,16,17 which were usually conﬁrmed through
immunocytochemical staining with Oil Red O. Experimental
ﬁndings demonstrate that MSCs are subject to signiﬁcant
changes in response to niche signals and exhibit variability in
their phenotypes.18,19 To date, although the macromolecule
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spectra) of each cell were extracted one by one. The details for
the absorption bands of hMSCs are listed in Table S1. Thus, a
spectral matrix with a 14-dimensional vector was obtained by
using the extracted values from the infrared spectra of each cell.
Calculation of the Cell-to-Cell Euclidean Distance.
The cell-to-cell Euclidean distances were evaluated by the

tron FTIR microspectroscopy. On the basis of the developed
method, the dynamic heterogeneity of human mesenchymal
stem cells (hMSCs) during adipogenic diﬀerentiation was
analyzed.

■

EXPERIMENTAL SECTION
Cell Culture, Adipogenic Diﬀerentiation, and Sample
Preparation for Infrared Microspectroscopy. Primary
human mesenchymal stem cells (hMSCs, obtained from
Medical College of Shandong University) were grown in low
glucose DMEM (GIBCO) supplemented with 10% fetal
bovine serum (GIBCO), 100 U/mL penicillin, and 100 μg/
mL streptomycin. Cells were incubated at 37 °C with 5% CO2
saturation in a humidiﬁed atmosphere. Culture solution was
replaced by fresh medium every 3 days, and cells were
passaged to the eighth generation. The MSCs were induced to
adipogenic diﬀerentiation in the process described in our
previous studies.28
At the 0, 1, 3, 7, and 21 days of diﬀerentiation, hMSCs were
washed with PBS for three times and then detached from Petri
dishes using cell scrapers and transferred into centrifuge tubes.
After centrifugation, the supernatant was abandoned, and cells
were resuspended and ﬁxed with 4% paraformaldehyde for 10
min. The ﬁxed cells were washed three times and resuspended
with 20 μL of ultrapure water; then, 3 μL of cell suspension
was dropped on a barium ﬂuoride (BaF2) window and
deposited under room temperature for at least 30 min until
completely dried, and single cells would disperse on the
window.
Synchrotron Radiation FTIR Microspectroscopy Experiments and Data Analysis. SR-FTIR was carried out at
the beamline BL01B of Shanghai Synchrotron Radiation
Facility (SSRF), which is equipped with a Nicolet 6700
Fourier transform infrared spectrometer, a Continuμm infrared
microscope, and a 32× infrared objective.
To ensure the collected spectra of single cells with
comparable signal intensities and signal/noise ratio, the same
aperture size of 20 × 20 μm was used throughout the
experiment. All the spectra were obtained within the midinfrared region of 4000−650 cm−1 with a resolution of 4 cm−1
and 256 coadded scans for each spectrum. Original spectra
were smoothed (9-point) and linear automatic baseline
corrected, and the second-derivative spectra were calculated
using the Savitzky-Golay algorithm. All data collection and
preprocessing procedures were operated on OMNIC (Thermo
Fisher Scientiﬁc Inc.). Infrared spectral Mie scattering was
corrected on Matlab R2014a using Resonant Mie Scattering
EMSC (RMieS-EMSC) correction.32 Principle component
analysis (PCA) was also carried out on Matlab.
For collecting single-cell infrared mapping images, the step
size was set to 3−4 μm, and there were 64 coadded scans for
each spectrum. After correcting for Mie Scatter, the mapping
images were smoothed (13-point), baseline corrected (linear
method), and normalized (oﬀset) on CytoSpec. Fatty acid,
protein, and nucleic acid components were used to construct
the chemical image of the cells based on the areas of 2940−
2910, 1670−1600, and 1133−1033 cm−1, respectively.
Construction of Single-Cell Infrared Spectral Absorption Matrices. Single-cell infrared spectra obtained from
diﬀerent incubation time points were random selected to
construct the spectral matrices. A total of 14 wavenumber
values of the minimum points in the second-derivative spectra
(corresponding to absorption peak positions of the original

n

following formula: DEu(p , q) = ∑i = 1 (pi − qi)2 , where
DEu(p, q) is the cell-to-cell Euclidean distance and p and q
represent n-dimensional vectors of two diﬀerent cells. In the
case when the cell number is k, a total of k2 cell-to-cell
distances will be acquired to construct the heatmaps. Among
them, the Ck2 distance values were used to analyze the
distribution in a histogram. The whole spectrum and the
subregional spectra were used to calculate the cell-to-cell
distance, respectively. In the case of a whole spectrum with 14
absorption peak positions (Table S1), the spectral matrix (14dimensional vectors; n = 14) was constructed. When the
subregional spectra were used, a 4-dimensional vector for the
fatty acid region (peak 1 to peak 4), a 7-dimensional vector for
the protein region (peak 5 to peak 11), and a 3-dimensional
vector for the nucleic acid-carbohydrates region (peak 12 to
peak 14) were obtained. The value of the Euclidean distance is
negatively correlated with the cell-to-cell similarity.

■

RESULTS AND DISCUSSION
Infrared Phenotypic Heterogeneity of the Human
Mesenchymal Stem Cells. In the single-cell infrared
experiment, several hundreds of cells, dropped on a barium
ﬂuoride (BaF2) window and dried completely under room
temperature, were scanned one by one to obtain high-quality
spectra and mapping images under FTIR microspectroscopy at
the Shanghai Synchrotron Radiation Facility (SSRF). Figure 1a
shows three typical chemical mapping images of single cells,

Figure 1. Infrared phenotypic heterogeneity of the human
mesenchymal stem cells. (a) Optical and FTIR chemical mapping
images of individual hMSCs based on fatty acid (2940−2910 cm−1),
protein (1670−1600 cm−1), and nucleic acid (1133−1033 cm−1)
components, respectively. The diﬀerent spatial distribution patterns of
the chemical components indicate the phenotypic heterogeneity of
the hMSCs. All scale bars are 10 μm. (b) Fifty FTIR spectra of single
hMSCs, showing the absorption spectral diversities in the band
positions and intensities; (c) PCA on the corresponding secondderivative spectra in (b).
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diﬀerentiating stem cell population were analyzed. As expected,
the histogram (Figure 2b) indicated that the cell population
measured in the experiment has relatively low heterogeneity
according to its Euclidean distance. The heatmap also clearly
presented a high similarity among the cells (Figure 2c). These
results conﬁrmed that the quantitative analysis of single-cell
infrared spectra can be used to reﬂect the heterogeneity in a
speciﬁc cell population.
Dynamics Heterogeneity during Adipogenic Diﬀerentiation. Using the established procedure and method, we
tried to quantify the heterogeneity change during the
diﬀerentiation process of the human mesenchymal stem cells.
The hMSCs can diﬀerentiate toward adipocytes when cultured
in the adipogenic medium for days (Figure 3a).18 Our previous
experiments on immunocytochemical staining with Oil Red O
conﬁrmed that the adipogenic induction is a successive
process.28 In this work, hMSCs cells cultured in adipogenic
medium over 0, 1, 3, 7, and 21 days were harvested for singlecell FTIR microspectroscopy. Fifteen cells were randomly
selected in each sample, and their infrared spectra were
recorded. After 14 spectral band positions in the whole spectral
region were extracted, spectral matrixes with 15 × 14dimensional vectors were constructed and used to calculate
cell-to-cell Euclidean distances. Figure 3b shows three
heatmaps that are generated from the Euclidean distance
calculation of the day 0, 7, and 21 infrared data sets,
respectively. We can ﬁnd that the diﬀerentiating cells have
higher heterogeneity. The distribution histograms of the
intercellular Euclidean distances under diﬀerentiation medium
at 0, 1, 3, 7, and 21 days clearly display the heterogenicity
changes during adipogenic diﬀerentiation (Figure 3c).
Interestingly, under adipogenic induction, the cell population
seems to decrease its heterogeneity in the ﬁrst 2 days.
Beginning at day 3, the cells increase the heterogeneity and
divide into more subpopulations. At day 7, the trend of the
subpopulation appearance suggests the production of adipogenic cells, in agreement with the results of Oil Red O staining.
After continuing growth for 21 days, the heterogeneity of the
cell population decreases again, which means most cells are
diﬀerentiated into adipocytes.
Since the infrared spectra reﬂect the global chemical
component information of the cells, we further analyzed the
biochemical heterogeneity among individual cells at the fatty
acid, protein, and nucleic acid levels, respectively. To this end,
spectral peaks (four peaks for fatty acids, seven peaks for
proteins, and three peaks for nucleic acids; the exact peak
positions were listed in Table S1) were extracted to construct
spectral matrices for calculating cell-to-cell Euclidean distances.
Figure 4 shows the biochemical phenotype distribution of the
hMSCs during diﬀerentiation. In response to the adipogenic
induction, fatty acid components change quickly, and two
subpopulations appear after day 1. This phenomenon may be
explained by the membrane structure changes caused by the
chemical factors in the medium. In day 3, the third
subpopulations can be attributed to the production of
premature adipocytes, which are still not stained by the Oil
Red O. As more and more adipocytes mature, the composition
and structure of the fatty acids in the cell population tend to be
homogeneous. The response of the proteins to induction
seems to occur a little later than that of the fatty acids.
Beginning at day 3, the trend of the subpopulation appearance
exists until most cells diﬀerentiate into adipocytes. Compared
with fatty acids and proteins, the infrared phenotypes of the

generated on the basis of speciﬁc band integrations (fatty
acids: 2940−2910 cm−1; proteins: 1670−1600 cm−1; nucleic
acids: 1133−1033 cm−1). We can ﬁnd that the size, shape, and
chemical component spatial distribution patterns of these cells
were diﬀerent, indicating the phenotypic heterogeneity in the
cell population of the hMSCs. The original spectra of 50 cells
in the same batch (Figure 1b) also clearly display the large
diversity in the position and intensity of the absorption bands.
To exhibit the spectral diﬀerence more obviously, principle
component analysis (PCA) was carried out on the secondderivative spectra to project them onto a lower-dimensional
space (Figure 1c). Since cells with similar infrared proﬁles can
be visualized by plotting the ﬁrst two principal components
(PC1 and PC2), the dots distribution in the PCA map
demonstrates the presence of cellular heterogeneity in the
population.
Quantitative Evaluation of Cellular Heterogeneity.
To evaluate the phenotypic heterogeneity among a cell
population, we developed a strategy to analyze the similarity
among the single-cell spectral data by quantitatively calculating
the cell-to-cell Euclidean distance. The detailed procedure is
listed in Figure 2a. Brieﬂy, all wavenumber values of the

Figure 2. Quantitative evaluation of cellular heterogeneity by
comparing cell-to-cell similarity. (a) A procedure for calculating the
cell-to-cell Euclidean distance. The absorption peak position values in
the whole-spectral region (indicated with arrows) of the secondderivative spectra of each cells were extracted to construct an infrared
spectral matrix. After the Euclidean distances among the two cells
were calculated, a total of Ck2 cell-to-cell distances were acquired (k is
the cell number). (b) The distribution of cell-to-cell Euclidean
distances of 50 cells. The blue line is the ﬁtted Gauss curve. (C) The
heatmap of cell-to-cell Euclidean distance.

minimum points in the second-derivative spectra (corresponding to absorption peak positions of the original spectra; the
exact peak positions were listed in Table S1) of each cell were
extracted to construct an infrared spectral matrix (k × n),
where k is the cell number and n is the total number of peaks
in the single-cell spectra. The similarities among the cells were
then calculated by the Euclidean distance:
n

DEu(p , q) = ∑i = 1 (pi − qi)2 , where DEu(p, q) is the cellto-cell Euclidean distance and p and q represent n-dimensional
vectors of two diﬀerent cells. The distribution of the distance
values in a histogram and/or heatmap can be used to display
the cellular heterogeneity. To test the feasibility of this
method, 50 single-cell infrared spectra required from a pre673
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Figure 3. Dynamics heterogeneity during adipogenic diﬀerentiation in hMSCs. (a) Schematic showing the phenotypic variation during hMSC
diﬀerentiation. (b) The heatmaps derived from the Euclidean distance among the hMSCs at 0, 7, and 21 days. (c) The distribution histograms of
the intercellular Euclidean distances under diﬀerentiation medium at 0, 1, 3, 7, and 21 days, respectively. The curves were ﬁtted using the Gauss
function with isolated peaks indicated by red violet lines and peak sums displayed with blue lines.

Figure 4. Distribution for the cell-to-cell Euclidean distances of the hMSCs (n = 15) by their biochemical components during diﬀerentiation. Fatty
acid, protein, and nucleic acid components were used to evaluate the cell heterogeneity, respectively. Following adipogenic diﬀerentiation over 0, 1,
3, 7, and 21 days, 15 cells were random selected each day, and the cell-to-cell Euclidean distances were calculated. The curves were ﬁtted using the
Gauss function with isolated peaks indicated by red violet lines and peak sums displayed with blue lines.
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nucleic acids in the cell population have a similar tendency
with increasing heterogeneity at the early state and decreasing
at the terminal stage of diﬀerentiation toward adipocyte
lineage.

■

CONCLUSIONS
In this work, we developed a novel strategy to quantitatively
evaluate cellular heterogeneity based on single-cell synchrotron
FTIR microspectroscopy and computational methods. After
calculating the cell-to-cell similarity distance of the infrared
spectral data, we conﬁrmed that the statistical analysis of
single-cell infrared phenotypes can be used to quantify the
heterogeneity in a speciﬁc cell population. Using this method,
we have investigated the dynamic heterogeneity changes in the
cell population during adipogenic diﬀerentiation of human
mesenchymal stem cells and found that the infrared
phenotypes have a similar tendency with increasing heterogenicity at the early stage and decreasing heterogenicity at the
terminal stage of diﬀerentiation toward adipocyte lineage.
These ﬁndings provide an alternative methodology for
dissecting the cellular heterogeneity. When this novel development is combined with single-cell sequencing as well as other
cell analysis techniques, it will be very helpful for understanding the relationship between genotypic and phenotypic
heterogeneity.
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