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Picosecond spectral coherent anti-Stokes Raman
scattering imaging with principal component analysis
of meibomian glands

Chia-Yu Lin,a Jeffrey L. Suhalim,b Chyong Ly Nien,c Miloš D. Miljković,d Max Diem,d James V. Jester,c and Eric. O. Potmaa
aUniversity of California, Irvine, Department of Chemistry and Beckman Laser Institute, Irvine, California 92697
bUniversity of California, Irvine, Graduate Program in Mathematical, Computational and Systems Biology, Irvine,
California 92697
cUniversity of California, Irvine, Gavin Herbert Eye Institute, Irvine, California 92697
dNortheastern University, Department of Chemistry and Chemical Biology, Boston, Massachusetts 02115

Abstract. The lipid distribution in the mouse meibomian gland was examined with picosecond spectral anti-
Stokes Raman scattering (CARS) imaging. Spectral CARS data sets were generated by imaging specific localized
regions of the gland within tissue sections at consecutive Raman shifts in the CH2 stretching vibrational range.
Spectral differences between the location specific CARS spectra obtained in the lipid-rich regions of the acinus
and the central duct were observed, which were confirmed with a Raman microspectroscopic analysis, and
attributed to meibum lipid modifications within the gland. A principal component analysis of the spectral data
set reveals changes in the CARS spectrum when transitioning from the acini to the central duct. These results
demonstrate the utility of picosecond spectral CARS imaging combined with multivariate analysis for assessing
differences in the distribution and composition of lipids in tissues. C©2011 Society of Photo-Optical Instrumentation Engineers
(SPIE). [DOI: 10.1117/1.3533716]
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1 Introduction
One of the most attractive features of coherent anti-Stokes
Raman scattering (CARS) microscopy is the ability to gener-
ate images based on vibrational contrast with image acquisition
rates that are comparable to the frame rates of a laser scanning
fluorescence microscope. This principle is most clearly imple-
mented in picosecond CARS microscopy, where the contrast in
the image is typically derived from a narrow region in the Ra-
man spectrum of the target compound.1, 2 In case the molecular
target can be addressed through a strong and isolated Raman
band, picosecond CARS microscopy offers chemically selec-
tive imaging at video rate acquisition times.3 The visualization
of lipids through the symmetric CH2 stretching vibrational mode
is a successful example of this approach, which has been applied
to a variety of biomedical imaging studies, including the visu-
alization of myelin in neurodegenerative diseases,4, 5 lipid accu-
mulation in atherosclerosis,6–8 and the role of lipids in metabolic
processes.9–11

Whereas the picosecond CARS implementation has been
particularly successful, it has also been recognized that much
of the spectral information accessible with a Raman sensitive
probing interaction is not utilized in the narrowband CARS
excitation scheme. Broadband CARS schemes address this issue
by recording a much wider segment of the Raman spectrum.
In the broadband approach, the desired spectral information is
attained by either resolving the broadband anti-Stokes signal

Address all correspondence to: Eric Potma, Department of Chemistry, University
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E-mail: epotma@uci.edu.

on a CCD-based spectrometer12–15 or by Fourier transforming
the time-resolved anti-Stokes response.16, 17 The CARS signal
yield is typically high enough to record CARS spectra over
several hundreds of wave numbers with acquisition times that
can be two orders of magnitude faster than what can be achieved
with a spontaneous Raman microspectrometer.18 The broadband
CARS strategy has been successfully applied to studies in which
rapid acquisition of vibrational spectra is required. Examples
of such studies include the characterization of atherosclerotic
plaques,7 dynamic mapping of lipid phase transitions,19 and the
study of chemical reactions in microfluidic devices.20, 21

However, in many biomedical imaging studies of tissue spec-
imens, rapid scanning is the preferred mode of operation as large
areas (millimeters) need to be examined with high spatial res-
olution (sub-micrometer). For these particular studies, a loss of
spectral information is compensated by a much higher infor-
mation density in the spatial domain, and picosecond CARS
microscopy is a sensible choice. As shown by Slipchenko et al.,
the rapidly generated ps-CARS images can provide the spatial
information needed for a deeper chemical analysis with sponta-
neous Raman spectroscopic examination at selected points in the
CARS image.22 Indeed, in many tissue imaging studies, rapid
spatial mapping of a narrowband CARS signal combined with
point selective vibrational microspectroscopy may provide suf-
ficient information to enable a reliable biomedical assessment.
Other studies, however, would benefit from high-density spatial
mapping with expanded spectral information for each pixel.

In the present work, we are interested in characterizing the
lipid distribution in meibomian glands. The meibomian gland
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is a structure found in the eyelid that produces meibum lipids,
which are believed to be the major source of lipids that constitute
the tear film on the ocular surface.23 Meibum lipid is synthesized
by meibocytes, which form cell clusters, called acini, in the pe-
ripheral parts of the gland. Meibum mainly consists of wax
esters (44%), sterol esters (33%), and phospholipids (8%).23 As
meibocytes migrate towards the central portion of the gland, the
intracellular lipid droplets mature and, upon acinar cell degen-
eration, the meibum lipids eventually merge in the ductules and
form large lipid pools within the central duct.24 The meibum is
subsequently secreted onto the ocular surface through the gland
orifice.

Although dysfunction of the meibomian gland is the major
cause of evaporative dry eye disease,25 relatively little is known
about the underlying changes in gland structure and lipid com-
position as a function of progression of the disease. Mass spec-
trometry and liquid chromatography measurements on extracted
meibum have provided evidence for changes in the meibum lipid
composition of patients with dry eye disease.26 Such differences
have also been observed in infrared absorption and Raman spec-
troscopic studies of extracted meibum samples.27, 28 While these
studies confirm the relation between meibomian gland dysfunc-
tion and an altered composition of the lipid tear film, they provide
no information on how the compositional changes of meibum
lipids correlate with the structure of the gland. To establish such
a correlation, chemical maps of intact meibomian glands with
sufficient selectivity to discriminate several lipid constituents
are desirable.

In assessing meibomian gland structure, high-density spa-
tial mapping is required to detect the individual lipid droplets
of the acinus, as well as the larger lipid pools in the duct. At
the same time, discrimination between different lipid species
is important, which necessitates the acquisition of spectral in-
formation for each pixel in the image. In this work we show
that picosecond CARS imaging combined with signal acqui-
sition over a limited spectral range is a simple approach that
meets these imaging requirements. In this approach, which is
an alternative to the broadband CARS imaging technique, high-
density CARS spatial maps are recorded consecutively for Ra-
man shifts with a spectral resolution defined by the spectral
width of the piscosecond laser pulses (∼5 cm− 1). The result-
ing data set consists of a spectral dimension in addition to two
spatial coordinates (x,y,ω). Whereas the spectral range exam-
ined is limited to ∼200 cm− 1 in the CH stretching vibrational
range, we show that sufficient spectral contrast can be achieved
to observe compositional variations in the meibomian gland
lipids.

To improve the chemical contrast contained in the data set, we
have explored the use of the principal component analysis (PCA)
method for CARS spectral imaging. The PCA is a multivariate
analysis tool that expresses the original spectral data in terms of
several principal components, which describe the most signif-
icant variance within the data set.29 PCA methods are capable
of distinguishing small spectral differences among spectra and
have been successfully applied for improving the chemometric
analysis of Raman spectral data sets.30–32 Recently, a PCA
approach has been successfully used to distinguish between the
extracted meibum from patients with gland dysfunctional and
meibum obtained from patients with normal glands based on
differences in the vibrational spectrum.33 Here, we illustrate

that a principal component analysis also improves the chemical
contrast contained in CARS spectral data sets, even when the
spectral range is limited to a few hundred wave numbers. We ap-
ply the picosecond spectral CARS imaging approach with PCA
to identify changes in the lipid composition in the meibomian
gland. We use Raman microspectroscopic analysis to verify
the sensitivity of this combined CARS/PCA method and we
draw general conclusions regarding the utility of this imaging
technique.

2 Materials and Methods
2.1 Tissue Samples
Eyelids from 24 month-old mice were excised and fixed in
2% paraformaldehyde in phosphate buffered (PBS) saline. Tis-
sue was then embedded in optical cutting temperature (OCT)
medium, snap frozen in liquid nitrogen and 25 μm thick sec-
tions cut using a Leica CM1850 Crytotome (Leica, Wetzlar,
Germany). Tissue sections were placed on a glass microscope
slides, immersed in PBS, covered with a No. 1 borosilicate cov-
erslip, and sealed with epoxy glue. Experiments were performed
at room temperature. Since the purpose of this study is to de-
termine the presence of lipid changes in the gland structure,
we have chosen to work with sectioned tissue samples that en-
able optimized imaging conditions. We note that, in principle,
CARS imaging can be extended to examining fresh tissue and,
with proper signal acquisition speeds, to studying tissue in vivo
as well.

The wax esters stearyl stearate, behenyl stearate, palmityl
palmitate, and the cholesterol esters cholesteryl linoleate,
cholesteryl linolelaidate, cholesteryl stearate were purchased
from Sigma-Aldrich and were used without further purification.
A wax ester mixture was made by mixing the three wax esters in
a 1:1:1 ratio. A similar 1:1:1 mixture was made with the choles-
terol esters. These mixtures were used in Raman measurements
to gain insight in the main vibrational signatures of wax esters
and cholesterol esters.

2.2 CARS Microscopy
Multimodal CARS microscopy was carried out on a modi-
fied inverted confocal microscope (Fluoview 300, Olympus).
The lightsource consisted of an optical parametric oscillator
(Levante Emerald OPO, APE, Berlin) pumped by the sec-
ond harmonic of a Nd:vanadate picosecond mode-locked laser
(PicoTrain, High-Q), which provided the pump (780 nm – 830
nm) and Stokes (1064 nm) beams for the CARS excitation pro-
cess. The collinearly combined pump and Stokes beams were
focused by a dry 20x, 0.70 NA objective lens (UplanSApo,
Olympus) onto the sample. The CARS focal volume of this lens
measures ∼0.5 μm laterally and ∼3.5 μm axially. CARS signals
were registered in both the forward and epi-direction, filtered
with two bandpass filters (650 nm, 40 nm bandwidth, Chroma)
and detected with a photomultiplier tube (R3896, Hamamatsu)
positioned in both the forward and epi-direction. Average power
at the sample is less than 15 mW per beam and pixel dwell times
were 4 μs. CARS images were typically averaged three times.
A third photomultiplier tube detector in the epi-direction was
used to monitor the pump induced SHG radiation. A dichroic
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filter (550 nm longpass filter, Semrock) and a bandpass filter
(400 nm, 40 nm bandwidth, Thorlabs) were used to separate the
SHG signal from the CARS radiation.

CARS spectral scanning was accomplished by scanning the
wavelength of the OPO. Wavelength scanning is achieved by
tuning the temperature of the periodically poled potassium ti-
tanyl phosphate crystal and adjusting the etalon setting. The
results presented in this work were acquired by manually scan-
ning the OPO. By tuning from high to low temperatures while
keeping the power constant, the time separation between the
acquisition of two subsequent images in the spectral scan was
10–20 sec. For each wavelength setting, a CARS image was
taken, generating a three-dimensional data stack (x,y,ω). These
data stacks were typically of dimension 512×512×50. The re-
sulting data stacks were used for subsequent multivariate anal-
ysis. We verified that, at constant incident excitation power, the
spectral dependence contained in the images is independent of
the direction of the spectral scan. In addition, no sample dam-
age was observed after completion of the spectral data stack
acquisition.

2.3 Raman Microspectroscopy
A frequency doubled Nd:vanadate laser (Verdi V5, Coherent)
was used for Raman excitation at 532 nm. The laser light was
coupled into the multimodal CARS microscope through the
backport of the microscope frame (IX71 Olympus), and focused
by the same objective lens. Average power at the sample was
∼5 mW. Epi-scattered light was directed to a holographic notch
filter, spatially filtered and passed to a spectrometer (Shamrock,
Andor) equipped with a CCD camera (iDus, Andor). The size
of the Raman probing volume was ∼0.5 μm in the lateral di-
mension and ∼5 μm in the axial dimension. Switching between
the CARS and Raman detection mode involved a simple turn
of the carrousel. A spin cast rhodamine 6G layer on a cover-
slip was used to determine the spatial correlation between the
galvanometric mirror pair and the Raman probing volume. To
this end, the rhodamine layer was exposed to 532 nm excitation
light to introduce a photo-bleached spot in the film. The spot
was subsequently imaged through two-photon excited fluores-
cence induced by the mirror-scanned pump beam. The location
of the photobleached spot corresponds to the location Raman
probing volume, which was correlated with a precision of 0.5
μm to the position of the CARS excitation beams. Any position
in the CARS image could be moved within the Raman probing
volume with sub-micrometer precision.

2.4 Principal Component Analysis
Principal component analysis (PCA) was used as an established
multivariate data analysis method to extract information from
the CARS images based on the variation among the CARS
spectra. PCA is an unsupervised method that is well suited to
distinguish recurring variations in a spectral data set. In the
PCA method, the original data is expressed in a basis set that
is based on the variance contained in the data.34 The elements
of this new set are called the principal components. Because
there is typically a significant amount of repeated information
in the spectral images, the data set can be satisfactorily de-
scribed in terms of only a few principal components. Thus, the

PCA reduces the multidimensional space spanned by the original
N = xy spectral vectors, where x and y are the number of image
pixels in the lateral dimensions, respectively, into a manage-
able set of principal components that describe the main spectral
variances.

The datasets (x,y,ω) can be expressed as a single matrix,
Y, with N-rows and s-columns. Each column corresponds to
pixel intensities for measurement taken at distinct wavenum-
bers, whereas the spatial coordinate is unfolded into a single
axis coordinate system. In our case, Y consists of 262,144 rows
and 50 columns, representing 262,144 data points and its asso-
ciated intensities at 50 different wavenumbers, respectively. Y
is centered by subtracting the mean intensity for each column
from the pixel intensities. Eigenvectors (V) and eigenvalues (D)
are then computed by using MATLAB’s Singular Value Decom-
position built in function, SVD. The order of the eigenvectors
is arranged so that the magnitude of the associated eigenvalue,
which is proportional to the variance, is in decreasing order.
Subsequently, the principal components matrix (Z) can be cal-
culated from Z = Y V.

In this study, the first three principal components exhibited
most of the variance in the measurement. The Z and V matrices
can be truncated based on the selected principle components (p);
in our case Zp had dimensions 262,144 × 3 and Vp has dimen-
sions 50×3. The reconstructed spectra, S, were then calculated
as S = Zp VpT followed by adding the mean intensity to each
pixel that was subtracted earlier from the original datasets.

The resulting projected data, Z, is utilized to generate the
RGB color map in the original coordinate system. The color map
is particularly useful to group underlying spectra because differ-
ent colors highlight the contribution(s) from particular principal
component(s). The spectra for each color shown in the score map
were constructed by averaging spectra for pixels represented by
the same color; the spectra were normalized to the maximum
average intensity. Computation was performed in MATLAB.

3 Results
3.1 CARS Microscopy of Meibomian Gland Lipids
Figure 1 shows representative CARS images of the lipid distribu-
tion in the meibomain gland. For these experiments, the Raman
shift was tuned to the symmetric CH2 stretching vibration at
2845 cm− 1. The CARS contrast resolves the major structural
components of the gland. In Fig. 1(a), a sagittal section along
the long axis of the gland structure is shown. The meibocytes
in the acini clusters can be clearly recognized at peripheral re-
gions in the gland. A punctuate pattern is seen in the cytosolic
space of the meibocytes, which corresponds to micrometer sized
lipid droplets. Towards the center of the gland, the lipid droplet
pattern becomes more diffuse and the cell nuclei become less
distinct. This region of cellular degeneration is known as the
ductule. Several ductules converge into the central duct of the
gland, which exhibits a complete loss of cellular structure at the
expense of an agglomerated pool of meibum lipid.

Figure 1(b) shows a transverse cut through the gland. It can
be clearly seen that the peripheral acini surround the region
of the central duct. Figure 2(a) shows an acinus cluster. In-
dividual meibocytes can be clearly distinguished. In addition,
the larger intracellular droplets (>1 μm) can be sufficiently
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Fig. 1 CARS images of the lipid distrubution in the meibomian gland
of a 24 month old mouse. Raman shift was set to 2845 cm− 1. (a)
Sagittal cross section of the meibomian gland showing the acini clusters
(ac), the converging ductules (dt) and part of the central duct (dc). (b)
Transversal cross section of the meibomian gland. Scale bar is 50 mm.

resolved, which enables a droplet specific analysis. The acini are
separated by a collagen matrix, as shown in Fig. 2(b), whereas
no collagen fibers are seen inside the acini.

3.2 Raman Spectroscopy of Duct and Acini Lipids
To investigate tentative differences in the lipid composition
throughout the gland structure, we have performed Raman

Fig. 2 (a) CARS image of a cluster of meibocytes in the acinus. (b) CARS
image of several acini clusters. Lipids (red) are imaged with CARS at
2845 cm− 1 and collagen (blue) is imaged with SHG. Scale bar is 20
μm.

Fig. 3 Raman spectral point measurements in the meibomian gland
in the CH2 stretching vibrational range. (a) Spectrum measured in the
lipid regions of the acinus. (b) Spectrum measured in central duct. (c)
Difference spectrum (acinus-central duct). Spectra were obtained by
averaging 10 point-measurements at different locations in either the
acinus or the central duct.

microspectroscopic measurements at selected locations in the
gland. The locations for the Raman point measurements were
determined from the CARS images generated on the same
platform. Figure 3(a) shows the Raman spectrum in the CH
stretching range measured in the lipid regions of the acini. The
spectrum shown is the average of multiple point measurements
(n = 10). In Fig. 3(b), the spectrum attained from the central
duct is shown. Although the lipid spectra of the duct and the
acinus are nearly identical, the acinus spectrum exhibits addi-
tional spectral components in the ∼2940 cm− 1 range, as seen
in the difference spectrum depicted in Fig. 3(c). The residual
spectrum indicates either that there are differences in the lipid
composition of the duct and the acini or that there are additional
cellular components probed in the acini. Because the Raman
probing volume is larger than individual lipid droplets, spectral
components from intracellular material other than lipid droplets
may contribute to the spectrum. In the duct, on the other hand,
the lipid pool is much larger than the probing volume, which
excludes spectral contributions from tissue components other
than the meibum lipids.

It is instructive to compare the meibum Raman spectrum with
the spectra of several of its major constituents. The spectrum of
the wax ester mixture and cholesterol ester mixture is shown
in Figs. 4(a) and 4(b), respectively. The wax ester spectrum
is characterized by two relatively sharp peaks, which corre-
spond to CH2 stretching vibrations at 2846 cm− 1 and at 2886
cm− 1.35 Figure 4(c) shows the sum of the two spectra. Although
the resulting spectrum does not necessarily reflect the exact
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Fig. 4 (a) Raman spectrum of a 1:1:1 wax ester mixture of stearyl
stearate, behenyl stearate, and palmityl palmitate. (b) Raman spectrum
of a 1:1:1 cholesterol ester mixture of cholesteryl linoleate, cholesteryl
linolelaidate, and cholesteryl stearate. (c) Normalized sum of spectrum
(a) and spectrum (b).

composition of meibum, the major features of the meibum lipid
Raman spectrum are relatively well reproduced.

Figures 5(a) and 5(b) show the Raman spectra of the duct
and the acinus in the fingerprint region, respectively. For com-
parison, the spectra of the wax ester mixture and the cholesterol
ester mixture are given in Figs. 5(c) and 5(d), respectively. The
main spectral signatures of the duct lipids are also seen in the ac-
inus spectrum, indicating that the acinus spectrum is dominated
by lipids with limited contributions from other cellular material.
In particular, no residual contribution from the amide I vibra-
tion near 1650 cm− 1 is seen in the acinus spectrum, providing
evidence that protein spectral components contribute very little
to the spectrum. A weak, yet narrow, spectral component at 1585
cm− 1 is seen in the acinus spectrum that is absent in the lipid
spectrum of the duct.

Comparing the duct and acini Raman spectra, it can be con-
cluded that the acinus spectrum is dominated by contributions
from lipids. Small yet clear differences are seen in the lipid
spectra measured in the two regions, as evidenced by the addi-
tional components at 2940 cm− 1 and 1585 cm− 1 in the acinus
spectrum. Since spectral differences are observed in both the
fingerprint as well as in the CH stretching range of the vi-
brational spectrum, both regions of the spectrum qualify for
CARS spectral scanning experiments. Since the expected vibra-
tional contract relative to nonresonant background contributions
is highest in the CH stretching region, we have chosen to per-
form CARS spectral scans in this higher energy range of the
vibrational spectrum.

Fig. 5 Raman spectral point measurements in the meibomian gland in
the fingerprint vibrational range. (a) Spectrum measured in the central
duct. (b) Spectrum measured in the lipid regions of the acinus. Spectra
were obtained by averaging 10 point-measurements at different loca-
tions in either the acinus or the central duct. (c) Spectrum of the wax
ester mixture [as in Fig. 4(a)]. (d) Spectrum of the cholesterol ester
mixture [as in Fig. 4(b)].

3.3 CARS Spectral Imaging of Lipid Distribution
CARS spectral imaging enables an improved chemical analysis
of lipid CARS images. In Fig. 6(a), an area of the meibomian
gland is visualized that comprises both acini clusters and the
central duct. A spectral image was generated by scanning the
Raman shift from 2790 cm− 1 to 3070 cm− 1 in approximately
6 cm− 1 steps. The spectral content of the areas marked in Fig.
6(a) are plotted in Figs. 6(b) and 6(c). A characteristic CARS
lipid spectrum is observed in the regions of the acini and the
central duct. A comparison of the acini and duct spectra reveals
a higher spectral density in the 2900 cm− 1 region of the acini
spectrum, which is largely in line with the differences observed
in the Raman spectra of the corresponding areas (Fig. 3). Note
that the 2886 cm− 1 band of the Raman meibum spectra [Figs.
3(a) and 3(b)] is not clearly seen in the CARS spectrum as a
result of spectral interferences with the nonresonant electronic
background.

Figure 6(c) shows the spectrum attained from the tissue ma-
trix that surrounds the gland. The spectrum lacks the character-
istic CH2 stretching component of lipids, and peaks around 2900
cm− 1. This signature is reminiscent of CH stretching vibrations
of protein structures, which is expected for a tissue region with a
high concentration of structural protein. The rise of the spectrum
beyond 3000 cm− 1 can be attributed to the red tail of the OH
stretching vibration of water.
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Fig. 6 CARS spectral imaging of the meibomian gland. (a) Image of the
spectral data stack for the Raman shift 2845 cm− 1. Scale bar is 50 μm.
(b) Spectral projections of the lipid-rich areas 1 (duct; open circles) and
2 (acinus; solid circles) encircled in (a). (c) Spectral projection of the
encircled area 3 in (a), corresponding to the extracellular matrix. The
solid lines are a guide to the eye.

While insightful, the examination of a few selected regions
does not do justice to the richness of information contained in the
spectral CARS image. To more efficiently portray the spectral
variation of the image, a multivariate analysis can be performed.
In the following section we explore the use of a principal com-
ponent analysis to classify the major spectral features within the
CARS image.

3.4 Principal Component Analysis
Figure 7(a) shows the score map composed of the first three
principle components. The score map assigns a color to each
pixel based on the score of each principle component (PC) at
the pixel location. The PCA clearly identifies different regions
in the spectral image. The extracellular matrix (magenta) is
separated from the lipid rich regions of the acini and duct. The
acinus (yellow) is spectrally discriminated from the areas of the
ductule and central duct. Furthermore, within the ductal regions
of the gland, two lipid populations are recognized based on their
mutual spectral variance.

Fig. 7 Principal component analysis of the CARS spectral data stack
shown in Fig. 6. (a) Score map of the first three principal components,
represented in RGB colors. Scale bar is 50 μm. (b) Reconstructed av-
eraged CARS spectra from the black (solid circles), cyan (open circles),
and yellow (open triangles) lipid-rich regions of the score map. Spectra
are offset for clarity. (c) Reconstructed averaged spectrum of the ma-
genta colored region of the score map. Spectra are reconstructed using
the first three principal components (p = 3).

The spectra associated with the main regions identified in Fig.
7(a) are given in Figs. 7(b) and 7(c). These spectra were recon-
structed using only the first three principal components. Figure
7(b) shows the averaged lipid spectra of the yellow, black, and
cyan regions of the image. The spectra show much similarity to
the extracted CARS spectra shown in Fig. 6(b), indicating that
the spectral reconstruction faithfully reproduces the main spec-
tral signatures. The reconstructed spectra show small spectral
differences among the different lipid-rich areas, which possibly
reflect changes in the lipid composition within the gland struc-
ture. Figure 7(c) depicts the reconstructed spectrum of the tissue
matrix, which shows much resemblance to the CARS spectrum
shown in Fig. 6(c).
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4 Discussion
In this work we have implemented picosecond CARS mi-
croscopy as a spectral imaging tool. By expanding the CARS im-
ages in the spectral dimension, better discrimination is achieved
between the chemical components that contribute to the im-
age. The spectral dimension is examined over a moderate range
(∼200 cm− 1) by scanning the frequency difference between
the pump and Stokes picosecond laser beams. In this case, the
high-speed acquisition of individual CARS images in the pi-
cosecond mode translates into a relative rapid generation of
spectral data sets. In the current implementation, the fastest
scanning of the Raman shift that could be achieved was ∼10 s
between consecutive frames. Due to manual inconsistencies, the
actual acquisition time for a 512×512×50 spectral stack pre-
sented in this study was about 30 minutes. This translates into
an effective spectral acquisition time of ∼8 ms per pixel. For
comparison, reported spectral acquisition times for each pixel
in representative broadband CARS studies are in the 17–50 ms
range.36, 37 Importantly, the scanning operation in this study is
far from optimum and can be significantly sped up by automated
scanning. Additional improvements can be envisioned when the
frequency of the laser beams is rapidly swept in a periodic fash-
ion. This would enable the generation of spectral CARS data
within a matter of minutes, with sub-ms spectral acquisition
times per pixel. Therefore, the narrowband spectral imaging ap-
proach constitutes an attractive alternative to broadband CARS
methods, which currently require longer acquisition times for
generating a spectral data set of similar spatial dimensions. The
picosecond CARS approach explored here improves the total
signal acquisition time by reducing the information along the
frequency dimension while preserving the high-density infor-
mation in the spatial domain. This strategy is particularly useful
when the spectral variation in the data set is slowly varying as
a function of frequency, which allows a coarser sampling of
the frequency axis. These conditions are met in the CH stretch-
ing region of the Raman spectrum, where spectral features are
relatively broad.

This study shows that a straightforward implementation of
CARS spectral imaging significantly improves the image in-
formation content. A simple inspection of the spectral data, as
shown in Fig. 6, enables a direct discrimination between tissue
components. For example, based on their spectral content, the
lipid regions are easily separated from the structural proteins
of the tissue matrix. The power of a spectral decomposition of
the CARS image was recently pointed out and experimentally
demonstrated.38, 39 Whereas the differences between lipid and
protein spectra are substantial, the data set also contains spec-
tral variations that are less dramatic, yet chemically meaningful.
Differences in lipid composition, for instance, are manifested
by relatively subtle spectral variations that may not be easily
differentiated with a direct decomposition of the spectra. Mul-
tivariate analysis tools are well suited to address this problem
of extracting meaningful spectral differences from the data set.
In this work, we have used the PCA method to decompose the
CARS spectral image into major spectral classes based on vari-
ance within the data set. Despite the relatively narrow spectral
window and the broad spectral features in the CH stretching
range, the PCA provides sufficient contrast for discriminating
distinct regions within the meibomian gland.

Multivariate analysis has been shown to be a powerful ap-
proach in Raman microscopy, which was shown to be partic-
ularly successful in discriminating intracellular compartments
based on spectral differences. The major advantage of using
CARS over Raman microscopy is the much improved signal
acquisition time. To generate an image of 512×512 pixels in a
Raman microscope would take multiple hours, which is gener-
ally impractical when large tissue areas need to be examined.
However, compared to a PCA performed on Raman data sets,
the discriminatory power of a PCA applied to CARS data may
be limited. This is because the examined spectral window is nar-
row and the CARS spectral features are broadened relative to
the Raman signatures. In addition, the nonresonant background
may vary from point-to-point and can contribute to different
spectral variations by mixing with the vibrationally resonant
response. The variance in the data set may thus by influenced
by a spatially varying nonresonant background. Consequently,
while the vibrational contrast is the primary source of spectral
variation, the different regions identified in the PCA score map
may also contain different relative contributions from the non-
resonant background. Because of these differences, the PCA
results obtained from the CARS spectral data cannot be directly
equated to a PCA of a Raman microscopy spectral data set. In
principle, spectral profiles proportional to Raman spectral sig-
natures can be attained when using a phase retrieval method,
which eliminates most of the differences between Raman and
CARS spectral data sets.40, 41 It should be noted that although
the frequency axis in picosecond spectral CARS imaging con-
tains only a fraction of the number of points collected in Raman
spectral data sets (typically 1024), the number of CARS spec-
tra in the data set (512×512) is considerably larger than what
is commonly collected in Raman microscopy studies. Conse-
quently, the repeatability in the data set is large, which improves
the quality of the spectral separation based on variance.

The score map generated by the PCA and presented in
Fig. 7(a) provides a very intuitive interpretation of the CARS im-
age of the meibomian gland. Not only is the extracellular matrix
separated from the gland structure, within the gland the different
functional units of the acinus and the duct are spectrally discrim-
inated as well. It can be noticeably perceived that the spectrum
of the lipid-rich regions changes when transitioning from the
acinus to the duct. The spatial representation of transitions in
the CARS spectrum is a helpful tool in assessing the matura-
tion process of the meibum lipids when migrating through the
gland.

The results displayed here provide evidence for lipid modi-
fications in the central duct, suggesting post-processing of the
lipid within the ductal region of the gland. The most notable
differences between the vibrational spectra of the lipids of the
acini and the duct are found in the 2880 – 2940 cm− 1 range,
a region known to be sensitive to the mobility of the aliphatic
chains.35,42, 43 The observed spectral differences may thus reflect
differences in lipid fluidity throughout the gland structure, a pa-
rameter of direct relevance to assessing the health of the meibo-
mian gland.33 Nonetheless, the mechanism underlying this post-
processing of meibum within normal glands needs further eluci-
dation. Clearly, application of this approach to studying meibum
in dysfunctional glands will provide important insights into the
pathogenesis of this disorder.
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5 Conclusion
In this work, we have used picosecond CARS imaging com-
bined with spectral scanning to generate spectral CARS images
of the meibomian gland. Spectral ps-CARS imaging is partic-
ularly useful when variations exist within a relatively narrow
spectral window, which enables the generation of spectral data
sets with rapid signal acquisition times. We have applied this
approach to examine tentative changes in the lipid composi-
tion of meibum throughout the gland structure. By comparing
the CARS spectra of the acinus and the central duct with Ra-
man microspectroscopic point measurements, we have found
evidence for modifications to the meibum lipid composition
when transitioning from the acini to the central duct. A spectral
decomposition of the image based on a principal component
analysis confirms the changes in the CARS spectrum between
the lipid-rich regions of the acini and the central duct. A clear
separation of the functional units of the gland is obtained with
the PCA based spectral classification, which demonstrates the
utility of the multivariate analysis approach to CARS spectral
imaging of large tissue segments.
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X. S. Xie, “Chemical imaging of tissue in vivo with video-rate co-
herent anti-Stokes Raman scattering (CARS) microscopy,” Proc. Natl.
Acad. Sci. U.S.A. 102, 16807–16812 (2005).
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Bird, J. Schubert, K. Papamarkakis, and N. Laver, “Infrared and Raman
spectroscopy and spectral imaging of individual cells,” in Infrared and
Raman spectroscopic imaging, R. Salzer and H. W. Siezler, Eds. Wiley-
VCH Verlag GmbH & Co., Weinheim (2009), 173–201.

31. M. J. Romeo, B. Bird, S. Boydston-White, C. Matthäus, M. Miljković,
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