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Abstract Raman microspectroscopic imaging provides mo-
lecular contrast in a label-free manner with subcellular spatial
resolution. These properties might complement clinical tools
for diagnosis of tissue and cells in the future. Eight Raman
spectroscopic images were collected with 785 nm excitation
from five non-dried brain specimens immersed in aqueous
buffer. The specimens were assigned to molecular and granu-
lar layers of cerebellum, cerebrum with and without scattered
tumor cells of astrocytoma WHO grade III, ependymoma
WHO grade II, astrocytoma WHO grade II1, and glioblastoma
multiforme WHO grade IV with subnecrotic and necrotic
regions. In contrast with dried tissue section, these samples
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were not affected by drying effects such as crystallization of
lipids or denaturation of proteins and nucleic acids. The com-
bined data sets were processed by use of the hyperspectral
unmixing algorithms N-FINDR and VCA. Both unsupervised
approaches calculated seven endmembers that reveal the
abundance plots and spectral signatures of cholesterol, cho-
lesterol ester, nucleic acids, carotene, proteins, lipids, and
buffer. The endmembers were correlated with Raman spectra
of reference materials. The focus of the single mode laser near
1 um and the step size of 2 um were sufficiently small to
resolve morphological details, for example cholesterol ester
islets and cell nuclei. The results are compared for both unmix-
ing algorithms and with previously reported supervised spec-
tral decomposition techniques.

Keywords Raman imaging - Brain tumors - Non-dried
specimens - Hyperspectral unmixing

Introduction

Raman spectroscopy has been suggested to complement
histopathology in disease diagnosis and to distinguish tissue
types at exposed locations (e.g. skin), by minimally invasive
endoscopy or during open surgery [1]. In histopathology,
tissue sections are processed, stained by dyes for contrast
enhancement, and subsequently inspected by light microsco-
py. Standard procedures for tissue processing encompass
fixation by formalin, dehydration by organic solvents, em-
bedding in paraffin as support medium, and removal of
paraffin by organic solvent after sectioning. A consequence
of this process is that the composition of the sample is altered
and virtually all hydrophobic molecules, for example choles-
terol and lipids, are lost. Changes in lipid composition and
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content have been identified as valuable diagnostic properties
in pathology, e.g. for atherosclerosis [2] and brain tumors [3].
Raman spectroscopy enables examination of tissue sections
in their unprocessed, non-dried condition without any stain-
ing, washing, or drying processes. Raman spectra probe
inherent vibrations that constitute a specific fingerprint of
molecules. In the context of tissue, the vibrations of all
molecules can be probed simultaneously and the Raman
spectrum of all overlapping contributions can be regarded
as a hyperspectral signature of the biochemical composition
that is correlated with the diagnosis and provides contrast in
images. Because of the complexity of the hyperspectral
signatures, multivariate data analysis is required for Raman-
based tissue classification. The spectral variations that can be
used to distinguish tissue types or identify pathological tis-
sues are sometimes smaller than the spectral variations aris-
ing from sample preparation. Therefore, well-defined
preparation procedures have to be performed before classifi-
cation models give accurate results. A prominent example is
that air drying of thin tissue sections is frequently used as a
surprisingly effective fixation procedure. When the water
content has been vaporized in a dry atmosphere, the proteins
are precipitated to form an insoluble mass that is resistant to
further degradation [4]. Further alterations include the dena-
turation of nucleic acids and crystallization of lipids. In the
context of brain tumor specimens, microcrystals of cholester-
ol and cholesterol ester have been detected on dried tissue
sections [5, 6]. These alterations make it difficult to transfer
results from tissue morphology and chemistry from dried
tissue sections to non-dried tissues that are relevant for in-
vivo applications of Raman spectroscopy.

Here, tissue sections were prepared from brain tumors
and immersed in aqueous buffer to prevent drying during
acquisition of Raman microscopic images. The Raman
images were processed by use of hyperspectral unmixing
algorithms called vertex component analyses (VCA) and N-
FINDR. The results of both methods correlated well with
the chemical composition and morphology in all recorded
regions.

Materials and methods
Tissue samples

Brain tumor specimens were obtained from five patients
undergoing neurosurgical craniotomies. All procedures
were approved by the local ethics commission and informed
consent was obtained. The samples were snap frozen in
liquid nitrogen, cut at —23 °C in a cryotome, transferred
on to calcium fluoride slides, shipped on dry ice, and stored
at —80 °C until use. Before Raman experiments the samples
were thawed in a Petri dish containing PBS solution
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buffered at pH 7.4. Histopathologic analysis classified the
eight tissue sections as follows: molecular (a) and granular
(b) layer of cerebellum, the cerebrum without (c) and with
(d) scattered tumor cells of an astrocytoma WHO grade 111,
an ependymoma WHO grade II (e), an astrocytoma WHO
grade III (f), and a glioblastoma multiforme WHO grade IV
with sub-necrotic (g) and necrotic (h) regions.

Reference material

DNA sodium salt from calf thymus, proteins (bovine serum
albumin and concanavalin A), cholesterol, cholesterol ester,
brain extract from bovine brain containing mainly lipids, beta-
carotene and PBS buffer were all from Sigma—Aldrich, Ger-
many. Raman spectra were collected from the materials with-
out further purification.

Raman microspectroscopy

Eight regions of interest were imaged with the CRM300
confocal Raman microspectrometer coupled to a 785 nm
single mode diode laser (Witec, Germany). A 60x/NA 1.0
water-immersion objective focused the laser on to the
sample and collected the scattered light in the backreflec-
tion geometry. Each image was composed of 21x21 spec-
tra at a step size of 2 pum covering areas of 40 by 40 pm?>.
Laser power was 70 mW and the exposure time was set to
5 s per spectrum. The spectral range was registered from
299 to 2037 cm ' with a spectral resolution of approximately

2 cm L

Data processing

A quality test was performed using in-house Matlab routines
(The Mathworks, USA) to identify and subsequently re-
move spectra from the dataset with cosmic spikes or
contamination from dust particles or bacteria that were
accidentally trapped by the excitation laser. All images
were combined in one data set and subjected to the
spectral unmixing algorithms VCA and N-FINDR [7].
The VCA and N-FINDR algorithms decompose data sets
into endmembers corresponding to most dissimilar spectra
and abundances corresponding to concentration of endmem-
bers. VCA and N-FINDR differ in the way endmembers are
determined. VCA calculates endmember signatures using the
variations in the data set. Although these endmembers are
claimed to correspond to pure spectra, they might contain
overlapping contributions from different spectra. This fre-
quently happens if the number of endmembers is smaller than
the number of distinguishable chemical components. After the
N-FINDR endmember signatures have been determined, the
algorithm searches for the most similar original input spec-
trum and sets it as the endmember. Then, both unmixing
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algorithms describe each spectrum as a linear combination of
endmember spectra using non-negativity constrained least-
squares fitting.

Results and discussion

Figures 1 and 2 show seven out of ten endmember spectra
obtained by using the N-FINDR (solid traces) and VCA
(dotted traces) algorithms. Reference spectra of pure com-
ponents are included for comparison (black traces). The
remaining three spectra are dominated by noise or outliers
(not shown). The first component in Fig. 1 is assigned to
cholesterol (traces 1-3). The endmember spectra coincide
well with typical cholesterol bands near 424, 491, 545, 606,
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Fig. 1 Endmember spectra using the N-FINDR (solid traces 1, 4, and
7) and VCA (dotted traces 2, 5, and 8) algorithms, and Raman spectra
of the pure components (black traces 3, 6, and 9) as references for
cholesterol, cholesterol ester, and lipid. Same numbering and color as
in Fig. 3
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Fig. 2 Endmember spectra using the N-FINDR (solid traces 10, 13,
16 and 19) and VCA (dotted traces 11, 14, 17 and 20) algorithms, and
Raman spectra of the pure components (black traces 12, 15, 18 and 21)
as references for carotene, protein, DNA, and phosphate buffer. Num-
bering is continued from Fig. 1 and also used in Fig. 3. Same color
code as in Fig. 3

702, 845, 926, 1133, 1440, and 1670 cm '. The Raman
spectra of brain lipids have previously been reported in
detail [8]. The coincidence of the N-FINDR endmember
(trace 1) with the cholesterol spectrum (trace 3) is better
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than the coincidence of the VCA endmember (trace 2) with
the cholesterol spectrum (trace 3). This is evident from the
broader band near 1670 cm™' probably due to amide I of
proteins or OH deformation of water.

The endmember spectra of cholesterol ester, CE (traces 4
and 5), contain more intense bands at 1302 and 1441 cm™
due to fatty acids and 1731 cm™' due to the ester group. In
addition, bands of the steroid skeleton of cholesterol are
shifted to 428 and 613 cm ', and the band intensity at
547 cm™ ! is reduced. These changes agree with the Raman
spectrum of pure CE (trace 6). Differences between the
endmembers and CE spectrum are evident in the less intense
fatty acids bands at 1064, 1132, and 1302 cm ' relative to
the band at 701 cm ™' and the doublet near 1670 cm™'. These
differences might be indicative of:

1. co-localization of cholesterol and CE which prevents
proper unmixing;

2. averaging effects of cholesterol without fatty acids and
CE with fatty acids;

3. shorter fatty acids chains in CE compared with the
reference CE; or

4. the non-dried environment of fatty acids.

The endmember spectra of lipids labeled as 7 and 8 show
bands of the choline group of phosphatidylcholine and
sphingomyelin near 719 and 875 ¢cm ', the phosphate
groups of phospholipids near 1087 cm ™', fatty acids side
chain groups near 1063, 1130, 1298, and 1439 cm ', and
C=CH and C=C bands of unsaturated fatty acids near 1270
and 1660 cm™', respectively. Most significant changes be-
tween the reference spectrum of lipids and endmembers are
observed near 702 cm !, because of co-localization with
cholesterol and CE, and near 1002 cm ', because of co-
localization with proteins (see below). The lipid reference
spectrum was collected from lipids that were extracted from
brain tissue and contained virtually no cholesterol.

Figure 2 shows endmember spectra (traces 10 and 11)
that contains spectral contributions of cholesterol, lipid,
proteins, and carotene. Intense bands of carotene are con-
firmed near 1157 and 1526 cm™' in the reference spectrum
(trace 12). Similar to CE, the algorithms did not resolve a
pure carotene spectrum because the component co-localized
with other components and never occurred in its pure form.
The detection of carotene in pathological tissue has been
reported before in atherosclerosis [2] and breast cancer [9].
Because carotene has a higher cross section than all other
tissue constituents it can be detected even in low quantities.

The endmember spectra labeled as 13 and 14 show all the
characteristic bands of proteins (trace 15) such as aromatic
amino acids (e.g. phenylalanine at 624, 1004, and
1033 cm', tyrosine at 645, 831, and 851 cm ', tryptophan
at 760, 1343, and 1550 cmfl), aliphatic amino acids near
1446 cm™', C—C stretching vibrations at 1129 cm ™' and the
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peptide backbone (amide I near 1667 and amide III near
1250 cm™'). The CH, deformation band is shifted from
1439 cm™' in lipids to 1446 cm ' in proteins as a conse-
quence of the lower CH, to CHj ratio in proteins. Differ-
ences between the reference spectrum (trace 6) and the
endmembers (traces 4 and 5) are found near 1250 and
1667 cm™'. These differences are assigned to different sec-
ondary and tertiary structures. The reference spectrum rep-
resents a mixture of the alpha helical protein bovine serum
albumin and the beta sheet protein concanavaline A. The
protein composition in brain tumor tissue is more complex
and deviates from this mixture. Furthermore, the conforma-
tions differ for hydrated proteins in non-dried tissues and
non-hydrated proteins in the lyophilized reference material.

The endmember spectra labeled as 16 and 17 are domi-
nated by spectral contributions of nucleic acids. Bands near
498, 683, 727, 788, 1255, 1340, 1376, 1488, and 1580 cm '
are assigned to nucleotides adenine, guanine, cytosine, and
thymine. The band at 1094 cm ' is assigned to the phos-
phate backbone in the B-DNA conformation. These bands
coincide well with the reference spectrum of DNA (trace 18).
Differences between the reference spectrum and endmembers
near 1002, 12501300, and 1660 cm ™' are due to proteins.
This can be explained by the biological fact that DNA in cell
nuclei does not occur in an isolated form but in complexes
with histone proteins that are involved in wrapping of DNA
into superstructures.

The endmember spectra labeled as 19 and 20 are assigned
to the buffer solution with typical bands of OH deformation
vibrations of water near 1640 cm ™' and phosphate ions near
990 cm '. Both endmembers coincide with a reference
spectrum of the buffer solution (trace 21). Comparing the
endmember spectra reveals that the signal-to-noise ratio
(SNR) is better after VCA unmixing than after N-FINDR
unmixing. This general feature can also be observed for the
other endmembers. This effect, which is most pronounced
for the buffer solution, can be explained in the following
way. Whereas SNR of N-FINDR endmember is typical for
single spectra, the SNR of VCA endmember is the result of
a VCA model which uses all spectra of the data set and
represents the total acquisition time. Consequently, VCA
endmembers are expected to have better SNR than N-
FINDR endmembers.

Figures 3 and 4 show the abundance plots for eight
Raman images using VCA and N-FINDR, respectively.
Each Raman image was unmixed into seven components
whose endmembers are shown in Figs. 1 and 2 with the
same colors and numbering as in Figs. 3 and 4. The letters
refer to the histopathology analysis given in the “Materials
and methods” section.

Raman images (a)—(c) represent the typical morphology
and chemical components of normal brain tissue sections
that are characterized by cell nuclei with diameters between
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Fig. 3 Abundance plots of eight Raman images using the VCA
algorithm. Each image is composed of 21x21 spectra at step size
2 um covering areas of 40x40 um?®. Pathology findings (column):
molecular (a) and granular (b) layer of cerebellum, cerebrum without
(¢) and with (d) scattered tumor cells of an astrocytoma III, ependy-
moma II (e), astrocytoma III (f), and glioblastoma multiforme IV with
sub-necrotic (g) and necrotic (h) regions. Endmember components
(row): protein, lipid and cholesterol with carotene (17, cyan), DNA
(17, yellow), cholesterol (2, green), cholesterol ester (5, green), buffer
solution (20, blue), protein (14, red), and lipid (8, magenta). Last rows
display composite images. Same numbering and color code are used as
in Figs. 1 and 2

5 and 8 um and regular cell density (rows 16, 17). This is
shown for molecular layer of cerebellum (a) or cerebrum (c).
The subcellular resolution of cell nuclei agrees with previ-
ous reports on liver tissue [10] and cartilage [11]. The high-
est abundance of DNA is found in the granular layer of the
cerebellum (b). Because of their high density, individual cell
nuclei were not completely resolved. Furthermore, CE (rows
4, 5), protein (rows 13, 14), and lipid (rows 7, 8) are quite
homogenously distributed over the regions of interest.
Cerebellum (a) and (b) was found to contain more protein and
fewer lipids than cerebrum (c). Whereas these observations
agree for N-FINDR and VCA, the CE distributions differ
(rows 4, 5). On the one hand, the VCA algorithm revealed
more CE in the cerebellum than in the cerebrum. On the other
hand, the N-FINDR algorithm revealed fewer CE in the
cerebellum than the cerebrum. A possible explanation is that
the abundance values depend on the intensities of the
endmembers. Although the normalized signatures of CE
in Fig. 1 (traces 4 and 5) are similar, their relative intensities
might be different.

Raman images (d)—(h) represent different malignancy
grades of primary brain tumors. Individual cell nuclei
were resolved in images (d)—(g). The diameter and num-
ber of cell nuclei increase compared with normal tissue
(rows 16, 17). In particular, the astrocytoma III sample (f)
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Fig. 4 Abundance plots of eight Raman images using the N-FINDR
(B) algorithm. Each image is composed of 21 x21 spectra at step size
2 um covering areas of 40x40 pm?. Pathology findings (column):
molecular (a) and granular (b) layer of cerebellum, cerebrum without
(¢) and with (d) scattered tumor cells of an astrocytoma III, ependy-
moma II (e), astrocytoma III (f), and glioblastoma multiforme IV with
sub-necrotic (g) and necrotic (h) regions. Endmember components
(row): protein, lipid, and cholesterol with carotene (10, cyan), DNA
(16, yellow), cholesterol (1, green), cholesterol ester (4, green), buffer
solution (79, blue), protein (13, red), and lipid (7, magenta). Last rows
display composite images. Same numbering and color code are used as
in Figs. 1 and 2

contains several large cell nuclei with maximum DNA
abundance that are consistent with the high malignancy
of the brain tumor. In glioblastoma multiforme IV (g), the
most malignant primary brain tumor, the diameter, num-
ber, and abundance values of cell nuclei were lower than
astrocytoma III (f). This observation is consistent with
subnecrotic regions of the tumor. No cell nuclei and
abundance values near zero for the DNA component were
found in the necrotic portion of the tumor (h). The necrosis is
also characterized by maximum abundance of proteins (rows
13, 14), the presence of carotene (rows 10, 11), and different
cholesterol composition (rows 1, 2). Spectral contributions of
carotene were also detected in the cerebrum with scattered
astrocytoma III cells (d). The expression of carotene or its
accumulation might be because of the dedifferentiation of
malignant tumor cells.

The highest abundance of CE (rows 4, 5) is found for
the astrocytoma III specimen (d) by VCA and N-FINDR.
Here, an islet of elevated CE content is formed. Such
morphology has not previously been observed by Raman
imaging of dried tissue sections, because CE forms micro-
crystals after dehydration. Detection of high CE content is
consistent with malignant brain tumors. Up to 100-fold
increase has been reported in brain tumors compared with
normal brain tissue [12].
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The lipid (rows 7, 8) to protein (rows 13 14) ratio in IR
and Raman spectra of brain tissue has been suggested as a
diagnostic marker [13, 14]. Here, the protein abundances are
high in the cerebellum control sample (a) and (b) and
necrosis (h). The protein abundances are lower in the cere-
brum (c), brain tumor specimens of astrocytoma III, and
ependymoma II (d)—(f). Lipid abundances are similar for
all samples (a)—(g) except for necrosis (h). Local minima of
lipid abundances within each image are because of non-lipid
features, for example cell nuclei (b), (e), and (f), CE (d), and
buffer solution (¢). The abundance of the buffer solution
(rows 19, 20) has maximum intensity for ependymoma II (e)
which points to lower sample density than for the other
regions.

More and larger regions of interest will be studied to
improve correlations between the chemical composition
and the morphology that are evident from spectral
unmixing by VCA and N-FINDR. The chemical compo-
sition is an important diagnostic property and can be
probed using Raman-based techniques. Previous Raman
studies used pure components, for example cholesterol,
lipids, proteins, and buffer, to approximate the chemical
composition of breast [9] or brain tissue[14]. In the
context of Raman spectroscopy from arterial tissue, lip-
ids were extracted to obtain remnants of, primarily, pro-
teins [2]. This component was added to the set of pure
references. In particular for the nucleic acid, protein, and
lipid component, it is challenging to prepare an appro-
priate reference compound, because the exact composi-
tion is unknown. Spectral unmixing algorithms offer a
novel way of obtaining Raman spectra of pure compo-
nents to analyze the tissue composition and its disease-
related changes.

Raman imaging has already been applied for real-time
assessment of brain tissue under in-vivo [15] and ex-vivo
[14] conditions after coupling to fiber optic probes. How-
ever, individual features such as cell nuclei were not
resolved in these Raman images because of the 100 pm
step size. A related vibrational spectroscopic technique is
infrared spectroscopy. However, the spatial resolution
obtained in infrared spectroscopic images is inferior because
of the longer wavelengths in the mid-infrared range, and
the penetration of infrared radiation into non-dried tissue
is limited to few micrometers because of the strong
absorbance of water. Another promising technique for
assessing extended regions of interest at subcellular res-
olution with exposure times of seconds is coherent anti-
Stokes Raman scattering (CARS). The application of
CARS in the context of brain tumors has recently been
reported [16, 17]. In future developments the objective is
to transfer the current spontancous Raman results to
CARS microscopy, and, finally, bring CARS methodology
into the operating theatre.
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Conclusions

The Raman spectroscopic images reported here for non-
dried brain tissue at a step size of 2 wm constitute signif-
icant progress, because such data can be correlated with
histopathologic findings at the microscopic level and the
results can be transferred to in-vivo collected spectra
better than results from dried tissue sections. Raman mi-
croscopic imaging combined with hyperspectral unmixing
has been shown to be an innovative method for visualiz-
ing biochemical and morphological features of unpro-
cessed brain tissue. The advantages of unsupervised
unmixing algorithms include that reference spectra are
generated directly from the Raman data sets and external
reference spectra are not required. This Raman-based ap-
proach can complement standard histopathologic proce-
dures because molecular contrast is obtained on the
subcellular level without preparation.
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