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We present herein a label-free method based on surface-enhanced Raman
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spectroscopy (SERS) that was performed using a silicon-based SERS platform.
The differentiation between primary and secondary brain tumors SERS data
was completed partial least squares (PLS) method with a very high 85% of
accuracy (in only first and second factors), whereas calculated using principal
component analysis (PCA) method gives 74% (in two consecutive components). Additionally, due to the fact that the interleukin-10 (IL-10) cytokine
receptor may act in cancer as both an immunosuppressive and an immunostimulant factor, the correlation between the tumor grading and the cytokine
receptor are presented. Obtained data indicate that the function of IL-10
cytokine receptor subunit alpha most probably depends or is closely related to
the tumor stage.
KEYWORDS
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Highlights
• The correlations between the brain tumor grading and their IL-10 cytokine
receptor level are presented.
• Surface-enhanced Raman spectroscopy and the partial least squares
regression was applied as methods of differentiations between primary and
secondary brain tumors.
• The presented protocol of homogenates tissues analysis may open the way
for the new cancer therapy.
• Presented method of tumor differentiation may improve the diagnostic
accuracy.
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1 | INTRODUCTION
Tumor grading is defined by the World Health
Organization (WHO), which incorporates grading and
staging and provides a basis for tumor treatments and
prognostic prediction.[1] The primary brain tumors,
particularly high-grade gliomas, have poor prognosis and
patient survival. The secondary tumors (metastases) are
spreading from the primary tumor cells to a distant organ
via the circulation system. Clinically apparent brain
metastases are rare and typically develop in the terminal
phases of illness. However, there are statistical evidences
that some type of solid tumors, for example, breast cancer
in 15%–30% of patients, will develop brain metastases
during the course of the disease.[2] Notwithstanding,
fewer than 10% of all brain metastases are found before
the cancer origin is diagnosed. Nowadays, there is no tool
for the differentiation between the primary and secondary brain tumors which can be used just after biopsy or
during surgery. As those two cancers are treated differently, it is extremely important to know if a tumor in the
brain is a primary or secondary cancer and may prolong
the patient life. Thus, to elaborate a technique or even to
open the new path for a distinguishing method between
those tumors is highly desirable.
It is known that, cytokine network has an important
part in cancer and plays a determinant role in the development or regression of different cancers. The level of
the cytokines has influences on the production of tumorinducing or tumor-inhibiting factors, may cause DNA
damage, and promote or inhibit angiogenesis. The immunosuppressive cytokine interleukin-10 (IL-10) is still considered as controversial factor.[3] It has been shown that
tumor cells, for example, non-small cell lung cancers,
melanomas, gliomas, leukemias, and lymphomas, are
producing IL-10.[4–7] Therefore, for a long time, this
cytokine was considered as a immunostimulating factor
controlling the tumor growth; thus, if it is released in
response to inflammation, IL-10 inhibits tumor development and progression. However, recently it was shown
that IL-10 can work also as an immunosuppressive factor,
in other words may support the antitumor function in
cancer, and hence the tumor regression, and at the same
time, as immunosuppressive factor, may induce tumor
invasion and metastasis if it inhibits apoptosis or promote
growth.[8] Therefore, broadening the knowledge concerning the level of IL-10 in various tumor cells may significantly increase the survival of oncological patients as
the tumor immunotherapy may be adjusted to IL-10 factor. On the other hand, inflammatory IL-10-mediated
responses are initiated upon binding to a heterodimeric
receptor complex consisting of IL-10 receptors IL-10Rα
and IL-10Rβ by molecular recognition paradigm where
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both of these receptors recognize the same binding site
on IL-10. Moreover, a previous study, over the correlation
between the expression of IL-10 receptors in CD45+ cells
in brain tumor tissues, showed that the CD45+ cell population expressing the IL-10 receptor may have some
potential to discriminate between primary tumors and
metastases.[9] It was found that the immunophenotype of
inflammatory cells differ significantly between tumor
types. The studied ratios (CD45+ IL10Rα+/C45+ and
CD45+ IL10Rβ+/CD45+) are lower in secondary in
comparison with primary tumors. Moreover, as has
already been reported, the distinction between healthy
and neoplastic cells of brain tumor homogenates can be
successfully realized by surface-enhanced Raman spectroscopy (SERS) and principal component analysis (PCA)
methods.[10] SERS has already proved that is a powerful
technique to study nucleic acids and proteins,[11] therapeutic agents,[12] drugs and trace materials,[13] and microorganisms[14] but also can work as bimolecular sensors
for clinical diagnosis of various cancer diseases such as
gastrointestinal,[15–17] breast,[18–20] lung,[21,22] and brain
cancers.[10,23–26] SERS with a help of PCA[27–31] shows
much with higher sensitivity and chemical specificity
than that in conventional Raman spectroscopy.[32]
The SERS enhancement factor in the range of 104–107
depends on the platform configuration and on the type of
analyte molecules. Thus, the proper choice of SERS platform may drastically influence the enhancing of signal
from the studied molecule. Herein, to amplify the Raman
signal of the studied homogenates and further to maximize the spectroscopic differentiation of primary and secondary brain tumors, the silicon-based SERS platform[32]
was used. Then, to extend the research on the possibility
of using the alpha subunit of IL-10 receptor in brain
tumors as a potential differentiating marker; herein, the
levels of IL10Rα calculated for samples with known
tumor type (primary or secondary) have been correlated
with SERS data using both the PCA and the partial least
squares regression (PLS) methods.

2 | EXPERIMENTAL SECTION
As part of the presented experimental analysis, eight
samples of human brain tissue collected from different
people were tested. A total of eight homogenized specimens were analyzed, including two sets of brain tumors,
that is, four gliomas (two WHO Grade III and two Grade
IV specimens) and four metastatic specimens (Gleason
grade: two G2 grade and two G3 grade specimens).
Figure 1 demonstrates the flow of the presented
research. Briefly, the human brain tissue samples were
treated as follows:
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F I G U R E 1 The general schematics
flow of the presented experiments

a. prepared for both the immunochemistry and SERS
experiments via developed homogenate preparation
protocol;
b. at the same time, the SERS platforms were fabricated[32] and freshly used in SERS analysis of
homogenized tissues;
c. then, using a multivariate approach, the SERS data
were analyzed using both the PCA and the PLS
methods.
The study was approved by the Bioethical Committee
(opinion number 665/2017).

buffer, 1-mM phenylmethylsulfonic fluoride [PMSF] and
inhibitor cocktail [O-Complet Mini: 1 tablet for 10 ml of
RIPA buffer]). The solution was incubated in ice for
30 min. Next, the aliquots were homogenized using ultrasonic sonicator (2 min, 180 W) on ice, and then samples
were centrifuged at 10.000g for 20 min at 0 C. The
supernatant was collected to Eppendorf type tubes and
centrifuged again under the above-mentioned conditions.
After centrifugation, the supernatant was dropped on
freshly prepared SERS platform. The rest of the samples
were stored at 20 C for further usages.

2.2 | Immunohistochemistry
2.1 | Tissue homogenates preparation
It should be mentioned that Raman signals from the biological samples are extremely weak and we are not able
to observe any rational spectra even for such long acquisition as 30 min. Therefore, considerable efforts are taken
to find the best method for gathering the spectral data of
the tumor samples. In this sense, we invented the homogenates preparation,[33,34] which allows to gain satisfactory
SERS signal. Tissue fragments were prepared according
to an already published procedure. Briefly, tissue fragments were homogenized, first by using low temperature
(samples frozen at 80 C). Then samples were enzymatic
homogenized using prepared lysis solution (RIPA lysis

Immunohistochemistry reaction was performed on 8-μm
slides prepared on cryostat. Slides were air-dried
overnight. Initially, endogenous peroxidase was blocked
with Envision Flex Peroxidase-Blocking Reagent (Dako)
(10 min). Rabbit polyclonal antibody against IL10Rα
(MBS2523505, MyBioSource, San Diego, USA) was used
as primary antibodies (1:50 in EnVision Flex Antibody
Diluent, 20 min.). Then slides were incubated in
EnVision FLEX/HRP (20 min). Reaction was visualized
with freshly prepared 3,30 -diaminobenzidine (DAB)
(5 min). Slides were stained additionally with EnVision
Flex Hematoxylin (5 min). After IHC reaction and staining,
slides were dehydrated in ethanol (70%, 96%, absolute)
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and xylene and then closed with Dako Mounting
Medium. IHC reaction was performed on Dako
Autostainer Link48. Slides were evaluated under
Olympus BX41 light microscope.

2.3 | Preparation SERS platform
Platforms for SERS analysis were prepared based on previously developed silicon-based platform, according to
already published procedure.[35] Briefly, the preparation
of substrate consists of two stages: cleaning the surface of
the silicon panel and applying a layer of SERS-active
metal. Briefly, the sample of silicon-based cell with
dimensions of about 40  40 mm was placed in a petri
dish with enough acetone to cover it. In the first step,
petri dish with the sample was placed into an orbital
shaker and shaken for 15 min with 100 RPM. Then the
acetone was poured out and Petri dish was filled with isopropyl alcohol and the shaking stage was repeated. After
another 15 min, the stage was repeated for the final time
with distilled water (Millipore), still at ambient temperature. The cleaned silicon surface was then dried under
the stream of nitrogen and placed in a chamber of physical vapor deposition (PVD) device and sputtered with a
100-nm thick layer of 0.99 % pure silver.
The surface SERS platform characterizations were
performed by scanning electron microscopy (SEM)
observations under high vacuum using the FEI Nova
NanoSEM 450. The accelerating voltage for SEM measurement was ranged from 2 to 10 kV. The SEM images
of the prepared SERS platform with homogeneously distributed silver crystals onto a substrate presented on
Figure S1 shows the surface in a micrometer scale. The
nanostructures that are present on the surface of these
larger structures are responsible for plasmon resonance.
The median size distribution was determined to be
approximately 30 nm with a standard deviation of 10 nm.
Based on the AFM analysis,[32] the mean depth of the
microstructures was determined to be about 120 nm with
a standard deviation of 6 nm.

2.4 | SERS data collection
SERS measurements were performed using the Renishaw
inVia Raman system equipped with a 300-mW diode
laser emitting a 785-nm line that was used as an excitation source. The laser light was passed through a line filter and focused on a sample mounted on an XYZ
translation stage with a 50 objective lens (numerical
aperture 0.75) that focused the laser to a spot size of
around 2.5 μm. The Raman-scattered light was collected
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by the same objective through a holographic notch filter
to block the Rayleigh scattering. A 1200 groove per millimeter grating was used to provide a spectral resolution of
5 cm1. The Raman scattering signal was recorded by a
1024  256 pixel RenCam CCD detector build up in the
Renishaw inVia Raman system. Typically, 30 SERS spectra of the studied samples were acquired for 60 s, with
8 mW of the laser power measured at the sample using
mapping mode (3 μm  3 μm).

2.5 | Multivariate data analysis
The obtained SERS spectra were smoothed with
Savitsky–Golay filter; the background was removed using
baseline correction (10 itinerary and 64 points), and then
the spectra were normalized using a so-called min–max
normalization (the area of band around 700 cm1) using
a built-in OPUS software package (Bruker Optic GmbH
2012 version). Then, the PCA was applied (Unscrambler,
CAMO software AS, version 10.3, Norway). PCA can be
described as uncorrelated linear combination of the original variables (X) as X = t1p0 1 + t2p0 2 + … 2 + tAp0 A
+ E = TPT + E, where A is the total number of extracted
PCs, t (scores) and p (loadings) are the new latent
variables, and E is the residual matrix. Additionally, to
further strengthen the analysis, the computed model
based on the latent variables in the SERS spectra using
supervised pattern classification technique such as the
PLS was applied. In the PLS method, the matrix X is
decomposed as in the PCA method and a comparable
investigation is performed for Y by making a matrix
result, U and loads, Q (Y = UQT + F). The objective of
PLS is to demonstrate all the constituents forming X and
Y so that the residuals for X block, E, and the residuals
for Y block, F, are around equal to zero. An inner
relationship is additionally built that relates the scores of
X block to the scores of Y block.

3 | RESULTS A ND DISCUSSION
Two sets of human brain tumors, that is, four gliomas
(two WHO Grade III and two Grade IV specimens) and
four metastases (Gleason grade: two G2 Grade and two
G3 Grade specimens) tumors were collected from different subjects and studied in accordance with the best
common practice. The total number of individuals was
eight. The homogenization process was performed for
each sample, followed by thirty replicates of the SERS
spectrum. Tissue sample selection and the preparation
protocol and experimental data are described in
Section 2.
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First, the tumor classification was evaluated using
histopathology method and the expression of IL-10Rα
was assigned by immunostaining.[9] Analysis of the
immunophenotype of cells by flow cytometry is a sensitive and reliable method useful in the assessment of the
molecular characteristics of a tumor.[36] The expression
levels of IL-10Rα in the control sample are designated
as 0. The relative expression levels of the genes in the
treated samples are defined as the fold difference
compared with the control sample. The experiments
were repeated three times. Briefly, to quantify the level
of IL-10Rα in the analyzed brain samples, tissues for
immunostaining were carefully selected from a series of
sections of each brain samples. Nuclear staining with
freshly prepared 3,30 -diaminobenzidine (DAB) was
performed to differentiate between the individual cells.
The number of IL-10Rα cells was counted from images
of the 200 magnification under an optical microscope
(Figure 2).
The summed and averaged numbers of positive cells
from all sections of each tested brain tissues were defined
as a value representative of that individual sample. Only
cells with staining clearly above background and morphology of taste (spindle) cells and nuclei (based on DAB
staining) were counted as positive cells. Moreover, it is
worth to notice that the one of innovative aspect of presented method (Figure 1), in relation to those presented
on Figure 2 (immunostaining) is the time frame of the
entire analysis, i.e. about 1.5 hours for the presented
method, while standard histopathology takes usually over
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3 weeks. SERS is much faster, spectrum is acquired below
1 minute, and the PCA analysis took few other minutes.
The obtained levels of IL-10Rα in the tissue samples
were correlated with the SERS data of the corresponding
homogenates. All SERS spectra were acquired in the
mapping mode. The repeatability and reproducibility of
the received SERS signals of brain tumor homogenates
are presented on Figure S2. The relative standard deviation (RSD) estimated for the most intense marker bands
at 930 cm1 is about 9%. The presented spectra prove the
good reproducibility of collected SERS signal across the
platform. Taking into account the characteristic spectral
features of the obtained SERS spectra, presented on
Figure 3, no substantial differences can be found among
presented data for both primary and secondary tumors.
This contains important information—on a first view,
samples give almost identical spectra independently on
tumor grading. Any observed differences among the
spectra of each samples, for both primary and secondary
samples, are mainly due to the different intensities of the
revealed bands. On the other hand, some differences,
such as appearance of new bands or shifting, are
observed for spectra collected for different tumors
belonging to both studied groups. As it was already
observed, the band intensities change in the spectra of
brain tumors in comparison with the spectra of healthy
samples.[10,37,38]
Such spectral variance is explained by different
biofunctions of the cells infected by a tumor. Therefore,
similar intensity change of the band characteristic for the

F I G U R E 2 Selected histopathological images of IL-10Ra acquired for samples. High (a), moderate (b), low (c) and no expression (d) of
IR10Rα. Magnification 200 [Colour figure can be viewed at wileyonlinelibrary.com]
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F I G U R E 3 Averages SERS spectra
of the primary and secondary brain
homogenates. Each spectrum is assigned
according to WHO classification and
IL-10 receptor [Colour figure can be
viewed at wileyonlinelibrary.com]

tumor samples is also expected in relation to different
tumor stages. As is presented, there are few most
intensive bands that can be assigned to L-glutathione
and L-histidine vibrations represented by a band
L-arginine
at
870/880 cm1,
at
680/670 cm1,
1
guanine at 940/930 cm , D-(+)-galactosamine at
1050/1040 cm1, CC or PO2 symmetric stretching and
phospholipids in nucleic acids at 1080/1090 cm1,
L-tryptophan at 1460/1450 cm1, L-phenylalanine and/or
L-alanine at 1580/1590 cm1, and vibration of the
porphyrin moiety of hemoglobin at 1600 cm1. The
assignment of all bands observed in the SERS spectra of
the studied samples are gathered in Table S1. All SERS

data recorded for both primary and secondary tumor
homogenates show little variation in characteristic spectral features. However, the observed differences are not
sufficient for discrimination purposes and do not indicate
the possibility to use them as indicator for the classification of tumors. Additionally, under each spectrum, the
cytokine IL-10Rα receptor for a given sample is shown
(Figure 3). There are no specific spectral features that can
be directly correlated with this receptor. Thus, to extend
this analysis, the multivariate PCA was applied over all
recorded SERS data.
The calculated PCA scores are presented on
Figure S4. Those analyses were conducted in three sets
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of comparisons: (1) primary (WHO III and WHO IV
samples), (2) secondary (G2 and G3 grade), and (3) primary and secondary tumors together. Graphically presented plots of the scores of PC1 versus PC2 show good
scores distribution among analyzed groups of samples
depending from both tumor grading and receptor IL10Rα level. Figure S4a presents three main groups of
scores characteristic for glioma tumors (blue squares
WHO III, IL-10Rα [1 pt.], red circles WHO III, IL-10Rα
[8 pts], and green triangle for two samples of WHO IV,
IL-10Rα [12 pts]) in 2D and 3D version. Taking into
account the calculated scores of tumors WHO III grade,
they are separated from the scores of tumor IV grade by
the PC1 axis. Scores calculated for two groups of WHO
IV samples in 2D plots form one group, which is correlated with the same IL-10 receptor (12 pts), whereas on
the 3D plots, these scores are divided probably due to
difference between individuals, even taking into account
age, gender, and so forth. Notably, the scores for WHO
IV are located in close proximity to the PC2 axis, but at
the same time on the negative side of the PC1 axis,
whereas the scores of WHO III samples are on the positive side of the PC1 axis. Additionally, the scores of
WHO III are separated by the PC2 axis. These two
groups of WHO III grade are characterized with different IL-10R (8 pts and 1 pt) receptors and theirs scores
are divided by PC2 axis. All scores calculated for metastases samples presented on 2D figure show scores
spreading along the PC1 axis (Figure S4b). However,
some tendency can be observed—more scores calculated
for G2 samples are on a positive side of the PC1 axis,
whereas more scores of G3 samples on its negative side.
Moreover, the IL-10Rα (12 pts) revealed for two samples
(G2 and G3) are separated from those calculated for two
other samples, with smaller IL-10 receptor values, as
IL-10R (8 pts) and IL-10R (6 pts) by the PC2 axis.
Nevertheless, for all data taken for secondary tumors,
presented in 2D figure, there is no obvious border
between the scores coming from each groups. Such
tendency is rational, as the samples are the same type.
Presented on Figure S4c scores calculated for both type,
primary and secondary tumors and for primary tumors
are separated indicating differences between those
samples, which is consistent with their classifications
accordingly to WHO. Along the PC1 axis, the difference
between the WHO III and IV grade of primary
tumors are revealed, whereas along the PC2 axis, the
differentiation between primary and secondary tumors
can be made. Interestingly, the calculated scores for the
three presented comparisons indicate that the first and
the second principal components (PC1, PC2) are the
most significant and explain the variance of the data as
follows: 89% for primary, 68% for secondary, and 74%
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for both tumors together. The corresponding loadings
of PC1 data are presented on Figure S3. Presented
loading plots contain features dependent on differences
between the studied groups and clearly indicate
variables (SERS shifts) responsible for diagnostic
segregation over the within-class variance (mostly
associated with heterogeneity in tissue sample) of the
component. All the most important variables for
obtained PC1 as well as the sum of PC1 and PC2 values
for all samples are gathered in Table S2.
Additionally, to strengthen the multivariate analysis,
the supervised PLS method was applied. In PLS, the projection space of X is explained by both values X and Y.
SERS data were divided into a calibration set and a prediction set (automatically chosen spectra; so-called random method). The training set was used to build the
model, and calibration set was used to evaluate
the obtained model by the root mean square errors of calibration and prediction (RMSEC, RMSEP) and the coefficients of determination of calibration and prediction
(R2C, R2P).
The calculated PLS data of three groups (primary, secondary, and primary with secondary tumors together) are
presented on Figure 4. Similar to PCA data, Figure S4a
shows scores of tumors; both tumors of WHO III grade
are separated from the scores of tumor IV grade by the
PC1 axis. Moreover, due to the difference in IL-10Rα
(8 pts and 1 pt) receptors of WHO III samples, their
scores are divided by PC2 axis. This model shows, for F-1
79 % of variance in block Y with 32 % of the spectral data
(X matrix), while F-2 explain 9 % of variance in block Y
with 32 % of analyzed data. Scores calculated for secondary tumors are presented on Figure 4b. Scores of G2 samples are divided from the scores calculated for G3
samples by the PC1 axis. The PLS model shows, for F-1
34 % of variance in block Y with 28 % of the spectral data
(X matrix), while F-2 explain 31 % of variance in block Y
with 22 % of data within X matrix. Presented on
Figure 4c are scores calculated for primary and secondary
tumors. The main PC1 axis divides primary tumors
(WHO III from WHO IV), whereas the PC2 axis divides
primary from secondary samples. This model explains in
F-1 40% with 75% of X and F-2 explains 45%, with 16% of
the spectral data (X matrix). Based onto those data calculated, the RMSE and R2 of all three analyzed groups are
gathered in Table 1. As an example, the calculated values
of the root mean square errors of calibration and prediction (RMSEC = 0.054; RMSEP = 0.056) and the coefficients of determination of calibration and prediction
(R2C = 0.981; R2P = 0.980) show good level of the
applied model for all, that is, primary and secondary
tumor homogenates (Table 1). However, due to the fact
that recorded SERS spectra (in applied configuration) are
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F I G U R E 4 The partial least
squares regression (PLS) data
presented in 2D as the plots of
F1 vs. F2 calculated for primary
(a), secondary (b), and primary
and secondary samples together
(c) [Colour figure can be viewed
at wileyonlinelibrary.com]

really reproducible across the platform and the Raman
signal is strong (see Figure S2), the applied new method
of analysis does not substantially expand the obtained
correlation.
To summarize, presented studies confirm that the
combination of SERS and multivariate analysis allows

distinguishing not only homogenates of primary and secondary brain tumors but also individual tumors directly
in a given group (according to the WHO classification).
At the same time, the method used allows for precise differentiation of the samples in both studied groups due to
different levels of IL-10Rα.
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T A B L E 1 The data obtained from
PLS multivariate analysis

PLS

RMSEC

RMSEP

R2C

R2P

Primary and secondary

0.05405

0.05554

0.98120

0.98016

Primary

0.05648

0.05798

0.98512

0.98423

Secondary

0.12098

0.15958

0.92927

0.87119

Abbreviations: PLS, partial least squares regression method; RMSEC, root mean square errors of calibration;
RMSEP, root mean square errors of prediction; R2C, coefficients of determination of calibration; R2P,
coefficients of determination of prediction.

4 | C ON C L U S I ON S
The SERS method supported with multivariate
analysis enables determining the correlation between
the tumor grading and the IL-10Rα level in studied
homogenate samples. The presented data revealed that
similar to the literature, it is not straightforward to
indicate the exact role of IL-10 as immunosuppressive or
immunostimulating in a specific sample. However,
analyzing the IL-10Rα level with the tumor grade, one
can conclude that the probably for the WHO IV samples,
IL-10 (IL-10Rα = 12 pts), works rather as an immunosuppressive factor while in the case of WHO III (IL-10Rα
= 1p and IL-10Rα = 8p) as an immunostimulating factor.
The supervised PLS multivariate method reveals 88%,
65%, and 85% of the variance (using only first and second
factors) within the studied data. It should be highlighted
that similar analysis cannot be performed using only data
based on the standard immunochemistry method.
To summarize, the potential of the proposed method
combining SERS with multivariate analysis lies mainly in
providing differentiation between the primary and
secondary brain tumor homogenates, which may in
future applications improve the whole area concerning
cancer treatment, diagnostic accuracy, specific cancer
diagnosis, risk classification, and development of individual therapeutic strategies.
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