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Abstract

The task of developing a decision support system in neurooncology based on optical-spectral analysis of intracranial tumor tissue is associated
with several challenges inherent in working with biomedical data. These include the high dimensionality of the feature vector with a relatively
small sample size, data gaps, and sample imbalances due to the varying frequencies of various diagnoses. Analysis of correlations between features
of the tumors under study will allow both the restoration of data gaps and their augmentation (artificial expansion of the training dataset by
creating modified versions of existing examples). This paper presents an analysis of the dependence of various optical-spectral characteristics on
the tumor cell/tissue content in the sample and the cross-correlations between various features.
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Pesiome
3anaqa NOCTPOEHNA CUCTEMbI NOAAEPKKN MPUHATUA peLLIEHVIVI B HeVIpOOHKOHOFVIVI Ha OCHOBE ONTWKO-CNEKTPa/IbHOro aHannsa TKaHen BHY-
Tquepenglx OI'IyXOI'IeVI conmeeHa C HeKOTOprMI/I CNOXHOCTAMMN, CBOI7ICTBeHHbIMI/I pa60Te C 6I/IOM€AI/IL|,VIHCKI/IMI/I AaHHbIMW. Cpenm HUX —
BbICOKaA pPa3mMepHOCTb BEKTOPA MPU3HAKOB MNpn OTHOCUTESIbHO MaJjioM obbeme Bbl60pKl/I, nponycKkn B AaHHbIX, a TaKXe Hec6anchmposaH-
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Introduction

Determining the boundaries of intracranial tumors
is a central problem in neuro-oncology today. The
magnetic resonance imaging (MRI) is limited as
intraoperative tools, and ultrasound does not provide
information on tumor metabolic parameters. Therefore,
intraoperative optical neuroimaging [1-3] and laser
spectroscopy [4,5] have becomeincreasingly important.

Fluorescence spectroscopy techniques are highly
dependent on the photosensitizer concentration in
the tissue being examined. If the photosensitizer has
not accumulated in sufficient quantities in the tissue,
fluorescence analysis may be uninformative. Raman
spectroscopy (RS) can be a useful complement to
fluorescence diagnostic methods. RS does not require
photosensitizer accumulation. However, due to the
specific features of Raman spectra, namely, the large
number of significant peaks and lower signal intensity
compared to fluorescence, Raman spectra require more
complex signal preprocessing and statistical analysis of
the results [6].

Machinelearning methods can be usedto preprocess
and analyze measurement results, particularly Raman
spectra. A brief overview of simple machine learning
methods for preprocessing data obtained from IR
and Raman spectra is provided in [7]. Dimensionality
reduction algorithms are one such method. It is the
process of reducing the size of a feature vector. A set
of features can be a dataset with hundreds of columns
or an array of points that form a large sphere in
three-dimensional space. As the number of features
increases, the number of dimensions also increases
proportionally. The more features describe one object,
the more objects in the sample we need to ensure that
all combinations of feature values are well represented.

Machine learning algorithms can also be used for
data analysis, which can be divided into supervised and
unsupervised learning. Unsupervised learning works
on unlabeled data, without human intervention. An
example of an unsupervised learning approach is data
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clustering. Supervised learning is a method in which
a model learns to solve problems based on examples
with known answers.

In [6], dimensionality reduction and clustering
algorithms were considered for data obtained using
fluorescence, diffuse reflectance, and Raman scattering
from intracranial tumor biopsies. It shows that an
algorithm without training on unlabeled data can
distinguish meningeal and glial tumors with good
accuracy. The use of more advanced algorithms will
make it possible to distinguish between the types and
stages of tumors.

Machine learning methods for spectroscopy have
become widespread. In [8], neural network algorithms
were applied to data obtained using surface-enhanced
Raman scattering for pathogen recognition. An
excellent example of data classification using machine
learning is the work [9], where for classification
random forest algorithms and the gradient boosting
tree method were used. The objects of classification
were Raman spectroscopy data obtained from fresh
specimens of glial tumors, which overlaps with the
objects studied in our article. Analysis of the application
of machine learning methods to spectrally resolved
data in neurooncology [10,11] shows that they can be
successfully applied to the classification of intracranial
tumors, which is what we aim to achieve.

However, we would like to move from classical
machine learning methods to neural network-based
ones, but the number of experimental specimens we've
analyzed to date is insufficient. Samples for different
diagnoses vary significantly in the number of specimens
they contain. To overcome these limitations in the
application of neural network algorithms, we propose
expanding groups with small numbers of objects with
artificial data - in other words, data augmentation.
To successfully implement augmentation, as well as
to study the relationships between measured data,
we decided to conduct a correlation analysis of the
available data, which is the focus of this article.
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Interesting application of correlation analysis
is presented in the work [12], in which the authors
examine brain gliomas and calculate correlation
coefficients to validate a previously studied machine
learning algorithm that sequentially generates a
cellularity prediction map.

Materials and methods
Biological specimens
In total (after removing outliers), more than 250
fresh tissue samples from intracranial brain tumors
(hereinafter referred to as biopsies) were examined. Of
these, the following were diagnosed:
e Meningioma - 66 specimens (38 - grade|l, 21 —grade
I, 7 — grade lll);
e Glioblastoma - 112 specimens;
e Oligodendrogliomas - 32 specimens
unknown grade; 8 - grade Il; 20 - grade lll);
e Astrocytomas - 41 specimens (12 with unknown
grade; 1 — grade |; 2 — grade II; 26 - grade IlI).

(4 with

Experimental stand for spectral analysis

A He-Ne laser (632.8 nm wavelength) and a diode
laser (405 nm wavelength) were used to excite the
fluorescence signal in biological samples. LESA-01-
BIOSPEC spectrometers with optical edge filters
attenuating the excitation light (632.8 and 405 nm) at
the spectrometer input to the fluorescence signal level
were used to record the fluorescence spectra. An optical
fiber was used to deliver the laser signal. A halogen lamp
and a LESA-01-BIOSPEC spectrometer were used as a
white light source to record diffuse reflectance. Raman
spectra were measured using a Raman-HR-TEC-785
spectrometer (StellarNet, USA; spectral range 200-2750
cm™', resolution 4 cm™'), a Ramulaser-785 laser source
(StellarNet, USA; 785 nm), and a fiber-optic confocal
probe for delivering laser radiation and a Raman signal.
The laser peak width is 0.2 nm; power up to 500 mW.
Spectral measurements were performed in a darkened
room.

Sample collection protocol
The sampling protocol was presented in the

following steps:

1. Transfer of brain tumor fragments (biopsy
specimens) removed by the surgeon during surgery
(cleaned of extrinsic material and placed in saline)
to the cryopreservation laboratory for preliminary
tissue characterization prior to freezing. Prior to
spectroscopic measurements, the specimen is kept
at 4°C (specimens were measured no later than 4
hours later).

2. Selection of one to three fragments of 2-5 mm in
diameter from the available tumor material. If a
fragment is larger than the dimensions described

above, it is divided into parts, as larger fragments

may have inhomogeneous structure.

3. Darkening the room and measuring the background
signal (baseline) of the Raman spectrometer for
subsequent software exclusion.

4. Calibration of fluorescence spectrometers (LESA
with filters at 405 and 632.8 nm) by wavelengths
using 3 lasers: 405, 532, 632.8 nm.

5. The fluorescence spectra of protoporphyrin IX (Pp
IX) and the autofluorescence spectra are measured
using the LESA-01-BIOSPEC spectrometer (Biospec,
Russia) using a common algorithm: the appropriate
laser (632.8 nm or 405 nm) is turned on, the distal
end of the light guide is brought into soft contact
with the sample, and several spectra from different
points on each sample are recorded (approximately
six measurements). The exposure time is 100 ms.

6. Measurement of diffuse reflectance spectra is
performed using a LESA-01-BIOSPEC spectrometer
(with a halogen lamp as a white light source) and
includes measurement of the baseline, the reference
signal in the reflectance mode from a white sample
(barium sulfate), measurement of spectra from an
object in the diffuse reflectance mode (with the
distal end of the light guide in soft contact with the
sample, several (about 6) measurements are made
for each sample).

7. Measurements of Raman spectra are performed
with an exposure of 30 s, 10 measurements from
each sample (the power of the 785 nm laser is 150
mW).

8. After measurements, the sample is placed in
formalin and given to a morphologist for histological
examination.

The process of sampling and recording optical
spectra was carried out in the Department of
Cryopreservation and Molecular Genetic Analysis of
the N.N. Burdenko National Medical Research Center of
Neurosurgery.

Spectrum processing

Uno software (Biospec, Russia) was used to process
fluorescence and diffuse reflectance spectra. Processing
of Raman spectra and subsequent analysis of both
fluorescence, diffuse reflectance, and Raman spectra
were performed using specialized software developed
in Python within the Jupiter Notebook environment.

Components of feature vector were extracted from
fluorescence, diffuse reflectance, and Raman spectra.
A matrix was formed from the feature vectors of the
specimens, which is used for data analysis (in this case,
for correlation analysis).

From fluorescence excited by a 632.8 nm laser,
backscatter (diffuse reflectance) of laser radiation
and Pp IX fluorescence were extracted as features.
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From fluorescence excited by a 405 nm laser, diffuse
reflectance (diffuse reflectance) of laser radiation and
the fluorescence of FAD and porphyrins were extracted.
The contribution of diffuse reflectance of broadband
radiation to the feature vector is represented by
hemoglobin absorption, its oxygen saturation, and the
scattering coefficient.

The largest number of feature vector components
were taken from the Raman spectra. When choosing
which data from the Raman spectra to take as features,
the authors relied on the work [7] and also searched for
biochemical components that showed the presence
of statistically significant differences between the
groups [13]. The following biochemical components
were taken from the Raman spectra as features:
cholesterol; phospholipid; lipids; carotenoids; heme/
hemoglobin; oxygenated heme/hemoglobin; proteins;
phenylalanine.

Ta6nuuya

Explanation of legenda on Figures for feature vector
components are given in Table.

A more detailed description of the methodology is
given in our previous works [14,15].

Correlation analysis

Correlation analysis is a statistical method for
determining the relationship between two sets of
variables (in this case, features in feature vector).
The key parameter of this method is the correlation
coefficient, which indicates the type of relationship.
The correlation coefficient can take values from -1 to
1. Values close to —1 indicate an inverse relationship
between the variables, values close to 1 indicate a
direct relationship, and values close to 0 indicate no
relationship. A very important parameter related to
the correlation coefficient is its statistical significance.
It allows one to assess the validity of the conclusion

CNUCOK OCHOBHbIX ONTUKO-CMEKTPa/ibHbIX NapamMeTpoB U UX YCNOBHbIX 0603Ha4YeHui

Table

List of main optical-spectral parameters and their symbols

YcnoBHOe
0603HaueHne

OnTuKo-cneKTpaabHble

napameTpbl

backscatter_633
fluo_633
backsca_405
fluo_405_fad
fluo_405_porph
hemoglobin
scattering
r_cholesterol
r_phospholipid
r_lipid
r_carothenoid
r_heme
r_oxy_heme
r_protein

r_phenylalanine

Ob6paTHOoe paccesHne OT 632,8 HM Nlasepa
Diffuse reflectance of 632.8 nm laser light

OnyopecueHLms oT 632,8 HM nasepa (accoummnpoBaHHas ¢ npoTonopdrpuHom IX)
Fluorescence excited with 633 nm laser light (associated with Pp IX)

Ob6patHoe pacceaHmne oT 405 HM nasepa
Diffuse reflectance of 405 nm laser light

OnyopecueHuua dnaBrHoB, npevmyLectBeHHo OA]] (naBruHageHNHANHYKNeoTAad) oT 405 HM nasepa
Fluorescence excited with 405 nm laser light (associated with flavins, mainly FAD)

®nyopecueHuna ot 405 HM nasepa (accoummpoBaHHas ¢ npoTonopdrprHom IX)
Fluorescence excited with 405 nm laser light (associated with Pp IX)

MornoweHne remornobuHa, onpegenaembli No cnekTpy Anddy3HOro oTpakeHMA OT 6eIoro NCTOUYHNKA
Hemoglobin calculated from diffuse reflectance spectra

KoaddpurumeHT paccesHus, onpegenaembiii No cnekTpy Anddy3Horo otpaxeHus ot 6e510ro MCTOYHMKa
Scattering coefficient calculated from diffuse reflectance spectra

Kom6VHaLMOHHOE paccesiHre OT XONIeCTEPUHOB
Raman scattering from cholesterol

KombrHaLmoHHoe paccesHre oT dochonmnuios
Raman scattering from phospholipid

Kom6ViHaLMOHHOE paccesiHrie OT NMNMA0B
Raman scattering from lipids

KombuHaLmoHHOe pacceaHmne OT KapOTUHOMAOB
Raman scattering from carotenoids

Kom6ViHaLMoHHOe paccesiHvie OT rema
Raman scattering from heme

Kom6u1HaLMoHHoe paccesHne OKCMIMHUPOBAHHOTO reMa
Raman scattering of oxygenated heme

Kom6uHaLmoHHoe paccesHmne oT 6enKkoB
Raman scattering from proteins

KombrHaLoHHoe paccesHre oT GpeHnnanaHmnHa
Raman scattering from phenylalanine
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regarding the presence of a correlation relationship
obtained using the correlation coefficient. The lower
the significance value, the stronger the correlation
relationship described by the correlation coefficient.

In this study, the Spearman rank correlation
coefficient was used. This coefficient was chosen
because the authors currently have a small amount
of data. The Spearman rank correlation coefficient is
calculated using formula (1):

_ z;(xi_f)(yi_y)
p_ 2 —\2
(5% (3 -7)

where n - number of observations; x n y - average
values.

The statistical significance of the correlation
coefficient (1) is determined using the Student's t-test
according to the formula (2):

t_p,/(n—2) 2

(=7

Calculations of correlation coefficients and their
statistical significance were performed using Python
programming language and the Jupiter Notebook
programming environment. Correlation coefficients
were calculated for all feature vectors with each other,
as well as correlations between feature vectors and the
tumor percentage (percentage of tumor cells) of the
biopsy specimen. Fig. 1 shows a generalized diagram of
the analysis of biomaterial and its spectral characteristics
for the purpose of automating classification, which
shows the place that the topic of this article has in this
concept.

) (M

Results and discussion
Correlation of features with the percentage of tumor in
the sample

In order to analyze the physiological correlates
of the spectral characteristics of tumors, we carried
out a study of the relationship between all known
characteristics of the samples, such as features
obtained from the pathological report (tumor type
glioma/meningioma/oligodenroglioma, tumor grade,
percentage of tumor in the sample) and from spectral
analysis (presence of various biochemical components
and optical characteristics).

The results of the pathomorphological examination
allow us to analyze the correlations between the
measured optical-spectral characteristics and the
content of tumor or necrotic cells/tissue in the sample.
Since classification results depend significantly on the
percentage of tumor in the sample at which we classify
it as a tumor, and the percentage of necrotic tissue at
which we classify it as necrosis, we conducted studies of
the threshold values for various characteristics.

Fig. 2 shows the summary results of the detected
dependencies, which allowed us to identify so-
called "healthy tissue correlates," that is, spectral
characteristics that are higher in normal tissue,
and "tumor tissue correlates," that is, parameters
that are higher in tumor and necrotic tissue. A non-
monotonous relationship with the percentage of
tumor in the sample was also found for lipids and
phospholipids, which was the subject of a separate
study, described below.

We included carotenoids (r_carothenoid) and
oxygenated hemoglobin (r_oxy_heme) among the
healthy tissue correlates (Fig. 3a). The carotenoid
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collection Registration of fluorescence spectra
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Peructpauus cnexktpos dayopecueHumm
npu Bo3bykaeHuu Ha 632.8 Hm 1 [10 ¢
LUIMPOKOMONOCHBIM UCTOHMHUKOM/
Registration of fluorescence spectra with
excitation at 632.8 nm and DO with a
broadband source

Peructpauus cnexktpos
KOMBWHALMOHHOTO paccesHus oT
nasepa 785 Hm/

Registration of Raman spectra from a
785 nm laser

=
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8 npusHakoe/
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Puc. 1. Cxema aHan13a o6pa3uoB M JaHHbIX NPU MOCTPOEHUU MOAeNn KnaccuduKkaumm BHyTpU4EpEnHbIX Onyxosiei No AaHHbIM ONTHU-

YEeCKOM CNEKTPOCKOMUMU.

Fig. 1. Scheme of sample and data analysis when constructing a model for classifying intracranial tumors based on optical spectroscopy

data.
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0-25% 25-50% m51-75% m76-100% ™ Necrosis

Puc. 2. 3aBUCMMOCTb ONTUKO-CMEKTPasbHbIX XapakTtepuctuk KP
OT coAepXKaHus onyxonesbiX TKaHeN B o6pasue.

Fig. 2. Dependence of optical-spectral characteristics from
Raman spectra on the content of tumor tissue in the sample.

and oxygenated hemoglobin content in the samples
inversely correlated with the percentage of tumor
tissue in the sample, since carotenoids are a component
of the antioxidant defense system in normal tissues,
while tumor tissues are hypoxic. Previous studies have
shown that carotenoid concentrations in plasma are
inversely proportional to cancer risk in epidemiological
and experimental studies. Carotenoids are specifically
distributed in different lymphocyte subtypes. Zhou et
al. [16] observed a clear decrease in the intensity of the
1157 and 1521 cm™' peaks with anincrease in the degree
of malignancy of gliomas. Hypoxia also correlates with
the degree of tumor malignancy [17].

When it comes to tumor tissue correlates,
hemoglobin (r_heme) is, of course, the primary one.
Blood volume correlates with the level of vascularization

2.5
2
25
1.5 2
1 15
1
0.5
0.5
0 0
0-25% 25-50% 51-75% 76-100% Necrosis
—8— Okcun-rem/ Oxy-hem
E —e— KapoTtuHougpl/ Carotenoids E
r_cholesterol i
15 2
I 1.5
1
1
0.5 0.5
0 0

0-25% 26-100%,

necrosis

and the degree of malignancy in gliomas [18,19],

and the density of microvessels in gliomas can be an

independent prognostic factor [20, 21]. This is precisely
the nature of the dependence on the tumorigenicity of
the sample that we observe with a significance level of

1% for heme, determined using Raman spectroscopy

(Fig. 3b).

In Fig. 3, we also see that cholesterol (r_cholesterol)
increased with increasing tumor tissue content in the
sample. However, the data spread was so wide that
the significance level of differences between groups
for this parameter was 18%. Tumor tissues were also
characterized by higher protein content (r_protein). It
should be noted that forming these groups required
partitioning with different tumorigenicity thresholds:

- Cholesterol levels in specimens with 26% or more
tumor tissues (including necrosis) are significantly
higher than in specimens with 0-25% tumor tissues;

e Heme levels in specimens with 51% or more tumor
tissues (including necrosis) are significantly higher
than in specimens with 0-50% tumor tissues;

e Protein levels in specimens with 76% or more tumor
tissues (including necrosis) are significantly higher
than in specimens with 0-75% tumor tissues.

This suggests the need for a finer division of
specimens into classes for some characteristics, as
well as a continuous change in these characteristics in
general.

Correlations between spectral features

Correlation coefficients for features were examined
to identify relationships between them. For each pair of
features, Spearman's rank correlation coefficients and

r_hem
0-50% 51-100%,
necrosis
r_protein
I Puc. 3. Koppensitbl 340pOBbIX U
I onyxoneBblX TKaHel (BKaloYas
TKaHU C HEKPOTUYECKUMMU BKIIIOYE-
HUSIMUH).

Fig. 3. Correlates of healthy and
tumor tissues (including tissues
with necrosis).
0-75% 76-100%,
necrosis
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statistical significance for each correlation coefficient
were calculated. As a criterion of interest, as well as
a certain statistical significance of the correlation
between features, we took the threshold value of the
rank correlation coefficient by modulus of 0.7 or higher,
and the value of statistical significance of 0.05 or less.
Feature vectors satisfying the above condition are called
feature vectors satisfying the criterion of interest. Fig.
5-9 show graphs of the dependencies of feature vectors
satisfying the criterion of interest with correlation
coefficients and with the statistical significance of the
correlation coefficients. A comparison was also made
of the spectral features determined from the diffuse
reflectance and Raman spectra, which showed a non-
monotonic dependence on the content of tumor tissue
in the sample.

Correlation of diffuse reflectance and Raman scattering
features

In our previous study [15], we compared light
scattering in tumors recorded intraoperatively and
during studies in biobank. Similar patterns were
demonstrated, with a minimum for the perifocal zone
in intraoperative studies, which we compared with the
light scattering minimum for samples containing 26-
50% tumor tissue during data analysis in biobank. We
explained this nontrivial behavior of the parameter
by the gradual degradation of normal white matter
during tumor development, which competes in its
effect with the growth of tumor cell content. Light
scattering in tissues occurs due to fluctuations in
the refractive index of the medium. The main source
of these fluctuations are lipids in cell membranes,
which is especially relevant for the white matter of
the brain, which comprises 50% of the myelin sheaths
of nerve tracts. In this study, we compared these
diffuse reflectance data with the results of lipid and
phospholipid analysis, which, as shown in Fig. 2 and
4, also demonstrate a local minimum for the same
samples. A study of the lipid and phospholipid content
in tumor samples using Raman spectra revealed the
same "saddle-shaped" dependence on the tumor
percentage of the samples (Fig. 4).
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Fig. 4. Correlation of diffuse reflectance signal and content of
lipid and phospholipid.

Meningiomas

66 samples diagnosed with meningioma were
examined and analyzed in total. Of these, 38 were grade
| meningiomas, 21 were grade Il meningiomas, and 7
were grade lll meningiomas.

Fig. 5 shows two dependences of features that meet
the criteria of interest for grade | meningioma. A positive
correlation is observed between the fluorescence of
Pp IX (fluo_405_porph) and FAD (fluo_405_fad) upon
excitation by laser radiation with a wavelength of 405
nm (Fig. 5a). In Fig. 5b, a direct correlation is observed
between the Raman scattering of proteins (r_protein)
and phospholipids (r_phospholipid). According to work
[22], phospholipids in Raman spectra are most strongly
manifested in the white matter of the brain, stronger in
normal tissue, weaker in a tumor, but stronger in necrotic
tissue than in a tumor. If we look at Fig. 2 in this article,
we will see just such a non-monotonic dependence
of the expression of the presence of phospholipids
on the percentage of tumor in the sample with a local
minimum falling approximately in the range of 25-50%.
Moreover, the protein presence index demonstrates
a fairly significant increase when moving to samples
with a tumor prevalence of more than 50%. According
to surface-enhanced Raman spectroscopy data [23], the
presence of proteins is higher, including in glioblastomas.
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Fig. 6a shows a correlation between PP IX (fluo_405_
porph) and FAD (fluo_405_fad) similar to Fig. 5a. Work
[24] showed that free FAD is present to a greater extent
in grade Il meningioma than protein-bound FAD, and it
is more concentrated in grade Il meningioma than grade
I, while control samples show a higher frequency of
protein-bound FAD and a decrease in the concentration
of free FAD. In [25], fluorescence analysis was performed
using a modified surgical microscope. Data were
obtained on flavin fluorescence in the 500-580 nm range
and theintegrated fluorescence spectrum in the 430-740
nm range in freshly removed samples of various brain
tumors: low- and high-grade gliomas, meningiomas,
and metastases. It was shown that the fluorescence of
protein-bound flavin mononucleotide (FMN) in brain
tumors increased with a shift in metabolism toward a
more glycolytic mode. These metrics were characteristic
of various tumors and demonstrated the potential
for their use in machine learning-based classification
of brain tumors. The increased accumulation of Pp IX
within tumor cells is likely due to the difference in cell
proliferation between tumor and healthy tissues. In
particular, porphobilinogen deaminase activity increases
during replication [26]. Another enzyme with altered
activity in tumor cells is ferrochelatase, whose reduced
expression has been demonstrated in many tissues and

tumors, including glioblastoma [27, 28]. This condition
promotes a longer presence of Pp IX inside the cells,
which may also be associated with the intensity of their
fluorescence [29, 30]. Thus, the fluorescence correlation
in this case appears to be consistent, and we can extend
this pattern to all types of tumors analyzed in this work.

Glial tumors

A total of 185 glial tumors were examined. Of these:
glioblastomas - 112; oligodendrogliomas - 28 (grade
[l - 8; grade Ill v 20; unknown grade - 4); astrocytomas
- 41 (grade | - 1; grade Il - 2; grade Il - 26, unknown
grade — 12).

Fig. 7 shows the cross-correlations of parameters
for oligodendrogliomas, demonstrating the maximum
relationship between the features. Among these,
maximum values of the correlation coefficient are
between the fluorescence of Pp IX (fluo_405_porph)
and FAD (fluo_405_fad) upon excitation with a 405 nm
laser (p = 0.97) and between the indices of protein (r_
protein) and phospholipid (r_phospholipid) presence,
calculated from Raman spectra (p = 0.98).

General considerations regarding these relationships
were discussed above in the section on meningiomas.
The high correlation between phospholipids
(r_phospholipid) and heme (r_heme) appears quite
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expected, as we already identified heme as a correlate
of tumor tissue, and the increasing expression of
phospholipid spectral lines with increasing tumor
tissue content of the samples, starting from 50%, also
allows us to consider them in this way. However, the
non-monotonic dependence of the phospholipid
signal on the tumor tissue content means that higher
values can also be observed at lower, "healthy," heme
concentrations, which is reflected in the corresponding
diagram in Fig. 7 by the wide scatter.

Moreover, the high correlation of phospholipids
with oxygenated heme appears secondary to the
previous case, as it is due to the generally higher
hemoglobin content in tumor tissues. Furthermore,
we see very high variability in oxygenated
hemoglobin with high phospholipid content for two
reasons: it could be healthy tissue, which has a higher

saturation level; or it could be a tumor, which is more
hypoxic, but has a higher overall heme content,
meaning a higher absolute value of oxygenated
hemoglobin. The correlation of such features as heme
and proteins, as well as lipids and phospholipids, does
not require additional explanation. Phenylalanine,
despite the fact that it shows high values of correlation
coefficients with many parameters, demonstrates a
tendency towards clustering of values. According to
[22, 23], the phenylalanine Raman signal is higher
in glioblastoma, astrocytoma, and necrosis than in
normal tumors, stronger in necrosis than in tumors,
elevated in high-grade tumors, and slightly elevated
after radiation therapy. Fig. 2 in our work shows that its
relationship with tumorigenesis is ambiguous. Further
research will likely be required to evaluate its role.

For anaplastic astrocytoma, we can see a high

phospholipid content and a higher hemoglobin correlation, already demonstrated previously for
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other tumors and explained above (Fig. 8). Analysis
of glioblastomas (Fig. 9) reveals a predictably high
data variability across all parameters, as this is a highly
heterogeneous tumor. However, we can identify fairly
strong correlations between proteins and phospholipids,
as discussed above, proteins and heme, both total and
oxygenated (apparently due to heme being a prosthetic
group of the protein molecule), lipids and phospholipids,
and between heme and phenylalanine.

Conclusions

An analysis of correlations between the features
of the intracranial tumors studied, calculated based
on fluorescence, diffuse reflectance, and spontaneous
Raman spectra, and the tumor tissue content in the
specimens, allowed us to identify spectral correlates of

healthy tissues, such as carotenoids and oxygenated
heme, as well as tumor tissue correlates, such as
heme, cholesterol, and proteins. An analysis of cross-
correlations between spectral features revealed a
relationship between the autofluorescence of FAD and
PpIX,aswellas phospholipidsand proteins.This analysis,
combined with data of tumor tissue content, explains
the greater scatter of results with higher phospholipid
content. Other features showed significant correlations,
usually due to a common chemical nature.

This work was supported by the Ministry of Science
and Higher Education of the Russian Federation
(the Federal Scientific-technical program for genetic
technologies development for 2019-2030), agreement
Ne075-15-2025-559
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