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Abstract

Background: Gliomas are heterogeneous brain tumors, including aggressive glioblas-
tomas, where rapid and accurate diagnosis is critical. Standard histopathology is
invasive and slow. Raman spectroscopy provides a non-destructive alternative, prob-
ing molecular composition with high resolution. Coupled with machine learning, it
offers potential for fast, precise glioma characterization and personalized care.

Methods: We collected Raman spectra from 284 live cell culture samples across
four classes: astrocytoma (Astro), oligodendroglioma (Oligo), glioblastoma (GBM),
and non-tumor controls. Preprocessing included cosmic rays removal, and baseline
correction with airPLS. Spectra were normalized (min-max), silent regions and low-
quality signals were excluded. A two-staged pipeline was developed: (1) cell contour
detection from spectral profiles and (2) mutation status classification. Several clas-
sifiers were tested, and permutation feature importance was incorporated to identify
discriminative Raman frequencies.

Results: Preliminary results demonstrate moderate separation of glioma IDH1 mu-
tation status, with XGBoost classifier achieving moderate predictive performance
across the four cell classes. Key discriminative features were observed in spectral
regions associated with protein, lipid, and nucleic acid vibrations, consistent with
known metabolic and structural differences between glioma types.

Conclusions and Outlook: Our workflow combines Raman spectroscopy with ad-
vanced preprocessing and machine learning for glioma classification. Beyond moder-
ate accuracy, the identification of biologically meaningful spectral features enhances
interpretability. This approach could accelerate diagnostics, reduce invasiveness,
and support personalized strategies in neuro-oncology. Future work will extend the
framework by increasing the performance of the model, classifying glioma subtypes,
patient-derived samples, and advancing minimally invasive glioma diagnostics.
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1 Introduction

Gliomas are a type of brain tumor, which can be aggressive and, is essential to iden-
tify the subtypes of it, including their mutation status, for providing the proper treat-
ment. Traditional methods can be invasive, time-consuming, and labor-intensive.
The combination of Raman spectroscopy (RS) and machine learning (ML) is a fast,
non-destructive, and non-invasive method to classify glioma live cells. In this thesis,
we have discussed how RS and ML can distinguish the subtypes of glioma live cells
and their IDH1 mutation status.

1.1 Medical Background

Gliomas are one of the most common types of brain tumors among humans all over
the world [1]. The source of this tumor is mostly in the glial cells of the brain and,
as a result, is called a glioma [1]. The World Health Organization (WHO) has clas-
sified them into two categories, such as high-grade gliomas (HGGs) and low-grade
gliomas (LGGs) [1]. LGGs have slow growth, while HGGs have faster growth, lead-
ing to more aggressive behavior [1]. Although LLGs grow slowly, they can form in
an important part of the brain, causing a severe problem [2]. When the glial cells
grow abnormally, it causes the glioma brain tumor [3].

Before the discovery of the IDH mutation [4] (before 2016), glioma was classified
mainly by its morphologic features [5]. However, after the invention of the IDH mu-
tation, it became one of the most significant biomarkers for the diagnosis, prediction
of patient outcomes, and treatments [4] [6] [7]. In 2021, WHO classified adult diffuse
gliomas into three major types by grading them within each tumor subtype, such
as astrocytoma with IDH1mut, oligodendroglioma with IDH1mut, and glioblastoma
with IDH1wt [8].

1.2 Diagnostic Practices and Limitations

In traditional methods, doctor’s grade the glioma subtypes by collecting tissue sam-
ples through biopsy or surgery. These methods can be invasive, time-consuming,
painful, and sometimes lead to error [9]. Apart from that, the risky behavior of
these methods can bring more dangers than benefits to glioma patients. Besides, the
number of radiologists to diagnose and evaluate brain tumors is not satisfactory [1].
Scientists have developed MRI in such a way that it can now predict important
molecular features (IDH mutation [10], 1p/19q codeletion [11], and MGMT methy-
lation [12]) of brain tumors before surgery with an accuracy level over 80%. How-
ever, this method still does not provide any biological composition to doctors, which
has become a great concern for surgeons to completely rely on them [10] [12] [13].
Moreover, MRI can not detect other molecular markers, such as TERT, EGFR,
chromosome 7/10 changes, and CDKN2A /B [14]. Because of all these factors, med-
ical imaging and machine learning researchers are working hard to develop a non-
invasive, fast, and non-destructive method to classify the glioma subtypes and their
mutation status. So, it is essential to predict the glioma subtypes and identify the
biochemical differences between the subtypes, so that doctors can provide better
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and accurate treatment to the patient.

1.3 Motivation for Using Raman Spectroscopy and Machine
Learning

Today, experts can measure how the tumor has spread by measuring the bio-
molecular features of tissue and sub-micron resolution. For measuring these, sci-
entists have developed a label-free technique. Raman spectroscopy is one of these
techniques that researchers have suggested to use for brain surgery since 1990 [15].
Raman spectroscopy is helpful because it can detect detailed chemical information
about the tissue by producing a unique vibrational fingerprint for each sample. The
application of this method is not limited to improving the performance of stereotac-
tic brain tumor biopsies [16], but has spread to detect tumor infiltration in living
patients [17] and help with the molecular classification of tumors [18].

Glioma classification also requires machine learning and DNA methylation profil-
ing, minimizing the need for a histopathological technique, indicating the necessity
of using molecular markers [19] [20] [21] [22] [23] [24] [25]. The combination of Al
and Raman spectroscopy is more reliable in diagnosing tumors accurately [26]. Some
of the previous studies have shown the capability of Raman spectroscopy to identify
brain tumors during surgery. Livermore LJ, et al. built a predictive machine learn-
ing model utilizing linear discriminant analysis (LDA), principal component analysis
(PCA), and Raman spectra to differentiate glioma tumors and normal tissues [27].
They also experimented in one of their studies on astrocytoma (IDH-wild-type),
astrocytoma (IDH-mutant), and oligodendroglioma. Here, they used the same ML
methods and found that the predictive model had a high sensitivity (79-94%) and
specificity (90-100%), where IDH mutations had the highest sensitivity and speci-
ficity around 91% and 95%, respectively [28]. Uckermann O, et al. distinguished tu-
mor and normal tissues using Raman spectroscopy (RS) and autofluorescence (AF).
In this research, they trained the LDA model with ex vivo data to classify tumor and
non-tumor samples with an accuracy level of approximately 83 — 84% [29]. Jermyn
M, et al. used a hand-held Raman probe to distinguish between normal brain tis-
sues and tumor tissues with 93% sensitivity and 91% specificity [17]. Riva M, et al.
analyzed 3450 Raman spectra from 63 samples using random forest and gradient
boosting trees to identify the biological relevance of brain tumors, where they found
19 novel RS shifts with an accuracy of 83% and a precision of 82% [30]. Vrazhnov
D, et al. investigated glioma tissue and blood serum biomarkers by applying RS
and ML (support vector machine (SVM), RF, and XGboost) to observe changes in
lactate, tryptophan, fatty acids, and lipids in serum [31]. Additionally, Zhang L,
et al. demonstrated that the combination of PCA-SVM and RS has the ability to
distinguish live glioma cells from normal tissues and different glioma grades with a
performance rate of over 80% [32]. Ember K, et al, developed a ML model using
RS data to detect glioblastoma and meningioma. They also performed the prior
experiment using the Gaussian fitting technique to extract the position of the wave-
lengths [33]. In another study carried out by Klamminger GG, et al, they performed
an analysis on FFPE brain tumors and metastases using RS with the combination
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of RF classifier to identify tumor types and primary origins in metastatic cases [34].
In a recent study, Lita A, et al, introduced a computational workflow based on RS,
which they named APOLLO. In this research, they used the spectra of FFPE tis-
sue to classify between glioma and non-tumor tissue, IDH1 mutant and wild-type
tumors, and their methylation subtypes [35].

Most of the current studies related to RS for classifying glioma emphasize tissue
differentiation and IDH status. Nevertheless, they rarely did research for molecular
marker information, stable cosmic rays or artifact correction. As a result, the diag-
nostic performance of these studies may sometimes be below the required routine
clinical adoption. So, this highlights the necessity for developing a more advanced
ML model using RS for high-quality pre-processing and molecularly informed clas-
sification.

1.4 Thesis Objectives

The main objectives of this thesis are to develop a ML model using RS data to clas-
sify live glioma cells and identify their IDH1 mutation status. This thesis seeks not
only to build a predictive classifier model, but also to analyze the biologically mean-
ingful insights that can be applicable to real-world clinical problems. In addition,
our research mainly focuses on the following objectives:

e Developing a reliable preprocessing pipeline for Raman spectra by delineating
the tumor cells from the water environment, removing cosmic rays, removing
silent regions, correcting the baseline, normalizing the spectral intensities, and
mitigating class imbalance to ensure that all the classes are balanced or given
the same importance.

e Training clustering techniques to detect tumor and non-tumor cells. In our
case, since we used the glioma live cells, so we tried to indicate the tumor and
the water in our sample.

e Training supervised ML classifiers to predict IDH1 mutation status(IDHImut
and IDH1wt). This is the key task of our thesis.

e Evaluating the model performance of the ML models by calculating the pre-
diction accuracy, precision, and other related matrics.

e Identifying the feature ranking to validate the biological interpretation, and
to check the wavelengths where the Raman spectra model relies most.

All of these objectives aim to advance a ML technique using RS data to reveal the
biological interpretation by distinguishing tumors and their mutation status.

1.5 Thesis Outcomes

This thesis illustrates that the combination of ML and RS is a non-invasive and fast
method to classify the tumor mutation status. The outcomes address the objectives
of our thesis. Although the justification for some of the objectives might be poor



because our project is still ongoing. In our study, we developed our preprocessed
workflow, which can successfully mitigate the cosmic rays, remove non-informative
or meaningless regions, correct the baseline, and normalize the RS data by preserv-
ing the biologically significant spectra. Apart from that, our enhanced clustering
method has successfully separated the tumor and the water by identical comparison
between the optical image and the cluster map, as well as labeling them. In addi-
tion, we have improved our ML IDH1 mutation status classifier model by making
the accuracy level balanced. However, we need to develop it further, which has
been discussed in the conclusions section. To measure the performance level of our
model, we have used several matrices, which have revealed an almost balanced ac-
curacy among the minority and majority classes. Finally, we have chosen the top 23
features to recognize the mechanism between the spectral data and their underlying
molecular properties. To get the corresponding results of our objectives, we are
continuing our analysis.



2 Raman Spectroscopy and Tumor Samples

The functionality of Raman spectroscopy is based on the inelastic scattering of light,
with the advantages of specificity [36] [37]. This technique analyzes the biochemical
characteristics of substances depending on the positions and intensities of Raman
peaks [38]. Raman spectroscopy is widely used in tumor diagnosis. In our thesis,
we analyzed glioma tumor cells using Raman spectroscopy.

2.1 Fundamentals of Raman Spectroscopy

In 1923, Smekal first predicted Raman scattering by molecules using classical quan-
tum theory [39]. Raman and Krishnan experimentally observed them in 1928 [40]
[41]. Today, Raman spectroscopy techniques have more than 25 types [42]. In our
study, we used spontaneous Raman spectroscopy. It became prominent after fifty
years of its first observation in the presence of water and other useful polar solvents
because of its ability to absorb light in the infrared region [42].

In Raman spectroscopy, most photons are elastically scattered when photons from
the laser interact with the sample or molecule(Figure 1). The molecule absorbs an
incident photon while interacting. This results in Rayleigh scattering with the same
wavelength or Anti-Stokes and Stokes Raman scattering, which are proportional to
the vibration of the molecule. When a molecule comes into contact with light, it
absorbs a little bit of light energy, which causes a Raman shift by slightly changing
the energy of the scattered light. Since different molecules vibrate in their own pat-
tern, they have their own Raman shifts. After we measure these changes or Raman
shifts, we get a spectrum or fingerprint, which helps us to detect which molecule is
present [43].

Anti-stokes Raman scattering
A<
Molecule

Rayleigh scattering (A = A¢)

JWWW SWW

Laser / incident light (4o) Stokes Raman scattering (A > Ag)

Vibration M/I/I/V(/

Figure 1: Photon scattering by a photon interacting with a molecule [43]. The
molecule absorbs the incident laser light (photon). This photon either scatters with
the same wavelength i.e., Rayleigh scattering, or with a wavelength shift proportional
to the vibration of the molecule i.e., Anti-Stokes or Stokes Raman scattering.

Raman spectroscopy is a label-free imaging technique [44], which does not require
any fluorescent marker molecules [45] [46]. This special feature has made this tech-
nique significant in the biological and medical field research [44]. Spontaneous Ra-
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man spectroscopy can detect the molecular fingerprints of tissue without preparing
the samples using a vibrational technique, which assists in measuring lipids with sub-
cellular resolution [47] [48] [49]. For instance, to identify and differentiate benign
and malignant breast cancer lesions, this method investigates their unique chem-
ical composition. In addition, it helps detect the margin of the brain tumor and
diffuse tumor cells [17] [50] [51] [52], predict brain tumor grades [53], and genetic
subtypes [28].

2.2 Brain Tumor Subtypes and Sample Groups

The brain tumor has the same features as the tumors of the other parts of the body,
but causes some special problems because the brain is a very delicate organ of the
human body [54]. There are different types of brain tumors, such as gliomas, menin-
giomas, and pituitary adenomas. In our thesis, we focus only on gliomas because
removing them entirely from the brain is challenging. When removing gliomas, the
surgeons give importance to remove them as much as possible without damaging
other vital areas of the brain. But, glioma often infiltrates healthy cells, which
makes it difficult to distinguish between tumor and non-tumor cells. Since patient
survival is mostly dependent on how safely gliomas are removed from the brain, so
it is significant to identify them properly [55] [56].

Adult gliomas [57] are classified according to their features. If the gliomas have IDH-
mutant (IDH-mut), they are classified as astrocytoma (astro) or oligodendroglioma
(oligo). To distinguish between these two types, the changes of 1p/19q codeletion
are observed. If any change is noticed in 1p/19q codeletion, then it is classified as
an oligo type; otherwise, an astro type. The most aggressive type of glioma, named
glioblastoma (GBM) is diagnosed when the brain tumor has IDH-wildtype (IDH-
wt). The grade (2, 3, or 4) depends on how aggressive the tumors look under the
microscope.

2.2.1 IDHI1-mutant

Glioma, a common malignant brain tumor, can be grouped by changing a gene
called IDH. This change helps the tumor grow [58]. More than 95 percent of IDH1-
mut in glioma change the position of the amino acid from arginine 132 (R132) to
something else [59] [60] [61]. During the IDH1 mutation, tumors may grow due to the
2-hydroxyglutarate (2-HG) molecule [59] [60] [61]. A large meta-analysis has found
that IDHImut gliomas have a higher survival rate than non-mutated gliomas with
a hazard ratio for overall survival of 0.39 (95 percent CI: 0.34-0.45) [62]. This type
of tumor is often diagnosed among young people compared to IDH1wt tumors [63].

2.2.2 GBM IDH1wt

Glioblastoma multiform (GBMs) is the most aggressive type of brain tumor among
adults [8]. The central nervous system (CNS) classified it as a grade 4 astrocytoma
(astro) in 2021 [8]. Among all glioblastoma, IDH1 wildtype (wt) grows fast and
responds poorly to treatment, so most patients die within 15 months, although
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providing the best available care [64]. The classification between IDH1 mutant and
wildtype is crucial, since it helps doctors choose the correct treatment and plays
a significant role in how the World Health Organization (WHO) classifies diffuse
gliomas [65].

2.2.3 GBM IDH1mut

GBM IDH1mut is a type of GBM tumor in which IDH1 is mutated [4]. In secondary
GBM, mutation of IDH1 often causes it to tend to obtain the biological and clinical
features of its lower-grade counterparts [66]. GBM IDHlmut [67] suppresses the
immune system by having excessive molecules and fewer cancer-killing T cells. As
a result, these types of tumors don’t respond well to immune-based treatments.

2.3 Histological and Molecular Subgroups of Glioma

Based on IDHImut and IDH1wt, the gliomas are classified into some histological
subtypes. In this section, we discuss them.

2.3.1 Oligodendroglioma (Oligo)

Oligodendroglioma [68] is a rare tumor that responds well to treatment compared to
other tumors. It is generally found in the white matter of the cerebral hemispheres.
This type of tumor can be differentiated as low-grade or high-grade tumors. As
the first symptom, the low-grade oligo causes seizures, and the high-grade oligo
causes headache or loss of focus. Patients who have low-grade oligo can delay their
treatment until tumors start growing significantly, whereas patients with high-grade
oligo should receive immediate treatment.

2.3.2 Astrocytoma (Astro)

Astrocytoma [69] is one of the most common types of brain tumors in children.
WHO divided astro into low-grade tumors (grade II), high-grade tumors (grade III,
includes anaplastic astrocytomas (ANAs)), and glioblastomas (grade IV). Although
the symptoms of ANAs and GBMs are poor, there are some significant differences
between them [70]. Supratentorial pilocytic astrocytomas (PSTs), a subtype of
astro, are rare and uncommon in both children and adults [71] [72]. Removing them
completely through surgery is easier compared to the others, because of their growth
[73]. Astrocytic tumors come under the heterogeneous group, which is theoretically
divided into four grades, but actually, they have distinct subgroups [73].

2.3.3 Glioblastoma (GBM)

The most aggressive malignant type of brain tumors is glioblastoma [74], whose
risk factor is widely elusive. Before, traditional diagnosis was used to identify them
utilizing a microscope; however, today, doctors also give importance to molecular
markers. These markers help them taking decisions regarding personalized treat-
ment. Currently, doctors use surgery, radiotherapy, and chemotherapy to treat
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GBM tumors. But, researchers are looking for new strategies to treat it, focusing
on specific molecular changes and immunological approaches.

2.4 Normal Tissue

Normal brain tissues [75] are healthy tissues in our brain that help researchers iden-
tify changes in tumors and metabolic activities. Surprisingly, some IDHwt gliomas
behave as healthy normal tissue because they are less aggressive and have a better
patient outcome compared to IDHwt GBMs.

2.5 QOur Dataset

In this thesis, we used a diverse dataset from cell-culture grown in a water-based
medium. Since we derived the cultures from primary brain tumors, it is common
to obtain very few cells from the derived cultures. These cells don’t look the same.
These are some crucial features to consider in our thesis, as this may affect the
accuracy of the machine learning classification model.

Tumor in cell-culture

Tumor sample Machine learning for Raman spectra

tumor classification e

Figure 2: Study design involves collecting glioma types of tumors from the brain,
growing them in cell-culture, getting the spectra from them with the help of Raman
spectroscopy, and analyzing these spectra using machine learning. We generated
this image through Google Gemini.

We used a total of 284 samples from both tumor and non-tumor types. The dataset
includes four primary categories, such as oligo (29 samples), astro (18 samples),
GBM (231 samples), and normal brain tissue (6 samples). Additionally, these tu-
mor subtypes were grouped according to IDH1mut status, such as IDHImut (51
samples), GBM IDH1wt (211 samples), GBM IDHImut (16 samples) and normal
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brain tissue (6 samples). This diversity in our data plays a significant role in compar-
ing the molecular and spectral differences between tumor and non-tumor cells. The
collaborators (Mioara Larion and Adrian Lita) at the National Institutes of Health
(NIH), National Cancer Institute (NCI), Bethesda, USA, collected these data from
cell-culture using Raman spectroscopy as shown in Figure 2.

We got samples from the water medium because they were growing there, so it
is essential to characterize the spectral contributions of the tumor cells and the wa-
ter. For this reason, we used Raman spectroscopy in our analysis. Figure 3 shows
the significant differences between water and cell cultures in Raman spectroscopy
frequency.

Water produces a very high Raman signal with intensities over 5000-6000 in the
region above 3000cm ™!, approximately. Cells give a high signal for the Raman shift
around 2800cm ™!, where we have lipids and proteins. Water gives almost no sig-
nal before frequency 2800cm~!. So, if we sum up the intensities up to frequency
2800cm ™!, the water spot will give a very small sum compared to the cells. In Fig-
ure 3, we have in red a spectrum of a water region, in blue a cell region. On the
left of the plot, the difference between the frequencies is visible as the highest and
the difference in the other direction, just before frequency 2800cm ™! is much more
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Figure 3: Raman spectral differences between water and cell-containing regions. The
blue color indicates the intensity of glioma tumor cells, and the red color represents
the intensity of the water from the cell-culture.



3 Spectra Processing

Spectra preprocessing is an essential step in removing the artifacts and noise from
our Raman spectra data before classification. The preprocessed steps enable us to
utilize clean data in our machine learning model, resulting in fewer errors. The
preprocessing of the Raman spectra contains some steps, as shown in Figure 4. In
this chapter, we discuss these steps.

Cosmic .
.. Baseline
Ray Denoising .
Correction
Removal
Clustering Normalization

Figure 4: Data preprocessing workflow.

3.1 Cosmic Rays Removal

Cosmic rays produce very large random spikes with a very narrow bandwidth in
the spectrum, which do not have a good correlation with the rest of the data [76].
Those spikes mainly occur when a cosmic ray hits the detector while taking the
measurements [77]. This is a widespread occurrence for live glioma cells. To address
this issue, we performed some methods to despike the data.

3.1.1 Modified Z-Score

The modified z-score is mainly used to detect outliers. In our case, we considered
cosmic rays as outliers, since they do not have a good correlation with the actual
Raman spectra data. It is calculated using the following equation,

) T, — T
Modified z-score = 0.6745% (1)
where,

e 1, is a variable encoding a single data,

e 7 represents the median of the dataset,

e M AD = median(|z; — median(z)|)

To detect the cosmic rays, we set a threshold. Iglewicz and Hoaglin proposed a
threshold of 3.5 for detecting outliers as a guideline [78]. Whitaker and Hayes used
6 as a threshold to despike the Raman spectra [79]. Those threshold values didn’t
work with our data.
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For the threshold, we tried both the standard deviation (std) of our dataset and the
std of the modified z-score. If std > modified z-score, or std(modified z-score) >
modified z-score, then we considered it a cosmic ray. For replacing the cosmic rays,
we used a window size of 11 for calculating the median.

3.1.2 Optimized Cosmic Rays Removal Method

We developed an optimized cosmic rays detection and reduction pipeline for 3D
Raman spectra data of glioma cells. Each Raman data had a shape of (X,Y, 7),
stored as a 3D numpy array. To replace the cosmic rays, we tried to optimize two
parameters: cosmic rays detection threshold (pl) and window size for replacing the
cosmic rays (p2) by the median value. We estimated the median absolute devia-
tion (MAD) for each cell, and tried to optimize the pl value, which ranges from
3 x median(M AD) to 8 x median(MAD).

We divided the range from 3 * median(M AD) to 8 x median(M AD) into 10 equal
lengths to estimate the optimal pl value. Each time we calculated the pl value with
these 10 numbers and estimated which pl value, it detected the maximum cosmic
rays.

Counting the total number of spikes relied on two different parameters: the height
multiplier and the maximum width of the spikes. We tested our Raman spectra data
using height multipliers from 1 to 5 and maximum widths from 1 to 5. The height
multiplier and the maximum width helped us to detect how long and narrow spikes
can be considered as cosmic rays, respectively. The high multiplier for calculating
the threshold during spike detection helps us to avoid false positives, and the lower
multiplier for calculating the threshold during replacement ensures that the detected
spikes are handled gently.

For correcting the detected cosmic rays, we applied the median replacement tech-
nique. We replaced the intensity of each spike with its’ neighborhood values. To
select the optimized number of neighborhood values, we took a window size p2 rang-
ing from 3 to 11, with increments of 2. When pl < |z; — median(z)|, we replaced
those cosmic rays with the median with the optimized p2 value.

We applied this procedure to the entire dataset for each 3D numpy array cell file.
This procedure continues until we reach the optimal solution. Figure 5 explained
this whole process with the help of a flowchart.

3.2 Savitzky-Golay Filter

Data smoothing is necessary to increase the precision of data without distorting
the signal’s tendency. To fulfill this purpose, the Savitzky-Golay (SG) [80] filter
is one of the known methods, which is a simple least square fit convolution for
smoothing. It works with two parameters: polynomial order and window size. The
window size decides how many data points the SG filter is going to smooth, and the
polynomial order helps to smooth those points, replacing them with the polynomial
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curve. However, selecting the window size and polynomial order is very crucial for
data analysis. Chen et al. proposed a window size of 7 and polynomial order from
2 to 4 for the SG filter [80]. Liu et al. used polynomial order 6 for the SG filter in
their work [81]. In our work, we used polynomial orders from 3 to 7, and window
sizes from 3 to 11 with an increment of 2.

3.3 Baseline Correction

Baseline correction plays a significant role in data preprocessing in Raman spec-
troscopy by removing background effects and separating accurate spectroscopic sig-
nals from interference effects [82]. One of the most familiar methods is modified
polynomial fitting, which requires user intervention and is sensitive to the noisy
data [83]. To overcome this issue, we used the adaptive iteratively reweighted Pe-
nalized Least Squares (airPLS) algorithm [84] in our thesis. This algorithm does
not require user intervention or peak detection. This algorithm is basically based on
the penalized least squares (PLS), which requires minimizing the following objective
function:

S=> wilyi—z)*+ X1 D (A%)? (2)
i=1 i=d+1
where,
e y; is the original signal,
e 2; is the estimated baseline,
e w; are weights,
e )\ is the smoothing parameter,
e A represents the d-th order difference operator,

e m is the length of the signal.

For the high weights, the first term helps to fit the baseline of the data, and the
second term helps us to smooth the baseline.

3.3.1 Whittaker Smoother

The Whittaker smoother [84] facilitates the implementation of the penalized least
squares method for the data. This smoothing function is as follows:

(W + AD'D)z = Wy (3)
where,
e W is a diagonal matrix of weights,
e D is a difference matrix of specified order,

e ) controls the smoothness of the resulting baseline.
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Figure 5: Flowchart for optimized cosmic rays removal process.
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3.3.2 Adaptive Iterative Algorithm

In this step, we need to calculate the weights iteratively based on the residue of the
measured signal and the current baseline estimate. The points above the estimated
baseline have zero weights, whereas the points below the estimated baseline increase
exponentially.

After initializing the weights to 1 and estimating the baseline z; using the Whittaker
smoother, we need to calculate the residual d; = y; — z;. We need to update the
weights adaptively [84] in the following way, after calculating the sum of the abso-
lute values of the negative differences (dssn’ = 3~7_, max(0, —dj)):

wh = 1 - |d , 4
J exp(p—w>, di <0 4)
dssn

0, d: >0

where,
e 7 is the iteration number,

e pis the power factor that scales how aggressively the weights grow for negative
deviations.

3.4 Normalization

Normalization is a technique used to scale the data after removing outliers, typically
within a range of 0 to 1 or -1 to 1 [85]. To avoid multiplicative effects and to maintain
data consistency and simplicity, normalization is necessary [86]. In our thesis, we
tried two types of normalization on the Raman spectra data.

3.4.1 Min-Max Normalization

Min-max normalization [87] is a common data preprocessing technique that helps
to scale different features of the data between 0 and 1 [88]. This method is easy to
implement because of its simplicity. These days, this method has become a good
choice among data scientists because it mitigates the effect of outliers by compressing
them. The transformation formula of this method is,

[L’l — T — xmin (5>

Lmax — Lmin
where,
e 1’ is the normalized value,
e 1 is the original data,
® 7, is the minimum value of the original data,

® ,,.. is the maximum value of the original data.
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3.4.2 L2 Normalization

L2 normalization [89] modifies the dataset in a way that the sum of the squares
of each row will be up to 1. This method primarily works with vectors. If x =
(x1,9,...,x,), where x is a vector, then the L2 norm or the euclidean length is,

1x[l2 =

n
2
2.
i=1

To get the normalized value, we need to divide each data point by its norm in the

following way,
, X ( T T T )
x = - , . (7)
=l \dlxll2” [Ix][2 ]2

where,
e X’ is the normalized value,
e X is the vector,

e ||x||2 is the L2 norm.

3.5 Clustering

Clustering is widely used as an unsupervised learning method, making it a significant
part of data mining [90]. This method groups similar instances, while other instances
with different features belong to other groups [90]. We employed this technique in
our thesis to separate tumor cells, water, and other substances based on their distinct
features and positions.

3.5.1 K-Means Clustering

K-means [91] clustering is one of the most commonly used and straightforward
algorithms [92]. Its main goal is to enhance the similarities between the data points
and their associated centroids. That means this algorithm partitions n observations
into k clusters, making each observation fall into the same cluster with the closest
mean or cluster centroid by minimizing the inertia or within-cluster sum-of-squares
in the following way:

n
: 2
R 8
> min flz — (8)
=0
where,
e 1, is the i-th data point,
e 1i; is the possible cluster centroid,

e (' is the set of cluster centroids.
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3.5.2 Agglomerative Clustering

Agglomerative clustering [93] falls into one of the hierarchical strategy categories.
It is widely used for small to medium-sized data sets because of its simplicity. This
clustering method works as a bottom-up approach. Initially, it considers each data
point as an individual cluster. In the next step, Agglomerative emphasizes the
distance metrics (e.g., Euclidean distance) to measure the similarities between two
data points.

p

d(zi,z;) = | D (k= z31)° 9)

k=1

where,
e 7; and z; are two data points

We merge similar data points or clusters using the linkage criterion (e.g., ward
linkage) [94] [95].
Al B 2
D(A,B) = — 10

where,
e A and B are two clusters.
e |A| and |B| represent the data points of each cluster,
e 1, and pp represent the centroids of clusters A and B, respectively.

This process continues until we reach the stopping criteria.

3.5.3 BIRCH

For very large datasets, Balanced Iterative Reducing and Clustering using Hierar-
chies (BIRCH) [96] is an appropriate choice for separating data. Instead of scanning
all data points, this method measures the natural closeness of the points. Instead of
treating all data points uniformly, BIRCH treats a dense region of points as a single
cluster by building the Clustering Feature Tree (CFT). This clustering technique
removes the points outside of this region, considering them as outliers.

Let, a subcluster contain N data points X, X, ..., Xy. Then the centroid (X)),
radius(R), and diameter(D) of the subcluster are defined as,

1 N
1 N
_ 2
R = N;HXZ-— Xo (12)
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1 2
D = NN =1) D OIIX - X (13)

i=1 j=1
In BIRCH, two disjoint subclusters merge using the additive property of CFT. This
clustering method has two parameters, such as the threshold and the branching fac-
tor. The branching factor helps to limit the number of subclusters, and the threshold
assists in keeping the distance between the entering sample and the existing sub-
clusters within a limit [97].

3.6 Metrics and Scoring

To evaluate the clustering performance, we estimate some metrics and scores. Those
matrices help us to get the optimal number of clusters from the clustering algorithm
[98]. Which metric to choose depends on the goal and the application.

3.6.1 Davies-Bouldin Score

The Davies-Bouldin (DB) [99] score evaluates the quality of clustering by measur-
ing the compactness and separation. Compactness helps to measure how close the
data points are within a single cluster. On the other hand, separation measures
the distance between different clusters. Since most similar clusters are identified by
the intra and inter-cluster distances, the DB score is the average of these maximum
similarity values of all clusters. This value ranges from zero (0) and gives better
clustering quality when it gives lower values. The equation for the Davies-Bouldin
score is as follows:

DB = & max(si—i_sj) (14)

ni= J#i ij
where,
e n represents the number of clusters

e S; represents the intra-cluster scatter

e d;; represents the inter-cluster distance

3.6.2 Calinski Harabasz Score

Calinski Harabasz (CH) [100] score, or the Variance Ratio Criterion, is another
method of evaluating the clustering quality. It depends on two factors: the sum of
between-cluster dispersion and of within-cluster dispersion. The CH score ranges
from zero (0), and the higher value represents good quality clustering. We can
calculate the CH score as follows:

_ By (N —k)

g=2kUY 7R
¢ Wi, (k—1)

(15)
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where,

e By represents the between-cluster dispersion
e wj;, represents the within-cluster dispersion
e N represents the number of samples

e k represents the number of clusters

3.6.3 Silhouette Score

Silhouette (SH) score [101] is a clustering quality measure, which depends on the
mean intra-cluster distance and the mean-nearest cluster distance for each sample.
This score ranges between -1 and 1. Negative value indicates doing wrong clustering.
The Silhouette score measuring equation is as follows:

(b—a)

H pu—
o mazx(a,b)

(16)

where,

e ) represents the mean nearest-cluster distance

e q represents the mean intra-cluster distance

3.7 Otsu’s Method

Otsu’s method [102] is a thresholding technique that separates the data depending
on a threshold (¢). We choose the optimal value of ¢ by minimizing the within-class
variance, or maximizing the between-class variance. Generally, this method is used
for unbalanced Raman spectra. Apart from that, people widely use it to separate the
background and the foreground of an image. The Otsu’s threshold can be calculated
from the following equation:
t = arg max o2(t 17
5 max 031 (1)
where,

e o7(t) represents the between-class variance

3.8 K-Means + Otsu’s Method

In this technique, Otsu’s method is applied to the K-Means clustered result. First,
the method optimizes the number of clusters (k) between 2 and 5 using the Davies-
Bouldin score. From the optimized cluster labels, we need to calculate the centroids
to get the cluster intensities (average of each centroid spectrum across bands). Fur-
thermore, this value is used to measure the pixel intensity from the K-Means clus-
tered labels. Since K-Means may fail to separate the tumor and non-tumor cells
accurately, Otsu’s thresholding method on the calculated pixel intensity helps to
separate the tumor and non-tumor cells almost perfectly. If the pixel intensity is
greater than or equal to the threshold (), then this hybrid method identifies the
pixel as a tumor cell; otherwise, a non-tumor cell.

18



3.8.1 Morphological Closing

In the Raman spectra data, some small artifacts still remain, which behave like
artifacts or outliers. Some small holes or gaps appear even after applying the com-
bination of K-means and Otsu’s method, which can cause an issue when applying
the machine learning algorithms. So, using morphological closure [103] can be a bet-
ter option to solve this problem. This technique helps fill in small gaps in an image
while preserving the shape and sizes of other objects. This method also assists in
smoothing the object boundaries by connecting nearby objects. This technique can
be mathematically expressed as,

AeB=(A®B)&B (18)
where,
e A represents a binary image
e [3 represents structuring element
e @ represents dilation

e O represents erosion
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4 Classifiers to Predict the Glioma Types

To diagnose and treat patients with brain tumors, an accurate classification is es-
sential. In this chapter, we focus on machine learning algorithms which we used
to classify the categories of glioma using Raman spectral data. Besides, we added
model architectures, data splits, and training strategies used to predict the type of
glioma.

4.1 Machine learning models

We used various types of machine learning models-both linear and non-linear to
distinguish the spectral structures.

4.1.1 Random Forest (RF) Classifier

Ho developed the idea [104] of combining multiple trees using maximum votes in
1995 using oblique splits. In this method, the forest becomes more accurate when
more trees are added without overfitting because each tree only looks at a random
subset of features. Later, Leo Breiman properly introduced random forests in one of
his papers [105], which has become one of the most cited papers in the world [106].
In his paper, he explained the process of building decision tree forests, where trees
are not highly correlated, combining randomization and a CART-like method at
each split and bagging [105]. He got this idea from a paper on character recogni-
tion, written by Amit and Geman in 1997, where they randomly selected a large
number of geometric features for the best split at each node [105].

The general idea behind RF [105] is that when we train the data, it works with
multiple small decision trees and classifies the data in each tree. After all trees are
classified, bagging is performed, where the prediction or classification is made based

on the majority vote of the decision trees. Figure 6 displays the working process or
workflow of the RF classifier.

Suppose that 6 is an independent random vector for the k-th tree, having the same
distribution as 6y, ...,0;_1. Each tree grows using the training set and 6, to obtain
a classifier h(x,6y), where x is an input vector. Assume that N is the number of
examples in the training set. In the bagging process, RF creates a random vector
in such a way that we throw N darts into N boxes. In the random split selection
process, the randomness depends on how we choose the random numbers between 1
and k. When we have a large number of trees after these procedures, they vote for
the most popular class, which is then called the RF classifier.

The margin of the ensemble on a sample (X,Y") is defined as:
mg(X,Y) = avpd (hy(X) = Y)mazj—y avipI (hyx) = 7) (19)
where,

e [() is the indicator function.
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Figure 6: Random Forest workflow [107]. The blue color indicates the trees voting
for class 1, and the gray color represents the trees voting for class 2.
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This margin measures how many votes the correct class Y exceeds compared to the
other class. The confidence of the classification depends on the margin in such a
way that if the margin is considerable, then the classification will have more margin.

The generalization error is as follows:
PE* = Pxy(mg(X,Y) <0) (20)
where,
e The subscript represents that the probability is over the X, Y space.
The margin function for a random forest is
mr(X,Y) = Py(h(X,0) = Y)maxj.y Py(h(X,0) = j) (21)
The strength of the set of classifiers h(x, 0) is
s=Exymr(X,Y) (22)
Let s > 0, then Chebyshev’s inequality gives
PE < war(mr)/s* (23)

where,

e s represents strength, which measures how good an individual tree is on aver-

age.
Let the raw margin function for the tree with randomness 6 be;
rmg(0, X,Y) = I(h(X,0) = Y)I(h(X,0) = j(X,Y)) (24)
where,
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e rmg expects to become mg with respect to 6.

Let us assume p is the correlation between the rmg of two different trees. Then the
variance of the margin becomes

var(mr) = Eg g (covx yrmg(0, X, Y )rmg(0', X,Y)) = Eya((0,6")sd(0)sd(0"))

(25)
where,
e sd(0) represents the standard deviation of rmg(6, X,Y") holding 6 fixed.
So,
var(mr) = p(Eysd(0))? < pEgvar(f) (26)
where,
e p is the average value of the correlation.
So, we can write
Egvar(0) < Eg(Ex yrmg(0, X,Y))*s* =1 — s* (27)

Using equations (23), (26), and (27), Leo Breiman found an upper bound for the
generalization error [105] as
p(l - s%)

PE' < =g

. (28)

During bagging, RF averages the variances of the trees using majority voting, since
each tree has a different variance. In addition, the RF algorithm randomly selects
a subset of features in each split of a decision tree node. This feature selection
procedure reduces the correlation between trees, thereby improving the model’s
performance. This model tells us that the error stabilizes as the number of trees
escalates.

4.1.2 XGBoost Classifier

XGBoost is a fast, accurate, improved, and optimized distributed gradient boosting
system [108]. The goal of XGBoost is to use modern computer hardware to provide
a scalable and accurate boosting method that can be applied to real-world prob-
lems [109]. This technique increases training speed when building trees in parallel
by improving traditional gradient boosting [110]. Although it uses smart approxima-
tion and practical techniques, it maintains high prediction accuracy and speeds up
learning. XGBoost increases the quality of the model by iteratively minimizing the
loss function while fitting the new model to the residual of the previous model [109].

XGBoost [111] starts with an initial prediction on the training dataset using the
decision trees. After obtaining the initial prediction, it calculates the residuals be-
tween the actual and predicted data. To reduce residuals, this method adds decision
trees in proportion to the learning rate to adjust the loss function. This process con-
tinues until it reaches a point where no further improvement is possible. Figure 7
displays the working process or workflow of the XGBoost classifier.
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Figure 7: XGBoost classifier workflow [112]. The blue color in the bottom nodes
is the leaf nodes containing the weights that are summed to take the final decision.
The gray middle nodes are decision nodes, where splitting takes place. The top blue
nodes are the root nodes of the tree.

The objective function for classification using log loss or binary entropy is expressed

as
M J

0 = Z [yl- log (1+€%)(1+y;)log (1+ egi)} - ZQ(fj) (29)

i=1 j=1

where,
e M represents the samples number in the dataset
e 1, represents the true class label for the i-th sample

y; represents the positive class predicted probability for the i-th sample

Q(f;) represents the regularization parameter

In this objective function, for y; log (1 + e@i), when y; = 1, the XGBoost model is
penalized whenever the class 0 is predicted. When y; is large or negative, e¥ drops
and log (1 + e@i) rises. Additionally, for (1 + y;)log (1 + eﬁi), when y; = 0, the
model is penalized if class 1 is predicted. When y; is large and positive, the model
is penalized for classification errors in class 1.

Hence, the predictive probability of XGBoost is

=1 |x;) = L
py =l Lt exp (S0, £(x) .

where,
e 1; designs the input parameters required for the i-th sample

o fi(z;) designs the prediction of the j-th tree of the i-th sample
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In Python, XGBoost has several parameters as follows, which help to improve the
model performance:

e n_estimators represents the number of boosting rounds.

e learning rate controls the contributions of each tree in the final prediction.
e max depth controls the maximum depth of each decision tree.

e subsample tells us the fraction of training samples for growing each tree.

e colsample bytree represents the fraction of features when constructing each
tree.

e gamma controls the tree complexity.

e reg alpha (L1 regularization) and reg lambda (L2 regularization) help to
prevent overfitting, where L1 selects features and L2 reduces weight size.

e scale pos_weight helps to control imbalanced data by giving more impor-
tance to the minority.

e early stopping rounds help to stop training when no improvement is no-
ticed.

4.1.3 Linear Support Vector Classifier (LinearSVC)

Support Vector Machine (SVM) [113] is one of the classical machine learning ap-
proaches that can help to classify big data, used especially in multidominal appli-
cations. Due to its complexity and expensive behavior, in our thesis, we used the
Linear Support Vector Classifier (LinearSVC).

For a two-class or binary classification problem, the classifier predicts using the
following function:

f(@) = (wa' + ) (31)

where,
e x represents the feature vector
e w represents the weight vector
e 7 represents bias

The optimization problem for linearly separable data is [114]

2

]
w,y 2 (32)

subject to  y(wx’ +7) > 1
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For multi-class classification, the optimization problem is defined as [115]

o wl?
min  ——
w,y 2 (33)
subject to  s(wzx’ +~+I)>1T

where,
e x represents the n data points
e s represents the response variables of x
e I represents the identity matrix
e 7 represents the intercept of the straight line or the hyperplane

In the above equation, the "min” and ”subject to” terms indicate the Support Vec-
tor Machine measure (SVM-measure) and the label error, respectively.

In case of non-separable classes, a new slack variable is introduced into the pre-
vious equation, leading to the following equation [114]:

o lw]?
min 5 elo) (34)
subject to  s(wx’ +~I)+( > 1

where,

e ( represents the slack variable, which describes the acceptance of false positives
in the optimization problem.

LinearSVC minimizes the regularized hinge loss to avoid overfitting as follows [116]:

2
min Hu;” + C max(0, 1 — s(wa’ + 1)) (35)

wi’y

where, €(¢) = C¢

4.1.4 The Nystrom Method

The SVM can also be non-linear. Nystrom [117] uses the kernel approximation
method to capture the non-linear structure to retain the computational efficiency.
Let X be a dataset where m is the number of some samples (&, ..., %,,) belong-
ing to X. K be the kernel matrix with these m samples. The Nystrom method
approximates the matrix K and constructs a low-rank matrix

K, = K,KTKT (36)
where,
o Kj = [F&(C'Sz',iﬁj)]NXm
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A

o K = [K(®i, %)) mxm]
o Kt represents the pseudo inverse of K

e 1 represents the rank of K

To train the data, we need to drive the vector representation of the data by

zo(@) = D,V (v, 1), o (e, %)) (37)

where,
o D, =diag(\i, ..., \)

® V; = ('Ul, A,'U})

So, it is verified that

(1) 20 (15) = [K, ]y (38)
After replacing « in the LinearSVC optimization problem by z,(x) to learn the
linear machine f(z) = w’z,(z), we get the following optimization problem:
A 1 &
: 2 T
min o flwl + N;“’“’ Za(w1), i) (39)

4.2 Data Splitting Strategy

In our study, we partitioned our Raman spectra data using k-fold cross-validation
to evaluate the unbiased model and ensure reproducibility.

4.2.1 K-Fold Cross-Validation(CV)

Cross-validation (CV) [118] is one of the most popular model selection methods af-
ter the introduction of leave-one-out cross-validation (LOOCV). The K-fold CV uses
(K1) folds to train the data or build the model, and the remaining fold to validate
the model. This process continues until the model uses all the folds for validation.

Let us partition the dataset D into K disjoint subsets [119] in such a way that

all subsets are of the same size m = 7. If T}, is the k-th fold (or subset) for valida-
tion, then Dy is the training set after removing the elements of T}, from D. In the
CV technique, we estimate the error for the validation fold (7}). After calculating
the error from all the validation folds in a repetitive process, we average them to
get the final error.

V(D) = = 3 ST L(ADy) =) (40)

where,

e A represents the learning algorithm

e z, represents the individual data point in the test set T}
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4.3 Handling Class Imbalance

In the Raman spectroscopy data, we have class imbalance, i.e., the number of tumor
samples in each class is unequal, and there is a noticeable difference in sample sizes.
This problem can lower the accuracy of our classification model. To get rid of this
issue, we performed oversampling and adjusted the class weight.

4.3.1 Oversampling

Random oversampling is a non-heuristic algorithm, which repeats the samples from
the minority class randomly to balance it [120]. However, this technique increases the
risk of overfitting, as it reproduces the same samples from the minority class [121].
Figure 8 shows how oversampling works by increasing the number of samples in
the minority class. Besides, this method makes the learning process overwhelming,
although it is a good choice for imbalanced data [120].

Balanced minority and majority

Majority class Minority class class

Figure 8: Oversampling technique [122]. The orange color highlights the majority
class, and the blue color denotes the minority class.

4.3.2 Class-Weight Adjustments

The models we used in our thesis have a class weight parameter. If we set the pa-
rameter to "balanced,” the model will penalize misclassifications of minority classes
more heavily, thereby improving its sensitivity.
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5 Results and Discussions

This chapter illustrates what we found after our analysis. First, the outcomes of
each of the preprocessing steps are shown, and then how we tried to balance our
data are discussed. Also, we demonstrate the classifiers of the glioma IDH1 mutation
status.

5.1 Data Preprocessing

We obtained Raman spectral data from live glioma cells in two experimental phases
conducted in January 2025 and May 2025 by NIH. In the first phase, we obtained
spectral data from 85 different cells, which were then extended to 286 individual
cells in the second phase. During data preprocessing, we identified and removed
unusable data files due to acquisition errors from our dataset. Specifically, the dele-
tion of files cell43 and cell248 resulted in a final Raman spectra dataset of 284 live
glioma cell files.

According to the initial inspection, our raw data has a significant level of cosmic rays
and noise across many spectra. To gain a clear understanding of this issue, we have
included 2 reference pictures of the raw data in Figure 9. We have uploaded the rest
of the figures to this link:https://seafile.utu.fi/d/46d34af2160e438097e8/.
The Raman spectra data for each sample(Figure 9) exhibit a negative direction and
showcase sudden peaks in the fingerprint region (0-3400cm™) due to artifacts and
water or the slowly varying background signal (baseline drift). In each sample, the
median Raman spectra indicate that each of the Raman spectra should be close to
the median. Otherwise, they can have artifacts, cosmic rays, and noise, which are
essential to remove from the data for further analysis.
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Figure 9: Per spectra in raw data with their median. The random spikes in graphs
(a: cell6) and (b: cell9) are the cosmic rays. In both graphs, the data includes noise
and meaningless regions (silent regions). Each color of graphs (a) and (b) represents
the spectra of each sample/cell.

To resolve this issue, we developed an optimized pipeline for cosmic rays detec-
tion and correction. According to this process, we selected the optimized values for
the height multiplier and the maximum width as 5 and 1, respectively. Addition-
ally, we estimated the median absolute deviation (MAD) for each cell and selected
pl = 3xmedian(M AD) to replace cosmic rays with the median values, and p2 = 11
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for the window size. Figure 10 indicates that our pipeline has successfully removed
most of the cosmic rays from our data because very few spikes are visible in some
spectra. We have uploaded all the figures after removing the cosmic rays in the
Seafile (Link:https://seafile.utu.fi/d/1c22585dd0cc4d8a83bc/).
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Figure 10: Per spectra data after removing cosmic rays with their median. Almost
most of the cosmic rays from graphs (a: cell6) and (b: cell9) are removed. Only
some baseline noise are still present.

We tried to reduce the noise in the reshaped data using the Savitzky-Golay (SG)
filter with a polynomial order of 3 and a window size of 11. However, the average
root-mean-square error (RMSE) across the dataset (total files=284) revealed that
the SG-filter modifies the cosmic rays removed data by approximately 1.62% relative
to the maximum spectral intensity. Visual inspection also did not make any signif-
icant difference in our dataset. Hence, we dropped the use of this filtering method
from our analysis.

Following denoising, we tried to fix the non-informative regions of the spectra us-
ing baseline correction. For that, we clipped the remaining negative intensity val-
ues at 0. Additionally, we removed the non-informative silent regions, between
0 — 248.651529 cm™!, and 1797.210 — 2697.804 cm™!, and replaced these regions
with O intensity values. This silent region removal technique divided the spectra
into two chemically informative regions, and the zero padding technique preserved
the matrix structure to continue machine learning applications. We used the airPLS
algorithm with parameters A = 4, and p — value = 1 to approximate the non-silent
regions. Figure 11 showcases that the negative spectra have been clipped to 0, and
the silent regions were padded with 0 to avoid any arising problem during the appli-
cation of the machine learning approach. The rest of the figure of the sample cells
can be found in this link:https://seafile.utu.fi/d/0888182a32a284bff9a69/.

To prepare the data for further computational analysis, we applied min-max normal-
ization and L2-normalization to each spectrum to obtain all intensity values between
0 and 1. But, we chose min-max normalization for our further analysis to maintain
the simplicity of our analysis. Figure 12 displays that all spectra of each sample cell
have ranged between 0 and 1. The rest of the figure of the sample cells can be found
in the following Seafile link:https://seafile.utu.fi/d/f9170£3f18a84e8a8261/.
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Figure 11: Raman spectra data after removing the silent region and baseline correc-
tion. The base for both of the samples is corrected, and the non-informative regions
are removed. The intensities of graphs (a: cell6) and (b: cell9) do not fall under the
same range.

eeeeeeeeeeeeeee

Figure 12: Raman spectra data after normalization (min-max). All the intensities
of graphs (a: cell6) and (b: cell9) fall between the range 0 and 1.

After normalization, we performed a clustering analysis to find group similarities
among the spectra. For this, we tried several clustering algorithms, such as k-
means, agglomerative, birch, and Otsu’s thresholding method on the whole Raman
shift. However, the cluster map was very poor throughout the range (50.019449 —
3399.76628 cm~1). As a result, we applied our clustering algorithm to the Raman
shift from 2800.0131 cm ™! to 3025.64372 cm ™!, because in this region the intensity of
the tumor is higher than that of the non-tumor. To optimize the cluster number, we
evaluated three cluster performance indices named the DB score, CH score, and SH
score. Among all of these indices, the DB score performed better compared to the
other two. Although when optimizing the number of clusters for k-means clustering,
the DB score had a suboptimal performance, which led to a poorer clustering re-
sult. Among all the clustering algorithms that we used, the combination of k-means
clustering and Otsu’s method separated the similar spectra better. To get rid of the
small holes or gaps, we applied morphological closing using a minimum object size
of 7, and a disk of 3. This combined method successfully separated the spectra into
two groups (cell and water). A summary of Otsu’s thresholds and the correspond-
ing Davies—Bouldin scores to optimize the number of clusters for k-means cluster-
ing for each file is presented in the chart titled Otsu DBI_Cluster Summary.xlsx
(link: https://seafile.utu.fi/f/39ac686d3d0143c3a7ac/). This approach
was successful for most of the samples, as shown in Figure 13, where we compared
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the optical images of the cells and the clustering images of some samples. (link:
https://seafile.utu.fi/d/958141f43ffc4108ad91/)

(a) (b)

Figure 13: Comparison between optical image and clustering image (a: cell6, b:
cell9). The yellow region in both of the graphs indicates the tumor cells (labeled as
1), and the blue region represents water (labeled as 0) from the cell-culture.

Some samples (14 samples) showed poor separation with this method with normal-
ized data, such as cell77, cell79, cell82, cell255, cell256, cell257, cell258, cell259,
cell260, cell261, cell266, cell267, cell268, and cell269. However, when we analyzed
the data without normalization, we successfully recovered them. The reason be-
hind this is that normalization helps to correct the experimental differences, such
as focus drift, which improves classification. However, for some samples, the ab-
solute intensity of the spectra plays a significant role. Normalization blends these
intensities with the main intensity by reducing the intensity information. So, the
cluster map on the non-normalized data for these samples showed better images
compared to the cluster map of the normalized data. Figure 14 showcases some
of the samples in which we recovered the clustered data. Here, in the 2D spatial
representation, the yellow pixels denote tumor spectra, and the blue pixels denote
non-tumor spectra or water. The other sample examples can be found on Seafile:
link:https://seafile.utu.fi/d/074bb4d4b2464£00a736/. The clustering results
identified 300184 spectra (42.54% of the data) as tumor spots and 405509 spectra
(57.46% of the data) as non-tumor spots.

Figure 14: Comparison of the original optical images and the clustering results
obtained from non-normalized data. The yellow regions in graphs (a: cell77) and
(b: cell79) represent the tumor cells, and the blue regions are the water.

5.2 Discrimination between IDH1mut and IDH1wt

We used random forests and XGBoost to identify the most important Raman fre-
quencies for discriminating IDH1mut and IDH1wt tumor types across all 284 Raman
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samples. For that, we split our data into a 10-fold cross-validation. The samples were
distributed equally across each fold based on IDHImut and IDH1wt. We excluded
the samples (16 samples: cell61-cell76) that are GBM_IDH1mut because these are
cells that have the chemistry of the GBM (which normally comes with IDHIWT),
but with the mutation IDHImut inserted in them. Since, IDH1mut is the minority
class (51 samples) compared to IDH1wt (211 samples), we applied oversampling on
the minority class in such a way that the minority samples in each fold repeat them
until they become the same number of samples of the majority class in that fold.
However, the XGBoost classifier performs better compared to the RF in this case.
To measure the accuracy of our classifier model, we calculated balanced accuracy,
ROC-AUC, precision, recall, F1, and a confusion matrix for each fold used as it be-
haved like a validation fold. After obtaining the results from each fold, we measured
the mean accuracy for all the metrics that we have performed in this study. Each

fold accuracy with its final mean results and confusion matrix is shown in Table 1,
and Table 2.

Table 1: Cross-validation performance metrics for XGBoost classifier across 10 folds.

Fold Accuracy ROC-AUC Precision Recall F1-score
Class 0 Class 1 Class 0 Class 1 Class 0 Class 1
0.551 0.551 0.164 0.887 0.681 0.421 0.265 0.571
0.632 0.632 0.132  0.951 0.658 0.607 0.220 0.741
0.472 0.472 0.198 0.763 0.390 0.553 0.263 0.641
0.588 0.588 0.227 0.896 0.355 0.821 0.277 0.857
0.739 0.739 0.581 0.895 0.583 0.894 0.582 0.895
0.727 0.727 0.311  0.940 0.737 0.717 0.437 0.813
0.603 0.603 0.269 0.882 0.402 0.803 0.323 0.841
0.536 0.536 0.155 0.893 0.263 0.810 0.195 0.849
0.530 0.530 0.455 0.724 0.116 0943 0.185 0.819
10 0.502 0.502 0.215 0.794 0.089 0.916 0.125 0.851
Mean 0.588 0.588 0.271 0.862 0.427 0.749 0.287 0.788
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The overall mean accuracy (0.588) of the XGBoost classifier across the 10 folds
indicates moderate classification performance. ROC-AUC scores indicate that the
model’s ability to distinguish between two classes is moderate (0.588). The signifi-
cant discrepancy in the ROC-AUC values suggests a class imbalance or a model bias
towards class 1 (IDH1wt), which is reflected in the confusion matrices. The mean
precision values for class 0 (0.271) and class 1 (0.862) tell that our XGBoost model
is more precise when classifying IDH1wt. Similarly, the recall for IDH1wt is higher
(0.749) than for IDH1mut (0.427). That means a considerable number of IDH1mut
are misclassified as IDH1wt. The F1-score helps to balance the precision and recall
scores. This score (IDHImut: 0.287, IDH1wt: 0.788) also justifies the result of the
precision and recall score.

The confusion matrices (Table 2) assist to measure the class-specific performance
of our XGBoost model. This matrix demonstrates that only 42.7% of IDHImut
is classified correctly, while 57.3% of it is misclassified as IDHIwt. On the other
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Table 2: Confusion matrices of the XGBoost classifier for each fold.

Fold True Class 0 True Class 1
Pred 0 Pred1 Pred 0 Pred1
0.681  0.319 0.579 0421
0.658  0.342  0.393  0.607
0.390 0.610 0.447  0.553
0.355  0.645 0.179  0.821
0.583  0.417  0.106  0.894
0.737  0.263  0.283  0.717
0.402  0.598  0.197  0.803
0.263  0.737  0.190 0.810
0.116  0.884  0.057 0.943
10 0.089 0.911  0.084 0.916
Mean 0.427 0.573 0.251 0.749
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hand, the XGBoost classifier perfectly classified around 74.9% of IDH1wt, as well
as misclassified it for approximately 25.1%. This confirms that our XGBoost model
gives more importance to class 1 (IDH1wt) while classifying.

Although the XGBoost performs better than the other models, the accuracy of
this model is still poor, and it also has an imbalance among the mutation statuses.
To overcome this problem, we chose the top 23 features and applied the Nystrom
approximation and Linear SVM on top of these specific features. As a result, we got

that the model performance accuracy with the confusion matrix (class 0 (IDH1mut):
60.7%, class 1 (IDH1wt): 58.5%) has become balanced and improved.
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6 Conclusions

Raman spectroscopy is a method in which the laser light from the spectrometer tells
us about the details of tissue composition at the biochemical level by changing the
color of the light. From this change, we obtain the spectra of the cells. However,
these resulting spectra are tough to understand just by looking at them. In this
thesis, we developed a ML system which can remove the cosmic rays, correct the
baseline after removing the non-informative regions, normalize the Raman spectra
data, and can separate the tumor and non-tumor cells accurately. This ML approach
to classify the glioma live cells can be non-invasive, fast, and non-destructive. In this
section, we have discussed some key findings and contributions of our ML approach
to classify the live cells of glioma.

In this work, we analyzed Raman spectra from 284 glioma live cells by fixing our
goal to improve the data preprocessing pipeline, classifying glioma types and their
mutation status. Our data includes various types of gliomas that allowed us to have
a detailed experiment of them. Because of the features of capturing a mixture of
chemical signals, Raman spectroscopy data have noise, artifacts, and baseline drift.
As a result, we first established and validated a proper machine learning data pre-
processing pipeline for glioma live cells.

One of the most important components of this preprocessing workflow is our custom
cosmic rays removal technique. This custom method is an optimized way to detect
random spikes in our RS data and remove them entirely from our data. These spikes
or cosmic rays can mislead the ML algorithm if they are not handled properly. Fur-
thermore, we developed our preprocessing pipeline by removing the silent regions.
The silent region is a region that does not contain any biologically meaningful in-
formation, which can affect baseline estimation. Following this, we corrected the
baseline using the airPLS algorithm in such a way that the spectra can only reflect
the original fingerprints of the cells. Besides, we also applied the min-max normal-
ization on our baseline-corrected Raman data, so that we could compare different
cells. Moreover, this normalization helped us to preserve the chemically significant
features even after processing our data. This whole preprocessing framework pre-
pared our RS data for the application of clustering and classification.

The SG filter is a smoothing method that can be applied to RS data. During our
preprocessing operation flow, we applied this filter to our data. However, we found
out visually and quantitatively that it did not have any specific value in smoothing
our RS data. The average RMSE demonstrated that the SG-filter modified the cos-
mic rays removed data by approximately 1.62% relative to the maximum spectral
intensity. As a result, we excluded the SG-filter from our final RS data preprocessing
process, so that we did not lose the important features.

To separate tumor and non-tumor cells, we applied a combined clustering method

(K-means + Otsu’s thresholding method). In this procedure, K-means first groups
spectra, depending on their biochemical similarities, and Otsu’s method determines
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an optimal threshold for each sample to separate the preprocessed data into tumor
and non-tumor cells. To avoid the noisy cluster, we applied morphological closing
to group the tumor and non-tumor cells properly and smoothly. Finally, this tech-
nique gave us 42.54% tumor spectra and 57.46% non-tumor spectra, indicating the
necessity of performing a good clustering.

An unusual finding occurred when we performed our clustering method on both
normalized and non-normalized data. For some samples, the clustering method
worked better on non-normalized data, compared to normalized data. This is an
important case, which tells us that although normalization is crucial, but sometimes
it can distort natural biochemical differences.

Next, we tried to develop a ML model that can classify the IDH1 mutation sta-
tus (IDHImut vs IDH1wt) of glioma live cells. Among all the algorithms that we
applied, XGBoost performs better, although the performance is still poor. This
is mainly because of having the imbalanced properties in our dataset. To over-
come this issue, we tried to duplicate the samples in the minority class in the same
cross-validation fold, and then chose the top 23 features after applying the XG-
Boost classifier. This feature selection technique helps to obtain a ML classifier
model based on the most important features in our data set. When we applied the
Nystrom kernel approximation and a Linear SVM on these 23 features, it allowed us
to capture the non-linear spectral features. This procedure improved and balanced
the classification accuracy, indicating that careful selection of important features
can reduce the class imbalance issue.

Our thesis establishes a developed preprocessing and clustering pipeline of Raman
spectra data. At the same time, it has opened new directions to advance the re-
search by enhancing classification performance and so on. We plan to continue our
research in the following directions:

Firstly, since we duplicated the samples in each cross-validation fold until it had
the same number of samples as the majority class, so the XGBoost model had the
probability to overfit. This is because, while doing this, it memorizes the pattern of
the spectra instead of learning the features. We plan to check the model whether it
fits perfectly or not.

Secondly, we plan to enhance the number of selected features in our model from
50 — 100. Increasing the number of selected features may help the classifier model
obtain more detailed spectral information that we lost in our analysis.

Thirdly, we plan to enhance our classification from 2-class to 3-class (GBM vs.
Astro vs. Oligo). Although it will be challenging, but it will assist us to get a more

detailed understanding of glioma subtypes.

Finally, we plan to look for the answer to the question ”How do we separate Astro
and GBM when they are spectrally very similar?”
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7 Appendices

Appendix A: Use of Al in the Thesis
Figure 2 was generated using Google Gemini to show the study design from data

collection to analyze the RS data using ML. Grammar was checked and modified
using Grammarly and ChatGPT.
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