ﬁ applied sciences

Article

Raman Spectroscopy Assisted by Machine Learning
Algorithms for the Prediction of Different Types of Oral

Cancer Cells

Maria Lasalvia, Vito Capozzi and Giuseppe Perna *

Academic Editor: Georges

Wagnieres

Received: 2 February 2026
Revised: 25 February 2026
Accepted: 27 February 2026
Published: 28 February 2026

Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons

Attribution (CC BY) license.

Department of Clinical and Experimental Medicine, University of Foggia, 71122 Foggia, Italy;
maria.lasalvia@unifg.it (M.L.); vito.capozzi@unifg.it (V.C.)
* Correspondence: giuseppe.perna@unifg.it

Abstract

Oral squamous cell carcinoma (OSCC) cytology involves extracting a cell sample consist-
ing of single cells or small clusters of cells from patients’ head and neck area in order to
identify abnormal morphological characteristics after staining it. This method is used to
screen for early cancer and the formation of metastases within the oral cavity. OSCC di-
agnosis partly depends on pathologists’ skills and also laboratories’ instrumentation. The
use of Raman spectroscopy could support diagnoses performed using traditional meth-
ods, providing information based on the cellular biochemical environment. Technical
drawbacks related to low signal-to-noise ratios of Raman spectroscopy and the need to
obtain diagnostic information within a reasonable time frame have recently led to the
analysis of Raman spectra using machine learning (ML) methods in order to obtain relia-
ble information about the correct attribution of unknown cellular spectra. So, we used
Raman micro-spectroscopy combined with machine learning methods to build classifica-
tion models, which allow the diagnosis of different grades of OSCC in cell samples. The
Raman spectra were analysed in the 980-1800 cm™ range by focusing the laser beam onto
the nucleus and the cytoplasm regions of single cells from different cell lines modelling
healthy (HaCaT) and cancer (Cal-27, SAS and HSC-3) cytological samples. We considered
six classification algorithms (k-Nearest Neighbours, Logistic Regression, Naive Bayes, ar-
tificial Neural Network, Random Forest and Support Vector Machine) to classify un-
known Raman spectra. We report two classification tasks: a 4-level classification, which
encompasses healthy cells, two different types of cancer cells, and one type of metastatic
cells, and a 3-level classification, which includes healthy cells, non-metastatic cancer cells,
and metastatic cancer cells. Our findings show that both Neural Network and Support
Vector Machine algorithms applied to Raman spectra measured in the cytoplasm region
can achieve sensitivity, precision and F1-score values larger than 90% in the 3-groups clas-
sifications, whereas Support Vector Machine performs better in the 4-groups classification
with respect to a Neural Network. These results contribute to increasing confidence in the
clinical translation of ML-assisted Raman spectroscopy as a tool to support conventional
cytological techniques.
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1. Introduction

Oral cavity cancers, collectively known as head and neck cancers (HNC), usually
originate in the squamous cells that line the mucosal surfaces of the organs in the head
and neck (e.g., lips, tongue, gums, cheeks, palate, throat, larynx, etc.). The Global Cancer
Observatory reported in 2022 about 4.8-105 fatalities and 9.4:10° new cases of HNC, mak-
ing it the seventh most prevalent type of cancer [1]. An accurate diagnosis is necessary to
enable more precise and targeted surgery, which could reduce the mortality rate. The first
step in making a diagnosis is a visual or endoscopic examination of the suspicious areas
by the oral surgeon. This preliminary analysis is followed by the removal of a tissue or
cell sample on which to perform histological or cytological analysis. The histological anal-
ysis of tissue or cytological inspection of cell samples is performed by microscope obser-
vation of the sample after it has been properly treated (stained with suitable dyes). How-
ever, such a diagnosis may be partially subjective and depend on the skill of the
pathologist, the instruments, the staining procedure and the analysis procedures [2].

Recently, artificial intelligence (Al) techniques have become very popular in histo-
logical image analysis, achieving very high levels of accuracy and diagnostic efficiency
[3,4]. As for the accuracy level in classifying cytological images of HNC samples using Al
methods, a recent review [5] reports only one study from 2012, where the accuracy of
92.5% achieved in recognising normal samples and 89.4% in recognising suspicious ones
is reported [6].

However, histological and cytological images may present some critical issues that
can influence diagnoses. In fact, image recognition with Al methods requires a learning
step with numerous datasets, and sometimes to achieve such numbers, information is
needed from multiple institutes, where procedures are used that are not comparable with
each other. Consider also the dependence of the parameters extracted from images ob-
tained from scanners from different manufacturers, with the related problems of obsoles-
cence. Therefore, it is desirable that traditional diagnostic techniques be assisted by other
methodologies based on the biochemical characteristics of the investigated cell or tissue
samples, rather than on images. In fact, the evolution of a normal cell toward a cancerous
state is accompanied by changes in the cellular biochemical environment [7].

Vibrational techniques, such as Raman and Fourier Transform Infrared (FTIR) spec-
troscopies, allow the identification of specific functional groups within biomolecules char-
acteristic of cellular components [8,9]. Hence, they can provide information about the
chemical composition of a biological sample and its modifications as a consequence of the
onset of a disease. In particular, Raman spectroscopy is able to obtain such information
with micrometric resolution, enabling the biochemical analysis of subcellular compo-
nents. Therefore, diagnostic tools based on this technique reveal the potential to assist
traditional cytopathological techniques, determining more reliable results for patients.
Furthermore, Raman spectroscopy allows the analysis of the samples under investigation
(cells, tissues, biopolymers, etc.) without the use of expensive reagents and/or dyes. How-
ever, obtaining a rapid and reliable diagnosis remains difficult due to the weak Raman
scattering signal from the samples. In fact, approximately one in every 10¢ incident pho-
tons interacts with the molecules within the sample by the Raman effect [10]. In addition,
the differences in spectral signals of samples having a slightly dissimilar biochemical con-
tent (it can be the case when cytological samples from healthy and cancer patients are
measured) are minimal and sometimes scarcely visible if few spectra are measured. There-
fore, it is useful to obtain datasets comprising a sufficiently large number of spectra and
analyse them using statistical techniques capable of highlighting minimal differences
among the signals. Multivariate analysis techniques are suitable for this purpose, as they
simultaneously analyse multiple variables of each spectrum in order to discover relation-
ships between them [11].
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In particular, machine learning (ML) methods have been used to analyse vibrational
spectroscopy data and obtain diagnostic information. Such methods are based on algo-
rithms that can first be trained on spectra whose class is known, and subsequently, they
assign unknown spectra to the proper class [12,13]. ML algorithms, such as k-nearest-
neighbours (kNN) [14,15], logistic regression (LR) [16,17], Naive Bayes (NB) [18,19], neu-
ral networks (NN) [20,21], random forest (RF) [22,23] and support vector machines
(SVMs) [24,25] have been recently used for the diagnostic classification of vibrational spec-
troscopy spectra. The characteristics of these algorithms are explained elsewhere (see [26]
and references therein). These classification techniques are largely accessible, as they are
included in several commercial [27,28] and free [29-32] software programs. Although, in
some cases, they have been modified in order to improve classification performances, the
free and basic versions offer the advantage of being usable even by users who do not have
advanced mathematical and statistical skills.

However, Raman spectroscopy is not currently officially recognised as a diagnostic
technique for use in clinical settings, mainly because there is currently no universally
adopted protocol that standardises the measurement and data analysis procedure. Alt-
hough some important review works have been published in order to overcome this lim-
itation [12,33,34], it can currently only be proposed as a technique to support standard
diagnostic methods.

The present study investigates the classification performance of several ML algo-
rithms for the classifications of two distinct spectral datasets of Raman spectra measured
in the nucleus and cytoplasm region of cell samples: (i) a 4-group dataset, including a
healthy epithelial cell line and three different types of tongue cancer cell lines, one of
which was established from a metastatic cancer; (ii) a 3-group dataset, encompassing a
spectral dataset of a healthy epithelial cell line, a mixture of two different tongue cancer
cell lines and a metastatic tongue cell line. Our findings show that both NN and SVM
algorithms applied to datasets of Raman spectra measured in the cytoplasm region can
achieve sensitivity, precision and F1-score values larger than 90% in the 3-group classifi-
cations, whereas SVM performs better in the 4-group classification with respect to NN.

2. Materials and Methods
2.1. Cell Culture and Preparation

Four cell lines were selected for this study:

¢ A spontaneously immortalised nontumorogenic human cell line, derived from nor-
mal adult epidermal keratinocytes (HaCaT), was used as a model of healthy cells [35].
The HaCaT cell line was purchased from CliniSciences (#70020001, Guidonia Mon-
tecelio, Rome, Italy) and cultured in DMEM/F12 (Gibco, Waltham, MA, USA) sup-
plemented with 10% heat-inactivated FBS and 10 mM HEPES, and 1% pen/strepto-
coccus.

e (Cal-27 cells are epithelial cancer cells isolated from oral squamous cell carcinoma tis-
sue of the tongue. Therefore, this cell line can be considered a model of oral cancer
cells [36]. These cells were provided by the laboratories of Prof. Lorenzo Lo Muzio
(University of Foggia) and cultured in DMEM medium supplemented with 10% fetal
bovine serum (FBS) and 1% pen/streptococcus.

e  SASis a human tongue squamous cell carcinoma cell line, originally isolated from a
primary cancer of a patient with tongue cancer. Therefore, this cell line is also a model
of oral cancer cells [37]. The SAS cell line was provided by the laboratories of Prof.
Lorenzo Lo Muzio (University of Foggia, Foggia, Italy) and cultured in RPMI me-
dium supplemented with 10% fetal bovine serum (FBS) and 1% pen/streptococcus.
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e The HSC-3 cell line was created from metastatic lymph node cancer originating from
squamous cell carcinoma of the tongue. The highly aggressive characteristics of this
cell line make HSC-3 a model for the study of metastatic squamous cell carcinoma
[38]. The HSC-3 cell line was provided by the laboratories of Prof. Lorenzo Lo Muzio
(University of Foggia, Italy) and cultured in RPMI medium enriched with 10% fetal
bovine serum (FBS) and 1% pen/streptococcus.

The three cancer cell lines are frequently used models [39] deriving from the same
oral district (tongue): therefore, they are suitable for evaluating the pathology of a specific
oral district. However, healthy cell lines derived from the tongue are not widely available.
Therefore, HaCaT cells were used as a model of healthy cells because they have a rela-
tively high protein content compared to lipids, a characteristic found in tongue tissue
compared to other surrounding areas.

The four types of cell samples were grown on a polylysine-coated glass coverslips.
Once approximately 80% confluence of cells was achieved on the coverslip surface, the
adherent cells were fixed in 3.7% paraformaldehyde and stored in Petri dishes with phos-
phate-buffered saline (PBS) until Raman spectra acquisition. Each cell sample was rinsed
in deionised water to remove PBS residues before the Raman measurements.

2.2. Raman Measurements

A confocal micro-spectrometer (Labram from Jobin-Yvon Horiba, Montpellier,
France) was used to obtain Raman spectra from about 40 single cells of each type. A mon-
ochromatic beam from an Ar+ laser (514.5 nm line with 6 mW power) was focused by an
Olympus 100x oil-immersion objective (Olympus, Hachioji-shi, Japan) within each inves-
tigated cell volume. The acquisition time was 10 s, and 3 acquisitions were averaged for
each spectrum. The obtained spectra point out that the 514.5 nm excitation line avoids
excessive heating or thermal damage to the sample and allow one to obtain quite well-
resolved Raman peaks within the above acquisition time. Before each Raman measure-
ment, a cell volume including the nucleus and a cell volume excluding it (i.e., within the
cytoplasm region) was selected by means of optical images obtained with a charge-cou-
pled device camera. Typical images of the investigated cells are shown in Figure 1: the
nucleus compartments, indicated by arrows, correspond to the dark region because they
are optically more opaque than the surrounding cytoplasm. The Raman signal collected
from two cell compartments (defined as “nucleus region” and “cytoplasm region” here-
after) of each single cell in backscattering geometry was analysed by a diffraction grating
with 600 grooves/mm, and it was detected by a charge-coupled device. The Raman spectra
were measured in the 600-1800 cm™ range, with a spectral resolution ~5 cm/pixel. The
background signal was measured by focusing the laser beam within volumes where no
cell was located.

2.3. Spectra Analysis

The preprocessing for each measured Raman spectrum consists of three sequential
steps described in the following: (i) subtraction of the background signal; (ii) subtraction
of the fluorescence and stray light signals by means of the adaptive algorithm (which cre-
ates a baseline signal to remove the broad and featureless signals underlying the Raman
peaks) using the Spectragryph software (version 1.2.16.2023) [40], with a coarseness value
of 30; (iii) area normalisation of each background —and baseline-subtracted spectrum in
the 980-1800 cm™ range. The latter procedure scales the intensity values of the spectrum
by dividing each individual intensity value at each wavenumber value by the sum of all
intensity values: the result is that each spectrum has the sum of the intensity values equal
to 1. The area normalisation procedure reduces the Raman signal intensity differences re-
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lated to the sampling of cells with different thicknesses. The decision to narrow the anal-
ysis of the Raman spectra to the range 980-1800 cm™ is related to the presence of a strong
signal at approximately 940 cm™, due to the presence of the glass coverslip [41]: it is not
completely removed from the spectra after background subtraction, and it has a slightly
variable intensity from spectrum to spectrum. Therefore, the presence of this spurious
signal could have influenced the results of the area normalisation.

The second derivative of the mean Raman spectra of normalised cells measured in
the nucleus and cytoplasm regions was calculated by means of Spectragryph software
(version 1.2.16.2023) [40]. This procedure allows the detection of the spectral positions of
the peaks of the Raman spectra, corresponding to the negative minima of the second de-
rivative signals.

An exploratory data analysis was performed by Principal Component Analysis
(PCA) with Orange software (Orange data mining, version 3.39.0), in order to visualise
the possibility of discriminating the different types of spectra samples in the score plots.
Such a discrimination is a preparatory step to the classification analysis.

Then, each set of Raman spectra of the four cell lines was divided to obtain two sub-
sets: a calibration set (70% of the whole set) for training the algorithms and a test set (the
remaining 30% of the whole set) for testing them. The calibration and test sets were ob-
tained for both the sampled nucleus and cytoplasm regions. A proper Orange software
(version 3.39) widget was used to randomly select the spectra of the calibration set. Six
classification models included in the Orange software were used for training and classifi-
cation procedures: kNN, LR, NB, NN, RT and SVM. The intensity values corresponding
to the Raman peaks identified by second derivative spectra were selected as features on
which to build the classification model during the training and test steps. This choice was
made because Raman spectra are characterised by a low signal-to-noise ratio. Therefore,
it is essential to base classification on Raman signals due to vibrational modes of the main
and best-resolved cellular biochemical components, rather than on signals whose inten-
sity values are similar to those of noise.

During the training step, the values of some parameters that the algorithms use to
perform the learning process were optimised in order to obtain maximum sensitivity val-
ues and full cross-validation was used to validate the obtained results. The random selec-
tion of the calibration set spectra from the whole spectral dataset measured in both the
nucleus and cytoplasm regions was repeated 25 times. Both the full cross-validation pro-
cedure and the splitting of the whole spectral dataset into calibration and test set, with
each one containing randomly selected spectra for 25 times, were carried out to reduce
overfitting issues that might arise during the model development and classification pro-
cesses.
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Figure 1. Microscope optical images of typical HaCaT, CAL-27, SAS and HSC-3 cells. The optical

magnification is 100x. The scale bars correspond to 100 pum.

2.4. Classification Metrics

In the classification issues of spectral data, the first step to perform is deciding on the
target, i.e., the categorical variable to be predicted. This is carried out by dividing the
whole dataset of the measured spectra into different classes, based on the samples from
which they were acquired. The simplest case is when there are two classes, one consisting
of a group of spectra measured for a healthy sample and another comprising spectra
measured for a diseased sample. The categorical variable to be predicted coincides with
the class type. Then, unknown spectra are classified by the algorithm as belonging or not
belonging to the class chosen as target and the classification performance is specified by
suitable metrics: the most commonly used metric is accuracy, which indicates the propor-
tion of spectra that are correctly classified (the ratio between the number of correct classi-
fication predictions and the total number of predictions). It is defined as:

. _ TP + TN
CUraCY = TP T TN + FP + FN

where TP is the number of correct positive classifications (spectra correctly classified as
belonging to the target), TN is the number of correct negative classifications (spectra cor-
rectly classified as not belonging to the target), FP corresponds to the number of spectra
predicted as belonging to the target class but which actually do not and FN corresponds
to the number of target spectra that were not predicted to belong to the target class.

If the number of spectra in each class of the dataset is approximately equal and the
dataset includes more than two classes, the system is unbalanced, and this imbalance af-
fects the values of the classification metrics. In fact, the number of spectra not belonging
to the target class will be significantly larger than the number of spectra belonging to that
class. In this case, accuracy is not a reliable classification parameter [42,43]. Indeed, the
accuracy value would be greatly influenced by the number of correct negative classifica-
tions (TN) related to the target, which would be much greater than the number of correct
positive classifications (TP). Therefore, it is appropriate to use classification parameters
that do not depend on the number of TN classifications.

In particular, sensitivity (known also as “recall”) is the fraction of the target spectra
that were correctly predicted. It is defined as:

TP

Sensitivity = TP+—FN
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Appl. Sci. 2026, 16, 2380

7 of 22

In medical diagnostics, an analysis method with high sensitivity values allows for
the correct identification of a high percentage of samples (cells, tissues, people) as belong-
ing to the target class (which could be related to a healthy or pathological condition) [44].
This is particularly important when the target class refers to a pathological condition, be-
cause an incorrect identification (FN) could have significant negative consequences for the
patient’s future.

Another useful classification metric is precision, which is the ratio of the number of
spectra correctly predicted as belonging to the target class to the total number of spectra
assigned to the target class. This parameter is defined as:

TP

Precision = ————
recision TP + FP

A high accuracy value indicates that the model is reliable in its diagnosis, minimising
the number of samples that are incorrectly predicted to belong to the target class. There-
fore, in case the target class corresponds to a pathological condition, a high precision as-
signment provides a decrease in unnecessary, expensive, or even harmful treatments for
the patient.

Sensitivity and precision depend not only on the number of spectra correctly as-
signed to the target class (TP) but also on the number of spectra of the target class that
were not predicted to belong to that class (FN) or the number of spectra assigned to the
target class but actually did not belong to it (FP), respectively. A classification metric that
takes into account both previous incorrect assignments is the F1-score, defined as the har-
monic mean of sensitivity and precision:

Sensitivity - Precision

F1 — score = 2 —
Sensitivity + Precision

A high F1-score value indicates a low number of both FN and FP predictions. In med-
ical diagnostics, when the target class corresponds to a pathological condition, a high F1-
score reduces both the possibility that healthy people will undergo unnecessary treat-
ments or be burdened by the stress of a positive result and the possibility that those with
the disease will be led into false optimism [45].

3. Results and Discussion

Figure 2 shows the normalised mean and standard-deviation Raman spectra of the
HaCaT and HNC cells, measured by focusing the laser beam on the nucleus (left side) and
cytoplasm (right side) regions. In particular, the spectral positions of the main Raman sig-
nals are labelled in the HaCaT cell spectra: they were obtained by the minima of the sec-
ond derivative signals of the average spectra [46], as shown in Figure 3. The attributions
are reported in Table 1, in agreement with the article by Talari et al. [47].
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Figure 2. Mean Raman spectra of normalised healthy (HaCaT), cancer (CAL-27 and SAS) and met-
astatic (HSC-3) cells. The spectra were measured within a cell volume including the nucleus (left
panels) and excluding it (right panels). Standard deviation spectra are shown as dashed lines. The

labels indicate the spectral position of the main Raman peaks.

Figure 2 points out that the spectra measured in both subcellular compartments are
quite similar, regardless of cell type. Therefore, the Raman spectra can detect only slight
and not highly visible spectral changes that differentiate healthy cells from cancerous or
metastatic cells. In particular, the largest intensity peaks are related to the vibrational
mode of the amide I bond at 1662 cm™ and the CH deformation bond at 1450 cm in lipids
and proteins. Other well-resolved contributions due to vibrational modes present in pro-
teins are the amide III peaks at 1258 and 1268 cm™!, the phenylalanine ring breathing peak
at 1004 cm™, the C-N stretching peaks at 1096 and 1129 cm™!, and the aromatic ring vibra-
tions of several aminoacids at 1033, 1175, and 1210 cm™. The contributions to the Raman
spectrum related to nucleic acid components (mainly visible in the nucleus spectra) are
found at 1098 cm™ (phosphodioxy bond POz), 1314 and 1340 cm™ (CH3/CH2 vibrational
modes in DNA bases and ring mode of DNA/RNA bases, respectively) and 1582 cm™ (vi-
brational ring breathing mode of adenine and guanine). On the other hand, peaks related
to vibrational modes of lipid components are located at 1066, 1096, 1129, 1303, 1340, and
1450 cm™!, mainly in the cytoplasm spectra, and they overlap with protein peaks.
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spond to the peaks of the Raman spectra.

Table 1. Assignment of Raman spectral bands, according to previous results reported in the litera-

ture [47] and in the present investigation. Abbreviations: p: proteins; n.a.: nucleic acids; 1: lipids; c:

carbohydrates.
Spectral Position (cm™) Assignment
1004 C-C symmetric ring breathing of Phenylalanine (p.)
1033 C-H in-plane bending of Phenylalanine (p.)
1060 (nucleus) .
1066 (cytoplasm) C-C stretching (l.)
1096 C-N stretching (p.) and C-C stretching (1.); Symmetric PO:™ stretching of DNA (n.a.)
1129 C-N stretching (p.), C-O stretching (c.), C-C stretching (1.)
1175 C-H bending aminoacids (p.)
1210 C-C¢Hs stretching aminoacids (p.)
1268 (cytoplasm .
12585 (}rllucpleus) ! Amide 1L (p.)
1314 (nucleus) CHs/CH: bending (n.a.)
1303 (cytoplasm) CHs/CH: bending (1.)
1340 (nucleus) Nucleic acid modes
1340 (cytoplasm) CH3/CH2 wagging mode in collagen (p.) and lipids (1.)
1380 (nucleus) Ring breathing modes of DNA bases (n.a.)
1404 (cytoplasm) Bending modes of methyl groups (p.)
1450 CH2 bending modes (p., 1.)
1492 (nucleus) Ring breathing modes of DNA bases (n.a.)
1582 Ring breathing modes in DNA bases (n.a.); bending modes of phenylalanine (p.)
1614 (cytoplasm
162 é (}rllucpleus) ) C=C tryptophan (p.)
1662 Amide I (p.); C=0 stretching (1.); Ring breathing modes of DNA bases (n.a.)
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If the aim of measuring the Raman spectra of an unknown cell sample is to identify
the type of sample in order to perform reliable classification, Figure 2 suggests that it is
not advisable to rely on the intensity values of specific peaks, as these values slightly vary
from one cell type to another: consequently, the classification would not be reliable. In-
stead, it would be useful to consider multivariate analysis techniques, such as ML algo-
rithms, which take into account many spectral intensity values simultaneously in order to
classify an unknown spectrum. A multivariate analysis technique that is useful for explor-
ing the possibility of classification is PCA, as it can highlight similar characteristics of
spectra whose type is not given. In fact, PCA is able to visualise the whole spectral dataset
to understand its structure and how well it can be separated into groups. So, a preliminary
step before the use of classification techniques is that spectra of the same type cluster to-
gether in PCA score plots. Therefore, we analysed the whole dataset of Raman spectra by
PCA.

Figure 4 shows the PCA score plots of the most informative PCs which are able to
discriminate the spectra of the Raman dataset according to the cell type. In particular, the
PC3 vs. PC5 is reported for the nucleus spectra in Figure 4a and the PC1 vs. PC4 is dis-
played for the cytoplasm spectra in Figure 4b. It is clearly evident that the discrimination
among spectra of different cell types is larger for the cytoplasm dataset than for the nu-
cleus dataset. In particular, the HaCaT cell spectra in Figure 4a,b are mainly characterised
by negative PC4 score values, whereas the CAL-27 spectra mainly assume positive PC5
and PC4 score values, respectively. The differentiation of these spectra is based on a larger
relative content of cellular components related to nucleic acids and lipids in the CAL-27
cells with respect to HaCaT cells (Figure S1). The SAS and HSC-3 spectra present predom-
inantly positive and negative PC1 score values, respectively. However, some overlaps of
positive and negative score values are visible in Figure 4 among the spectra of different
cell lines. The score value overlaps are more pronounced in Figure 4a, related to nucleus
spectra, although a clustering of spectra measured for each cell type is still visible. These
results suggest the suitability to develop classification models capable of reliably assign-
ing unknown spectra to the proper class, especially taking into account cytoplasm spectra.

nucleus: HaCaT, CAL-27, SAS, HSC-3 cytoplasm: HaCaT, CAL-27, SAS, HSC-3
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Figure 4. PC3 vs. PC5 (left side) and PC1 vs. PC4 (right side) score plot for the Raman spectra of
HaCaT (black dots), CAL-27 (blue-dots), SAS (green dots) and HSC-3 (red dots) cells measured in

the nucleus (a) and cytoplasm (b) region.

The clustering of spectra belonging to the same cell type and the distance between
spectra of different cell types in the score plots are due to biochemical similarities and
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differences, respectively. The PCA technique allows to identify the spectral and, conse-
quently, biochemical differences between cell types by analysing the loading spectra cor-
responding to the main PCs responsible of discrimination: if the Raman spectra have pos-
itive score values for a certain PC, the positive peaks in the loading spectrum of such PC
indicate increased Raman signals in the original spectra, whereas negative loading peaks
denote a reduced contribution of the corresponding spectral signals of the measured Ra-
man spectra [48]. However, this information extracted from loading spectra is reliable
only if there is a clear separation in the score plots, that is, when the score values of one
cell type are predominantly positive and those of the other ones are negative, and vice
versa. Instead, the overlap of positive and negative score values visible in Figure 4 for
each of the four cell types and for each of the plotted PCs does not make the loading spec-
tra analysis reliable.

Therefore, we proceeded to evaluate the possibility of classifying unknown spectra
randomly chosen from the complete dataset. The rationale of this investigation is to eval-
uate the use of a “spectroscopic biomarker” to correctly classify healthy, cancer or meta-
static cells, regardless of the biochemical characteristics that characterise these different
cell types. Thus, we want to evaluate the possibility of considering the whole spectrum as
a marker of cell status, rather than the differences in intensity, shape, and spectral position
of specific peaks (molecular markers).

First, we considered the whole dataset consisting of spectra from four groups of cells,
i.e, HaCaT, CAL-27, SAS, and HSC-3, in order to estimate the possibility of classifying
unknown spectra belonging to any of these four groups. In particular, we investigated six
classification algorithms: k-NN, LR, NB, NN, RF, and SVM. For each of them, the training
step was carried out using the spectra of the calibration set, separately for spectra meas-
ured in the nucleus and cytoplasm regions. During the training step, each algorithm de-
termines the relationships between the input data necessary to create a model that allows
data belonging to different classes to be differentiated. Therefore, the choice of input data
(feature selection) to be provided to the algorithm to process the model is crucial. In our
case, the input data provided were the intensity values of the Raman peaks shown in Fig-
ure 3 and reported in Table 1 (16 and 15 spectral features for the spectra measured in the
nucleus and cytoplasm regions, respectively).

The median, 25th and 75th percentile values of sensitivity, precision, and F1-score
obtained through the learning process are shown in Table 2. These values, expressed as a
percentage and obtained with a consideration of calibration sets chosen randomly 25
times, were achieved by setting the model parameters of the above six algorithms to the
following values:

¢  k-NN: the number of neighbours equal to two, by using the Euclidean metric and
weights by distances;

¢  LR:non-regularisation type;

e NB: This algorithm does not need any parameter setting;

e NN: 30 neurons in the hidden layer, ReLu activation, Adam solver, and 300 maxi-
mum iterations;

¢  RF:number of trees equal to 10;

e  SVM: radial basis function (RBF) kernel, SVM with cost 1.0 and regression loss epsi-
lon 0.1, tolerance 0.001, and maximum 100 iterations.

The values of the three classification parameters that correctly attribute more than
90% of the spectra to their class have been highlighted in bold in Table 2. In particular,
each percentage value was obtained by setting the cell type to which it refers as the clas-
sification target. The values reported in Table 2 suggest some remarks. First of all, during
the building step of the models for assigning spectra to the proper classes, all algorithms
achieve better results with cell lines describing cancer and metastatic cells than with cell
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lines representing healthy cells. In addition, spectra measured in the cytoplasmic region
are slightly better attributed to the right class than spectra measured in the nucleus region.
Moreover, NN and SVM perform better than other algorithms. Therefore, NN and SVM
models are more suitable than others for correctly classifying cancer and metastatic cell
spectra using the signal measured in the cytoplasmic region.

Table 2. Median values of sensitivity, precision and F1-score for the investigated classification algo-
rithms applied to 25 calibration sets of Raman spectra of HaCaT, CAL-27, SAS and HSC-3 cells. The
parameters are reported for spectra measured with the laser spot focused on both the nucleus region

and the cytoplasm region. The 25th and 75th percentile values are reported between brackets for

each parameter. Bold values correspond to results larger than 90%.

Sensitivity (%) Target Target Target Target

(Calibration Set) HaCaT CAL-27 SAS HSC-3
k-NN (nucleus) 63.0 (59.3, 68.5) 81.0 (76.2, 88.1) 81.5(72.2, 85.2) 89.7 (81.0, 91.4)
k-NN (cytoplasm) 74.1 (70.4, 79.6) 87.0 (82.6, 93.5) 65.4 (61.5,73.1) 95.8 (91.7, 95.8)
LR (nucleus) 74.1 (68.5, 79.6) 81.0 (81.0, 85.7) 81.5 (76.0, 87.1) 79.3 (75.9, 79.3)
LR (cytoplasm) 77.8 (70.4, 77.8) 95.7 (91.3, 95.7) 76.9 (73.1,76.9) 83.3 (83.3, 87.5)
NB (nucleus) 70.4 (63.0, 74.1) 81.0 (73.8, 85.7) 66.7 (66.7, 74.1) 65.5 (62.1, 69.0)
NB (cytoplasm) 70.4 (64.9, 74.1) 73.9 (69.6, 78.3) 76.9 (73.1, 80.8) 87.5(87.5,91.7)
NN (nucleus) 81.5(74.1, 85.2) 85.7 (85.7, 88.1) 92.6 (85.2, 92.6) 79.3 (75.9, 82.8)
NN (cytoplasm) 81.5(77.8, 81.5) 91.3 (91.3, 95.7) 76.9 (76.9, 82.7) 95.8 (89.6, 95.8)

RF (nucleus)
RF (cytoplasm)

74.1 (70.4, 77.8)
74.1 (70.4, 77.8)

66.7 (61.9, 76.2)
73.9 (69.6, 78.3)

74.1 (68.5, 77.8)
69.2 (61.5,73.1)

72.4 (65.5, 75.9)
87.5 (83.3, 89.6)

SVM (nucleus) 85.2 (81.5, 92.6) 85.7 (81.0, 90.5) 88.9 (85.2, 92.6) 82.8 (82.8, 86.2)
SVM (cytoplasm) 85.2 (81.5, 88.9) 87.0 (87.0, 91.3) 80.8 (80.8, 84.6) 95.8 (91.7, 95.8)
Precision (%)
(calibration set)
k-NN (nucleus) 86.4 (81.5, 94.4) 86.4 (81.0, 90.0) 80.0 (76.0, 88.0) 65.8 (63.4, 70.7)

k-NN (cytoplasm) 78.6 (74.1, 82.3) 87.0 (82.6, 90.9) 75.0 (67.9, 78.0) 82.1(79.3, 84.9)
LR (nucleus) 77.3 (73.2, 80.4) 85.0 (78.6, 90.0) 86.4 (81.8, 88.3) 73.3 (69.9, 77.6)
LR (cytoplasm) 73.9 (71.9, 76.9) 91.7 (91.3, 95.5) 77.8 (75.0, 81.7) 84.0 (80.7, 87.0)
NB (nucleus) 74.1 (68.2, 76.9) 65.4 (61.5, 68.9) 76.9 (73.9, 79.2) 67.7 (61.8, 69.8)
NB (cytoplasm) 82.6 (79.6, 87.0) 81.0 (72.4, 84.2) 68.8 (64.5, 71.4) 81.5 (76.0, 82.7)
NN (nucleus) 81.5 (79.6, 85.7) 85.7 (82.6, 90.0) 89.3 (86.6, 95.9) 75.9 (71.2, 78.4)
NN (cytoplasm) 85.2 (80.4, 88.0) 88.0 (85.5, 91.3) 83.3 (78.9, 87.3) 91.7 (88.3, 95.6)
RF (nucleus) 75.9 (69.1, 79.6) 71.4 (67.5,77.4) 76.9 (73.0, 80.8) 67.9 (63.9, 71.2)
RF (cytoplasm) 72.4 (67.3,77.3) 80.0 (74.8, 86.1) 72.7 (65.9, 75.5) 82.1 (78.6, 87.5)
SVM (nucleus) 81.5 (76.8, 84.6) 94.7 (90.3, 97.6) 96.0 (92.0, 96.2) 80.6 (75.0, 85.7)
SVM (cytoplasm) 82.8 (81.5, 85.5) 94.7 (90.9, 95.4) 83.3 (80.8, 87.5) 92.0 (88.7, 92.1)

F1-score (%)
(calibration set)

k-NN (nucleus)
k-NN (cytoplasm)

73.5 (68.1, 77.6)
76.9 (72.6, 80.7)

85.0 (79.6, 88.4)
87.5(83.9, 89.1)

80.0 (76.2, 85.1)
69.4 (66.7, 72.8)

74.6 (71.3,79.1)
88.0 (85.7, 89.3)

LR (nucleus)
LR (cytoplasm)

77.2 (70.0, 79.2)
75.0 (72.6, 76.4)

84.2 (80.0, 87.5)
93.6 (91.3, 93.6)

80.8 (78.9, 86.5)
76.0 (74.8, 79.6)

75.4 (72.2, 78.6)
83.3 (82.1, 85.7)

NB (nucleus)
NB (cytoplasm)

70.4 (65.3, 74.6)
76.0 (72.2,78.8)

72.3 (68.1,75.3)
75.0(72.7,77.3)

72.0 (70.6, 75.5)
71.7 (70.2, 75.4)

66.7 (62.0, 69.0)
84.6 (80.4, 87.7)

NN (nucleus)
NN (cytoplasm)

81.5 (79.2, 84.4)
82.4 (79.2, 84.9)

85.7 (84.3, 87.8)
91.3 (88.2, 91.7)

90.9 (86.5, 93.4)
80.0 (78.4, 83.5)

78.0 (74.0, 81.0)
92.0 (89.6, 95.0)

RF (nucleus)
RF (cytoplasm)

754 (71.6,77.8)
72.7 (69.0, 76.9)

70.0 (63.6, 75.6)
78.3 (71.2, 81.8)

75.5 (70.6, 79.2)
70.8 (64.1, 74.0)

70.0 (66.7, 72.4)
84.6 (82.0, 88.0)
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SVM (nucleus)
SVM (cytoplasm)

83.6 (80.0, 87.3)
84.6 (81.8, 85.7)

90.0 (87.5,92.7)
90.9 (88.7, 93.3)

92.3 (88.7, 94.3)
83.0 (80.4, 85.2)

82.8 (78.8, 86.5)
93.9 (91.9, 94.0)

Next, we tested the built machine learning algorithms on the test set in order to assess
their sensitivity and precision in classifying unknown Raman spectra. The achieved me-
dian (and 25th and 75th percentiles) values of the classification parameters related to the
class attribution of 25 sets of spectra randomly chosen from the original whole dataset are
shown in Table 3. It is evident that SVM allows sensitivity and precision values of over
90% to be achieved when applied to test sets of spectra measured in the cytoplasm region
of cancer and metastatic cells. However, although this algorithm performs better than oth-
ers, it is not as effective in correctly assigning spectra of healthy cells to the right class: in
this case, sensitivity and precision values of just over 80% are achieved. The F1-score val-
ues, which mediate the sensitivity and precision values, also confirm the superiority of
the SVM algorithm over the others, but highlight that the NN algorithm also allows good
results to be obtained. On the other hand, the other algorithms are less reliable in classi-
fying unknown spectra.

Table 3. Median values of sensitivity, precision and F1-score for the investigated classification algo-
rithms applied to 25 test sets of Raman spectra of HaCaT, CAL-27, SAS and HSC-3 cells. The param-
eters are reported for spectra measured with the laser spot focused on both the nucleus region and

the cytoplasm region. The 25th and 75th percentile values are reported between brackets for each

parameter. Bold values correspond to results larger than 90%.

Sensitivity (%)
(Test Set)

Target
HaCaT

Target
CAL-27

Target
SAS

Target
HSC-3

k-NN (nucleus)
Kk-NN (cytoplasm)

72.7 (54.5, 81.8)
72.7 (63.6, 81.8)

88.9 (77.8, 88.9)
90.0 (85.0, 100)

83.3 (66.7, 91.7)
63.6 (54.5, 72.7)

83.3 (75.0,91.7)
100 (90.0, 100)

LR (nucleus) 72.7 (68.1, 90.9) 88.9 (66.7, 88.9) 83.3 (66.7,91.7) 66.7 (66.7, 83.3)
LR (cytoplasm) 72.7 (63.6, 81.8) 100 (90.0, 100) 81.8 (63.6, 90.9) 80.0 (80.0, 100)
NB (nucleus) 63.6 (54.5, 81.8) 77.8 (66.7, 88.9) 75.0 (50.0, 79.1) 58.3 (50.0, 70.9)
NB (cytoplasm) 63.6 (63.6, 81.8) 70.0 (65.0, 80.0) 72.7 (63.6, 86.3) 90.0 (80.0, 100)
NN (nucleus) 81.8 (72.7, 86.3) 88.9 (77.8, 88.9) 91.7 (83.3, 100) 75.0 (66.7, 83.3)
NN (cytoplasm) 72.7 (72.7, 81.8) 90.0 (90.0, 100) 81.8 (72.7,90.9) 100 (90.0, 100)
RF (nucleus) 72.7 (63.6,90.9) 77.8 (55.6, 77.8) 66.7 (58.3,79.1) 58.3 (58.3, 75.0)
RF (cytoplasm) 72.7 (72.7, 86.3) 80.0 (70.0, 90.0) 72.7 (63.6, 81.8) 90.0 (80.0, 90.0)
SVM (nucleus) 90.9 (81.8, 100) 88.9 (77.8, 88.9) 91.7 (83.3, 100) 83.3 (70.9, 91.7)
SVM (cytoplasm) 81.8 (81.8,90.9) 90.0 (90.0, 100) 90.9 (72.7, 90.9) 100 (90.0, 100)
Precision (%)
(test set)

k-NN (nucleus)
k-NN (cytoplasm)

80.0 (75.0, 95.0)
75.0 (69.2, 81.8)

87.5 (80.0, 100)
83.3 (78.4,90.5)

81.8 (73.8, 87.3)
77.8 (66.7, 84.5)

68.8 (63.7, 77.8)
80.0 (73.2, 89.5)

LR (nucleus)
LR (cytoplasm)

71.4 (66.7, 81.7)
72.7 (69.2, 84.5)

90.0 (72.0, 100)
90.9 (85.4, 90.9)

77.8 (66.9, 88.9)
81.8 (73.8, 88.2)

73.3 (69.1, 85.1)
88.9 (81.8, 100)

NB (nucleus)
NB (cytoplasm)

72.7 (62.5, 77.4)
83.3 (75.0, 100)

62.5 (54.5, 71.4)
81.8 (66.7, 87.5)

75.0 (64.6, 81.8)
69.2 (66.7, 77.8)

66.7 (51.4, 71.4)
76.9 (69.2, 86.1)

NN (nucleus)
NN (cytoplasm)

81.8 (75.0, 88.9)
85.7 (76.0, 90.0)

87.5 (75.2, 100)
83.3 (81.8, 90.5)

90.9 (84.6, 100)
83.3 (76.4, 90.9)

78.6 (74.2, 80.0)
90.9 (83.3, 95.5)

RF (nucleus)
RF (cytoplasm)

73.3 (66.7, 88.2)
75.0 (65.5, 80.0)

71.4 (60.7, 83.3)
83.3 (73.8, 89.5)

80.0 (67.9, 87.3)
75.0 (67.9, 87.5)

70.0 (63.9, 72.0)
88.9 (76.0, 100)

SVM (nucleus)
SVM (cytoplasm)

78.6 (76.0, 82.5)
83.3 (75.0, 90.0)

100 (88.2, 100)
90.0 (90.0, 90.9)

91.7 (85.7, 100)
90.0 (80.9, 91.3)

81.8 (71.6, 90.5)
100 (89.5, 100)

F1-score (%)
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(test set)

k-NN (nucleus)

76.2 (64.9, 84.2)

84.2 (78.9, 88.9)

78.3 (724, 87.5)

74.1 (69.2, 80.7)

k-NN (cytoplasm) 76.2 (71.4, 80.9) 88.9 (82.1, 90.9) 66.7 (59.4, 78.1) 87.0 (80.9, 90.9)
LR (nucleus) 76.2 (66.7, 82.9) 80.0 (76.0, 94.1) 78.3 (71.4, 85.7) 72.7 (69.6, 78.3)
LR (cytoplasm) 75.0 (68.3, 80.0) 95.2 (84.9, 95.2) 78.3 (71.4, 86.3) 85.7 (83.0, 89.9)
NB (nucleus) 66.7 (60.0, 78.3) 66.7 (61.3, 76.2) 70.0 (54.6, 77.6) 58.3 (53.0, 70.8)
NB (cytoplasm) 75.0 (68.3, 81.8) 73.7 (68.3, 82.1) 70.0 (69.4, 80.7) 81.8 (78.3, 87.0)
NN (nucleus) 81.8 (76.6, 84.9) 82.4 (74.4, 88.9) 91.7 (82.5, 94.0) 75.0 (72.7, 82.4)
NN (cytoplasm) 80.0 (72.7, 84.2) 90.0 (85.7, 92.8) 85.7 (73.2,90.9) 94.7 (85.7, 95.2)
RF (nucleus) 75.0 (69.8, 80.0) 70.0 (62.9, 77.8) 73.7 (63.8, 78.3) 66.7 (59.6, 72.4)
RF (cytoplasm) 76.2 (69.8, 79.2) 80.0 (70.3, 84.9) 75.0 (69.6, 80.0) 87.0 (80.9, 92.3)
SVM (nucleus) 81.8 (76.6, 88.0) 87.5 (82.4, 94.1) 90.9 (84.5, 92.3) 81.5 (72.8, 86.3)
SVM (cytoplasm) 85.7 (79.2, 87.5) 90.0 (90.0, 95.0) 87.0 (80.0, 90.9) 94.7 (89.5, 100)

Many investigations have been recently carried out with the aim of the multi-classi-
fication task by means of several ML algorithms with the Raman spectra of HNC samples.
Such works have mainly involved tissue samples rather than cytological samples. For ex-
ample, Chang et al. investigated Raman spectra collected from fresh human tissue excised
from the tongue, gums, and buccal mucosa of 90 subjects, including patients affected by
squamous cell carcinoma and healthy people. Using a NN-based algorithm (ResNet50),
they reported multi-classification of the spectra and declared overall sensitivity and pre-
cision values of 90% and 91%, respectively, in the test set by using a five-fold cross-vali-
dation method. However, although the authors report a confusion matrix, they do not
specify the target to which such values refer to [49]. Many other studies about the classi-
fication of tissues and even biofluids using Raman spectroscopy and ML algorithms re-
port accuracy, sensitivity, and specificity values [50]: however, these parameters are more
suitable for characterising binary classification than multi-class classification.

Instead, there are few studies about the multi-classification of cytological samples
from the oral cavity. The work by Ghosh et al. [21] is very interesting, reporting Raman
and FTIR spectra of oral exfoliated cells from healthy (NRML), oral leucoplakia (OLKP)
and OSCC patients. Using an NN-based algorithm (DRNN), the authors obtained classi-
fication sensitivity of 75% for NRML and OLPK and 100% for OSCC, precision of 87.5%,
93.3% and 92.3% for classification of NRML, OLPK and OSCC, respectively, and Fl-score
of 75%, 80% and 94% for classification of NRML, OLKP and OSCC, respectively; lower
values were obtained with other ML algorithms. In another study [51], the same authors
tested other classification algorithms and obtained the best results with LDA-SVM: sensi-
tivity 67%, 100% and 67% for NRML OLPK and OSCC samples, precision 100%, 50%, and
100% for NRML, LKPK and OSCC samples and F1-score 80%, 67%, and 80% for NRML,
OLPK and OSCC samples, respectively. However, such results were obtained by cross-
validating the dataset rather than using a test set.

Many studies of Raman spectroscopy and multi-classification of biological samples
from sources other than the oral cavity are also reported in the literature [50]. In particular,
Yang et al. reported sensitivity, precision, and Fl-score values of approximately 96% in
five-class discrimination of Raman spectra of breast cells using an artificial NN algorithm,
without specifying to which target these parameters refer [52]. Furthermore, these authors
also report accuracy and sensitivity values which, as discussed above, are not reliable pa-
rameters in the case of multi-classification. Recently, M. Piazza et al. classified Raman
spectra of saliva from patients affected by COVID-19, subjects negative to the SARS-CoV-
2 test with an ascertained episode of COVID-19 and healthy subjects, using a robust ver-
sion of SVM as the classification algorithm [53]. They report sensitivity values for each of
the three classes ranging from 63% to 76%, depending on the type of kernel used in the
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SVM algorithm. Also, Wen et al. investigated Raman spectra from six different living cell
lines (cancer cell lines derived from different organs), reporting a classification accuracy
of over 95% using SVM and discriminant analysis methods [54].

Considering our results, we are confident that the SVM technique applied to the mul-
ticlassification of Raman spectra measured in the cytoplasm region of cells can represent
a valid method for confirming the diagnosis obtained with conventional cytological meth-
ods. This method has the advantage of using free software, for which the model parame-
ters must be set. However, its disadvantage is that the classification of healthy samples is
less reliable (sensitivity 81.8%, precision 83.3%, and F1-score 85.7%). The risk associated
with classifying healthy samples as diseased is linked to unnecessary drug treatments and
interventions, which pose health risks and high costs.

It is interesting to evaluate whether reducing the number of classes improves the
classification ability of Raman spectra and ML algorithms. Therefore, we considered a da-
taset including three classes of Raman signals: spectra of healthy HaCaT cells, spectra of
metastatic HSC-3 cancer cells, and spectra of non-metastatic CAL-27 and SAS cancer cells.
To build the new calibration and test sets, we used the Raman spectra discussed above as
for healthy and metastatic cells is concerned, while the cancer cell spectra were obtained
by randomly selecting half of the spectra from the CAL-27 cells group and the other half
from the SAS cells group, so that the number of cancer cells spectra was similar to those
of healthy cell spectra and metastatic cell spectra. In a similar way to the classification
procedure of 4 classes of spectra, the random selection of the calibration and test sets spec-
tra from the whole spectral dataset measured in both the nucleus and cytoplasm regions
was repeated 25 times.

The sensitivity, precision and F1-score results obtained through the learning process
concerning the calibration set are shown in Table 4. Also, in this case, the algorithms with
the best median values of sensitivity, precision and F1-score are NN and SVM. Therefore,
these two algorithms are the most promising for constructing the classification model,
especially when applied to Raman spectra measured in the cytoplasm region. Further-
more, Table 4 suggests that the median values of sensitivity, precision, and F1-score of the
NN and SVM algorithms correspond to the attribution of about 90% of healthy cell spectra
to the right class: these values are higher than the corresponding values in the case of four-
class classification (reported in Table 2).

In fact, the reduction from 4 to 3 classes allows for improved parameters for the clas-
sification of unknown spectra, as can be seen from the results reported in Table 5, related
to the median values of sensitivity, precision, and F1-score obtained by providing the al-
gorithms with the spectra of the test set. In particular, SVM and NN have median values
for all three classification parameters for all cell types larger than 90% when referring to
Raman spectra measured in the cytoplasm region. Overall, in the case of classifying un-
known spectra into one of three classes, even the Raman spectra of healthy cells show
optimal values of the classification parameters, unlike what was reported above in the
case of classification into four classes. The LR algorithm also offers very good sensitivity
in classifying the spectra of all three cell types measured in the cytoplasm region, but the
precision in classifying healthy cells does not reach an optimal value.
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Table 4. Median values of sensitivity, precision and F1-score for the investigated classification algo-

rithms applied to 25 calibration sets of Raman spectra of healthy, cancer and metastatic cells. The

parameters are reported for spectra measured with the laser spot focused on both the nucleus region

and the cytoplasm region. The 25th and 75th percentile values are reported between brackets for

each parameter. Bold values correspond to results larger than 90%.

Sensitivity (%) Target Target Target
(Calibration Set) Healthy Cancer Metastatic
k-NN (nucleus) 66.7 (61.1, 74.1) 66.7 (60.4, 70.8) 89.7 (86.2, 93.1)
k-NN (cytoplasm) 85.2 (79.6, 88.9) 75.0 (66.7, 83.3) 91.7 (87.5, 95.8)
LR (nucleus) 74.1 (704, 77.8) 70.8 (66.7, 77.1) 75.9 (724, 79.3)
LR (cytoplasm) 85.2 (81.5, 87.0) 87.5(87.5,91.7) 87.5 (87.5,91.7)
NB (nucleus) 70.4 (61.1, 74.1) 62.5 (54.2, 66.7) 72.4 (67.2,75.9)
NB (cytoplasm) 77.8 (74.1, 81.5) 83.3 (79.2, 87.5) 87.5(83.3, 87.5)
NN (nucleus) 77.8 (74.1, 85.2) 75.0 (75.0, 79.2) 79.3 (74.1, 82.8)
NN (cytoplasm) 88.9 (85.2, 92.6) 91.7 (87.5, 95.8) 91.7 (87.5, 95.8)
RF (nucleus) 74.1 (70.4, 85.2) 58.3 (54.2, 66.7) 72.4 (69.0, 75.9)
RF (cytoplasm) 81.5(77.8, 85.2) 79.2 (75.0, 87.5) 83.3 (83.3, 87.5)
SVM (nucleus) 85.2 (81.5, 88.9) 79.2 (75.0, 83.3) 82.8 (75.9, 86.2)
SVM (cytoplasm) 88.9 (88.9, 92.6) 91.7 (89.6, 95.8) 91.7 (91.7, 95.8)
Precision (%)
(calibration set)
k-NN (nucleus) 85.0 (83.0, 90.0) 76.2 (70.4, 80.0) 67.5 (62.5, 73.6)
k-NN (cytoplasm) 84.0 (78.9, 89.1) 88.9 (83.8,90.7) 82.1(77.8, 84.9)
LR (nucleus) 77.8 (75.0, 80.8) 72.7 (68.2, 75.0) 71.9 (69.5, 76.7)
LR (cytoplasm) 88.0 (834, 92.0) 91.7 (89.2, 95.5) 84.0 (81.5, 87.5)
NB (nucleus) 70.0 (66.0, 73.3) 61.5 (55.8, 65.9) 70.0 (64.2, 74.5)
NB (cytoplasm) 81.5(79.2, 86.7) 80,0 (78.0, 82.6) 87.0 (82.4, 88.2)
NN (nucleus) 83.3 (804, 87.4) 78.3 (72.4, 81.8) 76.7 (73.0, 78.9)
NN (cytoplasm) 88.9 (85.7, 92.7) 91.3 (91.3, 95.7) 91.3 (88.0, 92.2)
RF (nucleus) 74.2 (69.3, 81.0) 65.4 (60.9, 70.7) 70.4 (67.7, 74.6)
RF (cytoplasm) 78.6 (75.9, 85.7) 85.7 (82.2,90.0) 85.7 (80.0, 88.0)
SVM (nucleus) 82.8 (78.0, 85.2) 82.6 (77.1, 86.4) 81.5 (78.2, 84.0)
SVM (cytoplasm) 89.3 (88.2,94.4) 95.5 (91.5, 95.8) 91.7 (89.9, 95.5)

F1-score (%)
(calibration set)

k-NN (nucleus)

75.0 (71.0,79.2)

70.8 (66.0, 73.9)

77.1(72.2, 81.5)

k-NN (cytoplasm)  83.3 (81.1, 88.1) 80.0 (76.2, 85.7) 86.3 (84.3, 90.0)
LR (nucleus) 74.5 (72.4, 78.9) 70.4 (66.7, 75.5) 75.4 (71.8, 76.9)
LR (cytoplasm) 85.2 (83.3, 88.5) 89.8 (89.1, 92.6) 87.5 (84.3, 88.2)
NB (nucleus) 69.0 (64.1, 72.7) 62.5 (56.6, 66.0) 70.2 (66.7, 73.9)
NB (cytoplasm) 80.0 (76.9, 83.0) 81.6 (80.0, 84.0) 85.7 (84.6, 88.7)
NN (nucleus) 81.5 (77.7, 84.4) 77.6 (73.5, 80.9) 78.0 (74.1, 80.0)
NN (cytoplasm) 88.9 (85.7, 92.3) 91.3 (89.4, 94.8) 91.7 (89.4, 92.9)
RF (nucleus) 76.4 (70.9, 79.7) 63.4 (59.3, 66.7) 72.4 (684, 75.2)
RF (cytoplasm) 80.7 (78.6, 84.9) 82.6 (77.9, 86.3) 84.4 (81.6, 87.5)
SVM (nucleus) 82.1 (80.7, 85.7) 82.6 (74.7, 83.3) 80.0 (77.8, 84.2)
SVM (cytoplasm) 90.9 (88.9, 92.8) 93.6 (91.3, 94.9) 92.0 (91.7, 93.9)
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Table 5. Median values of sensitivity, precision and F1-score for the investigated classification algo-

rithms applied to 25 test sets of Raman spectra of healthy, cancer and metastatic cells. The parame-

ters are reported for spectra measured with the laser spot focused on both the nucleus region and

the cytoplasm region. The 25th and 75th percentile values are reported between brackets for each

parameter. Bold values correspond to results larger than 90%.

Sensitivity (%) Target Target Target
(Test Set) Healthy Cancer Metastatic
k-NN (nucleus) 72.7 (63.6, 81.8) 72.7 (63.6, 81.8) 91.7 (83.3, 91.7)
k-NN (cytoplasm) 90.9 (81.8, 100) 81.8 (72.7,90.9) 90.0 (90.0, 100)
LR (nucleus) 72.7 (68.1, 81.8) 72.7 (50.0, 81.8) 75.0 (66.7, 83.3)
LR (cytoplasm) 90.9 (81.8, 100) 90.9 (86.3, 95.5) 90.0 (80.0, 100)
NB (nucleus) 72.7 (63.6, 86.3) 63.6 (45.5, 72.7) 75.0 (66.7, 83.3)

NB (cytoplasm)

81.8 (72.7, 90.9)

81.8 (81.8, 90.9)

90.0 (75.0, 90.0)

NN (nucleus) 90.9 (81.8, 90.9) 72.7 (68.1,90.9) 83.3 (75.0,91.7)
NN (cytoplasm) 90.9 (86.3, 100) 90.9 (90.9, 100) 100 (90.0, 100)
RF (nucleus) 81.8 (63.6, 90.9) 63.6 (54.5,72.7) 75.0 (66.7, 83.3)
RF (cytoplasm) 90.9 (77.2, 90.9) 90.9 (81.8, 90.9) 80.0 (75.0, 90.0)
SVM (nucleus) 90.9 (81.8, 100) 81.8 (72.7,90.9) 83.3 (79.1, 87.5)
SVM (cytoplasm) 90.9 (86.3, 100) 100 (90.9, 100) 100 (90.0, 100)
Precision (%)
(test set)
k-NN (nucleus) 88.9 (80.9, 100) 83.3 (72.7, 90.0) 68.8 (64.7, 73.3)
k-NN (cytoplasm) 84.6 (80.9, 90.0) 90.9 (88.9, 100) 81.8 (76.9, 100)
LR (nucleus) 75.0 (70.3, 88.2) 75.0 (68.3, 80.0) 69.2 (63.4, 80.0)
LR (cytoplasm) 84.6 (81.8,91.7) 100 (86.7, 100) 90.0 (83.3, 100)
NB (nucleus) 72.7 (60.7, 80.0) 66.7 (61.3,70.7) 70.0 (59.4, 76.0)
NB (cytoplasm) 80.0 (72.0, 87.3) 85.7 (79.3, 90.0) 88.9 (79.8, 100)
NN (nucleus) 88.9 (79.3,91.3) 83.3 (78.2, 89.5) 83.3 (70.3, 85.7)
NN (cytoplasm) 91.7 (84.6, 100) 100 (91.3, 100) 100 (90.0, 100)
RF (nucleus) 73.3 (69.4, 79.8) 72.7 (66.7, 85.7) 71.4 (66.7, 80.9)
RF (cytoplasm) 83.3 (76.0, 90.9) 90.0 (81.8, 100) 88.9 (77.5, 100)
SVM (nucleus) 83.3 (76.0, 90.5) 85.7 (78.2, 90.9) 83.3 (79.3, 90.9)
SVM (cytoplasm) 91.7 (90.9, 100) 100 (91.7, 100) 100 (90.0, 100)
F1-score (%)
(test set)
k-NN (nucleus) 77.8 (71.8, 84.2) 76.2 (72.7, 83.7) 77.4 (74.1, 81.5)
k-NN (cytoplasm) 87.0(80.9,91.7) 85.7 (78.9, 90.9) 87.0 (85.7,94.7)
LR (nucleus) 76.2 (71.4,81.7) 72.0 (61.0, 78.3) 72.7 (66.7, 78.3)
LR (cytoplasm) 87.0 (82.5,91.7) 91.7 (88.5, 95.2) 87.0 (84.2, 92.8)
NB (nucleus) 76.2 (66.7, 80.0) 63.6 (48.8,71.4) 69.6 (65.1, 78.3)
NB (cytoplasm) 80.0 (74.4, 85.1) 85.7 (80.9, 88.0) 85.7 (79.8, 92.3)
NN (nucleus) 87.0 (77.2,93.0) 80.0 (73.7, 87.0) 80.0 (72.0, 88.0)
NN (cytoplasm) 90.9 (90.0, 95.2) 95.2 (90.9, 100) 94.7 (90.0, 100)
RF (nucleus) 80.0 (69.6, 83.2) 66.7 (60.0, 75.0) 74.1 (67.8, 77.6)
RF (cytoplasm) 84.2 (77.6, 89.9) 87.0 (83.3,95.2) 85.7 (77.8, 90.0)
SVM (nucleus) 85.7 (78.3, 91.3) 84.2 (78.3,90.5) 83.3 (77.2, 87.5)
SVM (cytoplasm) 95.2 (90.0, 95.7) 95.7 (91.3, 100) 94.7 (90.5, 100)
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4. Conclusions

In summary, ML techniques applied to Raman spectra of healthy and HNC cells are
capable of discriminating between them and classifying different cell types with good sen-
sitivity, accuracy, and Fl-score values. The obtained values of such parameters are above
90% when using SVM and NN algorithms for classifying Raman spectra measured in the
cytoplasm region. The ML techniques perform best in the case of classification into three
classes (healthy, cancer and metastatic), while the classification of healthy cells is less op-
timal (sensitivity, precision, and F1-score equal to 81.8%, 83.3%, and 85.7%, respectively,
using SVM) in the case of classification into four classes (healthy, two different types of
cancer, and metastatic).

These findings, although they should be considered as preliminary and need confir-
mation by increasing the number of spectra included in the dataset, are promising for
promoting the development of auxiliary clinical diagnosis systems for oral cancer detec-
tion and screening activities based on Raman spectroscopy and ML techniques. In fact,
Raman spectroscopy is a powerful and non-destructive means for the identification of bi-
ochemical components, so that it can distinguish healthy cells from cancer and metastatic
cells. Therefore, this information may be useful in the initial phase of diagnosis. The high
sensitivity and accuracy values of the proposed method can be considered an important
starting point for encouraging the design of diagnostic systems based on Raman spectros-
copy. Another positive issue of the proposed method is that the analysis was performed
with free software, which is simple and easy to use even for people who do not have ML
skills, after optimising the parameters of the ML model to be used.

However, the proposed procedure also presents some problems that delay and limit
its applicability as a diagnostic technique in clinical practice. The relatively weak Raman
signal and the need to measure a sufficient number of spectra to obtain reliable statistical
information mean that the time required to obtain a cytological diagnosis can be as long
as several hours, which is more than the time required for a cytologist to perform a qual-
itative analysis of stained cytological samples. Although the times of Raman-based diag-
nosis could be reduced, this technique is mainly intended as a way to supplement diag-
nostic information obtained from other techniques, as imaging methods. In fact, integrat-
ing biochemical and morphological information could lead to more reliable predictions.

Therefore, the proposed method can only be considered as a proof-of-concept to pro-
mote the use of Raman spectroscopy and ML algorithms for diagnosing the degree of ma-
lignancy of cytological samples. First, the number of spectra that allow for reliable classi-
fication within the shortest possible time should be optimised. Next, the topic needs to be
further explored using ex vivo cytological samples extracted from patients, rather than
cell lines, in order to enhance the sample diversity. Therefore, the applicability of the in-
vestigated method in clinical diagnostics can only be considered as a future prospect, and
certainly it needs further investigations, with the main ones being related to the number
of measurements to be carried out to obtain a reliable classification and the standardisa-
tion of the measurement and analysis procedures. Some issues to resolve when using ex
vivo cytological samples extracted from patients are related to the presence of other cell
types (e.g., inflammatory cells, bacteria) and the patient-to-patient variability that might
complicate the classification of the Raman spectra. As for the exclusion of other cell types
from the cytological sample to be classified, statistical techniques for removing outlier
spectra could be used (in fact, the Raman spectra of different cells differ, although slightly
in some cases, as a consequence of the relative intensities of the spectral peaks). Nonethe-
less, intrinsic intracellular variability would still be present (which is already present in
cell lines, as visible in Figure 2). This variability could be reduced by measuring a few
dozen spectra of the investigated cytological sample and then reducing the dataset by
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selecting a portion of these spectra as representative of the cytological sample, using se-
lection methods based on k-nearest neighbours techniques. The crucial problem to be
solved is related to the patient-to-patient variability, which inevitably influences the clas-
sification of cytological spectral samples from different patients. That is, how can spectra
measured for an unknown cytological sample be classified best, given the availability of
reference datasets consisting of spectra whose classification is known (healthy, non-met-
astatic cancer, metastatic cancer, etc.) and which were measured for different patients?
This is the main issue that needs to be addressed in order to state that Raman spectros-
copy, assisted by ML classification techniques, can be used as a diagnostic support tech-
nique. The decrease in patient-to-patient variability involves several successive steps as
the standardisation of the measurement protocol and spectrum normalisation procedures
(to eliminate outliers and differences related to the cell volume sampled); in addition, it
would be important to construct different spectral reference datasets related to age, gen-
der, and comorbidity (in order to obtain more homogeneous datasets); eventually, the
classification should be performed using several ML techniques, comparing the results to
verify that they are not too discordant. The refinement of these points could allow the
adoption of “clinical Raman spectroscopy” as an auxiliary diagnostic technique and sup-
port for traditional techniques currently recognised and accepted in the detection of oral
cancer metastasis in the early stages.
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https://www.mdpi.com/article/10.3390/app16052380/s1, Figure S1. Loading 5 and loading 4
plots from the PCA (Figure 4) of the Raman spectra of HaCaT, CAL-27, SAS and HSC-3
cells measured for the nucleus (left) and cytoplasm (right) regions. The HaCaT cell spectra
in Figure 4 are mainly characterized by negative PC4 and PC5 score values, whereas the
CAL-27 spectra mainly assume positive PC4 and PC5 score values. As positive peaks in
loading plots indicate a higher content of the corresponding biochemical component for
spectra with positive score values, it can be deduced that the cancer CAL-25 cells are char-
acterized by a larger relative amount of nucleic acid (peaks at 1098, 1340, 1384, 1490, 1580
cm™) and lipid (1305 and 1440 cm™) components.
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