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oral tissue aided by machine learning†
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We present an analysis of the molecular vibrational assessments of different grades of oral precancerous

tissue sections, aiming to an early, alternative method other than histopathology to definitively distinguish

their grades and remove the interobserver variability related to histopathological grading. Assessment of

the prognosis of oral potentially malignant disorders (OPMDs) is dependent only on clinical features, and

no defined criteria are still proposed to analyze the treatment outcome. Chair-side analysis of the lymph

node metastasis and staging of oral squamous cell carcinoma (OSCC) is also dependent on palpatory

findings followed by magnetic resonance imaging (MRI). Among these, Fourier-transform infrared (FTIR)

micro-spectroscopy emerges as a highly promising and versatile approach for analyzing oral cancer and

precancer specimens, enabling the identification of chemical and molecular changes in tissue samples.

In this work, an adequate number of tissue sections affected by different grades of precancer (mild

dysplasia, moderate dysplasia, and severe dysplasia) were investigated for biochemical changes in the

epithelium and sub-epithelium layers as characterized by their corresponding molecular vibration

spectrum. The current study demonstrated distinct alterations based on the spectrum shift of proteins

(particularly amide I and amide III) over the progression of precancer. Additionally, using the amide I and

amide III regions, a peak fitting method was employed to estimate the secondary structures of proteins.

Further, chemometric techniques of principal components analysis–linear discriminant analysis (PCA–LDA)

were used to create discrimination models for the precancerous and control groups. Our investigation

revealed that the predictive performance of the amide III region was better than that of the amide I

region, achieving a 95% accuracy rate. To the best of our knowledge, this is one of the first studies on

the application of FTIR micro-spectroscopy for the classification of oral precancers in humans, aided by

machine learning.

Introduction

Oral cancer ranks as the 6th most common malignancy in the
world and has been a major burden to global health.1 In the
Indian subcontinent, oral cancer is classified among the top
three of all types of cancer, which is significantly prominent
among the lower socio-economic sections of the country
because of their lifestyle choices of consumption of tobacco
(chewing and smoking), drinking alcohol, and betel nut
chewing.1–3 In India, oral cancer poses a major health
concern, with around 77000 new cases and 52000 fatalities
reported each year.4 This represents around one-fourth of
global oral cancer incidences.4 Oral squamous cell carcinoma
(OSCC) can be preceded by oral potentially malignant
disorders (OPMDs).5 Several discourses exist regarding
diagnosing different OPMDs and their histopathological
grading related to inter-observer variability.5–7 The

1854 | Sens. Diagn., 2024, 3, 1854–1865 © 2024 The Author(s). Published by the Royal Society of Chemistry

aNano Bio Photonics Group, Department of Electronics and Electrical

Communication Engineering, Indian Institute of Technology Kharagpur, Kharagpur

721302, India. E-mail: blahiri@ece.iitkgp.ac.in
bDepartment of Oral Pathology, Regional Institute of Medical Sciences, Manipur,

795004, India
c Electrical and Instrumentation Engineering Department, Thapar Institute of

Engineering and Technology, Punjab, 147004, India
dDepartment of Oral and Dental Sciences, JIS University, Kolkata, 700109, India
e Department of Oral and Maxillofacial Pathology, Guru Nanak Institute of Dental

Sciences and Research, Kolkata, 700114, India
f Naraina Medical College and Research Center, Kanpur, 208020, India
gDepartment of Biochemistry, Manipur University, Manipur, 795003, India
h Advanced Technology Development Centre, Indian Institute of Technology

Kharagpur, 721302, India. E-mail: poojalahiri87@gmail.com

† Electronic supplementary information (ESI) available. See DOI: https://doi.org/
10.1039/d4sd00122b

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

7 
se

pt
ie

m
br

e 
20

24
. D

ow
nl

oa
de

d 
on

 1
7/

10
/2

02
5 

20
:4

7:
11

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n-

N
on

C
om

m
er

ci
al

 3
.0

 U
np

or
te

d 
L

ic
en

ce
.

View Article Online
View Journal  | View Issue

http://crossmark.crossref.org/dialog/?doi=10.1039/d4sd00122b&domain=pdf&date_stamp=2024-11-05
http://orcid.org/0000-0002-5700-1624
https://doi.org/10.1039/d4sd00122b
https://doi.org/10.1039/d4sd00122b
http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d4sd00122b
https://pubs.rsc.org/en/journals/journal/SD
https://pubs.rsc.org/en/journals/journal/SD?issueid=SD003011


Sens. Diagn., 2024, 3, 1854–1865 | 1855© 2024 The Author(s). Published by the Royal Society of Chemistry

interobserver variability is a subjective concept that can occur
due to differences in knowledge, experience, and
interpretation of clinical and histopathological features,
leading to potential discrepancies in diagnosing these
conditions and finally leading to erroneous treatment
planning.6 Studies have shown that interobserver variability
can lead to diagnostic errors in a range of 5–30% for OPMDs.6

Factors such as the lesion's complexity, the observers'
experience, and the available diagnostic tools can all
contribute to the variability in diagnoses.5

It is important for clinicians to be aware of this variability
whilst declaring their prognosis compared to OSCC and
similar related malignancies. Therefore, it is critical to utilize
advanced diagnostic techniques to minimize the risk of
diagnostic errors and estimate the disease-related
complications and their progression toward OSCC. Currently,
histopathological assessment of the biopsied tissue sample
using optical brightfield microscopy is considered the gold
standard for oral cancer diagnosis.8,9 Additional diagnostic
modalities in immunohistochemistry have been explored to
detect specific cancer signatures during the progression of
oral cancer.10 However, the limited availability and high
expenses in the identification of specific molecular markers
for the detection of oral cancer leads to its late and poor
diagnosis.10 Also, the time-consuming nature of the
histopathologic or other molecular diagnostic techniques,
such as immunohistochemistry (IHC) limits its suitability for
the purpose of routine screening.11,12 On the other hand, the
treatment outcome of OPMDs involves a comprehensive
approach that encompasses both clinical and
histopathological evaluations. Clinical symptoms alone do
not necessarily reflect the actual treatment outcome, and on
the other hand, repeated biopsy for assessing treatment
prognosis is impractical, as it causes trauma to the tissue
and adds complications.13 Thereby, it is vital to integrate new
technologies for better characterization and understanding of
malignant changes associated with OPMDs.7 A highly
promising and versatile method for the analysis of oral
cancer specimens could be Fourier-transform infrared (FTIR)
micro-spectroscopy. The FTIR technique operates on the
principle that particular organic molecules absorb and emit
infrared (IR) waves at specific frequencies, generating
characteristic fingerprint spectra for identification. When
applied to biological samples, such as tissues, cells, or
biofluids, FTIR micro-spectroscopy can detect and quantify
alterations in the molecular composition and structure.14

These alterations often indicate pathological conditions,
making FTIR a valuable tool for disease diagnosis and
monitoring.14,15 Unlike an ordinary spectrometer, the FTIR
micro-spectrometer is associated with an optical brightfield
microscope, focusing on the region of interest (ROI) of
heterogeneous samples (in our case, oral tissues). The FTIR
spectroscope combined with a high-resolution microscope
(hence, micro-spectroscope) can focus on specific and
different areas of a sample (e.g., an oral tissue) and spectrally
classify the particular chemical alterations in the focused

areas. An accurate micrometer-scale chemical mapping could
be obtained by repeating this process all over the sample
(e.g., oral tissue). Thus, this technique could be used to gain
valuable insights into the specific biochemical changes
associated with different grades of OPMDS and OSCCs.16–18

In cancer research, FTIR micro-spectroscopy has
demonstrated its ability to differentiate healthy tissues from
malignant ones by identifying changes in protein, lipid, and
nucleic acid profiles.14,19 It enables the identification of
specific biomarkers associated with different cancer types
and can aid in early detection, prognosis, and monitoring of
therapeutic responses.16,20,21

FTIR micro-spectroscopy, thus far, has been successful in
distinguishing between malignant and benign tissue
specimens of breast,15,22 colon,23,24 oesophagus,25 stomach,26

lung,27 prostate,28 brain,29,30 and skin.31 This modern
technique is ideal for studying biomolecules like lipids,
proteins, carbohydrates, and nucleic acids in biological
systems with a great spatial resolution by analyzing frozen or
formalin-fixed samples in situ.32,33 In 2020, Sitnikova et al.21

used attenuated total reflection (ATR) FTIR mode on blood
serum to distinguish between the control and the malignant
group of breast cancer. The combination of principal
component analysis (PCA) for processing the FTIR spectra
has shown a potential biomarker range of 1306–1250 cm−1,
which belongs to several functional groups of DNA and RNA,
thereby providing a key role in discriminating between
control and patients' groups of breast cancer. Besides blood
samples, FTIR is also capable of establishing discrimination
between benign and malignant tissue specimens. A study was
performed on colorectal cancer by Dong et al.22 using FTIR
spectroscopy to differentiate between normal tissue and
colorectal cancer. The FTIR spectra provided a rise in nucleic
acid and protein content in the malignant groups, providing
a sensitivity of 96.6% using linear discriminant analysis
(LDA). Therefore, the combination of FTIR with
computational methods can classify spectra from different
categories of samples and provide a fast, reliable, and
accurate cancer screening when tagged along with
conventional histology. The analysis of human oral tissues
with FTIR micro-spectroscopy-based chemical imaging can
bring forward biochemical characterization during the
progression of oral cancer where specific infrared (IR) spectra
will contain information-rich images of the tissue and with
the addition of multivariate data analysis such as PCA will
provide a roadmap to find a potential biomarker, thereby
delivering a fast and label-free technique alongside the
conventional histology methods.16,32,34 Oral cancer is a
heterogeneous type of cancer involving different grades and
molecular profiles.35 Prolonged use of tobacco and alcohol
leads to the development of pre-malignant disorders or oral
precancers.5,11 An in-depth study of oral precancers can
facilitate understanding the chemical changes occurring
during the progression of precancerous dysplasia in order to
assist with better oral cancer diagnosis and management.24

Distinct FTIR spectra were observed by Bruni et al.36 between
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normal and diseased oral tissues. It was found that
significant DNA or collagen content in spectra identified
tumour proliferation. Similarly, Sabbatini et al.37 performed a
vibrational analysis on sections of both epithelial and
connective tissues in oral squamous cell carcinoma (OSCC)
and identified some spectral markers such as an increase in
free glycogen during carcinogenesis, structural changes in
nucleic acids, and increased RNA, suggesting higher cellular
activity. A detailed study in utilizing FTIR imaging for the
detection of oral squamous cell carcinoma (OSCC) was
performed by Pallua et al.15 They demonstrated that with
FTIR imaging and multivariate analysis approaches such as
hierarchical cluster analysis (HCA) and k-means clustering
(KMC) in specific spectral regions, information in infrared
datasets has increased dramatically. The data processed by IR
spectra contain information-rich content indicating that
intra-operative and biopsy samples of oral tissue can be
analyzed using FTIR imaging. Meanwhile, Ellis et al.38 had
shown the efficacy of using FTIR imaging in discriminating
two tissue types, lymph node metastasis of oral cancer and
indigenous lymphoid tissue, which was mainly dominated by
the contribution of nucleic acid.39 Here, we have utilized
FTIR micro-spectroscopy techniques on human precancerous
tissues to (1) explore changing the biochemical composition
of the epithelium and sub-epithelium layers to understand
the gradation and progression of the disease for early and
fast detection; (2) perform IR chemical imaging at selected
regions of different groups of tissues to visualize the
biochemical compositional change; (3) investigate protein
regions (specifically, amide I and amide III) to examine the
conformational change in protein secondary structure during
precancerous stages. Finally, chemometric analysis was
performed by principal component analysis (PCA)–linear
discriminant analysis (LDA) on the obtained FTIR spectra to
build a discrimination model aided by machine learning
(ML) algorithms for accurate classification of the various
stages of OSCCs.

Experimental section
Patient selection

A number of around 300 patients underwent screening for
the detection of oral leukoplakia at the outpatient
department (OPD) of the Department of Guru Nanak Institute
of Dental Sciences and Research for the year 2022–2023 with
the following inclusion criteria: patients suffering from oral
leukoplakia with a definitive history of tobacco use, and
patients with a medical history of severe metabolic diseases,
autoimmune diseases, visceral cancers, or who have
undergone chemotherapy or radiation treatment within the
past six months were excluded from the study. Following a
comprehensive medical evaluation, a total of 196 cases were
chosen for inclusion in the study. A total of 152 cases
provided their consent for biopsy. Consent was sought from
88 clinically normal individuals without any history of oral
habits, serving as the control group, among which 35

individuals volunteered for the study. Biopsies were taken
from the lesioned areas that were representative of the
clinical condition, and the diagnoses were confirmed through
clinicopathological analysis. The histological parameters of
precancerous conditions were categorized into three grades
of dysplasia: mild dysplasia, moderate dysplasia, and severe
dysplasia. The study excluded cases that exhibited
histologically observed epithelial hyperplasia, with or without
hyperkeratosis. Ultimately, a total of 125 cases of
histologically confirmed precancers and 35 normal controls
were analyzed. All experiments were performed in accordance
with the guidelines “New Drugs and Clinical Trial Rules 2019
India, ICMR-National Ethical Guidelines for Biomedical &
Health Research involving Human Participants 2017 India
and ICP-GCP & WHO” and approved by the ethics committee
at Guru Nanak Institute of Dental Sciences and Research,
Kolkata, India. Informed consent was obtained from human
participants of this study. Table S1† describes the
clinicopathological characteristics of the study groups.

Sample preparation

We collected a total of 120 samples of precancerous lesions,
specifically leukoplakia, from surgical removal. These
samples were then divided as follows: 24 mild dysplasia
(MD), 34 moderate dysplasia (MOD), and 37 severe dysplasia
(SD). For comparison, 25 samples of normal buccal mucosa
(NOM) from healthy patients free of any underlying
periodontal diseases or inflammatory changes were excluded.
Five micrometre (5 μm) thin sections of each sample were
sectioned using a microtome (Leica RM 2125RT): one was
dyed with haematoxylin and eosin (H&E) and placed on a
glass slide for histopathological interpretation, and the other
was deposited on a glass slide for infrared investigation. Oral
precancer staging involved a thorough analysis of clinical
grading, radiological findings, and histological findings
according to WHO 2005 guidelines.39

We obtained informed consent from the ethical
committee of Guru Nanak Institute of Dental Sciences and
Research, Kolkata, and J.K. Cancer Institute, Kanpur, to use
patient data and corresponding tissue samples for research
purposes.

FTIR microscopic imaging experiments

Spectroscopic analysis was performed on 5 μm thick tissue
sections, which were prepared from formalin-fixed tissue
embedded (FFTE) blocks of healthy and precancerous
epithelial tissue. The histological specimens were then baked
at 650 ° C for 30 min, and paraffin wax was removed with
two xylene treatments. After 10 min of 100% ethanol
dehydration, the samples were air-dried for 30 min at
ambient temperature. Spectral collection was then performed
using a LUMOS FTIR micro-spectroscope (Bruker, Billerica,
MA, USA) under the reflection mode. A liquid nitrogen-cooled
mercury cadmium telluride detector (MCT) obtained spectral
data at a 4 cm−1 resolution. Each measurement consisted of
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32 scans, with an acquisition time of 6 seconds in the
spectral range of 4000–600 cm−1. For imaging, specific areas
were selected in agreement with the dental pathologist (co-
authors KB, SKB, MP, and RRP) on which chemical maps
were obtained. The spatial resolution was 10 μm × 10 μm,
and for each map, spectra of 6400 were acquired. Before
measurement, an adequate background spectrum was
acquired from outside the sample region.2

Spectral pre-processing and chemometric analysis

PCA–LDA was employed to construct discrimination models
for distinguishing between four distinct study groups using
spectral features extracted from individual FTIR spectra.
Principal component analysis (PCA) was initially utilized to
capture the dataset's variability while minimizing
information loss. The FTIR data from the four groups,
namely normal, mild dysplasia, moderate dysplasia, and
severe dysplasia, were input into the PCA model for
classification within two specific spectral regions: (i) 1700–
1600 cm−1, corresponding to amide I, and (iii) 1400–1200
cm−1, corresponding to amide III. Subsequently, the principal
components (PCs) accounting for over 95% of the dataset's
variance were selected for further analysis. A total of 15 PCs
were used in the subsequent analysis. The supervised
chemometric method, PCA–LDA, was executed using Origin
Pro 10.0.0 software by Origin Lab Corporation, USA. This
method used a mathematical classification algorithm to
divide the classes and maximize the distance between group
means while minimizing class variance. The performance of
the training model was assessed through a leave-one-out
cross-validation method.

Results and discussions

Numerous oral pre-malignancy samples of different stages
underwent histological and vibrational analysis and were
classified as mild dysplasia (MD), moderate dysplasia (MOD),
and severe dysplasia (SD). Histopathological interpretation
revealed the following findings in different stages of oral pre-
malignancy, as shown in the schematics of Fig. 1: normal
tissue (NOM) – the epithelium consists of highly organized
stratified squamous epithelial cells with no architectural
modification; mild dysplasia (MD) – within the full epithelial
thickness, the architectural incontinence was restricted to the
lower third of the epithelium, showing minimal
cytopathological atypia corresponding to minimal criteria for
dysplasia;40 moderate dysplasia (MOD)– the epithelial
architectural shell was found disturbed, extending from the
middle third of the epithelium, including the basal and the
parabasal changes. The degree of cytological atypia was also
considered;38 severe dysplasia (SD) – samples were staged as
severely dysplastic when greater than two-thirds of the
epithelial thickness revealed disintegration in the
architectural framework and stratification, all associated with
cytopathological atypia. Samples with fields showing frank
invasive fronts were not included in this category.41

Spectral features of FTIR spectroscopy

In the present study, pre-processed and mean spectra of oral
precancerous groups, along with their epithelial and sub-
epithelial layers, were investigated by FTIR spectroscopic and
imaging analysis. FTIR spectra of four study groups, normal,
mild, moderate, and severe dysplasia (NOM, MD, MOD, and
SD) along with their sub-epithelial layers of individual groups
are illustrated in Fig. 2, and their corresponding spectral
signatures are tabulated in Tables 1 and 2. Prominent
absorption peaks were observed in the 1700–1600 cm−1

region, which corresponded to amide I vibrations, 1200–1400
cm−1 region of amide III vibrations, and 1000–900 cm−1

region corresponding to vibrations obtained from nucleic
acids.42 A broadening of peaks around 1310 cm−1 was
observed in the NOM granular layer which is shifted from
1320 cm−1 in the basal layer. Similar changes were observed
where the peak at 1293 cm−1 of the spinous region of SD is
broadened and shifted from 1317 cm−1 of the basal region.
In this region of the amide III band, in-phase N–H bending
and C–N stretching cause vibrations that respond to the
folding of secondary structures.43,44

Spectral regions related to CH3 bending modes of proteins
(1453–1467 cm−1), COO− symmetric stretch (1401–1414 cm−1)
relating to fatty acids, CO stretch + NH bend (1600–1700
cm−1) relating to amide I were observed with distinct peaks
in different sub-epithelial layers of NOM, MD and SD. Some
distinct C–O stretch of ribose ring focused around 1120 cm−1

Fig. 1 Represents the progression of oral precancer from normal oral
epithelium to a severely dysplastic epithelium. The oral keratinized
stratified squamous epithelium has 4 layers namely: corneal cell layer
(CL), granular cell layer (GL), spinous cell layer (SL), basal cell layer (BL).
From the photomicrographs, the marked dysplastic changes can be
clearly seen from (a) normal, (b) mild epithelial dysplasia (c) moderate
epithelial dysplasia to (d) severe epithelial dysplasia, all starting from
the basal layer and progressing up to superficial layers. Scale bar (top
left in the photomicrograph): 100 μm.
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assigned to RNA were observed in the basal and spinous
layer/region of SD. Prominent peaks of glycogen centered
around 1045 cm−1 and 1079 cm−1 were found in the granular
layer of MOD and SD, respectively, whereas these were absent
in the basal and spinous layers of these groups. Similarly,
peaks around 1028 cm−1 and 1018 cm−1 were observed in the
granular layer of NOM and MD. The absorption of glycogen
is attributed to the stretching of C–O and C–C bonds as well
as the deformation motions of C–O–H.44 Ribose phosphate
skeletal vibrations relating to nucleic acids (1000–830 cm−1)

were observed in all the stages of precancerous groups, with
shifts in their sub-epithelial layers indicating post-
translational modifications of proteins.45 These
modifications encompass various intricate processes, such as
alternative splicing and mRNA stability, which have been
strongly linked to the progression from potentially malignant
disorders (PMDs) to oral cancer.46 There is growing emphasis
on the role of glycogen metabolism and its interplay with
glycogen synthase kinase 3, an essential enzyme pivotal in
regulating glycogen dynamics.47 These studies suggest that
disruptions in glycogen metabolism, such as abnormal
glycogen levels or dysregulation of glycogen synthase kinase
3 activity, could lead to aberrant post-transcriptional
modifications in OPMDs, thereby contributing to their
progression towards oral cancer.47 Furthermore, studies have
indicated that alterations in glycogen metabolism, such as
abnormal levels of glycogen or dysregulated activity of
glycogen synthase kinase 3, can lead to dysregulated post-
transcriptional modifications in oral potentially malignant
disorders.48 These modifications can ultimately influence the
expression and function of key genes involved in cell
proliferation, apoptosis, and other processes related to
tumorigenesis.49 As a result, understanding the impact of
glycogen on post-transcriptional modifications in oral
potentially malignant disorders may provide crucial insights
into the underlying mechanisms driving the progression of
these disorders and potentially identify novel therapeutic
targets and prognostic markers.48,50

FTIR spectra of basal and spinous layers among different
precancerous groups

In oral dysplastic epithelium, proliferative maturation of the
cells progressively takes place from the lower basal to the
uppermost layer due to faulty transcription and translation.51

Amide III band for basal layer were observed at 1320 cm−1,
1320 cm−1, 1317 cm−1, and 1317 cm−1 for NOM, MD, MOD,
and SD groups, respectively (Tables 1 and 2). Peaks in amide
III are attributed to the vibrations of C–N stretch and N–H
bend of proteins.44 Similar observations were seen for the
spinous layer where peaks centered at 1293 cm−1, 1320 cm−1,
1317 cm−1, and 1320 cm−1 for SD, MOD, MD, and NOM,
indicating a spectral shift, which could be a result of an

Fig. 2 Pre-processed mean (black solid line) and standard deviation
(SD) (colored shaded bands) spectra of (a) sub-epithelial layers of
normal tissue, (b) sub-epithelial layers of mild dysplasia, (c) sub-
epithelial layers of moderate dysplasia, and (d) sub-epithelial layers of
severe dysplasia (light red – basal layer; blue – spinous layer; green –

granular layer).

Table 1 Assignments of FTIR bands of normal and mild dysplasia along with their epithelial layers

Normal Mild dysplasia

Assignment
Basal
layer

Spinous
layer

Granular
layer

Basal
layer

Spinous
layer

Granular
layer

1688 1691 1681 1694 1698 1694 CO stretch + NH bend (amide I)
1565 1565 1558, 1521 1569 1569 1565, 1518 NH bend + C–N stretch (amide II)
1456 1456 1456 1463 1460 1467 CH3 bending modes (proteins)
1402 1399 — 1409 1409 1409 COO− symmetric stretch (fatty acids, amino acids)
1320 1320 1310 1320 1317 1297 In plane NH bend, CC stretch, CN stretch, CO in plane bend (amide III)
— 1120 — — — 1123 C–O stretch of ribose ring (RNA)
— 1079 1154, 1028 — — 1018 COH deformation (glycogen)
885 889 845 936 957 831 Ribose phosphate skeletal vibrations (nucleic acids)
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alteration in the second structure of the protein. The
fluctuations in the spectral intensity along with the shifts
within 1340–1240 cm−1 correspond to alterations in cellular
structure conformations within the oral epithelial cells.52

However, in the amide I region around 1600–1700 cm−1, no
significant shifts were observed among all the tissue groups.
In addition, using the amide III band for quantitative
analysis of protein secondary structure has certain
advantages over the amide I region, as demonstrated by B. R.
Singh et al.43,44 The water IR band around (1640 cm−1), along
with interactions between random coils and α-helix bands in
the amide I region, limits its usability for structural analysis
of proteins, whereas no interfering OH vibrations and
overlapping of random coils and α-helix bands are observed
in the amide III region.44 A strong amide II peak in the range
of 1500–1600 cm−1 was observed in all the tissue groups with
very little shift. The peak centered at 1120 cm−1 in the basal
layer corresponds to RNA (ribose ring vibrations C–O stretch)
of the SD group, whereas it is absent in the NOM, MD, and
MOD groups. In the spinous layer, similar sharp peaks were
observed at 1116 cm−1 only for SD. These peaks indicate DNA
methylation alterations in malignant tissues.37,46 Moreover,
relevant shifts were observed in the ribose phosphate region
around 1000–830 cm−1 among both the basal and the spinous
layers of all the tissue groups, indicating the nucleic acid
conformational change. Spectral peaks around 1409 cm−1

represent COO− symmetric stretch vibrations of amino acids,
which vary in intensity across all tissue groups for both basal
and spinous layers.53 The changes in intensity can be
assigned to the alteration of protein from tissues within the
cells of the epithelium, which is associated with the
development of malignancy.42

Peak fitting analysis for secondary structure of protein

Protein secondary structure can be examined by analyzing
the amide I and amide III areas of infrared spectra.44,54 Prior
research has highlighted the use of FTIR spectra to
determine the composition and structure of secondary
structures using the amide I region, and it was found that
there was an increase in helical structures in
carcinogenesis.37 While amide I is commonly employed to
analyze the secondary structure, the amide III region's lack of

water interference and the greater distinction in amide III
spectra could offer a potentially effective method to
investigate the secondary structure.43,44 The deconvoluted
protein spectra of healthy (NOM) and precancerous groups
(MD, MOD, and SD) were analyzed along with their epithelial
layers using both amide I and amide III bands by peak-fitting
and second derivative approach.

Protein secondary structure by amide I band

The amide I band is utilized for secondary structure research
due to its highly prominent protein signal.44,55 The amide I
band observed in FTIR spectra primarily arises from the
CO stretching vibrations, which account for approximately
80% of the band's composition.56 Additionally, NH bending
vibrations contribute to a lesser extent.56 The hydrogen
bonds established between the CO groups and the
neighbouring NH groups determine the precise location of
these vibrations.56 As a protein's secondary structure
determines the formation of hydrogen bonds with specific
NH groups, the vibrational spectra serve as distinctive

Table 2 Assignments of FTIR bands of moderate and severe dysplasia along with their epithelial layers

Moderate dysplasia Severe dysplasia

Assignments
Basal
layer

Spinous
layer

Granular
layer

Basal
layer

Spinous
layer

1694 1694 1694 1694 1694 CO stretch + NH bend (amide I)
1565 1565 1569 1565 1565 NH bend + C–N stretch (amide II)
1453 1460 1463 1456 1456 CH3 bending modes (proteins)
1412 1409 1412 1402 1402 COO− symmetric stretch (fatty acids, amino acids)
1317 1320 1317 1317 1293 In plane NH bend, CC stretch, CN stretch, CO in plane bend (amide III)
1123 — 1123 1120 1116 C–O stretch of ribose ring (RNA)
— — 1045 — 1079 COH deformation (glycogen)
957 933 933 916 899 Ribose phosphate skeletal vibrations (nucleic acids)

Fig. 3 Deconvoluted FTIR spectra in the amide I band of the basal
layer/region in (a) normal tissue, (b) mild dysplasia, (c) moderate
dysplasia and (d) severe dysplasia. α-Helix (1648–1657 cm−1), β-sheet
(1623–1641 cm−1), β-turn (1662–1686 cm−1), and random coil (1643–
1650 cm−1).
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fingerprints for characterizing the protein's secondary
structure.56

A protein's secondary structure is thought to be the result
of the accumulation of its essential secondary structural
components, such as α-helix (1648–1657 cm−1), β-sheet
(1623–1641 cm−1), β-turn (1662–1686 cm−1), and random coil
(1643–1650 cm−1).54,55,57 The spectral intensity of each
secondary structure element determines its relative
percentage, as the molar absorptivity of CO stretching
vibrations is virtually constant among all secondary structural
elements. The deconvoluted amide I band revealed the
secondary structure of protein components such as α-helix
(1656 ± 3),42,55 β-sheet (1634 ± 5) and β-turn (1680 ± 3) in all
samples (Fig. 3). The analysis using the peak-fitting
technique identified a prominent band at 1656 cm−1,
indicating the presence of α-helical structure. However, this
band was observed to decrease significantly in severe
dysplasia compared to normal tissue in the basal cell layer.
Conversely, the area under the β-sheet signal showed an
increase in severe dysplasia, whereas it was relatively low in
normal tissue. How much of the secondary structure is
present in proteins can be found by looking underneath the
hidden peaks in the original spectrum. However, a similar
observation was not seen in the spinous layer of NOM, MD,
MOD, and SD (see Fig. S1†). Further, the modifications of
these secondary structures can be related to the mutations in
amino acids of proteins for cancer progression.57

Protein secondary structure by amide III band

Attempts have been made to explore the amide III band to
analyze the secondary structure content of proteins.43,45

Predicting the α-helix contents in proteins can be challenging
due to the complex overlap of alpha-helical components with

the random coil in the amide I region.43 Additionally, there is
an interference caused by H2O in this area. Despite the
weaker amide III signal compared to that of amide I, the in-
phase vibrations of bending and stretching of N–H and C–N
bonds are highly responsive to the folding of secondary
structure, without any interference from water.43 Using a
peak-fitting procedure, an analysis was conducted on the
amide III region of the average spectra of NOM, MD, MOD
and SD samples, where component bands at 1300 ± 5 (α-
helix), 1288 ± 2 (β-turn), 1240 ± 2 (β-sheet) and 1270 ± 5
(random coil) were found56 (Fig. 4). Peaks centered around
the β-turn were evident in MD, MOD, and SD samples and
were absent in normal tissue of the basal layer. There is a
decrease in the band area of the α-helical structure towards
severe dysplasia, as observed in Fig. 4. Peaks of random coil
structure were present in normal and mild dysplasia groups,
which was previously not found using the amide I region.
Moreover, there are changes in the relative content of α-helix,
β-sheet, and β-turn in all the samples along basal and
spinous epithelial layers (see Fig. S2†). Unraveling the
complex interplay between these proteins and the
surrounding oral microenvironment may provide valuable
insights into the biomolecular processes occurring during
the progression of oral disorders toward malignancy. The
spectral changes observed in the amide III band are primarily
associated with alterations in the conformation and
composition of various proteins present in oral tissues.
Proteins such as collagen, elastin, and keratin are known to
contribute to the amide III band and play critical roles in
maintaining the structural integrity and function of oral
tissues.43,44 As oral disorders progress towards malignant
transformation, the conformation and composition of these
proteins can undergo significant changes, leading to distinct
spectral features associated with the amide III band.58

Moreover, the interaction of these proteins with other
biomolecules in the oral microenvironment, such as
glycoproteins and proteoglycans, can also influence the
spectral characteristics of the amide III band. Understanding
the specific proteins and their interactions that contribute to
the observed spectral changes is essential in deciphering the
molecular mechanisms underlying malignant transformation
in oral tissues.42,58 Further research aimed at identifying and
characterizing the specific proteins involved in the spectral
changes associated with amide III absorption will be
instrumental in advancing our understanding of the
molecular events driving oral malignancies. Additionally,
unraveling the complex interplay between these proteins and
the surrounding microenvironment will provide valuable
insights into the biomolecular processes occurring during
the progression of oral disorders toward malignancy.
Understanding how these spectral changes manifest across
different stages of malignancy will be crucial in developing
effective diagnostic and treatment strategies. Identifying and
characterizing the specific proteins involved in the spectral
changes associated with amide III absorption will be
instrumental in advancing our understanding of the

Fig. 4 Deconvoluted FTIR spectra in the amide III band of the basal
layer/region in (a) normal tissue, (b) mild dysplasia, (c) moderate
dysplasia and (d) severe dysplasia. 1300 ± 5 (α-helix), 1288 ± 2 (β-turn),
1240 ± 2 (β-sheet) and random coil (1270 ± 5).
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molecular events driving oral malignancies. Moreover,
unraveling the complex interplay between these proteins and
the surrounding microenvironment will provide valuable
insights into the biomolecular processes occurring during
the progression of oral disorders toward malignancy. These
changes in the secondary structure can modulate post-
translational modifications such as phosphorylation of
proteins.59 Thus, secondary protein structures can be better
understood by combining the amide III and amide I regions.

Infrared chemical mapping

The collection of an infrared spectral image requires the use
of unstained tissue slices. This type of image is one in which
each pixel of tissue is not merely represented as a color value
but rather by a full IR spectrum. An analysis of the spectral
image allows for the creation of a pseudo-color rendering of
the tissue segment, focusing on its biochemical makeup
rather than its shape, tissue architecture, or staining
patterns. In infrared-based imaging, spectral hypercubes are
used to collect spectra.15,60,61

A spectral hypercube encompasses all the relevant data
regarding the tissue composition and its spatial
fluctuations.15 Four sections were chosen as per the
pathologist's suggestions, with the best representative cases

of NOM, MD, MOD, and SD for FTIR imaging. False colour
maps were obtained, with each pixel representing a single
spectrum. After atmospheric corrections and noise reduction,
the dataset was pre-processed (baseline correction, vector
normalization) to obtain the chemical maps. After
atmospheric corrections and noise reduction, the dataset was
pre-processed (baseline correction, vector normalization) to
obtain the chemical maps. Fig. 5 and 6 show a 50 μm × 50
μm section of an unstained oral epithelial tissue along with
its corresponding chemical map. The architectural division
of the tissue section involves mucosa, sub-mucosa, and
connective tissue. The chemical map is obtained by plotting
the total absorption intensity within the amide I (1600–1700
cm−1) and amide III (1400–1200 cm−1) region, which is
indicative of peptide bonds in proteins. The spatial
distribution of peptide bonds within the tissue is obtained by
integrating the total absorbance as a function of pixels in the
image. This provides visualization of the distribution of
proteins within the epithelium tissue, allowing valuable
insights into the tissue structure.

The obtained result demonstrates a strong correlation
with the tissue morphology, showing a significant increase in
the amide I band within the epithelium of severe dysplasia
when compared to normal epithelium. Here, white color
represents the maximum intensity and blue the minimum.

Fig. 5 Photographs of FTIR images with their corresponding chemical
maps in the amide I absorption band (1700–1600 cm−1) for (a) nornal
tissue (b) mild dysplasia (c) moderate dysplasia and (d) severe dysplasia.

Fig. 6 Photographs of FTIR images with their corresponding chemical
maps in the amide III absorption band (1340–1240 cm−1) for (a) normal
tissue (b) mild dysplasia (c) moderate dysplasia and (d) severe dysplasia.
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The chemical maps consist of false color images, where each
pixel corresponds to a single spectrum. The absorption band
at the amide III band (1340–1200 cm−1) region revealed
higher amide III content in the epithelial layer of severe
dysplasia, whereas in the normal and mild dysplasia images,
a lesser distribution of amide III peptide bonds was observed
along its epithelial layer. These FTIR images can be very
helpful in the diagnosis systems for a pathologist with
shorter acquisition times and higher spectral quality.

Multivariate analysis of FTIR spectra

The dataset, which consists of 105 samples, was distributed
into four classes (normal = 24, mild = 22, moderate = 29, and
severe = 30). Then the FTIR spectra of each sample were
acquired and after pre-processing the mean spectra of each
group it was subjected to feature extraction using principal
component analysis (PCA). The use of PCA data improves
computational processing since it employs a reduced dataset.
An exploratory analysis was performed by using the FTIR
spectra in two specific regions: (i) 1700–1600 cm−1

corresponding to amide I and (iii) 1400–1200 cm−1

corresponding to the amide III region. From each of the two
specific regions, fifteen new sets of uncorrelated variables
designated as principal components (PCs) covering 95% of
the data variance were obtained. These PCs were then
subjected to a PCA–LDA classifier for classification. LDA is a
supervised learning algorithm that aims to maximize the
difference between classes within a dataset. A confusion
matrix from the PCA–LDA classifier was generated, and

accuracy was calculated for the two regions. Examining the
PCA–LDA score plots allowed for identifying the classification
in the spectra for different groups (Fig. 7). We then tested the
trained PCA–LDA model using an external test set, which was
not included in the model development, and obtained the
confusion matrix in both the amide I and the amide III
regions (see Fig. S3†). A graphical view of the workflow is
shown in Fig. S4.†

Amide I region (1700–1600 cm−1)

The PCA and loading plot in Fig. S5(a and c)† show that the
peaks at 1667, 1632, and 1673 cm−1 were significant in
distinguishing and categorizing the four different samples.
The initial 15 principal components, which account for 95%
of the overall variation in the dataset, were subsequently
utilized as input data for PCA–LDA. 24 out of 24 normal
samples, 19 out of 22 mild dysplasia, 28 out of 29 moderate
dysplasia, and 26 out of 30 severe dysplasia samples were
classified correctly. The algorithm underwent testing using a
leave-one-out cross-validation technique. The classification
rates were 100% for the normal samples, 77.2% for mild
dysplasia, 96.5% for moderate dysplasia, and 87.5% for
severe dysplasia (see Table S2†). The accuracy achieved was
92%.

Amide III region (1340–1240 cm−1)

The first 15 main components, which explain 95% of the
total variation in the dataset, were then used as input data
for PCA–LDA using the amide III region. The PCA score in
the amide III region with PC1 explaining 92.7% variation is
given in Fig. S3(b).† The samples were distinguished using
peaks at 1239, 1335, and 1373 cm−1 using the loading plot
given in Fig. S3(d).† All 23 out of 24 normal samples, 21 out
of 22 mild dysplasia samples, all 29 moderate dysplasia
samples, and all 30 severe dysplasia samples were accurately
diagnosed. The algorithm was tested using a leave-one-out
cross-validation technique. The accuracy rates were 100% for
the normal samples, 86.3% for mild dysplasia, 96.5% for
moderate dysplasia, and 100% for severe dysplasia (Table 3).
The accuracy achieved was 95.5%. The overall confusion
matrix for both amide I and amide III regions are given in
Fig. S5.†

Conclusion

To the best of our understanding, this is one of the very first
instances of investigation of biochemical changes in the
epithelium and sub-epithelium layers during the
precancerous stages of oral cancer using FTIR micro-
spectroscopy. Our study reveals significant shifts in the
amide I and III regions, indicating alterations in proteins'
secondary structure. An extensive peak fitting procedure has
been utilized to extract the quantitative data regarding the
secondary structure of proteins, including α-helix, β-turn,
β-sheet, and random coil. This is achieved by analyzing the

Fig. 7 (a) PCA–LDA score plot in the amide I region. (b) PCA–-LDA
score plot in the amide III region.
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infrared spectra of the amide I and III regions. Our results
suggested that the amide III region provides better
information on the four secondary structures than the amide
I region. Further, the PCA–LDA classification model revealed
an accuracy of 95.5% in the amide III region, which was
better than that of amide I. Moreover, through infrared
chemical imaging, the distribution of biochemical
composition over the tissue architecture of interested regions
was shown, which can aid modern medical diagnostics.
Thus, by FTIR imaging on oral tissue samples, pathologists
can obtain valuable information without damaging the
samples and can be widely used to characterize tissue
samples using high-quality imaging data. As the field of
spectroscopic analysis continues to evolve, its potential for
revolutionizing the landscape of oral health care becomes
increasingly evident. The insights gained from amide I and
amide III spectroscopic analysis, particularly concerning
identifying specific protein alterations associated with
malignant transformation, serve as a beacon of hope for
developing targeted therapeutic approaches aimed at
restoring normal protein conformation and composition.
Ultimately, the convergence of advanced spectroscopic
techniques and a deepened understanding of the molecular
intricacies underlying oral disorders hold the key to
enhanced patient outcomes and a new era in the
management of oral health. Unravelling the intricate
relationship between these proteins and their interactions
within the oral microenvironment will shed light on the
underlying molecular mechanisms driving malignant
transformation in oral tissues. This knowledge will not only
advance our understanding of oral malignancies but also
pave the way for the development of targeted therapeutic
interventions aimed at restoring normal protein
conformation and composition, ultimately offering improved
prospects for patient outcomes. In the pursuit of optimizing
spectroscopic techniques for clinical applications in oral
health, it is imperative to explore how these spectral changes
manifest across different stages of malignancy. By identifying
and characterizing the specific proteins involved in the
spectral changes associated with both amide I and amide III
absorption, researchers can lay the groundwork for
developing more precise diagnostic and treatment strategies.
This depth of knowledge regarding the molecular events
driving oral malignancies holds great promise for advancing

not only our understanding but also the management of
these complex conditions. Recent advancements in
spectroscopic techniques have significantly contributed to
the development of non-invasive, effortless, faster, non-
erroneous methods for analysing oral tissues, excluding
interobserver variability.62 These cutting-edge approaches
provide a promising avenue for early detection and ongoing
monitoring of oral malignancies. As such, these non-invasive
methods offer potential benefits regarding patient comfort
and compliance, making them extremely valuable in clinical
settings. Advancements in technology have allowed for the
development of more sophisticated spectroscopic tools that
can capture and analyze amide I and amide III features with
higher accuracy and sensitivity. These tools will enable
researchers and clinicians to gain a deeper understanding of
the molecular changes occurring in oral tissues during
malignant transformation. Moreover, the non-invasive nature
of these spectroscopic methods makes them particularly well
suited for long-term studies, where the progression of oral
disorders and the efficacy of treatment interventions can be
monitored over time without the need for invasive
procedures, creating avenues for detecting prognostic
references in OPMDs. Amide III spectroscopic features may
have the potential to diagnose lymph node metastasis in oral
cancer. Identifying specific spectral markers within the amide
III band has proven to be closely associated with metastatic
cells in lymph nodes, offering a non-invasive means for
evaluating the extent of oral cancer's spread. Furthermore, as
technological advancements evolve, refining non-invasive
spectroscopic tools for analyzing oral tissues will play a
crucial role in ensuring patient comfort and compliance
during diagnostic and monitoring procedures. The ongoing
research and exploration of amide III spectroscopic analysis
present valuable opportunities for enhancing our
understanding of oral disorders and improving clinical
management. By delving deeper into the practical
applications, technological advancements, and therapeutic
implications of this approach, the field of oral health stands
to benefit from more refined diagnostic and treatment
strategies that are tailored to the unique characteristics of
each patient's oral disorder. By harnessing the potential of
these cutting-edge spectroscopic tools, clinicians and
researchers can pave the way for improved early detection,
treatment monitoring, and more personalized therapeutic

Table 3 PCA–LDA classification of the FTIR spectra in the 1400–1200 cm−1 region

Predictive model

Normal Mild Moderate Severe

LDA Normal 23 samples 1 sample 0 0
Mild 1 sample 21 samples 0 0
Moderate 0 0 29 samples 0
Severe 0 0 0 30 samples

Cross-validation Normal 24 samples 0 0 0
Mild 2 samples 19 samples 1 sample 0
Moderate 1 sample 0 28 samples 0
Severe 0 0 0 15 samples
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strategies in oral malignancies. Henceforth, incorporating a
predictive infrared spectroscopy model with clinical practice
can serve as a valuable screening or diagnostic tool for oral
cancer.
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