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Abstract

Oral potentially malignant disorders (OPMD) are a significant global health burden. They are a precursor to
oral cancer and indicate a tissue with a higher risk of developing a malignancy. Early diagnosis can improve
patient outcomes by minimally invasive treatment, reduced mortality rate and improved post-treatment life
quality. Despite the availability of advanced technology and diagnostic tools, early detection of OPMD is
limited by reliance on invasive biopsies and histopathology, which are time consuming and uncomfortable
for patients, and are not suitable for widespread screening or routine monitoring in a high-risk population.
Moreover, this diagnostic method is prone to inter-observer and intra-observer inconsistencies and sampling
error. Although technological advancements have improved diagnostic capabilities, limitations remain in
accessibility, cost-effectiveness, and sensitivity; particularly for low-resource settings. Emerging diagnostic
methods, including imaging, molecular assays and optical techniques, offer promise but lack comprehensive
validation and seamless integration into clinical workflow. Most available technologies fail to address critical
gaps such as non-invasive early detection, real-time monitoring, and the ability to link findings to actionable
clinical outcomes. Furthermore, despite the biological relevance of saliva in oral health diagnostics, its
potential remains underutilized due to challenges in standardization and correlation with tissue-specific
markers.
This project is an exploration of what non-invasive diagnostics can achieve, when innovative methodologies
meet a persistent clinical challenge. At its core, this work reflects an attempt to democratize OPMD diagnostics,
shifting narrative from invasive, resource-intensive and complex procedure to non-invasive, real-time and
accessible solution. This thesis explores the development and validation of a multimodal spectroscopic
approach and its application in OPMD diagnosis and screening. This multimodal approach was developed
to enable in vivo tissue and ex vivo saliva analysis in the clinical setting. The developed system incorporates
customized modalities of Raman and diffuse reflectance spectroscopy and proposes a multi-tiered diagnostic
approach to enhance clinical decision-making. The clinical study involved the collection and analysis of
saliva and in vivo tissue analysis from OPMD patients and healthy controls. Saliva screening was investigated
as a non-invasive first-line diagnostic tool to detect biochemical alterations associated with OPMD, using
Raman spectroscopy of dried and liquid samples. For individuals flagged through saliva screening, in vivo
tissue analysis is proposed using diffuse reflectance spectroscopy (DRS) and Raman spectroscopy to offer
functional insights into morphology, oxygenation and chemical changes in the tissue. Machine learning
models, including Lasso regression and Linear Discriminant Analysis (LDA), were employed to identify
key spectral features and classify samples with high sensitivity and specificity. This multimodal approach
provides complementary information. DRS probes optical properties such as absorption and scattering that
helps in depicting chromophore’s (including Hb, water, lipid) concentration, oxygenation and tissue structure.
Raman spectroscopy, in contrast, provides more specific biochemical information regarding conformational
and compositional changes in proteins, lipids, nucleic acids and related metabolites. Although some overlap
exists, their combination offers extended diagnostic potential by linking functional and molecular alterations
within the same tissue region, thereby improving the diagnostic potential and risk stratification.

Building on this progression, Raman analysis of liquid saliva was advanced using photonic crystal fibers
(PCFs), which amplify Raman signals to detect subtle biochemical markers in real-time. This enabled label-free,
point-of-care screening that complements tissue diagnostics. Together, these techniques create a clinically
relevant framework: saliva screening through dry saliva sample and PCF-based Raman spectroscopy acts as
a gatekeeper for regular monitoring; and in vivo tissue evaluation, provides a pathway for biopsy guidance,
intraoperative decision making and follow-up, addressing the challenges of sampling errors and incomplete
resection.
The results of this thesis highlight the feasibility of integrating Raman and DRS into clinical workflows to
complements traditional biopsy. By addressing diagnostic gaps with a focus on clinical utility, this work
establishes a robust, scalable, and non-invasive approach to improve the OPMD screening, early detection,
monitoring, and management of OPMD. This work provides a strong foundation for future studies aimed at



refining these techniques and expanding their clinical applicability. By bridging engineering innovation with
clinical needs, this research advances the goal of making early OPMD diagnostics more accessible, accurate,
and patient-friendly.
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In recent years, biophotonics has emerged as a ground-breaking area
of study, embracing and connecting the field of biology and photonics
to offer innovative solutions for medical diagnosis, prognosis and treat-
ment. The term ’Biophotonics’ is a combination of two Greek syllables
“bios” meaning “life” and “phos” meaning “light”1

1: Photonics is a broad term that covers
light-based technologies throughout the
spectrum, whether they produce, control,
or detect light. It also encompasses the
interaction of light with matter.

. Beyond this def-
inition, biophotonics is a discipline of great social importance. It is a
multidisciplinary field. It stands at the intersection of physics, chemistry,
biology, engineering and medicine. This confluence has allowed us to
solve complex medical problems leveraging the principles of light-tissue
interaction2

2: In 2014 Eric Betzig, Stefan Hell and
William Moerner were awarded the No-
bel Prize in Chemistry for their devel-
opment of super-resolved fluorescence
microscopy

.
Controlled light use has transformed life in many ways by opening new
avenues in the early detection of diseases and offering non-invasive
and real-time insights into the molecular underpinnings of various
pathologies [5]. For example, fluorescence imaging and optical coherence
tomography (OCT) have become crucial in cardiology, ophthalmology
and oncology [6–9]. Photodynamic therapy (PDT) is also widely used to
treat skin cancer and is also being explored now in other cancer applica-
tions [10]. Laser Doppler flowmetry and diffuse correlation spectroscopy
are used to measure blood flow in tissue [11]. Apart from this, biopho-
tonics has proved invaluable in the non-invasive early-stage diagnosis
of cervical [12], breast [13] and skin cancer [14]. These successful clinical
applications highlight the potential of biophotonics in the transformation
of cancer diagnostic and treatment strategies [5].
At the forefront of this advancement is the application of biophotonics in
the disease diagnosis within the oral cavity and gastrointestinal tract (GI).
These areas are pivotal for human health and yet face diagnostic chal-
lenges. This thesis is a critical step towards improving patient outcomes
and efficacy of treatment by exploring the potential of biophotonics di-
agnostics to revolutionise the screening, early detection and monitoring
of disease progression in oral and GI tract. While the primary focus
rests on oral cancer diagnosis with a multimodal approach consisting
of Raman and diffuse reflectance spectroscopy (DRS), the thesis also
extends its investigative reach into diffused optical imaging (DOI) and
colorectal cancer through the lens of multiple publications in which I
have contributed as a second author.

1.1 The Critical Need for Early Detection

Cancer is a common chronic disease. According to an estimate of the
International Agency for Research on Cancer, World Health Organisa-
tion (WHO), in 2020, over 19 million new cancer cases and more than
9.5 million cancer deaths were reported worldwide [15]. This figure in-
creased to 20 million new cases and 10 million deaths in 2022 [16]. Cancer
can develop in various organs such as the breast, prostate, colon, head,
neck, oral cavity and other vital areas. Regardless of the organs affected,
early-stage diagnosis is crucial to administer timely medical intervention
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and prevent complications in advanced stages and potentially save lives.
This is particularly true for oral cancer, where early identification of
oral potentially malignant disorders (OPMD) is essential for effective
management and improved outcomes.

Oral cancer is the 16𝑡ℎ most common cancer in the world with 40%
to 60% five-years survival rate [17]. OPMD represents precancerous
conditions in the oral cavity and offers a critical window for early in-
tervention. The current gold standard procedure for diagnosing OPMD
and oral cancer comprises a detailed visual and physical examination
through palpation followed by biopsy and histopathology. There are
some non-invasive light-based detection techniques such as ViziLite and
Identafi but these conventional methods sometimes lack the sensitivity
and specificity necessary to diagnose OPMD [18]. On the other hand, col-
orectal cancer (CRC) ranks as the third most prevalent cancer in the world
and is the second leading cause of cancer related deaths, resulting in 0.9
million deaths annually. The WHO reported that more than 1.9 million
cases of CRC were diagnosed in 2022 [16]. Biopsy and histopathology
are the gold standard procedure for colorectal cancer diagnosis. In addi-
tion, CT scan (computed tomography) [19], PET scan (positron emission
tomography) [20] and MRI (magnetic resonance imaging)[21] are the
imaging techniques widely used for colorectal cancer diagnosis. These
diagnostic methods are expensive and often involve discomfort, lengthy
procedures and significant delays in obtaining results [22, 23]. Other
diagnostic techniques advocated for OPMD, oral cancer and colorectal
cancer, include vital staining, cytology, chemiluminescence and optical
imaging [24–27]. Some of these diagnostic techniques show potential for
cancer screening and early diagnosis but none of them has yet proved
better than conventional visual examination and histopathology of biop-
sied tissue [28, 29]. There is plenty of research devoted to developing
less invasive but more effective diagnostic modalities that can facilitate
selection of a more suitable lesion site for biopsy and determination of
any oral pre-malignant lesion that should be completely excised.

The introduction of biophotonics, particularly through the use of Raman
spectroscopy and DRS has the potential to revolutionise this landscape.
For example, at the onset of the disease, the biochemical composition,
chromophores and optical properties of tissue begin to change from
their normal values. Raman spectroscopy can provide details about these
biochemical changes in tissue and DRS can measure the changes in
light scattering and absorption in tissue due to variation in haemoglobin
and other chromophores. By providing information regarding these
pathological changes at the molecular level, this multimodal technology
can enable the identification of neoplastic changes at a stage when
intervention can be more effective.

1.2 The Scope of This Thesis

This thesis aims to explore the potential of Raman spectroscopy and DRS,
as a part of a multimodal approach in OPMD diagnosis, as both of these
spectroscopic techniques provide complementary information. Through
the analysis of saliva and in vivo tissue, this work investigates how
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these spectroscopic techniques can serve as potential tools for the early
detection of OPMD and oral cancer. Saliva analysis with its non-invasive
nature could provide a patient-friendly screening process and possibly
help reduce the need for biopsy, while in vivo tissue analysis could yield
critical insights into structural and biochemical changes in tissue. It could
guide the clinician to determine the most suspicious area within the
extensive multifocal lesions to target biopsy and facilitate the selection of
OPMD lesions that should undergo complete excision. In addition to this,
such spectroscopic measurements could potentially help determine the
extent of surgery in patients with confirmed oral cancers. The inclusion of
a study on colorectal cancer aims to showcase the versatility and potential
of biophotonic diagnostics in broader applications, underscoring its
importance in disease diagnosis and surgical guidance beyond oral
cancer. These multimodal spectroscopic techniques could also possibly
identify the onset of a disease that may remain elusive to conventional
diagnostic methods.

1.3 Hypothesis

This research proposed that the integration of Raman spectroscopy and
DRS in the current clinical protocol can serve as a groundbreaking
multimodal approach for OPMD screening and early-stage diagnosis.
As OPMD progresses, dysplastic changes in tissue cause abnormal cell
proliferation, disrupting the normal tissue structure and leading to thick-
ening or thinning of the mucosa. Vascular changes, including an increase
in blood supply and change in oxygenation levels, can contribute to
tumour development. At molecular level, dysplasia leads to variation in
biochemical composition, including changes in proteins, lipids and carbo-
hydrates. I hypothesize that Raman spectroscopy can effectively capture
biochemical changes in saliva and tissue, revealing key molecular markers
indicative of the disease. DRS, on the other hand, can extract information
about structural changes, vascularization and oxygenation within tissue
with the disease onset, providing a comprehensive understanding of the
state of the tissue. Together, they can provide complementary diagnostic
insights that allow clinicians to make informed decisions in the targeted
biopsy and early interventions to improve patient outcome. With this
research, my objective was to show that such a diagnostic procedure
could potentially transform regular OPMD screening and follow-up
examinations.

1.4 Objectives of the thesis

The broad objectives of this thesis were as follows:

1. Conduct a comprehensive review of current diagnostic practices for
oral cancer and identify the gaps in methodology and technology
that this research aims to address.

2. Design and optimise a multimodal system for OPMD diagnosis.
This involves the integration of various spectroscopic techniques
that provide complementary information to improve diagnostic
accuracy and reliability. This multimodal system could potentially
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be used for diagnosis in the GI tract, however, for now only DRS
was tested in colorectal cancer.

3. Development of a saliva screening protocol for OPMD diagnosis.
It involves establishing a methodology for saliva analysis in dry
and liquid form for disease detection by assessing the change in
the levels of different biomarkers.

4. Assess the performance and reliability of Raman analysis of native
saliva using photonics crystal fibre (PCF).

5. Assess the effectiveness of combining Raman spectroscopy and
DRS to differentiate diseased and healthy tissues to improve the
precision of diagnostic procedures.

6. Investigate DRS for the detection of CRC and assess the impact
of source-to-detector distance (SDD) in probe design to effectively
probe deeper tissue layers in excised human colorectal tissue.

7. Develop and validate machine learning algorithms to diagnose
OPMD and for tissue recognition in the colon. This involves devel-
oping predictive models to improve diagnostic accuracy and better
patient outcome.

8. Explore the potential of integrating developed technology into
existing healthcare framework, assessing their ease of use, cost ef-
fectiveness, robustness, portability and ultimately improved cancer
detection rate.

1.5 Results Highlights

The results obtained in this study strongly support the proposed hypoth-
esis, demonstrating the potential of the multimodal system for OPMD
screening and diagnosis. The findings reinforce the feasibility of using
saliva as a screening medium. The key spectral features aligning between
saliva and tissue suggest a strong correlation in disease progression.
Raman spectroscopy was able to detect key biochemical alterations, with
significant differences observed at 1123 cm−1, 1251 cm−1 and 1454 cm−1

in liquid saliva, while DRS revealed changes in vascular and oxygenation
reflected in the 540/575 nm ratio. The integration of multiple modalities
significantly improves diagnostic accuracy, with Raman capturing bio-
chemical alterations and DRS detecting vascular and structural changes.
These results not only validate the hypothesis but also encourage further
exploration of spectroscopic approaches for early-stage OPMD detection
and screening.
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Figure 1.1: Box plot analysis of Raman peaks of liquid saliva in a PCF indicating significant changes (p < 0.05,) in carbohydrates, proteins
and lipids in tissue (top) and saliva (bottom).

Figure 1.2: Boxplots of the reflectance ratio 𝑅540/575 for CM (left) and VST (right) tissues. OPMD lesions show higher ratios compared to
healthy and contralateral sites, indicating increased oxyhaemoglobin absorption and suggesting vascular and metabolic alterations
linked to early malignant transformation.
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1.6 Thesis Structure

The primary objective of this thesis is to highlight the efficacy of Raman
spectroscopy and DRS in the early-stage diagnosis of oral cancer. This
study presented a body of work that includes published manuscripts,
detailed experimental findings and data analysis. The structure of the
thesis is as follows:

Chapter 1: Introduction Outlines the significance of early diagnosis for
oral cancer and the transformative potential of Biophotonics. It also
sets the stage for the study.

Chapter 2: Light-tissue interaction Provides a basic understanding of
Biophotonics and physics behind light-matter interaction and lit-
erature survey of the spectroscopic techniques employed in this
research.

Chapter 3: Literature review and background Provides an overview of
oral cancer, including its prevalence, impact, recent research and
current diagnostic landscape.

Chapter 4 : Optical spectroscopy for OPMD diagnosis This chapter sum-
marises the understanding of DRS and Raman spectroscopy in
diagnosing OPMD, through recent literature.

Chapter 5: Experimental design and methodology Summarizes the mul-
timodal spectroscopic system design and instrumentation consist-
ing of Raman spectroscopy and DRS. Also details the experimental
approach used in saliva and in vivo tissue analysis, including sample
collection, data acquisition and analysis techniques.

Chapter 6: Results and discussion Showcases the results of saliva and
tissue analysis (in vivo), presented through the published and
submitted manuscripts. This chapter discusses the implications of
these results for oral cancer detection and highlights the importance
of the study in existing research and summarises the key outcome
of the research.

Chapter 7: Personal perspective Summarises the personal approach
and understanding regarding the research.

Chapter 7: Comments on the papers Provides an outline for published
papers and manuscripts in progress.

Chapter 8: Conclusions

Chapter 8: Challenges and future perspectives Highlightes challenges
in current research and methodology while providing direction
and suggestions for future research avenues.

These chapters are followed by manuscript publications attached at the
end of the thesis. The titles of these publications are given below.

1.7 Publications

1. Maryam, S.; Nogueira, M. S.; Gautam, R.; Krishnamoorthy, S.;
Venkata Sekar, S. K.; Kho, K. W.; Lu, H.; Riordain, N. R.; Feeley, L.;
Sheahan, P.; Burke, R.; Andersson-Engels, S.; "Label-free optical

spectroscopy for early detection of oral cancer", Diagnostics 2022,
12, 2896 [1].



1 Introduction 7

▶ About the publication This review publication consists of
a comprehensive overview of optical spectroscopy for oral
cancer diagnosis, epidemiology and recent advancements in
the field for diagnostic purposes. This review also highlighted
the importance of salivary biomarkers for the oral cancer
screening.

▶ My contribution Literature survey, manuscript writing, edit-
ing.

2. Maryam, S.; Sekar, S. K. V.; Ghauri, M. D.; Fahy, E.; Nogueira, M.
S.; Lu, H.; Beffara, F.; Humbert, G.; Riordain, R. N.; Sheahan, P.;
Burke, R.; Kho; K.W.; Gautam,R.; Andersson-Engels, S.; "Mobile

multi-configuration clinical translational Raman system for oral

cancer application", Analyst 2023, 148,1514–1523 [2].

▶ About the publication This manuscript is in continuation
of the system development and reports the fabrication and
assembly of a customised Raman system that can be modified
to different configurations for in vivo and ex vivo analysis.

▶ My contribution Methodology, system design and develop-
ment, experiments, data analysis, writing and editing.

3. Maryam, S.; Benazza, A.; Fahy, E.; Sekar, S. K. V.; Dinish, U.; Olivo,
M.; Riordain, R. N.; Andersson-Engels, S.; Humbert, G.; Komolibus,
K.; Gautam, R; "Liquid saliva analysis using optofluidic photonic

crystal fiber for detection of oral potentially malignant disor-

ders", Spectrochimica Acta Part A: Molecular and Biomolecular
Spectroscopy 2025, 125788 [3].

▶ About the publication This manuscript is a groundbreaking
proof-of-concept study for saliva screening. It reports a novel
approach for analysing saliva samples in liquid form to detect
biomarkers related to the diagnosis of OPMD. In this study a
custom stage design for Raman spectroscopy of liquid saliva
sample using photonics crystal fiber (PCF) is also reported.

▶ My contribution Methodology, clinical study design, sample
collection and preparations, experiments and sample analysis,
data analysis, writing, review and editing.

4. Nogueira, M.S.;Maryam, S.; Amissah, M.; Lu, H.; Lynch, N.; Killeen,
S.; O’Riordain, M.; Andersson-Engels, S.; "Evaluation of wave-

length ranges and tissue depth probed by diffuse reflectance

spectroscopy for colorectal cancer detection." Scientific Reports,
2021. Vol. 11, no.1, p: 1-17 [4].

▶ About the publication This study reported the evaluation
of the diagnostic capabilities of DRS in colorectal cancer
detection. It also describes the potential of the source-to-
detecter distance in probe design to probe the deep tissue
layers.

▶ My contribution Clinical data collection, tissue probing, anal-
ysis and review.
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1.8 Manuscript in preparation

1. Maryam, S.; Innocente, S.; Fahy, E.; Ghauri, M. D.; Sekar, S. K.
V.; Burke, R.; Visentin, A.; Riordain, R. N.; Andersson-Engels, S.;
Komolibus, K.; Gautam,R.; "Identification of salivary biomarkers

for screening of Oral Potentially Malignant Disorders through

tissue correlation".

▶ About the publication This manuscript reports a novel study
that relates oral cancer salivary biomarkers to those present in
in vivo oral tissue to distinguish between OPMD and control
group.

▶ My contribution Study design, Methodology, optimisation,
CREC approval, clinical data and sample collection, experi-
ments, data analysis, writing, review and editing.

2. Maryam, S.; Ghauri, M. D.; Fahy, E.; Innocente, S.; Shahid, N.;
Visentin, A.; Burke, R.; Riordain, R. N.; Sheahan, P.; Feelay, L.;
Andersson-Engels, S.; Gautam,R.; Komolibus, K.; "Diffuse Re-

flectance Spectroscopy for Non-Invasive Screening of Oral Po-

tentially Malignant Disorders".

▶ About the publication This manuscript reported a unique
model for selecting DRS spectroscopic features that could
help in distinguishing OPMD patients from Healthy controls.

▶ My contribution Methodology, system design and develop-
ment, data collection, experiments, data analysis, writing,
review and editing.

1.9 Other journal publications

The following section provides details of publications to which I have
contributed, but they do not form the basis of this thesis.

1. Issatayeva, A.; Maryam, S.; Kho, K.W.; Andersson-Engels, S.; Cu-
cinotta, A.; "Suspended-core photonic crystal fibers for SERS

detection of biomolecules"; Journal of Optics, 2025, 27 [30].
2. Nogueira, M. S.; Maryam, S.; Amissah, M.; McGuire, A.; Spillane,

C.; Killeen, S.; Andersson-Engels, S.; O’Riordain, M. "Insights into

biochemical sources and diffuse reflectance spectral features for

colorectal cancer detection and localization". Cancers 2022, 14,
5715 [31].

3. Nogueira,M. S.; Maryam, S., Amissah, M.; Killeen, S.; O’Riordain,
M.; Andersson-Engels, S.; "Diffuse reflectance spectroscopy for

colorectal cancer surgical guidance: towards real-time tissue

characterization and new biomarkers"; Analyst, 2024,Vol. 149,
no.1, p:88-99 [32].

4. Nogueira, M. S.; Raju, M.; Gunther, J.; Maryam, S.; Amissah, M.;
Lu, H.; Killeen, S.; O’Riordain, M.; Andersson-Engels, S. "Tissue

biomolecular and microstructure profiles in optical colorectal

cancer delineation". Journal of Physics D: Applied Physics 2021,
54, 454002 [33].
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1.10 Proceeding papers

1. Maryam, S.; Ghauri, M. D.; Fahy, E.; Sekar, S. K. V.; Lu, H.; Russo,
A.; Nogueira, M. S.; Burke, R.; Feeley, L.; Sheahen, P.; Riordain,
R. N.; Andersson-Engels, S.; Kho, K.W.; Gautam,R.; "Multimodal

optical spectroscopic approach to design a complete protocol for

early diagnosis of oral cancer". Advanced Biomedical and Clinical
Diagnostic and Surgical Guidance Systems XXI. 2023; pp 137–140
[34].

2. Maryam, S.; Ghauri, M. D.; Fahy, E.; Sekar, S. K. V.; Nogueira, M.
S.; Lu, H.; Russo, A.; Burke, R.; Feeley, L.; Sheahan, P.; Riordain, R.
N.; Andersson-Engels, S.; Kho, K.W.; Gautam,R.; "Biophotonics

diagnostics of oral cancer using Raman spectroscopy". European
Conference on Biomedical Optics. 2023; p 126270B [35].

3. Maryam, S.; Ghauri, D.; Sekar, S. K. V.; Fahy, E.; Nogueira, M. S.;
Lu, H.; Beffara, F.; Humbert, G.; Burke, R.; Feeley, L.; Sheahan, P.;
Riordain, R. N.; Andersson-Engels, S.; Kho, K.W.; Gautam,R.; "Non-

invasive multimodal spectroscopic diagnosis for early-stage oral

cancer". BioOptics: Design and Application. 2023; pp DM4A–2
[36].

4. Maryam, S.; Nogueira, M. S.; Moorthy, S. K.; Sekar, S.; Lu, H.;
Gautam, R.; Burke, R.; Andersson-Engels, S.; Riordain, R. N.; Shea-
han, P. "Multi-configuration Raman spectrometer for early-stage

diagnosis of oral cancer". Biomedical Vibrational Spectroscopy
2022: Advances in Research and Industry. 2022; pp 20–26 [25].

5. Issatayeva, A.; Farnesi, E.; Maryam, S.; Cialla-May, D.; Kho, K.;
Schmitt, M.; Andersson-Engels, S.; Milanese, D.; Cucinotta, A.
"SERS Measurement of miRNA with the Potential Application for

Liquid Biopsy". Sensors and Electronic Instrumentation Advances
2024, 148 [37].

6. Innocente, S.; Maryam, S.; Andersson-Engels, S.; Komolibus, K.;
Gautam, R.;Visentin, A. "A comprehensive pipeline to integrate

preprocessing and machine learning techniques for accurate

classification in Raman spectroscopy". Data Science for Photonics
and Biophotonics. 2024; pp 51–57 [38].

7. Nogueira, M. S.; Maryam, S.; Amissah, M.; Killeen, S.; O’Riordain,
M.; Andersson-Engels, S. "Intestinal anastomosis automation

through diffuse reflectance spectroscopy : towards real time guid-

ance during robotic surgery". High-Speed Biomedical Imaging
and Spectroscopy IX. 2024; pp 66–70 [39].

8. Nogueira, M. S.; Maryam, S.; Amissah, M.; Killeen, S.; O’Riordain,
M.; Andersson-Engels, S. "Colorectal cancer surgical guidance

by using diffuse reflectance spectroscopy".Diffuse Optical Spec-
troscopy and Imaging IX. 2023; pp 15–20 [40].

9. Nogueira, M. S.; Raju, M.; Gunther, J.; Maryam, S.; Amissah, M.;
Killeen, S.; Lu, H.; O’Riordain, M.; Andersson-Engels, S. "Accurate

colorectal cancer detection and delineation by probing superficial

and deeper tissue biochemistry and microstructure using diffuse

reflectance spectroscopy". Molecular-Guided Surgery: Molecules,
Devices, and Applications VIII. 2022; p 1194302 [41].

10. Nogueira, M. S.; Maryam, S.; Amissah, M.; Lu, H.; Lynch, N.; Killeen,
S.; O’Riordain, M.; Andersson-Engels, S. "Improving colorectal

cancer detection by extending the near-infrared wavelength range
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and tissue probed depth of diffuse reflectance spectroscopy: a

support vector machine approach". Optical Biopsy XX: Toward
Real-Time Spectroscopic Imaging and Diagnosis. 2022; pp 12–21
[42].

11. Nogueira, M. S.; Raju, M.; Gunther, J.; Maryam, S.; Amissah,
M.; Killeen, S.; O’Riordain, M.; Andersson-Engels, S. "Optical

determination of superficial and deeper tissue biochemistry and

microstructure for delineation and early detection of colorectal

cancer". Translational Biophotonics: Diagnostics and Therapeutics.
2021; pp 74–76 [43].

12. Nogueira, M. S.; Li, C. L.; Maryam, S.; Tyndall, C.; Donovan, S.;
Komolibus, K.; Gunther, J. E.; Sekar, S. K. V.; Jayet, B.; Fisher, C.;
Andersson-Engels, S. "Multidisciplinary teaching and learning

biophotonics: assessing the effectiveness of fully online outreach

events". Optical Interactions with Tissue and Cells XXXIII; and
Advanced Photonics in Urology. 2022; pp 112–122 [44].

13. Saito Nogueira, M.; Amissah, M.; Maryam, S.; Lynch, N.; Killeen,
S.; O’Riordain, M.; Andersson-Engels, S. "Optimization of tissue

classification for colorectal cancer detection using support vector

machines and diffuse reflectance spectroscopy". Translational
Biophotonics: Diagnostics and Therapeutics 2021, 11919, 1191929
[45].

14. Saito Nogueira, M.; Maryam, S.; Amissah, M.; Lynch, N.; Killeen, S.;
O’Riordain, M.; Andersson-Engels, S. "Benefit of extending near-

infrared wavelength range of diffuse reflectance spectroscopy for

colorectal cancer detection using machine learning". Translational
Biophotonics: Diagnostics and Therapeutics 2021, 11919, 1191928
[46].

15. Nogueira, M. S.; Komolibus, K.; Gunther, J. E.; Sekar, S. K. V.; Jayet,
B.; Tobo, A. L. P.; Li, C. L.; Maryam, S.; Tyndall, C.; Kennedy,
D.; others; "Online learning combining virtual lectures, at-home

experiments and computer simulations: a multidisciplinary teach-

ing and learning approach. Education and Training in Optics

and Photonics". 2021; pp F2B–6 [47].
16. Nogueira, M. S.; Maryam, S.; Amissah, M.; Lu, H.; Manning,

E.; Killeen, S.; O’Riordain, M.; Andersson-Engels, S. "Broadband

diffuse reflectance spectroscopy for colorectal surgical guidance";
Optical Interactions with Tissue and Cells XXXI. 2020; p 1123802
[48].

Conclusion

This chapter has outlined the scope of this thesis, presenting the objectives,
hypothesis, and structure, thereby setting the stage for the subsequent
chapters. It highlights the importance of early-stage disease diagnosis
in the oral and gastrointestinal tract, particularly focussing on the trans-
formative potential of biophotonics in this domain. It also emphasised
the critical need for non-invasive innovative diagnostic methods, such
as Raman and DRS to address the challenges in the current diagnostic
methods. With this fundamental knowledge, the following chapter will
provide theoretical framework to understand spectroscopic techniques
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employed in this research to improve diagnostic accuracy and patient
outcomes in the context of oral diseases.
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This chapter provides an overview of the fundamental principles of
light propagation in various media, focusing on biological tissues. These
concepts are crucial to understand the experimental and analytical
methods employed in the studies presented in this thesis. Specifically,
the basics of Raman scattering, including its classical description and
selection rules, form the foundation for papers II, III and IV. These papers
investigate applications of Raman spectroscopy for tissue and saliva
analysis. Additionally, a detailed discussion of light-tissue interaction,
encompassing absorption, scattering, and radiative transport, underpins
the modeling and interpretation of diffuse reflectance spectroscopy
data in Papers V and VI. By addressing both theoretical and practical
aspects, this chapter establishes the groundwork for the experimental
and computational approaches adopted in subsequent chapters.

2.1 Light propagation in different media

Light travels in a straight line from its source but when it encounters an
obstacle or when the light travels through one medium to another with a
different refractive index (n), it can exhibit behaviours such as reflection,
refraction, absorption and scattering.

Figure 2.1: Light travelling through a
medium of different refractive indices,
where 𝑛2 > 𝑛1.

1. Direct transmission: When light travels through a homogeneous

medium with uniform optical properties, it can pass through
without being absorbed, scattered, or reflected maintaining its
original characteristics. Scattered light can also pass through the
medium, but it will be dispersed in different directions. However,
as light transitions from one material to another with a different
refractive index, it may refract at the interface, with its direction
determined by Snell’s law 1

1: When the light enters in to a medium
of higher refractive index, it bends to-
wards the normal because of the change
in the speed of light in different me-
dia. According to Snell’s law, when the
medium is changed, the ratio of sin of
angle of incidence (𝜃𝑖 ) and angle of re-
fraction (𝜃𝑟 ) of a wave is constant.

𝑛1𝑠𝑖𝑛(𝜃𝑖) = 𝑛2𝑠𝑖𝑛(𝜃𝑟 )

.
2. Specular reflection: Specular reflection occurs when light reflects

of a smooth and polished surface at the same angle as the angle of
incidence. Mirror is a common example of specular reflection. This
type of reflection produces clear and sharp images

3. Total internal reflection: When the light moves from a medium
of higher refractive index to a medium of lower refractive index at
an angle greater than the critical angle 2

2: The angle of incidence for which the
angle of refraction is 90◦ or greater is
called the critical angle.

then it is totally internally
reflected.

(Figure 2.1) represents light propagation in a homogeneous medium.

4. Scattering: When light encounters a heterogeneous medium, scat-
tering occurs due to local variations in refractive index at the
microscopic scale, caused by impurities, structural irregularities,
density variations. When light travels through such a medium,
these refractive index variations cause the light to deviate from its
original path, resulting in multiple scattering events. This results in
diffusion of light throughout the medium. The degree of scattering
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is influenced by the concentration, size and refractive index con-
trast of the heterogeneities relative to the wavelength of light. For
example, if the scatterers are much smaller than the wavelength,
Rayleigh scattering dominates, whereas Mie scattering becomes
significant for larger scatterers. Figure 2.2 depicts the schematic of
light propagation through a diffusive medium, where black dots
represent impurities or regions with varying refractive indices.

Figure 2.2: Schematic of light path within
a diffusive media with different concen-
tration of the scatterers.

5. Absorption Absorption occurs when the light energy is taken up
by the medium, converting it into heat and other forms of energy,
and reducing the intensity of the transmitted light.

2.2 Light propagation in biological tissues

Figure 2.3: Light propagation in tissue.

Having explored how light interacts with different media, it becomes
crucial to apply these principles to more complex, heterogeneous media,
like biological tissues.
Tissues are highly diffusive because of their multilayered nature, rough in-
terfaces, complex fibrous structure and critical composition. They exhibit
multiple scattering, primarily because of variations in refractive index
on micrometer and submicrometer scales. Subcellular components such
as mitochondria and cell membranes, which are lipid-rich, contrast with
the water-based intracellular and extracellular fluids, leading to signifi-
cant changes in the refractive index at this level. These inhomogeneities,
depending on their size relative to the wavelength of light, influence the
scattering behaviour. Structures smaller than the wavelength of light,
such as organelles or small protein aggregates, scatter light isotropically
in all directions, following the principle of Rayleigh scattering. In con-
trast, larger structures, such as entire cells, mitochondria or collagen
fibers, tend to scatter light predominantly in the forward direction, con-
sistent with Mie scattering. The size and refractive index mismatch of
mitochondria influence the g-factor, which describes the anisotropy3 3: Anisotropy describes the tendency of

scattered light to be directed in a specific
direction rather than being scattered uni-
formly in all directions. It is quantified
by the anisotropic factor "g".

of
scattering- how forward-scattered the light will be during each scattering
event. A higher g-factor indicates more forward scattering, as is often
observed in tissues with well-organized, larger subcellular structures.
This multiple scattering and absorption causes the light beam to spread
and attenuate as it propagates through the tissue, as depicted in Figure
2.3. Figure 2.4 represents schematics of light propagation within the
tissue, highlighting scattering and absorption. Along with the complex
nature of tissue and organelles, the polarization state of incident light
also modulates propagation and interaction of light with the tissue.

Incident
light beam

Tissue

Reflected light

Backscattered
light

Absorption

Scattering

Forward
scattering

Transmittance

Figure 2.4: Schematic representation of
the interaction of light with tissue.

2.3 Energy levels

An atom or molecule can only have discrete energy values. These energy
values are quantized due to the wave-particle duality of matter and are
named energy levels. The quantization of energy levels is described by
the Schrödinger equation. In atomic physics, principal energy levels are
considered as orbits of one or more electrons surrounding a positively
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4: Rydberg constant is a physical con-
stant. It describes the wavelength of light
absorbed or emitted by an electron while
transitioning between energy levels. Its
value is ≈ 1.09 × 107𝑚−1.

charged nucleus. These orbitals are named K, L, M, N, . . . shells. These
shells correspond to principal quantum numbers “n” (where n = 1, 2, 3,
4, 5 . . . ) [49]. If there is only one electron in the atomic orbital, such as in
hydrogen, energy state depends on the electrostatic interaction between
nucleus and electron, and is determined by the principal quantum
number n [50]. As shown in eq. 2.1

𝐸𝑛 = −ℎ𝑐𝑅𝐻
𝑍2

𝑛2 (2.1)

here, 𝐸𝑛 is the energy of n𝑡ℎ atomic orbital, h is Planck’s constant, c
represents the speed of light, 𝑅𝐻 is the Rydberg constant for hydrogen4,
n is the principal quantum number and Z represents the atomic number.
For atoms having more than one electron, Z is replaced by 𝑍𝑒 𝑓 𝑓 due to
the shielding effect caused by other electrons.
When atoms join by covalent bonds to form molecules, the atomic orbitals
affect each other’s energies to stabilize the system. As a result, bonding
and anti-bonding molecular orbitals are generated. A molecular energy
state is the sum of electronic, vibrational and rotational energies [50].

𝐸𝑡𝑜𝑡𝑎𝑙 = 𝐸𝑒𝑙𝑒𝑐𝑡𝑟𝑜𝑛𝑖𝑐 + 𝐸𝑣𝑖𝑏𝑟𝑎𝑡𝑖𝑜𝑛𝑎𝑙 + 𝐸𝑟𝑜𝑡𝑎𝑡𝑖𝑜𝑛𝑎𝑙 (2.2)

Electronic energy levels result from a change in the distribution of
electrons in molecular orbitals. Electronic transition between these levels
occurs due to absorption or emission of energy in the range of ∼ 1 to
several eV. These energy levels of a molecule are quantized because of
the wave-particle duality of matter. Their precise values are governed
by quantum numbers derived from solving the Schrödinger equation
[51].

E
n
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g

y

RAB (Internuclear separation)

Excited
electronic state

Vibrational levels

Ground state

Rotational levels

Figure 2.5: Electronic, vibrational and
rotational energy levels in a diatomic
molecule.

𝐻̂Ψ = 𝐸Ψ (2.3)

Here 𝐻̂ is the Hamiltonian operator, Ψ is the wavefunction and E is
eigenvalue [51]. The Hamiltonian for electronic energy level is:

𝐻̂𝑒𝑙𝑒𝑐𝑡𝑟𝑜𝑛𝑖𝑐 = −
∑
𝑖

Δ2
𝑖

2
−
∑
𝑖 ,𝐴

𝑍𝐴

𝑟𝑖𝐴
+
∑
𝑖> 𝑗

1
𝑟𝑖 𝑗

+
∑
𝐴<𝐵

𝑍𝐴𝑍𝐵

𝑅𝐴𝐵
(2.4)

here A, B represent two nuclei that make up the molecule; 𝑍𝐴, 𝑍𝐵 are
their atomic numbers respectively, and i, j are electrons; 𝑟𝑖𝐴 is the distance
between electron i and nucleus A, while 𝑟𝑖 𝑗 represents the distance
between electrons i and j; 𝑅𝐴𝐵 is the distance between two nuclei A and
B [52]. In eq. 2.4

▶ the first term represents the kinetic energy of electrons.
▶ the second term is due to the attraction between the electron and

nuclei.
▶ the third term shows repulsion between electrons.
▶ the fourth term is repulsion between both nuclei.

The electronic energy levels can be estimated from solving this equation
for a system of nuclei and electrons, leading to the quantization of energies.
Each electronic state has many vibrational states and is characterized by
vibrational quantum numbers "v". Moreover, each vibrational state has
a rotational structure, as shown in Figure 2.5, and its rotational energy
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states are represented by the rotational quantum numbers "J".
This complex interaction within molecules can be simplified through the
Born-Oppenheimer approximation by assuming that nuclear motions
(vibrational, rotational and translational) are much slower than the
electronic motion due to the mass difference between electrons and
nuclei. This enables a stepwise analysis of energy levels, allowing the
total molecular wavefunction to be separated into electronic, vibrational,
and rotational components [52].

Ψ𝑡𝑜𝑡𝑎𝑙 = Ψ𝑒𝑙𝑒𝑐𝑡𝑟𝑜𝑛𝑖𝑐(𝑟, 𝑅)Ψ𝑛𝑢𝑐𝑙𝑒𝑎𝑟(𝑅) (2.5)

where, r represents electronic coordinates, R nuclear coordinates,Ψ𝑒𝑙𝑒𝑐𝑡𝑟𝑜𝑛𝑖𝑐

is electronic wavefunction for a fixed nuclei and Ψ𝑛𝑢𝑐𝑙𝑒𝑎𝑟(𝑅) is nuclear
wavefunction.
Vibrational energy levels: Vibrations correspond to periodic motions of
the nuclei around equilibrium bond lengths within a fixed electronic state.
These motions are similar to a harmonic oscillator, and the vibrational
energy levels involve energies of the range of 0.1 eV. The vibrational
energy levels are given by:

𝐸𝑣 = ℏ𝜔(𝑣 + 1
2
) (2.6)

here, v = 0, 1, 2, 3 ...vibrational quantum number and 𝜔 is the vibrational
angular frequency [53].

Rotational energy levels: Rotation involves the overall angular motion
of the molecule. The associated energy levels are on the order of 1 meV.
The rotational motion is approximated as a rigid rotor [54]. Rotational
energy levels are estimated by

𝐸𝐽 =
ℏ2

2𝐼
𝐽(𝐽 + 1) (2.7)

here, J = 0, 1, 2, 3 ... representing the rotational quantum number and I is
the moment of inertia 5

5: Moment of inertia of a molecule is
given by

𝐼 = 𝜇𝑅2
𝑒

where

▶ 𝑅𝑒 = equilibrium bond length
▶ 𝜇 = reduced mass of the system.

. An energy-level diagram of a possible transition
is given in Figure 2.5. The equations described in this section form the
theoretical foundation for spectroscopic techniques like Raman and DRS,
which probe transitions between these quantized energy levels.

2.4 Absorption

Light absorption is the process by which light energy is converted to
other forms of energy such as fluorescence, sound or heat. It occurs when
atoms or molecules absorb energy from incident light, causing transitions
from their ground states to excited states. According to quantum theory,
the energy provided by the incident photon should be equal to the energy
difference between the excited state (𝐸10) and the ground energy state
(𝐸00) [55, 56].

Figure 2.6 represents an example of a molecule that is excited to the first
vibrational state of the excited electronic state having energy 𝐸10 from its
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ground state of energy 𝐸00. This transition can be described by eq. 2.8.

𝐸00 + 𝐸𝑃ℎ𝑜𝑡𝑜𝑛 → 𝐸10 (2.8)

where,
𝐸𝑝ℎ𝑜𝑡𝑜𝑛 = ℎ𝜈0 (2.9)

𝜈0 is the frequency of incident light wave and h is the Planck’s constant
6

6: Planck’s constant was introduced by
Max Planck in 1900. It defines the relation
of frequency of photon to its energy [56,
57]. It is given by:

ℎ = 6.626 × 10−34𝐽𝑠

or

ℎ = 4.136 × 10−15𝑒𝑉𝑠

where one electronVolt (eV) is the
amount of energy gained or lost by an
electron when moved across a potential
difference of one Volt (1 eV = 1.602×10−19

J).

.

When the system is in the first electronic state (𝐸10), the decay to the
ground energy state (𝐸00) results in the emission of a photon. If this
photon is emitted as the molecule returns to its ground energy state
after a certain lifetime without the influence of external radiation, this
process is termed spontaneous emission (Figure 2.7). The emitted photon
will have an energy equal to the energy difference between the two
energy states as referred in eq. 2.10 but the direction of emission and
polarization is random. This process is a fundamental mechanism of
light emission in various types of luminescence, such as fluorescence
and phosphorescence.

𝐸10 → 𝐸00 + 𝐸𝑃ℎ𝑜𝑡𝑜𝑛 (2.10)

In 1917 Einstein introduced the concept of stimulated emission (Figure
2.8), where emission of a photon is triggered by an external radiation
of energy ℎ𝜈0. An external photon interacts with an atom or molecule
that is already in its excited state, prompting it to drop to a lower energy
state and releasing an additional photon of the same energy in the same
direction as the incident photon, giving rise to coherent output radiation.
This phenomenon can be used to amplify a coherent electromagnetic
wave [55–57].

hν0

E12
E11
E10

E02
E01
E00

E1

E0

Figure 2.6: Photon absorption resulting
in excitation of molecule from a ground
state of energy 𝐸00 to a higher energy
state 𝐸10.

2.4.1 Beer-Lambert law and coefficient of absorption

If a monochromatic light with intensity 𝐼0 passes through an absorbing
medium, some of the light is absorbed by the medium and the intensity
of transmitted light is I (Figure 2.9). In spectroscopy, the term absorbance
(A) is commonly used to describe the amount of light absorbed by
the medium. It is the logarithmic ratio of incident light intensity (𝐼0)
to the intensity of transmitted light (I). Sometimes, it is also termed
optical density (OD). It is a dimensionless quantity and can be written
mathematically as,

𝐴 = log( 𝐼0
𝐼
) (2.11)

E12
E11
E10

E02
E01
E00

E1

E0

hν0

Figure 2.7: Spontaneous emission of a
photon by transfer of molecule to its
ground energy state 𝐸00. The average
lifetime for most of the energy states is
of the order of 10−9 s.

The Beer-Lambert law describes the relation between the light attenuation
and properties of the medium through which the light travels. According
to this law, the absorbance (A) is directly proportional to both the path
length (d) of the light in centimetres (cm) and the concentration (C) of
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the absorbers in the homogenous medium expressed in (𝑚𝑜𝑙 · 𝐿−1), as
shown in (eq. 2.12)

𝐴 ∝ 𝐶 · 𝑑 (2.12)

𝐴 = 𝜖𝜆𝐶𝑑 (2.13)

where 𝜖𝜆 is a proportionality constant, termed as the extinction coefficient.
It depends on wavelength 𝜆 and its units are [𝑐𝑚−1 · 𝑀−1]. It is also
sometimes named as the molar absorptivity of the medium. It is an
intrinsic property of the molecule and determines how strongly it can
absorb light at a particular wavelength [56]. From eq. 2.13 and eq. 2.11
absorbance (A) can be written as:

𝐴 = log( 𝐼0
𝐼
) = 𝜖𝜆𝐶𝑑 (2.14)

hν0
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E11
E10

E02
E01
E00

E1

E0

hν0

hν0

Figure 2.8: Stimulated emission of a pho-
ton by transfer of molecule to its ground
energy state 𝐸00.

In biological tissues, absorption occurs because of molecular chro-
mophores. These molecules are capable of absorbing light at specific
wavelengths. Each chromophore has an absorption cross section 𝜎𝑎𝑏𝑠
that is a quantitative measure of its ability to absorb light. Its unit is 𝑚2.
Mathematically, it can be expressed as

𝜎𝑎𝑏𝑠 =
𝑃𝑎𝑏𝑠
𝐼0

(2.15)

Where 𝐼0 is the incident light intensity in W/m2 and 𝑃𝑎𝑏𝑠 is the power
absorbed by the chromophores in W [56].

The absorption of a tissue is usually defined by its absorption coefficient
𝜇𝑎 [𝑐𝑚−1]. It represents the likelihood of photon absorption per unit
length as they travel through the tissue. It can be calculated using the
absorption cross section 𝜎𝑎𝑏𝑠 and the density 𝜌 of the absorbing particles
per unit volume:

𝜇𝑎 = 𝜌𝜎𝑎𝑏𝑠 (2.16)

In addition to the absorption cross section of the chromophores 𝜎𝑎𝑏𝑠 ,
𝜇𝑎 also depends on the concentration C and the extinction coefficient
𝜖𝜆 , which vary with the wavelength of incident light. Thus, it can
provide subtle information about the molecules in the sample and their
environment [56, 58]. The density (𝜌) of the absorber is related to the
concentration (C) of the medium in [𝑚𝑜𝑙 · 𝐿−1] using Avogadro’s number
(𝑁𝐴 = 6.022 × 1023), as described in eq. 2.17

𝜌 = 𝐶 · 𝑁𝐴 · 103 (2.17)

Here, the factor 103 converts the volume unit from liters (L) to cubic
centimetres (1 L = 1000 cm3)
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𝐼 = 𝐼0 e-𝜇𝑎 𝑑 

Figure 2.9: Transmission of light through
a liquid sample in a cuvette.

The transmitted light intensity I is described by the exponential decay
as:

𝐼 = 𝐼0𝑒
−𝜇𝑎𝑑 (2.18)
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by taking log of the eq. 2.18

𝑙𝑜𝑔( 𝐼
𝐼0
) = −𝜇𝑎𝑑 · 𝑙𝑜𝑔𝑒 (2.19)

from eq. 2.19 and eq. 2.14

𝜇𝑎 = 2.3026 · 𝜖𝜆𝐶 (2.20)

The reciprocal of 𝜇𝑎 [cm] is called absorption mean free path 𝑙𝑎 . It repre-
sents the average distance travelled by photon before getting absorbed.

𝑙𝑎 =
1
𝜇𝑎

(2.21)

In tissues, common chromophores that absorb light include haemoglobin,
bilirubin, myoglobin, cytochrome pigments or melanin, water and lipid
[58, 59].

2.5 Transmittance

Transmittance is another term related to absorbance used in tissue optics.
It is a measure of how much light is transmitted through the medium.
It is the ratio of transmitted light intensity (I) after traveling a distance
(d) to the incident intensity (𝐼0). It does not have any unit and is usually
measured in terms of percentage [60]. Mathematically, it is represented
as

𝑇 =
𝐼

𝐼0
= 𝑒−𝜇𝑎𝑑 (2.22)

Which can related to absorbance as:

𝑇 =
𝐼

𝐼0
= 10−𝐴 = 10−𝜖𝜆𝑐𝑑 (2.23)

2.6 Scattering

Scattering plays a significant role in tissue optics. In addition to absorption,
it is one of the key phenomena that contributes to the optical properties
and appearance of the material [61]. It occurs when light passing through
a medium changes its direction due to variation in the refractive index
within the medium. Scattering is a process that changes the direction of the
incident electromagnetic wave. As light undergoes multiple scatterings,
its original path is altered significantly, transforming a uniform and
collimated beam into a scattered and sometimes diffuse light propagation.
This scattered light appears diffused and spreads in multiple directions.
Unlike in the absorption process, light does not get attenuated during
scattering but is merely redirected. The degree of change in the initial light
form depends on the properties of the biological scatterers [62–64]. In
tissue, scattering is primarily caused by the change in the refractive index
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between different cellular and extracellular structures such as collagen
fibrils or lipid-water membrane interface within and surrounding each
cell [65, 66]. Thus, understanding the scattering of light in tissue can be
invaluable in disease diagnosis by distinguishing between healthy and
diseased tissues [62–64]. Scattering can be described by two parameters,
anisotropic factor (g) and scattering coefficient (𝜇𝑠). The anisotropic factor
refers to the distribution of light scattered in different directions relative
to incident light and is the average value of the cosine of the scattering
angles 7 7: Value of g varies between -1 and 1.

Where g = 1 means that all photons would
travel straight without changing direc-
tion, g = 0 represents isotropic scattering,
where light is scattered uniformly in all
directions, while g = -1 represents back-
ward scattering.

[67]. The scattering coefficient is the probability for a photon to
scatter per unit path length in tissue. Its unit is 𝑐𝑚−1 and is the product
of number of scattering particles per unit volume (N) and scattering cross
section 𝜎𝑠[𝑚2.]:

𝜇𝑠 = 𝑁𝜎𝑠 (2.24)

𝜎𝑠 , the cross section of a single particle is calculated as the ratio of
scattered power and intensity of incident light:

1/μs'

1/μs

Figure 2.10: Graphical representation of
𝜇𝑠 and 𝜇′𝑠 . For biological tissues, if g =
0.9 then 𝜇′𝑠 = 0.1𝜇𝑠 .

𝜎𝑠 =
𝑃𝑠

𝐼0
(2.25)

The reciprocal of scattering coefficient 𝜇𝑠 is the scattering mean free
path 𝑙𝑠 [cm]. It quantifies the distance covered by a photon before being
scattered.

𝑙𝑠 =
1
𝜇𝑠

(2.26)

In turbid media such as tissue, where light behaves diffusely, both pa-
rameters scattering coefficient and anisotropic factor (g) can be combined
as

𝜇′
𝑠 = 𝜇𝑠(1 − 𝑔) (2.27)

where
𝑔 = ⟨𝑐𝑜𝑠𝜃⟩ (2.28)

𝜇′
𝑠 is the reduced scattering coefficient, it is a measure of effective

scattering in the medium (Figure 2.10). Not all scattering events can
change the direction of the photon significantly, thus this coefficient
also accounts for anisotropic factor. This coefficient is particularly useful
in describing light transport in biological tissues8

8: In biological tissues, the anisotropic
factor (g) typically ranges between 0.8
and 0.99, reflecting the fact that scatter-
ing in tissues is predominantly in for-
ward direction or anisotropic.

where scattering is
primarily in the forward direction or anisotropic [56, 68]. The transport
mean free path (𝑙∗), the average distance a photon travels before its
direction becomes random, is inversely related to the reduced scattering
coefficient. It is a crucial parameter to understand the light propagation
in the tissue and is given by:

𝑙∗ =
1

𝜇′
𝑠 + 𝜇𝑎

(2.29)

Scattering can be classified as elastic and inelastic scattering [56].

2.6.1 Elastic scattering

Elastic scattering is a fundamental phenomenon in tissue optics. It occurs
when there is no change in the energy of the incident photon after
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scattering. During elastic scattering, the energy and frequency of the
incident photon are conserved. Elastic scattering is important for medical
imaging and diagnostic applications as it can provide information about
the structure and morphology of the tissue [69, 70]. Depending upon
the size of the light scatterer of the medium, elastic scattering can be
categorized as Rayleigh scattering and Mie scattering.

Rayleigh scattering

Rayleigh scattering9 9: Rayleigh scattering is named after
lord Rayleigh, who described it in the
19𝑡ℎ century.

occurs when light is scattered by particles much
smaller in size than the wavelength of light. The intensity of scattered
light varies with the inverse of the 4𝑡ℎ power of the wavelength, i.e.
𝜆−4(eq. 2.30). which makes shorter wavelengths (blue and violet) scatter
more than longer wavelengths (red light). In biological tissues, Rayleigh
scattering is less prominent because the wavelength of light is relatively
small compared to the size of the cellular component [71, 72].

𝐼𝑠 ∝
1
𝜆4 (2.30)

From Figure 2.11, if light of frequency 𝜈0 excites a molecule, the photon
emitted as a result of Rayleigh scattering will have the same energy as
the incident photon.

𝐸0 = ℎ𝜈0 (2.31)

Mie scattering

Mie scattering plays a significant role in interaction of light with biological
tissues, where the size of scatterers, such as nuclei, organelles, and
extracellular matrix components, are comparable to the wavelength of
incident light [66, 72]. In pathological conditions like OPMD, cancer or
fibrosis, abnormal cell proliferation leads to increased cellular density,
enlarged nuclei and altered extracellular architecture. These structural
changes modify the scattering profile of the tissue, enhancing Mie
scattering effects [73, 74]. Diffuse reflectance spectroscopy (DRS), which
relies on detecting backscattered light, is sensitive to these alterations.
Therefore, understanding Mie scattering is essential for interpreting DRS
signals and improving its diagnostic accuracy in identifying dysplastic
or malignant transformations in oral mucosa [66, 75, 76].

Sir Chandrasekara Venkata Raman won
a Nobel prize in Physics in 1930, for his
work on light scattering from liquids and
gases and for the discovery of Raman
effect.

2.6.2 Inelastic scattering

Inelastic scattering occurs when the incident photon of light loses or
gains energy during scattering and the wavelength of the incident light
changes after scattering due to energy transfer between a photon and the
medium. This type of scattering is the foundation of Raman spectroscopy,
where light is scattered from molecules with a change in wavelength
that corresponds to specific molecular vibrations [77–79]. Figure 2.11
depicts the Jablonski diagram for Rayleigh and Raman scattering, where
an incident photon of energy ℎ𝜈0 transits the molecule to a virtual energy
state10

10: A virtual energy state is a non-real
temporary intermediate state. It does not
have a fixed energy value as in the stable
molecular states. When a molecule tran-
sits through a virtual state, it quickly re-
turns to a vibrational level of the ground
state, releasing a photon of light.

"VS" and then returns to the ground state by releasing a scattered
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Figure 2.11: Jablonski diagram for Rayleigh and Raman scattering.

photon of the same energy in the case of Rayleigh scattering and different
energy in case of Raman scattering. The difference in energy either gained
(anti-Stokes) or lost (Stokes) by the photon is called the Raman shift and
is expressed in wavenumbers (𝑐𝑚−1

) Δ𝑆, Where from Figure 2.11, Δ𝑆
is

Δ𝑆 = ℎ𝜈0 − ℎ𝜈𝑆 = ℎ𝜈𝐴𝑆 − ℎ𝜈0 (2.32)

Sir Chandrasekara Venkata Raman was awarded the Nobel prize in
1930. He was studying scattering of light through different gases and
liquids when he noticed the presence of other lines at higher frequency,
in addition to the original monochromatic incident frequency. These lines
were independent of the excitation wavelength. He also noticed that the
scattered light spectrum is specific to the material and is different for
each molecule, and hence contains information related to the molecular
structure and vibrational energy levels of the material. Only one in 106

of the incident photons undergoes Raman scattering [80].

Stokes scattering

Stokes scattering occurs when a photon interacts with the molecule of the
medium, transiting it to a virtual energy state. The molecules then relax
immediately to a vibrational level in the ground electronic state, losing
energy and generating a red shifted scattered photon of lower energy
ℎ𝜈𝑠 . This shift towards longer wavelengths is characteristic of Stokes
scattering and is fundamental to unstimulated Raman spectroscopy
providing insights into molecular structures and dynamics [78]. Figure
2.12 represents different modes of molecular vibrations.

Stretching

Bending

Symmetric stretch

Scissoring

Asymmetric stretch

Wagging

Rocking 

Twisting

Out of plane bending

Figure 2.12: There are mainly six possible
vibrational modes in a molecules, such
as symmetric and asymmetric stretching,
wagging, twisting, scissoring, rocking.
Twisting, rocking and wagging modes
do not affect the chemical bond length,
but they only change their angles. In-
elastic scattering is highly specific to the
molecule because of distinct combination
of vibrational states.

Anti-Stokes scattering

Anti-Stokes scattering occurs when the scattered photon has more energy
than the incident photon. When a sample is illuminated by incident
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photons, some molecules are already in the excited vibrational state.
When they absorb a photon and get excited to a virtual energy state, they
may relax back to a lower energy state, releasing a blue-shifted photon,
which has higher energy, ℎ𝜈𝐴𝑆, than the incident one.
The intensity of anti-Stokes scattering11

11: Stokes and anti-Stokes lines provide
the same information about a molecule,
however, under normal conditions, it is
customary to measure only the Stokes
side of the spectrum, due to the high
signal-to-noise ratio.

depends on the population of
the molecules in the excited vibrational state, which in turn depends on
the temperature. Anti-Stokes lines provide information on the thermal
properties of the sample and can be used to measure the temperature
distribution within a sample [79]. The intensity of anti-Stokes Raman
scattering increases proportionally to the number of molecules 𝑁1 in
the excited state. At room temperature, the number of molecules in the
excited vibrational state decreases exponentially with the difference in
the energy levels of the excited and ground state, producing a very weak
anti-Stokes Raman signal [56]. The relative population in excite state(𝑁1)
and ground state (𝑁0) for ℎ(𝜈1 − 𝜈0) = ℎΔ𝜈 is given by the Boltzmann
distribution:

𝑁1
𝑁0

= 𝑒(−
ℎΔ𝜈
𝑘𝑇

) (2.33)

According to eq. 2.33, probability of Stokes transition is higher than the
anti-Stokes transition at thermal equilibrium. The intensity ratio depends
on the temperature according to the Boltzmann distribution.

𝐼𝑆

𝐼𝐴𝑆
∝ 𝑒(−

ℎΔ𝜈
𝑘𝑇

) >> 1 (2.34)

Rayleigh scattered light
Raman Stokes scatte

rin
g

Raman anti-Stokes

scattering

Incident light

Figure 2.13: Scattering of light.

Figure 2.14: Relative Raman intensities
for Rayleigh, Stokes and anti-Stokes vi-
brations.

Figure 2.13 depicts the scattering of light from a molecule and Figure
2.14 represents the relative Raman intensities of Rayleigh, Stokes and
anti-Stokes vibrations. For example, the Raman spectrum of silicon chip
has a strong first order Raman band at 520 𝑐𝑚−1 and a weak second order
band at 960 𝑐𝑚−1 in Stokes region. However, in the anti-Stokes region
only first order band is visible at - 520 𝑐𝑚−1 with a very low intensity
compared to the 520 𝑐𝑚−1 peak [81]. Thus, the Stokes region is most
important from a practical point of view because of higher signal-to-noise
ratio.

2.7 Classical description of Raman scattering

In classical mechanics [56, 82], Raman scattering is elucidated by consid-
ering the interaction between a diatomic molecule and a variable electric
field ’E’( Figure 2.15), represented as

𝐸 = 𝐸0𝑐𝑜𝑠2𝜋𝜈0𝑡 (2.35)

here 𝜈0 is the incident frequency from the laser and 𝐸0 is the amplitude
of the electric field. A changing electric field induces an electric dipole
moment P in the diatomic molecule :

𝑃 = 𝛼𝐸 (2.36)

Figure 2.15: Polarization of a dielectric
material under an external electric field.where 𝛼 represents the "polarizability" a proportionality constant. It

indicates the tendency of a molecule to acquire dipole moment under
the influence of an external electric field by distorting its electronic cloud.
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12:

𝑐𝑜𝑠(𝐴)𝑐𝑜𝑠(𝐵) = 𝑐𝑜𝑠(𝐴 + 𝐵) + 𝑐𝑜𝑠(𝐴 − 𝐵)
2

This interaction between the electric field and induced dipole produces a
Raman shift. Molecular polarizability is influenced by the frequency and
orientation of the electric field as well as the frequency of the molecular
vibrations. Substituting E from eq. 2.35 into eq. 2.36

𝑃 = 𝛼𝐸0𝑐𝑜𝑠2𝜋𝜈0𝑡 (2.37)

if the molecule starts vibrating at a frequency 𝜈𝑛 with an amplitude 𝑄0,
its nuclear displacement Q can be expressed as:

𝑄 = 𝑄0𝑐𝑜𝑠2𝜋𝜈𝑛𝑡 (2.38)

𝛼 can be expressed in form of a Taylor series:

𝛼 = 𝛼0 +
(
𝜕𝛼

𝜕𝑄

)
0
.𝑄 + higher terms (2.39)

If the amplitude of vibration (𝑄0) is very small, 𝛼 is a linear function of Q
by ignoring the higher terms of Taylor series. 𝛼0 is the polarizability in the
ground state and

(
𝜕𝛼
𝜕𝑄

)
0

represents the rate change of the polarizability
𝛼 with respect to the change in the nuclear displacement (Q) from the
equilibrium position. Now, insert this 𝛼 from eq. 2.39 in eq. 2.37:

𝑃 = [𝛼0 +
(
𝜕𝛼

𝜕𝑄

)
0
.𝑄].𝐸0𝑐𝑜𝑠2𝜋𝜈0𝑡

𝑃 = 𝛼0𝐸0𝑐𝑜𝑠2𝜋𝜈0𝑡 +
(
𝜕𝛼

𝜕𝑄

)
0
.𝑄.𝐸0𝑐𝑜𝑠2𝜋𝜈0𝑡 (2.40)

replace value of Q in eq. 2.40 from eq. 2.38: 12

𝑃 = 𝛼0𝐸0𝑐𝑜𝑠2𝜋𝜈0𝑡 +
(
𝜕𝛼

𝜕𝑄

)
0
.𝐸0𝑐𝑜𝑠2𝜋𝜈0𝑡.𝑄0𝑐𝑜𝑠2𝜋𝜈𝑛𝑡

𝑃 = 𝛼0𝐸0𝑐𝑜𝑠2𝜋𝜈0𝑡︸           ︷︷           ︸
Rayleigh

+ 1
2

(
𝜕𝛼

𝜕𝑄

)
0
.𝑄0.𝐸0[

anti-Stokes︷              ︸︸              ︷
𝑐𝑜𝑠2𝜋(𝜈0 + 𝜈𝑛)𝑡 +

Stokes︷              ︸︸              ︷
𝑐𝑜𝑠2𝜋(𝜈0 − 𝜈𝑛)𝑡]︸                                                               ︷︷                                                               ︸

Raman
(2.41)

According to classical theory, eq. 2.41 represents the complete dipole
moment due to Raman and Rayleigh scattering. The first term in the
equation is indicative of Rayleigh scattering, emitting light at frequency
𝜈0, while, later terms of the equation represent anti-Stokes and Stokes
shifts of the Raman scattering, demonstrating the gain and loss in energy
of the scattered photon [56, 82–84].
The intensity of the Stokes Raman scattering 𝐼𝑅 can be expressed in a
form reminiscent of the Beer-Lambert Law, eq 2.13, 𝐴 = 𝜖𝐶𝑑. If 𝐼0 and 𝜈0
represent intensity and frequency of the incident laser light, respectively.
Then 𝐼𝑅 is given by

𝐼𝑅 = 𝐾𝐼0𝜎𝑅𝐶𝑉 (2.42)

Where C is the concentration of the scattering molecules, V is the volume
from which the scattered light is collected and K is the proportionality
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constant and depends upon the experimental conditions of Raman
measurements. The coefficient 𝜎𝑅13

13: In absorption, absorptivity 𝜖, and
Raman cross section 𝜎𝑅 in Raman scat-
tering play almost similar role and are
a measure of probability of a particular
transition to occur. They represent in-
trinsic property of a molecule of light
absorption or scattering.

is the Raman scattering cross section
and it can be used to calculate the ability of a molecule to scatter light[56,
85]:

𝜎𝑅 ∝ (𝜈0 − Δ𝑉)4
(
𝜕𝛼

𝜕𝑄

)2

(2.43)

2.7.1 Selection rules

Raman spectroscopy can identify a molecular species from its spectral
fingerprint. However, all vibrational modes can not be observed by
Raman spectroscopy14

14: Vibrational modes that can undergo
Raman transition are called Raman ac-
tive, while transitions that are not per-
missible are Raman inactive.

. If the polarizability of the molecule is changed
during the vibration, that vibration is Raman active. According to eq. 2.41,
the vibration changing the polarizability 𝛼 with the nuclear displacement
Q should not be zero. i.e.

𝜕𝛼

𝜕𝑄
≠ 0 (2.44)

because from eq. 2.43

𝜎𝑅 ∝
(
𝜕𝛼

𝜕𝑄

)2

(2.45)

If the molecular vibrations do not change polarizability 𝛼, the vibra-
tion will be Raman inactive15

15: If the molecule has a change in dipole
moment during vibration, then it is said
to be IR active and if vibrations are asso-
ciated with the change in polarizability,
those are Raman active.

. This selection rule contrasts to infrared
spectroscopy (IR spectroscopy), as both techniques can be used to probe
vibrational modes. The cross section of vibrational absorption 𝜎𝐼𝑅 in
terms of dipole moment is

𝜎𝐼𝑅 ∝
(
𝜕𝑃

𝜕𝑄

)2

≠ 0 (2.46)

and the corresponding vibration will be IR active. If there is no change in
dipole moment, no absorption will occur [56, 83].

There are some general observations about IR and Raman spectroscopy:

▶ Symmetric vibrations have relatively strong Raman signal and are
not IR active.

▶ Asymmetric vibrations generate a weak Raman signal but strong IR
signal.

▶ Bending vibrations generate a weaker Raman signal but strong IR
signal.

▶ A molecule can be both Raman and IR active [83].

2.7.2 Pros and cons of Raman spectroscopy

Raman spectroscopy offers a range of advantages and disadvantages
Figure 2.16, which are crucial to consider when deciding its applicability
in scientific research and analysis. While it provides significant benefits
through its non-invasive and detailed spectral information, it also presents
several challenges that can affect its effectiveness in certain applications. Figure 2.16: Pros and cons of Raman

spectroscopy
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Pros of Raman spectroscopy.

▶ No specific sample preparation is required.
▶ It is a non-destructive technique and provides control over the laser

intensity.
▶ Can be used either with microscope or fiber optic probe.
▶ Water is a weak Raman scatterer enabling measurements in native

state of the samples.
▶ Raman spectra of full spectral region from 50 𝑐𝑚−1 to 3800 𝑐𝑚−1

provide comprehensive chemical profiling [56, 83].

Cons

▶ High laser power is required to obtain a very weak Raman signal.
▶ High fluorescence background due to absorption.
▶ Expensive instrumentation.

In tissue, incident light undergoes multiple interactions that complicate
the analysis of large specimens. As light travels or is transmitted through
such turbid media, it experiences specular reflection, refraction, scattering,
transmission and absorption [86]. When an oblique ray of incident light
passes through a turbid medium such as from a tissue, some of the
photons may pass through the sample without any significant scattering,
such as in transmission. These photons maintain the direction and phase
of the incident light, travel the shortest path and reach the detector
earliest. These photons are called ballistic photons. In addition to these,
some of the photons, called snake photons, are slightly scattered in the
direction of the incident beam and are transmitted after the ballistic
photons. Most photons become completely diffused, i.e. they experience
large scattering angles and lose their original phase and polarization
state and carry no information related to the incident beam. Diffused
photons exiting the tissue on the same side as the illumination source,
at a distance from the point where light entered, contribute to diffuse
reflectance as shown in Figure 2.17 [56, 87]. A photon is scattered several
times before it gets completely diffused. The average distance travelled
by a photon before getting diffused is called the transport mean free
path. An intermediate regime, termed quasi-diffusive regime also exists,
where photons preserve a small information of their original phase and
direction [56]. However, typically, the dimension of small animals, organs
or tissue under observation is much larger than the scattering mean free
path. Thus diffused photons are much greater in number than ballistic
ones. To estimate the path of a photon within a biological tissue over
time, different theories have been proposed.

absorber
scatterer

θin θr

θt

Diffuse reflectance

Snake
photons

Ballistic
photons

Diffuse
photons

n1

n2

Collimated
beam

Figure 2.17: Multiple scattering of a colli-
mated light beam in a diffusive medium.

2.8 Radiative transport equation

The Radiative Transfer Equation (RTE) is a fundamental framework for
describing light propagation in biological tissues. It accounts for all the
phenomena affecting light propagation, including absorption, elastic
scattering, and the angular distribution of scattered light. This equation
is based on the principle of energy conservation and is also termed as
the Boltzmann equation [87]. The intensity of light per unit solid angle is
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called radiance. RTE describes changes in radiance L(−→𝑟 , 𝑠, 𝑡) at a point
in the medium as a function of position and direction. The equation
balances the loss of radiance due to absorption (negative terms), the gain
in radiance (positive terms) from the sources within the medium, such as
fluorescence. It is a differential equation and it states that when a beam of
light is travelling inside a tissue or a turbid media, it loses energy through
divergence and extinction, including both absorption and scattering away
from the beam. It also gains some energy due to the light source within
the medium and the scattering of light into the direction of interest.
Polarization, non-linear effects and coherence and inelastic collisions are
neglected while deriving RTE. Figure 2.18 represents the schematics of
energy flowing through a unit area dA from direction 𝑠′ to 𝑠 within solid
angle 𝑑Ω. Optical properties such as scattering coefficient 𝜇𝑠 , coefficient
of absorption 𝜇𝑎 , anisotropy g and refractive index n are considered time
invariant but they can vary spatially[88, 89]. RTE equations describe the
following events in the tissue when light enters.

1. 𝑠 directed photons being absorbed or scattered. Negative sign
represents loss of photons through attenuation.

2. Spatial variation of radiance along 𝑠 direction at position −→𝑟 . This
term is actually the boundary conditions converted to a position
term. This describes how much light enters a small volume versus
exiting the same volume.

3. Photons scattered into direction 𝑠 from all other directions 𝑠′. The
phase function is an important parameter for this.

4. Photons emitted from the source in direction 𝑠.

Thus RTE can be written as:

𝜕𝐿(−→𝑟 , 𝑠, 𝑡)
𝜕𝑡

1
𝑐
= −𝜇𝑡𝐿(−→𝑟 , 𝑠, 𝑡)︸        ︷︷        ︸

1

±∇𝐿(−→𝑟 , 𝑠, 𝑡)𝑠︸         ︷︷         ︸
2

+𝜇𝑠

∫
4𝜋

Φ(𝑠′, 𝑠)𝐿(−→𝑟 , 𝑠′, 𝑡)𝑑Ω′︸                              ︷︷                              ︸
3

+ 𝑆(−→𝑟 , 𝑠, 𝑡)︸     ︷︷     ︸
4

(2.47)
Where

Figure 2.18: Schematic of energy flowing
through a surface area dA at position −→𝑟
from direction 𝑠’ to 𝑠 within solid angle
𝑑Ω. 𝑛̂ represents the vector normal to
the surface area dA.

▶ 𝐿(−→𝑟 , 𝑠, 𝑡) is radiance at position −→𝑟 , in direction 𝑠 and at time t.
▶ c is the speed of light inside the medium.
▶ 𝜇𝑡 = 𝜇𝑎 + 𝜇𝑠 is the tissue attenuation coefficient.
▶ ∇ is the gradient operator. It represents the rate of change of the

radiance 𝐿(−→𝑟 , 𝑠, 𝑡) in space, and the direction of the gradient points
in the direction of the fastest increase in radiance. It is positive
when the radiance is increasing along the direction of the light
propagation and negative when the radiance is decreasing in the
direction of propagation due to light being absorbed or scattered.

▶ Φ(𝑠′, 𝑠) represents the phase function that describes probability of
the light propagating in direction 𝑠′ being scattered in direction 𝑠
in the form of a solid angle 𝑑Ω.

▶ 𝑆(−→𝑟 , 𝑠, 𝑡) describe light source [56, 88–90].

RTE has six independent variables to define spatial and temporal radiance
at any point (x, y, z from −→𝑟 , 𝜃 and 𝜙 from 𝑠 and t). To derive a solution
for RTE, one has to reduce the number of independent variables by some
reasonable assumptions, which will result in diffusion theory.
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2.9 Diffusion equation

Diffusion equation (DE) is an approximation of RTE primarily used to
study light propagation within tissue. It is a partial differential equation
and describes the spatial and temporal propagation of radiation energy.
It has two main assumptions:

▶ The medium considered is highly scattering. The probability of
scattering must be higher than for absorption, 𝜇′

𝑠 >> 𝜇𝑎 , allowing
light to diffuse through multiple scattering. After multiple scattering
events, the radiance is almost isotropic with a small gradient term.
This phenomenon is sometimes called directional broadening.

▶ In a scattering medium, the change in the photon flux density is
less than unity over one transport mean free path [90].

Thus, the number of independent variables is reduced in DE because
light propagation is considered to be almost isotropic, hence directional
dependency, apart from a gradient term, is neglected. For nearly isotropic
radiance (anisotropic factor would be g=0) L is expanded to first order of
spherical harmonics. The general form of diffusion equation is

𝜕Φ(𝑟, 𝑡)
𝜕𝑡

= 𝐷∇2Φ(𝑟, 𝑡) (2.48)

Where 𝜕Φ(𝑟, 𝑡) represents quantity of interest, which in case of tissue is
fluence rate at position r and time t. D represents the diffusion coefficient
16

16:

Diffusion coefficient = 𝐷 =
1

3(𝜇𝑎 + 𝜇′𝑠 )

and ∇2 the Laplacian operator. When this DE is generalized to diffusion
of light in tissue, the equation is modified to account for the unique
properties of biological media, such as scattering and absorption. If
𝑆(−→𝑟 , 𝑡) is light source in the medium, the photon diffusion equation
would be:

1
𝑐

𝜕Φ(−→𝑟 , 𝑡)
𝜕𝑡

+ 𝜇𝑎Φ(−→𝑟 , 𝑡) − 𝐷∇2Φ(−→𝑟 , 𝑡) = 𝑆(−→𝑟 , 𝑡) (2.49)

This DE for tissue media (eq. 2.49) describes diffusion, absorption and
interaction of light with scattering particles within a tissue. Effective
attenuation coefficient 𝜇′

𝑡 and terms involving distances can help to
apply boundary conditions to understand spatial distribution of light.
By incorporating these factors, the diffusion equation provides a robust
framework for optical imaging and therapeutic applications, enabling
non-invasive diagnostics and targeted treatments [56, 68, 90, 91].

2.10 Light attenuation factor in tissue

Tissues possess complex structure. The propagation of light in tissue is
similar to a random walk and is governed by the absorption and scattering
occurring side by side with the inhomogeneity of the medium. Incident
light scatters and changes direction multiple times before emerging from
the tissue or getting absorbed [59]. In tissue, scattering, absorption and
correlated effects are scrambled together, and the distance traveled by
the incident light within the tissue sample is many times the size of
the sample. This dynamic interaction affects both the penetration depth
and the diffusion path of photons within the tissue matrix, profoundly
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Table 2.1: Important biological chromophores that contributes to the absorption of light

Chromophores Spectral range(nm) Reference

Nucleic acid 210 nm, 260 nm to 270 nm [92]
Aminoacid Around 185 nm to 320 nm [93]

Flavins 365 nm and around 450 nm [94]
Bilirubin Around 440 to 450 nm [95, 96]

Carotenoids 450 - 500 nm [97]
Lipids 760, 920, 1000 to 1350 nm and 1550 to 1870 nm [98, 99]

Porphyrins 380-750 nm [100, 101]
Oxyhaemoglobin(HbO2) Around 415, 542, 577 nm [102]
Deoxyhaemoglobin (Hb) Around 430 nm and 555 nm [102]

Proteins 260 - 300 nm, 1400 to 1700 nm, above 3000 nm [103–106]
Melanin 400 to 700 nm [107, 108]
Water Around 980 nm and beyond 1200 nm, 1450 nm, 1950 nm [109, 110]

influencing the diagnostic capabilities of optical methods [55]. Although
each tissue has its unique optical signal, it is often feasible to approximate
the optical properties of the tissue, based on some general components
such as water, which makes 75% of the body mass and is a major
chromophore. Water absorbs strongly in the NIR region (𝜆 > 1400𝑛𝑚)
[111]. Blood has pronounced absorption in the visible region of the
spectrum due to bilirubin and haemoglobin. Therefore, absorption in
tissue is usually dominated by water and blood. Other chromophores
that absorb light at specific wavelengths (in lower part of the visible and
UV region (𝜆 < 500𝑛𝑚)) are melanin and proteins. Table 2.1 lists some
common absorbers found in tissue, along with the wavelength ranges
at which they exhibit high absorption [58]. Blood also has significant
scattering properties. It contains disc-shaped red blood cells (RBCs) and
other cellular components suspended in plasma. RBC has thickness
around 2 𝜇m and diameter 7 to 9 𝜇m. The size and refractive index
mismatches between these components and the surrounding plasma
cause significant scattering of light. The volume of RBC and the extent
to which they agglomerate also affect the scattering properties. This
scattering contributes to the red color of blood and affects the way light
propagates through tissues where blood is the primary scatterer [55, 57,
59]. This combined effect of scattering and absorption in tissue can be
explained with an interaction or total attenuation coefficient 𝜇𝑡 , which
is the decrease in incident energy per unit area due to absorption and
scattering, as the distance traversed within tissue is increased.

𝜇𝑡 = 𝜇𝑎 + 𝜇𝑠 (2.50)

Optical window

The therapeutic window is the region of the spectrum which has minimal
absorption and reduced scattering. It refers to the light wavelengths
that can penetrate the tissue deeper, mainly spanning between 700 and
1100 nm. Additionally, there are two comparatively less transparent and
narrow windows at 1300 and 1600 nm. Although there are different
opinions on this, it is crucial to consider the effective wavelength while
developing a biological probe or a photoactivated drug to determine
the effectiveness of particular therapeutic agents[56, 112]. Figure 2.19
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Optical Window

Figure 2.19: Absorption spectra of tissue chromophores and optical window [4]

presents the absorption coefficients of common components of human
skin as a function of wavelength.

Conclusion

This chapter has laid the theoretical foundation for understanding the
interaction of light with biological tissues. It is focused on the principles of
absorption, scattering and Raman spectroscopy, as well as mathematical
models such as the radiative transport and diffusion equations. These
concepts are crucial for interpreting the experimental results presented
in the subsequent chapters. The insights into light propagation in tissues,
combined with the fundamentals of Raman scattering, directly inform
the analysis and methodologies discussed in the upcoming sections
of this thesis, particularly in relation to their application in early-stage
cancer diagnostics using Raman and diffuse reflectance spectroscopy.
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Chapter 3 provides a literature review on oral diseases, specifically focus-
ing on oral cancer (OC) and oral potentially malignant disorders (OPMD).
This chapter builds upon the fundamental concepts of light-tissue inter-
action discussed in Chapter 2, which is crucial for understanding the
principles behind optical diagnostic techniques. This chapter reports the
progress and aetiology of oral cancer and OPMD, along with the clinical
challenges in diagnosing these conditions. The main focus is on existing
diagnostic methods, including the gold standard procedures of biopsy
and histopathology, and the integration of optical techniques to improve
diagnostic precision. In addition, this chapter explores other diagnostic
modalities, including chemiluminescence, molecular and biochemical
assays, mass spectrometry, and nuclear magnetic resonance spectroscopy,
which offer complementary approaches for the detection and monitoring
of oral diseases. This review also sets the stage for Chapter 4, which will
focus on the application of optical spectroscopy in oral diagnostics, high-
lighting the gap in current technology and potential of optical techniques
for early detection and non-invasive screening.

3.1 Oral Cancer

Oral squamous cell carcinoma (OSCC) is the most common cancer that
occurs in the oral cavity. It usually arises from surface epithelial cells of the
oral cavity [113] and has a high mortality rate due to being asymptomatic
until the advanced stages of the disease. It can occur in any part of the
oral cavity, including the cheeks, gums, lips, tongue, floor of mouth and
palate [114]. Along with other head and neck tumours it is the sixth most
common cancer worldwide. According to a recent report by the World
Health Organization (WHO), the number of new cases of lip and oral
cavity cancer in 2022 was approximately 0.38 million, which is estimated
to increase to 0.47 million by 2030 [16].
The incidence of oral cancer varies geographically as shown in Figure 3.1.
More than 40% of oral cancer cases are in developing Asian countries
including India, Pakistan, Bangladesh and Sri Lanka [16]. The varying
incidence rate of oral cancer across different regions of the world could
be attributed to distinct social practices. For example, in Eastern Europe,
France and America higher rate of oral cancer is associated with excessive
consumption of tobacco and alcohol [115–117]. Whereas in India, Pakistan,
Bangladesh and other Asian countries, tobacco and habitual chewing
of paan (a combination of betel nut, lime and tobacco) are the principal
cause of oral cancer [118, 119]. Chronic paan chewing leads to repeated
mechanical irritation of the oral mucosa, while chemical constituents
such as nicotine induce oxidative stress, DNA damage and abnormal
collagen deposition [120]. Several studies have shown a strong correlation
between paan chewing and increased risk of oral submucous fibrosis [121,
122] and squamous cell carcinoma [123]. The incidence rate of oral cancer
is also related to the age of the subject and increases dramatically after 40
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1: WHO classification of OPMD 2020
[136]

▶ Erythroplakia
▶ Leukoplakia
▶ Oral Lichen Planus (OLP)
▶ Proliferative Verrucous Leuko-

plakia (PVL)
▶ Oral Submucous Fibrosis (OSF)
▶ Actinic Cheilitis (AC)
▶ Discoid Lupus Erythematosus

(DLE)
▶ Oral Graft Versus Host Disease

(OGVHD).

years of age [124]. Overall low survival rate is attributed to the late stage
of diagnosis [125, 126]. In Ireland, approximately 50% of patients with
oral cancer were diagnosed with stage IV oral cancer between 2018 and
2020, which is an increase compared to the figures for 2015-2017 (40%)
[127]. Delayed diagnosis can preclude the effectiveness of a treatment and
the likelihood of positive outcomes [125, 126]. Many cases of OSCC have
their origin in oral potentially malignant disorders (OPMD). Patients
having OPMD have a higher chance of developing oral cancer [128, 129].
To improve the prognosis and survival rate, it is crucial to diagnose and
manage OPMD properly. Since the oral cavity can be easily visualized
and the lesion is easily accessible, the oral cavity is a suitable location
for early-stage diagnosis. However, it is alarming that only 34% of oral
cancers are diagnosed at early-stage [130, 131]. Dentists and general
practitioners usually find patients with early-stage cancer or potentially
malignant lesions during regular check ups. That is why there is a need
to enhance awareness and understanding of these disorders among this
group of clinicians and to provide them with easy-to-operate, real-time
diagnostic systems, methods and possibly with a standardized screening
approach that can help them decide the next course of action [132].

AFRO, 11287

PAHO, 50235

EMRO, 23429

EURO, 67018

SEARO, 177258

WPRO, 60538

Figure 3.1: Estimated number of new
cases of oral cancer in 2022 (both gen-
ders, all ages)
Africa region (AFRO), Americas re-
gion (PAHO), East Mediterranean region
(EMRO), WHO Europe region (EURO),
South-East Asia region (SEAR), Western
Pacific region (WPRO)
All data sourced from the International
Agency for research on Cancer, World
Health Organization [16].

3.2 Oral potentially malignant disease (OPMD)

Warnakulasuriya et.al. [133] describes OPMD as a group of mucosal
disorders in which morphologically altered tissue has a higher chance of
developing OSCC. The concept of "precancer" was introduced in 1805,
when a European panel of physicians suggested that there are some
benign lesions that can develop into invasive malignant lesions if left
untreated for a long time [133, 134]. In 1964, WHO began using the term
"precancerous lesions" implying that OC evolves at the same location as
a precancer lesion. This term was further categorized as "precancerous
lesion" (including leukoplakia and erythroplakia) and "precancerous
condition" (including oral submucous fibrosis, oral lichen planus (OLP),
actinic keratosis etc.) [135]. However, in 2005 WHO coined a more
comprehensive term of oral potentially malignant disorder (OPMD) 1,
considering the fact, that only some of these lesions progress to cancer
contrary to what the term ’precancerous’ would suggest and that the
cancer can not only appear at the affected location but anywhere in the
oral cavity. This new terminology resulted in ruling out various terms
used previously such as "pre-cancer", "pre-malignant", "intraepithelial
lesion" and "epithelial precursor lesions" [136]. This acknowledged the
fact that patients having any mucosal disorder or a specific defined
lesion could have a higher potential of developing oral cancer in any
part of the oral cavity in their life time. OPMD encompass a wide
group of clinical conditions including leukoplakia, erythroplakia, oral
lichen planus, actinic keratosis etc. [133]. Most of these OPMD lesions
share similar characteristics at molecular, genomics and cytological level
[136].
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3.3 Aetiological factors

Several lifestyle and biological factors can contribute to the development
and progression of OPMD or oral cancer. The most important and
well-understood aetiological factors are as follows:

▶ use of tobacco, including smoking cigarettes, cigars, pipes, chewing
tobacco and snuff.

▶ heavy alcohol or use of alcohol containing mouthwash.
▶ excessive exposure to sunlight on the lips.
▶ chewing betel quid or areca nuts.
▶ week immune system.
▶ trauma and dental irritation.
▶ genetic factor.

Alcohol consumption and tobacco use are the primary risk factors for oral
cancer; however, anatomical location of OPMD and oral cancer may also
be influenced by specific aetiological factor to some extent. For instance,
tobacco smoking shows the high relative risk for OSCC in the retromolar
region, followed by the floor of the mouth, whereas alcohol consumption
has higher relative risk for OSCC in the floor of the mouth [137, 138].
Excess sun exposure is associated with the development of malignancy
on the lips [139]. Trauma, dental irritation, and chewing, betel, quid or
areca nut can be highly associated with cancer or OPMD on the cheek
mucosa [123]. Human papillomavirus (HPV)is also a common causative
agent of OSCC in the oropharynx ; however, it cannot be associated with
cancer in the oral cavity[139].

3.4 Disease progression and presentation

Squamous
epithelium
Basement
membrane

Connective
tissue

Blood
vessels
Muscle
fibers

Stroma

Mucosa

Figure 3.2: Oral mucosa consist of strat-
ified squamous epithelium and under-
lying layers of connective tissue lamina
propria. These two layers are separated
by basement membrane from the submu-
cosa. Most oral lesions or OPMD start
from the top epithelium membrane.

Healthy tissue

Mild dysplasia

Moderate dysplasia

Severe dysplasia

Carcinoma in situ

Figure 3.3: Structural alterations at dif-
ferent stages of dysplasia during carcino-
genesis. [140]

Oral cancer usually arises in the squamous epithelium Figure 3.2. Cancer
development is a multistep process [141]. Prolonged exposure to an
external irritant results in increased cell proliferation, change in size of
cells, nucleus enlargement and reduced cytoplasmic volume. Mutated
cells escape immune surveillance and proliferate without control. This
cell proliferation is called hyperplasia. If the irritant continues to affect
the tissue, it causes degradation and mucosal atrophy (thinning of the
epithelium) and eventually it will lead to malignant transformation or
apoptosis. Cellular atypia (cellular abnormality) is typically a first sign
and the further appearance of dysplasia confirms disease progression
and helps gauge the risk of malignancy. [142].
In the early-stages of oral cancer many lesions may present as flat white
(leukoplakic) or red (erythroplakic), or exophytic (verrucous) lesions.
These lesions are usually painless but discomforting and may show
variable degrees of dysplasia, which could be associated with a potential
premalignancy. At a later stage, the lesion can present itself as a painful
non-healing ulcer. Patients with oral potentially malignant disorder
(OPMD) are more likely to develop invasive carcinomas (a precursor
lesion of OSCC) compared to people with healthy mucosa [113, 128].
Leucoplakia and erythroplakia are medical terms that describe the
physical appearance of the lesion, however, dysplasia is a term used in
histology to describe changes in the cell morphology and the structure
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of tissues. It is characterized by cellular irregularities and structural
alteration within layers of epithelium, as shown in Figure 3.3.

Pathologists typically employ a three level grading system to categorize
dysplasia: mild, moderate, severe dysplasia depending on the alteration in
structural morphology and cellular structure. When dysplasia progresses
to its most advanced form, it is termed carcinoma in situ [143, 144].
Table 3.1 describes the details of this classification. Almost all cases of
erythroplakia and 5% to 25% of leukoplakia represent some degree of
dysplasia. However, these histological classifications are subjective and
semi-quantitative and are challenging to use routinely. The Smith and
Pindborg grading system in Table 3.1 provides a quantitative measure of
the severity of epithelial dysplasia based on specific histological features.
It assigns scores to parameters such as mitotic activity, cellular atypia
and architectural disturbances. Based on this score, the lesion is then
classified into different grades - mild, moderate or severe, providing a
standardized method for assessing the risk of malignant transformation.
To reduce subjectivity in grading of dysplasia, WHO has introduced
a binary system for classification of dysplasia consisting of "low risk"
(negative or mild) and "high risk" (moderate or severe) dysplasia for
better clinical use and reproducibility [132].

Table 3.1: Grading of various stages of dysplasia with Smith and Pindborg scoring [145].

WHO dysplasia

grading

Structural alterations Smith and Pindborg

grading system scores

Squamous
hyperplasia

Increased cellularity with preserved structural
morphology

No dysplasia No Changes in structural morphology 0-10
Mild dysplasia Extended to lower third of epithelium with

mild cellular atypia
11-25

Moderate
dysplasia

extended to middle third of epithelium with
moderate cellular atypia

26-45

Severe dysplasia extended to two third of epithelium with
moderate or severe cellular atypia

Above 45

Carcinoma in
situ

full-thickness epithelial atypia with structural
irregularities; Stage 0 oral cancer

These structural and cellular changes in OPMD indicate a higher likeli-
hood of the lesion becoming malignant. Some healthcare professionals
consider the severity of dysplasia as a gold standard, where lesions with
severe dysplasia have a higher probability of developing to malignancy.
However, the presence of severe dysplasia does not definitively indicate
malignancy [128]. Therefore, it is necessary to manage the condition
through regular monitoring, timely intervention and targeted treatment
to prevent its progression to a malignant lesion.

During carcinoma progression, several histopathological changes can
be observed, including the downward invasion of irregularly shaped
malignant cells, keratinization, increased epithelial proliferation and
an associated inflammatory response. Key pathological features that
distinguish carcinoma from healthy tissue include nuclear irregularities
and change in nuclear size and shape [146]. Currently, clinicians use the
tumour-nodes-metastasis (TNM) staging method to estimate the survival
and decide a treatment method. This TNM system is based on
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▶ T: size of original Tumour
▶ N: indicates if cancer has spread to lymph nodes
▶ M: Presence of distant metastasis to different parts of the body from

the primary location

Table 3.2 presents different stages of oral cancer with TNM classification,
clinical presentation and estimated five-year survival rates [147–149].
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Table 3.2: TNM staging of OSCC preposed by WHO

Stage Presentation Size ;

depth

TNM stage 5 year

survival

rate

estimate

Potential optical

contrast

Stage I Carcinoma in situ,
not spread to other

parts of body or
lymph nodes. Very
early-stage cancer.

< 2cm; <
5mm

T1, N0, M0 86% High contrast- in-
creased scatter-
ing and absorp-
tion in localized
areas due to tis-
sue hetroginity.

Stage
II

Cancer is localized
and has not

metastasized or
spread to lymph

nodes

2 cm –
4cm; 5

mm – 10
mm

T2, N0, M0 61% Moderate
contrast-tumour
growth and
vascularization
changes cause
scattering &
absorption .

Stage
IIIA

Cancer has not
metastasized or
spread to lymph

nodes

> 4 cm; >
10 mm

(T3, N0, M0) Significant op-
tical changes
- large and
dense tumour
structure affect
scattering.

Stage
IIIB

Cancer is localized
but is present in a
single lymph node

close to the primary
tumour

< 3cm T1 to T3, N1,
M0)

69% Possible in-
creased
haemoglobin
absorption in
lymph nodes.

Stage
IV A

Cancer has spread
to nearby tissue and

to one nearby
lymph node

3 cm –
6cm

T4a, N0 or
N1, M0 ; or

T1 to T4a, N2,
M0

Strong contrast
from large tu-
mour, tissue
invasion &
haemoglobin.

Stage
IV B

Cancer is not
metastasized but
present in lymph

nodes or has
invaded muscles

and bones

> 6 cm any T, N3,
M0; or

T4b,any N,
M0

39% Reduced con-
trast in distant
metastasis due
to tissue hetro-
genity

Stage
IV C

Cancer has spread
to other parts of

body
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3.5 Diagnosis

3.5.1 Gold standard diagnostic procedure-biopsy and

histopathology

Table 3.1 and Table 3.2 not only present different stages of OPMD
and OSCC, they also suggest that early-stage diagnosis can improve
the five-year survival rate and post treatment quality of life. However,
early-stage diagnosis of OPMD is challenging as these lesions often
exhibit non-specific progression patterns and multifocal presentation,
necessitating multiple biopsies, which are not always feasible. It is difficult
to predict which potentially malignant lesion will progress to OSCC
as histological grades do not always serve as a reliable indicator. For
instance, severe dysplasia might not advance whereas mild dysplasia
sometimes has potential to develop into OSCC [150]. At present, there is
no screening program available for OPMD diagnosis or for regular follow
up examinations. The gold standard diagnostic procedure for OPMD and
OSCC is the same, which is a detailed physical exam and palpation, family
history, followed by biopsy and histopathology. This type of diagnosis
is painful, invasive, time-consuming and has its limitations. It is also
subjective to sampling error [151]. Accurate diagnosis depends on factors
such as biopsy site and adequate specimen submission to the laboratory,
quality of specimen and correct interpretation of biopsy. Clinically
innocuous oral premalignant lesions could be multifocal and can easily
go undetected, or sometimes, inappropriate sampling during biopsy
could result in overlooking some important features. This problem could
be more intensified with the heterogeneity in the tissue [140]. Moreover,
OPMD encompasses a diverse group of conditions with low to moderate
risk of developing into cancer. According to a recent study, only 18% of
biopsied lesions develop into cancer [152]. Therefore, time consuming,
costly and invasive management strategies are not justified and should be
reserved for high risk cases. Some diagnostic procedures for oral cancer
and OPMD are discussed below.

3.5.2 Other diagnostic methods

3.5.3 Brush biopsy

Brush biopsy2

2: Advantages of brush biopsy

▶ Chair side test.
▶ Less invasive.
▶ Less bleeding in comparison to

scalpel biopsy.
▶ Relatively less painful.
▶ can detect OPMD.

Drawbacks of brush biopsy

▶ Requires confirmation through
scalpel biopsy.

▶ Time consuming.
▶ Topical anaesthesia may be re-

quired in case of ulcerated lesions.
▶ Limited to surface lesions only.
▶ Risk of false positive results.
▶ Specimen requires immediate fix-

ation.

is being used frequently in clinics to assess suspected
lesions. It is less uncomfortable for the patient and is non-invasive. The
sample is collected via a cytology brush by placing it on the tissue and
rotating it by 360◦. After a complete rotation sample is transferred on
a glass slide along the edge. It is crucial to fix the sample within a few
seconds to prevent degradation, which could compromise diagnostic
accuracy [153, 154].

3.5.4 Toluidine blue (TB)

Toluidine blue is an acidophilic dye that selectively binds with nucleic
acid resulting in the preferential staining of the tissue with high nucleic
acid content. It is commonly used in the clinic, particularly in the case of
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(400 – 460 nm )

Light
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(430 – 580 nm)

Malignant lesion
Figure 3.4: Mechanism used in chemilu-
minescence. Healthy tissue absorbs blue
light (452–489 nm) due to the presence
of natural chromophores (e.g., NADH,
FAD, and haemoglobin). Whereas, in ab-
normal mucosa acetic acid dehydrates
the cytoplasm and coagulates proteins,
leading to increased light reflection and
a white appearance [157].

patients over 40 years to aid in the visualization of suspicious mucosal
lesions. During the procedure, the oral cavity is rinsed with the blue
dye, which is absorbed by epithelial cells. The extent of dye absorption
correlates with the nucleic acid content of the cell leading to higher
uptake in abnormal cells as compared to the healthy tissue [155, 156].
Although toluidine blue staining is a sensitive and minimally invasive
procedure, its interpretation requires considerable experience. Moreover,
the method has low specificity and is prone to false positive results
[155].

3.5.5 Chemi-luminescence

This diagnostic procedure uses a chemical reaction between the target
molecule (the biomarker) and a specific antibody. A catalyst linked to
the antibody triggers the emission of light. The intensity and duration of
the emitted light corresponds to the concentration of the target molecule.
ViziLite has been used widely in the clinical settings, which works on
the same principle and can be used with TB or acetic acid3

3: Acetic acid is also sometimes used
in the clinical setting for diagnosing
OPMD. The area of interest is rinsed or
swabbed with 5 % solution of acetic acid.
Acetic acid dehydrates cells and coagu-
lates nuclear proteins [158, 159]. Under
ViziLite abnormal tissues often appear
aceto-white, while normal tissues remain
relatively unchanged. However, due to
low specificity compared to TB, its utility
is limited, and TB is considered far more
superior than Acetic acid [158]

, because
of nuclear enlargement, cancerous cells have a higher nuclear material
to cytoplasmic ratio. These cells or suspected lesions, when absorb
the dye and illuminated by ViziLite stick, appear white due to chemi-
luminescence [160]. Although this technique is easy to use, rapid and cost-
effective, it exhibits relatively low sensitivity and is prone to false-positive
results. Moreover, it can not differentiate between grades of dysplasia and
cancer. Figure 3.4 represents the basic principle of chemiluminescence.

Velscope is another light-based detection technique. It can detect lesions
without staining. This system uses a blue light in the range 400 nm to
460 nm to excite epithelial cells. Excitation induces autofluorescence that
differs between normal and pathological tissues. Increased metabolic
activity in pathological tissue causes them to fluoresce less under this
light and they appear dark as compared to healthy tissue [161]. VELscope
operates by detecting autofluorescence from flavin adenine dinucleotides
(FAD) and nicotinamide adenine dinucleotides (NADH). This technique
is non-invasive, cost efficient and has potential to serve as screening tool
but it also suffers form low sensitivity and cannot detect inflammatory
lesions, ulcers, keratosis and lichen planus. It can be used only as an
adjuvant diagnostic technique [162, 163]. Table 3.3 represents some of
the non invasive or minimally invasive devices that are being used
commercially for oral cancer and OPMD diagnosis.

3.5.6 Molecular and biochemical assays

Assay-based approaches, such as PCR (polymerase chain reaction), ELISA
(Enzyme-linked immunosorbent assay), and immunohistochemistry, can
detect specific biomarkers associated with OPMD. For instance, PCR-
based assays can identify DNA alterations [167], while ELISA measures
specific proteins or antigens in saliva or blood [168]. These highly sensi-
tive techniques require complex laboratory settings, making them less
suitable for real-time or point-of-care applications. There are several
saliva home test kits available. Where you collect saliva and send it to a
lab to be tested for cancer or related genetic changes. One of the most
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Table 3.3: Commercial devices for oral cancer diagnosis

Device Type Advantages Clinical use Drawbacks Ref.

VELscope Fluorescence • Easy to use
• Real time

Detection of oral
mucosa

abnormalities

• Limited
specificity • False

positive results

[162,
163]

ViziLite Fluorescence • Easy to use
• Real time

OC screening • Limited
specificity

• Requires thorough
follow up

[160]

OralCDx
Brush Biopsy

Brush Biopsy • Minimally
invasive • Quick
sample collection

OPMD and OC
diagnosis

• Limited sampling
depth • Require

follow-up invasive
biopsy

[153,
154].

Identafy Multimodal
optical imaging

• Provides
comprehensive

analysis

Detection of oral
lesions

• High cost
• Require special

training

[164]

Microscan OCT • High resolution
imaging

Evaluation of
tissue layers and

abnormalities

• Limited depth
• High cost

[165]

CancerDetect Saliva based
assay

• Highly sensitive Detect change in
DNA or

biomolecules

• Complex
laboratory setting

• Skilled personal

[166]

famous at-home kits is “CancerDetect Test for Oral and Throat Cancer”
[166, 169]. Although these tests are available for purchase, they are not
yet FDA approved and neither is included in the recommendations of
the screening program by European Oral Care in Cancer Group (EOCC)
or American Dental Association (ADA).

Apart from this, recent advancements in analytical methods have also
provided complementary and alternative approaches for OPMD diagno-
sis to improve early detection, patient outcome, and reduce reliance on
invasive procedures.

3.5.7 Mass Spectrometry

Mass spectrometry (MS) is a sensitive analytical tool used to identify
molecules based on their mass-to-charge ratio and for their quantification.
It is particularly valuable in profiling proteins, metabolites and lipids
in biofluids such as urine, saliva and blood for OPMD diagnosis [170].
Proteomics studies have revealed MMP-9 and interleukins as potential
diagnostic markers. Metabolomics studies using MS have identified
changes in inflammatory and energy metabolites, which are indicative
of malignant transformation. MS is a sensitive technique and is capable
of detecting trace level biomarkers [170, 171]. However, it comes at a
high cost in equipment and maintenance terms. It also requires skilled
personnel for sample preparation and data analysis.

3.5.8 Nuclear magnetic resonance spectroscopy

NMR provides detailed insights regarding the biochemical composition
of biological samples by analysing magnetic properties of their atomic
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nuclei. It has been widely used to study metabolic alterations associated
with cancer [172]. It can be used as a non-invasive diagnostic method using
saliva as a sample. However, expensive instrumentation is a limitation.
Also, it is less sensitive compared to MS for detecting low concentration
metabolites [172].

Table 3.4 compares some non-invasive optical approaches used for OPMD
and mainly for oral cancer diagnosis. It also covers their clinical use,
advantages and drawbacks. This table identifies the gaps where new
technologies might fit.
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Table 3.4: Some non-invasive optical techniques used for OPMD and OC diagnoses

Advanced

Approach

Principle Advantages Clinical Use in

Oral Cancer

Drawbacks Ref.

Toluidine Blue
Staining

Stains dysplastic
cells

• Immediate results
• Easy to use

• OC screening
• OPMD diagnosis

• Low specificity
• May miss some

lesions

[156,
173]

Fluorescence
Imaging

Autofluorescence • High sensitivity
• Detailed image

• OPMD and OC
diagnosis

• Affected by tissue
autofluorescence

• Require specific
dyes

[174–
177]

Optical
Coherence

Tomography
(OCT)

Captures
cross-sectional
images using
light waves

• High resolution
imaging

• Assessment of
oral tissue • Extent
of lesion

• Limited
penetration depth

• Expensive and
complex equipment

[178]

Confocal
Microscopy

High-resolution
imaging

• High resolution
• 3D imaging

• Evaluation of
cellular
morphology

• Limited depth
penetration

• Slower imaging
process• Expensive
and complex

[178–
180]

Spectral Imaging Analyses spectral
profiles

• Tissue
differentiation

• Characterization
of changes in tissue

• Expensive and
complex equipment

• Complex data
interpretation

[181,
182]

Mass
Spectrometry

(MS)

Analyse
mass-to-charge

ratio

• High sensitivity • Assess change in
concentration of
biomarkers

• Expensive
instrument

• Requires skilled
personnel

[170,
171]

Nuclear
Magnetic

Resonance
(NMR)

Magnetic
resonance of

nuclei

• Reproduceable
• Non-destructive

• Metabolic
profiling

• Expensive
• Less sensitive

[172]

Diffuse
Reflectance

Spectroscopy
(DRS)

Measures tissue
reflectance

• Real time tissue
differentiation

• Tissue
differentiation

• Less spatial
resolution

• Affected by tissue
heterogeneity

[75,
183]

Raman
Spectroscopy

Analyse
Molecular
vibrations

• Provide chemical
information

• suitable for in vivo
and ex vivo analysis

• Chemical
fingerprint of tissue

• OPMD and OC
diagnosis

• Requires
specialized
equipment

[184–
186]
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Conclusion

Given these limitations and challenges associated with the current gold
standard procedure and adjuvant techniques for OPMD and OSCC di-
agnosis, there is a pressing need for a less invasive, real-time and more
accurate diagnostic procedure for early-stage diagnosis and routine check-
ups. For regular screening and disease management, straightforward
and low-risk diagnostic and monitoring techniques would be prefer-
able. Such techniques would significantly improve the prognosis and
post-treatment life quality for the patient. Existing diagnostic techniques
such as biopsy, histopathology together with non-invasive methods,
including fluorescence imaging, confocal microscopy and OCT provide
valuable insights into OPMD diagnosis, but each of these techniques
have limitations. Advanced techniques like MS and NMR offer molecular
information related to cancer progression, but require specialized equip-
ment and expertise, limiting their widespread use for routine screenings.
In contrast, optical techniques such as diffuse reflectance spectroscopy
(DRS) and Raman spectroscopy enable real-time, non-invasive diagnosis,
offering faster and more accessible alternatives for OPMD screening and
diagnosis. These methods provide complementary biochemical and struc-
tural information without the need for complex sample preparation or
tissue excision. A multimodal approach combining Raman spectroscopy
and DRS could potentially enhance early detection and improve patient
outcomes. Raman spectroscopy provides biochemical information, while
DRS captures the structural and optical properties of tissue. Together
these techniques offer complementary insights to improve diagnostic
sensitivity and specificity of OPMD screening [34, 187]. The following
chapter will explore the principles and applications of DRS and Raman
spectroscopy in oral diagnostics, emphasizing their role as a valuable tool
in advancing the early detection and management of oral diseases.
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The early and accurate diagnosis of OPMD is crucial for decision making
regarding preventive measures and treatment strategies. Non-invasive,
real-time screening methods, such as saliva analysis, can aid in routine
checkups for early detection and disease monitoring. Building on the
principles of light–tissue interactions (Chapter 2) and the overview of oral
disease progression and diagnostic approaches (Chapter 3), this chapter
focuses on the application of optical spectroscopy for oral diagnostics
and forms the basis of manuscripts IV and V. The ability of optical tech-
niques to provide non-invasive, real-time insights into tissue composition
and biochemical changes makes them invaluable tools in detecting and
monitoring oral cancer and OPMD. In particular, Raman and Diffuse
Reflectance Spectroscopy (DRS) have emerged as complementary meth-
ods that offer distinct benefits in characterising structural and molecular
changes in tissues and biofluids. DRS utilises the absorption and scatter-
ing of light to provide insight into tissue morphology and composition,
reflecting changes in chromophores and blood supply associated with
cancerous transformations. In contrast, Raman spectroscopy offers a
molecular fingerprint by detecting vibrational modes of biochemical
components, enabling the identification of specific molecular alterations
occurring in tissue with cancer progression. The integration of these
complementary techniques facilitates a comprehensive evaluation of
both structural and molecular changes in oral tissues with the onset of
disease, improving diagnostic sensitivity and specificity. This chapter
reviews the mechanisms, technological advances, and clinical relevance
of these modalities, emphasising their potential to revolutionise oral
cancer diagnostics.

4.1 DRS in oral cancer diagnosis

Figure 4.1: Cross section of normal mu-
cosa.

Diffuse Reflectance Spectroscopy (DRS) is an optical diagnostic technique.
By analysing the interaction of light with biological tissues, DRS provides
valuable insight into tissue morphology and biochemical composition.
Its non-invasive nature and ability to probe deep tissue layers make it
an attractive tool for regular screening and OPMD diagnosis. Figure 4.1
represents schematics of the layers of healthy oral mucosa.

4.1.1 Mechanisms of DRS in detecting OPMD changes

OPMD and cancerous tissue can potentially be characterised using DRS
based on their unique optical properties. As tissues undergo precancer-
ous changes, their metabolic rates often increase, requiring more oxygen
and nutrients to sustain abnormal cell growth. This increased demand
creates a hypoxic environment within potentially malignant tissues [188].
Hypoxia 1

1: Rapid growth of malignant cells at the
tumour site can outpace the formation
of new blood vessels, which can lead to
poor oxygen supply and cause hypoxia
in the tumour. Hypoxia can also alter
haemoglobin genes and oxygen-binding
proteins, which further causes lower oxy-
genation of haemoglobin.

triggers angiogenesis, a process in which new blood vessels
are formed to deliver oxygenated blood to the affected area. However,
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in cancerous tissues, angiogenesis often results in an irregular capillary
network, generating a tumour-associated vascular system characterised
by immature and compressed lymphatic and blood vessels [189].
As tumours grow, the disorganised vascular system cannot meet the
increasing demand for nutrients and oxygen, exacerbating regional hy-
poxia and creating a self-perpetuating cycle of hypoxia and reoxygenation
[189–191]. Changes in oxygenation, haemoglobin concentration and blood
vessel density within malignant tissues are key diagnostic indicators that
can be effectively captured using DRS for healthy and OPMD tissues in
both ex vivo and in vivo environment [41, 192]. DRS typically operates
in visible (400 - 700 nm) and near-infrared (NIR, 700-1100) regions [41].
In the visible spectrum, light absorption is dominated by deoxygenated
haemoglobin (Hb) and oxygenated haemoglobin (HbO2), both of which
are abundant in blood vessels permeating the stromal tissue surrounding
cells and organs. Cancerous tissues generally exhibit a higher blood
content due to increased microvasculature. However, this newly formed
vascular network results in inefficient oxygenation of the tumour site
[189, 190]. The concentration of haemoglobin in healthy and cancerous
tissues can reveal important diagnostic information. The major peaks of
oxyhaemoglobin are observed at 412 nm, 542 nm, and 576 nm in both
healthy and OPMD tissue. Recently, Kaniyappan et al. reported some
additional peaks in DRS spectra of malignant tissue at 490 nm, 630 nm,
and 690 nm. They may indicate the presence of methaemoglobin or beta-
carotene, which are associated with tumour metabolism and hypoxia.
Quantitatively, they have reported lower oxyhaemoglobin concentrations
in malignant tissues (20.0 ± 3.0 µM) compared to healthy tissues (26.3
± 4.3 µM), reflecting the poor oxygen supply at tumour sites caused by
rapid tumour growth and insufficient vascular formation [193].

The wavelength range of 500 – 900 nm has been identified as particu-
larly informative for diagnosing OPMD lesions, as it encompasses the
absorption peaks of key chromophores, including haemoglobin and beta-
carotene. Within this range, light scattering and absorption properties
provide critical diagnostic information [75].

4.1.2 Technological advancements in DRS

1 2 3
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Figure 4.2: Light travelling inside the
tissue. The farther the detector is from
the source, the greater the distance (D)
is, and light will have a greater chance to
penetrate deep inside the tissue.

Probe Configurations

One of the strengths of DRS lies in its adaptability through manipulation
of the probe configuration. By adjusting the source-to-detector distance
(SDD), signals can be captured from specific tissue depths as shown in
Figure 4.2. It enables the distinction between superficial epithelial layers
and deeper stromal layers. Optimised probe configurations can also
improve diagnostic accuracy in different wavelength regions [194, 195].
For example, a study on OSCC has shown that 1 mm SDD can achieve
up to 89% sensitivity, 82% specificity and 86% accuracy in detecting
cancerous tissues in the 400 to 1600 nm wavelength range [196]. Current
DRS systems are prone to many random and systematic errors. One of
the critical factors affecting DRS measurements is the pressure exerted
by the probe on the tissue. Excess pressure can alter the physiology and
morphology of tissue, leading to measurement artefacts. To address this
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issue, Yu et al. developed a smart optical probe capable of maintaining a
consistent pressure below 1.0 psi, reducing errors and ensuring reliable
measurements in oral mucosal tissues [197].

Advanced probes

Recent advancements have introduced innovative probes that enhance
the diagnostic potential of DRS. For instance, Wang et al. have developed
a polarisation-sensitive diffuse reflectance (rcPS-DR) probe that pro-
vides depth-selective measurements and extracts polarisation properties
for comprehensive tissue analysis. This technology has demonstrated
superior tissue discrimination compared to standard DRS probes. Addi-
tionally, the same group has reported designing a self-calibrating probe
to measure and calibrate system responses in real-time, eliminating the
effects of instrument fluctuations and improving diagnostic accuracy
[198].

Integration with other techniques

Another promising innovation is the integration of DRS with other com-
plementary diagnostic modalities. This multimodal approach has yielded
significant improvements in diagnostics. For example, combining DRS
with autofluorescence has achieved more than 96% accuracy in diagnoses
of mucosal lesions [199]. The two modalities provide complementary
information. Autofluorescence is sensitive to metabolic and biochemi-
cal changes, such as variations in NADH and FAD fluorescence, while
DRS captures structural and vascular alterations through scattering and
absorption properties. When the spectral data from both modalities are
fused and analysed using data-driven models, such as convolutional
neural networks, the combined dataset enhances tissue differentiation by
jointly reflecting metabolic, morphological and haemodynamic contrasts
[1, 199]. Similarly, the coupling of DRS with micro-endoscopy enhances
its imaging and spectroscopic capabilities, providing a more detailed
analysis of oral tissues [200]. Another exciting development is the use
of multi-spectral imaging cameras to capture two-dimensional diffuse
reflectance images. These systems have shown high accuracy in distin-
guishing healthy, OPMD, and OSCC tissues, offering a practical and
efficient approach for real-time diagnostics [201].

4.1.3 Clinical relevance and practical applications

DRS holds significant clinical relevance as a non-invasive, real-time
diagnostic tool for OPMD and oral cancer. Its ability to provide rapid
insight into tissue physiology, haemoglobin concentration, and oxygen
saturation through optical properties, makes it a valuable adjunct in
the early detection of OPMD. Its compact and portable design enables
bedside evaluations, making the technique particularly useful in low-
resource environments where access to traditional pathology may be
limited. Moreover, DRS can assist clinicians in guided biopsy, accurate
surgical margin detection and monitoring treatment response by pro-
viding the contrast based on optical properties of the tissue. However, it



4 Optical Spectroscopy for OPMD Diagnostics 45

demonstrates limited specificity. Integrating DRS with complementary
techniques such as Raman spectroscopy enhances diagnostic potential
by combining structural and functional insights. DRS captures morpho-
logical and vascular changes; Raman spectroscopy provides molecular
fingerprint. This multimodal approach enables more comprehensive
tissue characterisation, improving tissue differentiation and disease
diagnosis [1, 187].

4.1.4 Connecting experimental findings with existing

literature

In this study, we observed OPMD-related changes in cellular structure,
vascularization and tissue oxygenation across multiple wavelength re-
gions. Spectral variations in 400–500 nm range likely reflect increased
haemoglobin absorption, associated with enhanced vascularization and
metabolic activity in the lesion [202, 203]. The 540 / 575 nm reflectance
ratio, sensitive to the balance between oxy- and deoxyhemoglobin, was
highest in OPMD tissue, indicating changes in haemoglobin levels and
blood oxygenation due to angiogenesis and OPMD progression. In the
near-infrared region (700–1100 nm), spectral variations corresponded to
structural modification in deeper tissue layers, affecting light scattering
and absorption. The contralateral healthy appearing tissue (OPMDH) dis-
played intermediate spectral behaviour, suggesting subtle field changes
that are not visually apparent. This highlights potential of DRS to detect
early changes in OPMD tissue. By applying machine-learning-based
feature selection using Least Absolute Shrinkage and Selection Operator
(LASSO), we identified 14 spectral markers within biologically relevant
spectral regions previously reported in the literature [75, 193]. These
features were then used to develop a Linear Discriminant Analysis (LDA)
model to classify healthy and OPMD tissue across different anatomical
locations. This confirms that vascular, oxygenation and scattering changes
are primary indicators of OPMD. In conclusion, this study demonstrates
that DRS, combined with machine learning can effectively differentiate
OPMD from healthy tissue, detect early field changes and guide biopsy
decisions, supporting its potential as a non-invasive, real-time screening
tool for early detection and monitoring of OPMD.

4.2 Raman spectroscopy for oral cancer

diagnosis

Raman spectroscopy has shown a significant potential in detecting early
biochemical changes associated with the onset of oral diseases. It can pro-
vide non-invasive and real-time molecular information about the sample.
Its high sensitivity to molecular vibrations can provide subtle information
about the alteration of cellular components, including proteins, lipids,
and nucleic acids, which are indicative of malignant transformation [204,
205]. Many studies have shown the potential of Raman spectroscopy for
cancer diagnosis and differentiating OPMD from malignant or healthy
tissue with high accuracy [204, 206, 207], making it an invaluable tool
in the diagnosis and monitoring of OPMD and oral cancer. Figure
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4.3 illustrates the typical workflow of Raman spectroscopy to analyse
biological samples, highlighting its integration from sample collection
and data acquisition to machine learning-based data processing and
interpretation. Jeng et al. reported Raman spectroscopy of 80 samples,
including 44 tumours and 36 normal cryopreserved samples from the
tongue, buccal mucosa, and gingiva. Linear discriminant analysis (LDA)
and quadratic discriminant analysis (QDA) were used with principal
component analysis (PCA) to classify the samples. They achieved 81%
accuracy (sensitivity 77% and specificity 86 %) using PCA-LDA and 87%
accuracy (90 % sensitivity and 83 % specificity) with PCA-QDA [204].
Cals et al. also developed a tissue classification model based on PCA-LDA
for Raman spectra of OSCC on the tongue. The accuracy achieved by
this model was 86% with 100 % sensitivity and 66 % specificity [208].
In 2021, Ibrahim et al. tried to stratify OSCC, benign lesions, mild, mod-
erate and severe dysplasia. They used 72 pathological specimens and
digitally removed glass and paraffin wax background signals. The ac-
curacy achieved to distinguish OSCC from other pathologies was 70 %.
However, to distinguish mild dysplasia, the accuracy achieved was 46
%, which is very close to a guess. The main distinguishing features were
reported to be decreased collagen in connective tissue, decreased lipid
and protein content in the epithelium, and increased nucleic acid signal
with progression of disease severity. Smoking status and inflammation
were also reported to affect classification efficiency [206]. The sensitivity
and specificity reported in these studies for OPMD and oral cancer
diagnosis using Raman spectroscopy were encouraging when compared
with conventional diagnostic approaches such as visual and physical
examination (sensitivity 71 - 88 % and specificity 81 - 85 %) [209], tissue
autofluorescence using VELscope (sensitivity 33 % and specificity 88 %)
or brush cytology (sensitivity 97 % and specificity 84 %) [210]. Therefore,
Raman spectroscopy offers comparable or superior diagnostic perfor-
mance, in addition to providing label-free biochemical information that
reflects the underlying molecular and structural alterations associated
with malignant transformation.
Christian et al. reported diagnosing OSCC with 86% sensitivity and
94% specificity using shifted-excitation Raman difference spectroscopy
(SERDS). In their Raman setup, they used a variable wavelength (770
and 810 nm) diode laser for excitation. A Glan laser prism, which is
transparent to s-polarised light, was used in combination with a half-
wave plate for reducing incident laser intensity. During the measurement,
two data sets were recorded for each measurement, one with 783 nm
and the second with a slightly shifted wavelength of 785 nm. The mean
spectra at 783 nm was subtracted from the mean spectra at 785 nm. The
area under the Receiver Operating Characteristic (ROC) curve (AUC) for
distinguishing OSCC tissue was approximately 0.95, indicating excellent
discriminatory performance [211]. In a more recent study with SERDS,
Matthies et al. classified OPMD and OSCC tissue against healthy oral
mucosa, with the accuracy of 95% and 89%, respectively [207].
An in vivo approach for analysing oral mucosa with fiber-coupled Raman
spectroscopy achieved 94% accuracy in diagnosing cancer. The key Ra-
man biomarkers associated with oral diseases include increased signals
from water, protein, nucleic acid and reduced Raman signal for lipids.
Theses changes are obvious in the fingerprint region, as well as in the
high wavenumber region of the Raman spectrum [212]. The fingerprint
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region, spanning 200𝑐𝑚−1 − 1800𝑐𝑚−1 is rich in biochemical informa-
tion corresponding to proteins, lipids, carbohydrates, nucleic acids and
amino acids. Usually, healthy tissue spectra have lipid-dominated peaks,
whereas malignant tissue spectra have protein-dominated peaks [204,
205]. This shift occurs because of an increase in protein content due to
increased metabolic activity and protein synthesis in malignant cells.
These malignant or OPMD cells have a higher amount of surface proteins
in the cells, such as antigens, enzymes, antibodies and receptor proteins
[205, 213]. Raman studies in oral cancer usually capture signals from
the top surface layers. That is why malignant and pre-malignant tissue
represents higher protein concentrations. In addition, cancerous and
OPMD cells often have a disruption in the cell membrane, which alters
their lipid content and causes a decrease in lipid signal [205, 214]. The
signal from the bilayer membrane of healthy tissue produces a lipid
enriched signal, giving rise to a weak 1655 𝑐𝑚−1 band due to C = C
of lipids. However, strong and broad spectral features are observed in
malignant tissue spectra at 1650 𝑐𝑚−1 attributed to amide I and at 1450
𝑐𝑚−1 due to 𝐶𝐻2 bending, broad peaks of amide III at 1200 to 1350 𝑐𝑚−1

and a sharp peak around 1003 𝑐𝑚−1 are all contributed by proteins [204].
Chen et al. highlighted that keratin could serve as a promising biomarker
for OPMD and oral cancer diagnosis. It is a major component of fibrous
structural proteins and change in its concentration can represent malig-
nant transformation. They developed an automated diagnostic approach
using Raman spectroscopy combined with multivariate curve resolu-
tion–alternating least squares (MCR-ALS) to detect keratin in oral tissue
samples. This model decomposed spectra into spectrally interpretable
components. By extracting keratin spectral profile from complex tissue
spectra, the method achieved 92 % sensitivity and 100 % specificity in
distinguishing OSCC from healthy tissue. The keratin signal in the tissue
was characterized by Raman bands of prominent structural proteins,
including tyrosine (830 𝑐𝑚−1 and 850 𝑐𝑚−1), C - C stretch (890 𝑐𝑚−1

and 937 𝑐𝑚−1), phenylalanine peak (1003 𝑐𝑚−1), Amide III (1200 to 1350
𝑐𝑚−1) and CH bend (1450 𝑐𝑚−1) and Amide I (1650 𝑐𝑚−1). These spectral
features were more pronounced in OSCC tissues, reflecting increased
keratin associated with malignant transformation [215].
Dai et al. used oral cancer cells and normal fibroblast cell lines to confirm
the potential of adenine as a biomarker in the diagnosis of oesophageal
cancer. A significant difference in the adenine signal at 735𝑐𝑚−1 was
reported between both cell lines [216]. Another study reported a higher
water content in OSCC tissue compared to normal tissue. Barosso et
al. observed a broad water absorption signal from 3350 to 3550 𝑐𝑚−1

significantly higher in OSCC tissue than in the healthy surrounding
tissue. To determine the water content in the tissue, they took the water
to protein (2910 to 2960 𝑐𝑚−1) ratio. They reported that this method of
determining water concentration could help to determine sharp cancer
margins Figure 4.4 during surgery to prevent cancer recurrence [217].
When the no cancer cells on the edge of the biopsy sample, the margin
is described as negative or clean, suggesting that the cancer has been
removed completely.
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Figure 4.3: Applications of Raman spectroscopy and typical Raman analysis.
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Figure 4.4: During surgery, when cancer
tissue is being removed, safe margins are
very important. If the pathologist cannot
find any cancer cells at the edge of the
tissue removed (during post-operative
histology), the margins are described
as clean or negative margins. However,
there are no standard procedures or in-
structions on how wide the clear margin
is. During surgery, the clinician has to
rely on his expertise to decide how much
border to remove to avoid any positive or
close margins, which will significantly in-
crease the chances of cancer recurrence.

In addition to tissue analysis with Raman spectroscopy, biofluidic anal-
ysis offers an additional non-invasive tool for early-stage diagnosis. In
particular, saliva screening is gaining attention for its ease of collection
and rich molecular content, which can provide early-stage biomarkers
for the diagnosis of oral cancer. Raman spectroscopy of biofluids such
as saliva is an inevitable advancement in the non-invasive screening
and monitoring of oral cancer. Given its proximity to oral lesions, saliva
can capture molecular signatures of proteins, nucleic acids and other
biomolecular components derived from tumour cells or their micro-
environment [218]. Raman spectroscopy enables the detection of these
biochemical alterations, making it a valuable tool for non-invasive screen-
ing and monitoring of oral lesions. In a proof-of-concept study, Falamas
et al. discussed different protocols for preparing saliva samples. The
highest signal-to-noise ratio was obtained from saliva samples that were
centrifuged and lyophilized. They distinguish between OPMD and con-
trol groups based on 752, 884, 928, 989 and 1074 𝑐𝑚−1, which were
assigned to tryptophan, collagen, proline and glycogen respectively [219].
In another study from the same group, they reported a significant dif-
ference in both groups at 2064 𝑐𝑚−1, belonging to thiocynate in Raman
and FTIR spectra. They also reported additional characteristics Raman
peaks for the OSCC group at 530 and 927 𝑐𝑚−1 attributed to lysozyme,
754 𝑐𝑚−1 corresponding to tryptophan and 1001 𝑐𝑚−1 associated with
phenylalanine. Whereas, phosphodiester bonds stretching from DNA
and RNA at 1075 𝑐𝑚−1 were prominent in the FTIR spectra [220]. Another
Raman study on saliva samples reported a high signal-to-noise ratio and
a better classification of lyophilised and air-dried samples[221]. Rekha
et al. classified Raman data from saliva samples collected from patients
suffering from oral submucous fibrosis, OSCC and the control groups.
The classification accuracy achieved was up to 84% in fibrosis vs control
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groups and 94% in OSCC vs group [222]. Jaychandran et al. access the
potential of Raman spectroscopy using tissue and different body fluids
including saliva, blood and urine. They were able to distinguish between
healthy, OSCC and OPMD groups with 97%, 78%, 90% and 93% accuracy
for tissue, blood, urine and saliva, respectively. They observed that for
saliva samples, the peaks at 752 𝑐𝑚−1 (oxygenated hemocyanin), 1158
and 1525 𝑐𝑚−1 (carotenoids) and 1444 𝑐𝑚−1 (mucin matrices) showed
variation between three groups [223].
In recent years, advances in computational techniques and data pre-
processing methods have improved the diagnostic potential of Raman
spectroscopy. Usually, classical machine learning methods have been
employed to analyse Raman spectra and improve classification. Building
on these methods, neural networks are now also opening new eras of
analysing complex Raman spectra and more accurate and automated
detection of malignant changes. In a recent study, Chang et al. analysed
the performance of different deep neural network models to recognise
different oral tissues. They were able to distinguish healthy and OSCC
tissue from different parts of the oral cavity with an accuracy of up to
93% [186].

4.2.1 Connecting experimental findings with existing

literature

Our Raman spectroscopy study revealed significant spectral variations
between the OPMD and control groups in both tissue and saliva samples.
Notably, protein-associated peaks such as 1266 cm−1 and 1666 cm−1

showed a consistent trend in both sample types, suggesting its potential
as a biomarker for OPMD. Also, 501 cm−1, 541 cm−1 and 1464 cm−1,
associated with protein and carbohydrates, showed a consistent trend
and strong correlation between tissue and saliva samples. These findings
extend the insights from previous studies [207, 220] by demonstrat-
ing the feasibility of saliva-based screening using Raman spectroscopy,
potentially simplifying the diagnostic process.

4.3 Multimodal spectroscopic approach

A multimodal spectroscopic approach combining diffuse reflectance spec-
troscopy (DRS) and Raman spectroscopy has emerged as a promising
strategy for improving the diagnostic accuracy of oral cancer [224]. DRS
provides macroscopic insights into tissue morphology and physiology,
capturing changes in vascularization and oxygenation, which are in-
dicative of disease progression [225]. Raman spectroscopy complements
this by providing molecular-level information, detecting biochemical
alterations such as variations in protein, lipid, and nucleic acid structure
and content [1, 207]. Our recent work demonstrated that fusing DRS and
Raman data using principal component analysis (PCA) significantly im-
proved classification performance in a cohort of 69 participants, enabling
more accurate differentiation between benign and malignant lesions
(submitted to Photonics West 2026). This integrated approach leverages
the strengths of both modalities, supporting early, non-invasive and
objective diagnosis [226].
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This section reviews key publications on the application of multimodal
spectroscopy, highlighting the synergistic benefits of combining DRS
and Raman spectroscopy in clinical practice. Greening et al. developed a
multimodal instrument to monitor dysplasia progression in the oral cav-
ity, incorporating high-resolution fluorescence imaging and sub-diffuse
reflectance spectroscopy (sub-DRS). The system utilised a halogen lamp
for sub-DRS and an LED (455 nm) for fluorescence imaging. The de-
veloped hybrid system was tested in clinical setting and was found to
effectively provide information on the functional and structural proper-
ties of tissue [200]. In a comprehensive real-time in vivo study by Lin et
al., a combination of DRS, autofluorescence and Raman spectroscopy
along with white light imaging-guided endoscopy was utilized to detect
nasopharyngeal cancer. This multimodal spectroscopic system enabled
the differentiation between normal and malignant tissue from a group
of 90 volunteers with a sensitivity of 98% and specificity of 95% us-
ing a PCA-LDA diagnostic algorithm. Autofluorescence imaging was
observed to provide information regarding biochemical composition and
metabolic state of tissues. During disease progression, morphological
changes such as epithelium thickening, reduced extracellular matrix,
and cellular metabolic fluorophores (flavins and nicotinamide adenine
dinucleotide) and increased haemoglobin concentration were observed
[224].

Our research focuses on enhancing the diagnostic potential of DRS
through advanced data analysis techniques and the integration of multi-
modal spectral information, with the objective of improving the detection
and characterization of OPMD in oral tissues.

Conclusion

This chapter has reported the advancements in DRS and Raman spec-
troscopy for the diagnosis of OC and OPMD, highlighting their ability to
provide complementary insights into structural and molecular changes
in tissues and biofluids. By reviewing the mechanisms, technological
development, and clinical applications of these optical techniques, this
chapter has highlighted the gaps in current technology, such as the need
for integrating optical modalities in the current clinical scenario, liquid
biopsy and improved probe designs for enhanced diagnostic accuracy.
In addition to the review, the findings of our experimental studies are also
integrated, demonstrating how spectral variations observed in DRS and
Raman spectroscopy align with existing literature while also providing
novel insights. By bridging the review and our experimental results, this
chapter creates a cohesive narrative that underscores the translational
potential of these optical modalities.
The subsequent chapter is focused on the experimental design and
methodology, describing the development of the diagnostic systems,
study design and experimental setup that address the limitations iden-
tified in Chapters 3 and 4. By bridging the theory with the application,
this thesis aims to improve non-invasive diagnostics through innovative
system design and experimental validation.
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Chapter 5 provides the materials and methods used in this research.
It describes the design and development of multimodal spectroscopic
systems, which is the foundation of all the publications this thesis is
based on. This chapter is organised into several sections, starting with
the system development, where the core components of the DRS and
Raman systems are discussed, followed by the outline of the customised
systems developed specifically for this study (Manuscript II). The section
on experimental design then explains the patient recruitment, sample
collection and preparation techniques for analysis. Additionally, the
protocols followed for in vivo data collection, which were integral to
the study, are also discussed. The chapter concludes with a detailed
description of the spectral data analysis techniques used, including
feature selection, cross-validation, and classification method applied to
evaluate the performance of diagnostic systems.

5.1 System design and development

When light interacts with biological tissue, various optical phenomena
such as absorption, transmission and scattering occur. Spectroscopic
analysis of these optical processes can reveal information about the
physical and chemical state of the sample. Spectroscopy can be cate-
gorized either by the energy of the electromagnetic waves used or by
how these waves interact with the sample. Among the diverse range
of spectroscopic techniques, diffuse reflectance spectroscopy (DRS) and
Raman spectroscopy are particularly notable for their ability to provide
biochemical and morphological information. Together, these techniques
can have significant potential for point-based real-time diagnostics. This
chapter discusses the development of a multimodal spectroscopic system
consisting of Raman spectroscopy and DRS and methodology for data
collection.

5.2 DRS system and probe design

DRS is capable of determining morphological changes and also concen-
trations of absorbing chromophores within the tissue. It can efficiently
extract this diagnostic information. Light absorption along with refrac-
tive index of the material, shape, size, and density of cellular structures
determine the spectral characteristics of backscattered light. DRS can be
performed in a wide spectral range, including UV, visible, and NIR light.
By adjusting the probe configuration, it is possible to obtain signals from
either the superficial epithelial layer or deeper tissue layers [194, 195].
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Figure 5.1: Electromagnetic spectrum and effect of different wavelength regions on the matter.

5.2.1 Principle of designing a DRS system

Designing a DRS system involves several key principles to ensure accu-
rate and reliable measurements. Firstly, selecting an appropriate light
source is crucial. It should provide stable and consistent illumination
and should also cover the required spectral range (depending upon the
target sample or the targeted chromophores). Typically, halogen lamps
are used for visible and near-infrared (NIR) ranges and xenon lamps for
ultraviolet (UV) ranges (Figure 5.1). Probe geometry is another important
factor to consider. Source and detector fibers must be carefully configured
to illuminate the area of interest uniformly and effectively capture the
diffusely reflected light. For the in vivo tissue analysis, the probe should
be placed perpendicular to the tissue. Additionally, a detector with high
sensitivity and appropriate spectral response is required for precise
measurement of the diffuse reflectance. The system should also include a
mechanism for calibrating the measurements; typically a reference stan-
dard with known reflectance properties is used for the correction of any
instrumental variations. Finally, employing proper data acquisition and
processing techniques, including noise reduction and signal processing
algorithms, is vital to extract meaningful spectral information from the
collected data.

5.2.2 Customised DRS system

The DRS system used for this in vivo study is shown in (Figure 5.2).
Tissue illumination was achieved by employing a tungsten-halogen
broadband light source (HL-2000-HP, FHSA Ocean Insight, Edinburgh,
United Kingdom), having emission wavelengths from 360 to 2400 nm.
To guide light for tissue illumination, a low OH 1

1: Standard optical fibers contain hy-
droxyl (OH) groups that exhibit strong
absorption peaks around 1383 nm and
2730 nm. Thus, low OH fibers are utilised
in both the Raman and DRS systems to
minimise absorption losses. This ensures
more sensitive diagnostic measurements,
improved signal-to-noise ratio and lower
attenuation in spectral data, which is
critical to detect subtle morphological
changes and chromophore concentra-
tions in tissue.

1-to-4 Fan-Out fiber
bundles with 400 µm core multimode fiber having a linear common
end (BFL44LS01- Thorlabs, Munich, Germany) was used. The same fiber
probe bundle was used to collect the reflected light back to a spectrometer.
Centre to centre source to detector distance (SDD) was approximately 1.2
mm (Figure 5.3). To record spectral data, it contains a highly sensitive
visible wavelength spectrometer (QE Pro, Ocean Insight, Edinburgh,
United Kingdom) with a range from 355 to 1100 nm and features a 1024 x
58 element CCD array. A software solution was developed in MATLAB
for data acquisition. The code produced can automatically preprocess
the acquired raw data. Figure 5.3 illustrates the schematic representation
of the light-tissue interaction, highlighting the excitation and collection
of diffuse reflectance spectroscopy signals.
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Figure 5.3: Tissue probed by DRS.

Calibration and data acquisition

All measurements were calibrated against a Spectralon reflectance stan-
dard (WS-1-SL Diffuse Reflectance Standard, Ocean Insight, Edinburgh,
United Kingdom) and corrected for the dark counts by following standard
method [33]:

Reflectance =
Reflected intensity of tissue − Background intensity

Reflected intensity of standard − Background intensity
(5.1)

Later, to reduce high-frequency noise Savitzky-Golay smoothing filter
was applied. This filter performs a local polynomial regression within
a moving window of the data, allowing for effective noise reduction
while preserving the shape and height of spectral features [227]. In this
study, a second-degree polynomial with a window size of 5 was used,
which balances smoothing performance with retention of fine spectral
details. The resulting DRS data was saved in the form of an m × n matrix.
Here, m represents the number of DRS spectra (observations) and n
represents the number of variables (i.e. wavelengths) from 378 to 1075
nm. All spectra were preprocessed by normalising them to zero mean
value and unit variance before proper data analysis.

5.3 Raman system and probe design

Figure 5.4: Raman signal collected in
back scattering mode.

Raman spectroscopy is adept at examining the chemical signatures of
tissues. This vibrational spectroscopy provides insight into the structural
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Figure 5.5: Schematic of a common commercial bench top Raman setup.

and chemical composition of the target sample. Changes in the concen-
tration of biomolecules, mutations, or tissue deformation during cancer
progression result in significant variations in Raman signals [228, 229].

5.3.1 Principle of designing a Raman system

Figure 5.4 represents principle of Raman signal collection in the backscat-
tered mode. A modern Raman system integrates four important compo-
nents: an excitation source, a spectrometer, a sample stage and a computer
equipped with software to acquire and process spectral data [230], as
shown in Figure 5.5. Most commercially available Raman systems are
benchtop systems that are coupled with an optical microscope to focus
a laser beam on the sample for observation and Raman analysis. The
scattered light from the sample is usually collected in the back scattering
mode [230].

The incident laser beam is focused on the sample through a microscope
objective lens. The scattered light from the sample containing Raman and
Rayleigh signals is collected by the same objective lens and is directed
via a dichroic mirror towards the spectrometer. The collected light is
filtered using a long-pass filter that rejects the Rayleigh scattered signal
and allows only the Raman signal to pass through. Raman signal passes
through a slit and then a collimated beam2

2: A collimated light beam (parallel rays)
is directed towards diffraction grating. A
collimating pack is used to collimate the
light beam.

is directed to a diffraction
grating 3

3: A diffraction grating is an optical com-
ponent with regular patterns of closely
spaced lines that diffracts light into sev-
eral beams travelling in different direc-
tions creating a spectrum.

. The grating separates the Raman signature into spectral signals,
and a lens assembly focusses these signals onto a multi-element array
detector [231, 232].

5.3.2 Selection of LASER wavelength

Intensity of Raman scattering is inversely related to the fourth power of
the excitation wavelength [233].

𝐼𝑅 ∝ 1
𝜆4 (5.2)
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Therefore, to achieve higher Raman intensity, short wavelength lasers
are preferred such as 488 nm (blue), 514 and 532 nm (green) and 633 nm
(red) lasers. These short wavelength lasers are selected to achieve a better
signal-to-noise ratio. 488, 514 and 532 nm laser are mainly useful for
transparent liquids and polymers. However, in case of biological samples
that have a lot of chromophores, these laser wavelengths also produce a
huge fluorescent background [234, 235]. Figure 5.6 represents principle
of fluorescence in a diatomic molecule.
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Figure 5.6: Energy levels of a diatomic
molecule with bond length R. If the
molecule has energy level that can absorb
the incoming photon of frequency (𝜈𝐿),
It will excite to a higher energy state and
then relax to the ground state causing
fluorescence.

In that case, using a 1064 nm excitation wavelength ensures minimum
fluorescence superimposed on the Raman spectrum. However, such a
long laser wavelength dramatically decreases Raman efficiency as well
as detector performance [235]. That is why selecting an appropriate laser
wavelength is crucial to achieve the most insightful Raman spectrum of
the biological sample under observation. Commonly used wavelengths
include 785 and 830 nm, especially with silicon-based back-illuminated
CCD detectors [236].

5.3.3 Spectral resolution of a Raman system

The ability of a Raman system to distinguish closely spaced spectral
features in a Raman spectrum is termed as the spectral resolution. The
high resolution allows detecting subtle differences in vibrational modes,
leading to more precise and detailed characterisation. It depends on the
important component of the Raman system, i.e. a spectrometer [237].

Resolving power of a spectrometer

A typical spectrometer consists of a diffraction grating element that
has a large number of equidistant fine lines or grooves to diffract the
incoming light signal into a spectrum. The number of lines per unit
length is called the grating constant. Increasing the grating constant leads
to higher resolving power. The resolution power of a spectrometer can
be described in terms of wavelength 𝜆 [238].

𝑅 =
𝜆
Δ𝜆

= 𝑘𝑁 (5.3)

where

▶ 𝜆 is the wavelength of light.
▶ Δ𝜆 is the smallest difference in wavelength that can be resolved.
▶ k is the order of diffraction (usually 1 in the case of Raman).
▶ N is the total number of grooves illuminated by light.

Resolving power of a microscope (spatial resolution)

The resolving power of a microscope is determined by the numerical
aperture (NA) of the objective lens. The smallest resolvable feature size
𝑅0 is given by

𝑅0 =
0.61𝜆
𝑁𝐴

(5.4)
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where 𝑁𝐴 = 𝑛 sin𝜃. n is the refractive index of the medium between the
objective lens and the sample and 𝜃 is the half angle of the maximum
cone of light that can enter or exit the objective lens [239].

While the grating determines the spectral resolution4

4: Spectral resolution is the ability of
an instrument to distinguish between
closely spaced wavelength in a spectrum.
It is a measure of how nicely an instru-
ment can separate light into its compo-
nent wavelengths. It is usually repre-
sented as Δ𝜆.

, the objective lens
affects the spatial resolution 5

5: Spatial resolution is the ability of an
instrument to distinguish between small-
est details of an object.

. Both aspects are crucial for high-quality
Raman spectroscopy.

5.3.4 Customised multimode Raman system

To enable early detection in primary care facilities, we envision the
application of a highly adaptable spectrometry system designed to easily
integrate into research settings and clinical procedures. Details of this
multimodal Raman system are discussed in Paper II, Maryam, S.; et

al., "Mobile multi-configuration clinical translational Raman system

for oral cancer application", Analyst 2023 [2]. This custom portable
Raman system shown in Figure 5.7 is capable of both ex vivo and in vivo
analysis. It is compact, portable, cost-effective and easy to assemble. It
is fitted inside a console to transport it to point of care. The customised
multimodal Raman system built around a 785 nm laser source (Cobolt
08 - 01 Series, Cobolt, Sweden), selected for its optimal balance between
minimizing fluorescence interference and maintaining adequate Raman
scattering efficiency. The system includes a diffraction grating with 1200
grooves/mm (LS - 785, Teledyne Princeton Instruments, USA) and a
back-illuminated CCD detector (Blaze 400 HR, 1340 × 400 pixels, Teledyne
Princeton Instruments, USA) for acquiring high-resolution spectra. A
modular sample probing unit allows for easy switching between different
measurement configurations, enabling flexible adaptation to various
experimental setups.

▶ Mode (A) Raman microscope – for ex vivo saliva analysis in dry
form, it can also be used to analyse cell pallet.

▶ Mode (B) Raman liquid analysis stage – for saliva supernatant
analysis using photonic crystal fiber (PCF).

▶ Mode (C) Raman optical fiber probe – for in vivo tissue analysis.

These subunits can be connected to the spectrometer using optical fibers
to develop a custom system for the study of oral cancer. The Raman
microscope and liquid analysis stage is connected to the spectrometer
through a round-to-linear fiber bundle of a 7 × 200 𝜇 m core (Thorlabs
BFL200LS02).

The three configuration modes of the customised Raman system are
designed to address the diverse requirements of oral cancer diagnostics
across different sample types and clinical contexts. Mode (A), the Raman
microscope, is essential for high-resolution ex vivo analysis of dried saliva
samples and cellular material. This mode provides detailed biochem-
ical profiling at the microscopic level. Mode (B), liquid analysis stage
using photonic crystal fibre (PCF), is specifically for analysing saliva
supernatant, which is particularly useful for non-invasive screening.
Mode (C), the optical fibre probe, is critical for in vivo tissue analysis,
providing molecular insights during clinical examination. Each mode
targets a unique diagnostic niche - ex vivo, biofluidic and in vivo provides
complementary information. Together they provide a comprehensive
platform for translational research and point-of-care screening. Their
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Figure 5.7: Customised Raman system with mode A (Raman microscope) and Mode C (Raman optical fiber probe).

inclusion is not only technically justified but also clinically relevant, as
demonstrated in the published study [25].

Mode (A) Raman microscope for ex vivo analysis

The customised Raman microscope (mode A) is shown in Figure 5.8
with a laser and a visible light source connected through optical fibers.
Fiber coupled illumination facilitates spot size adjustment at the sample
plane. Additionally, this fiber guided method of light delivery simplifies
switching to different excitation lasers. The flexible stage design is another
notable feature of this system, capable of accommodating specimens of
mm to tens of cm. The specimen was illuminated through an objective
lens and Raman signal was collected in backscatter mode and directed to
the spectrometer via 7× round-to-linear low OH fiber bundle with 200
𝜇m core (Thorlabs BFL200LS02). Simultaneously, a portion of the light
from the sample was directed to a colour detector. This configuration was
used for ex vivo analysis of solid and liquid specimens in the reflective
mode.

Figure 5.8: Schematic of customised Ra-
man microscope [2].

▶ White light imaging optical path: A broadband visible light source
(Thorlabs SLS201L-broadband 360 - 2600 nm source) was used
for tissue illumination for conventional optical microscopy. The
incident broadband light beam entered the microscope through
lens L1 (Thorlabs LA1951A, f = 25 mm) and was directed to the
objective lens using a beam splitter BS (Thorlabs, BSW26R, 50:50,
350–1100 nm), dichroic mirrors DM1 (Semrock, FF757-Di01) and
DM2 (Semrock LPD02-785RU). The L1 was positioned to achieve a
uniform Kohler illumination of white light on the sample plane. The
white light scattered from the sample was reflected by DM2 to DM1
redirecting it to a coloured CMOS camera (Thorlabs DCC1645C)
through BS and a field lens L2 (Thorlabs LB1437-A, f = 150 mm) to
visualise the sample under white light. The objective lens L4 (116
× 92 𝜇m for 50× , 290 × 230 𝜇m for 20× and 1160 × 920 𝜇m for
5×) control field of view (FOV). The images were displayed on a
computer screen using Thorcam software.

Figure 5.9: Characterization of the beam
profile in the microscope yielding a 60
𝜇m bandwidth at full width half max-
imum(FWHM). The picture acquired
with the CMOS camera represents the
resolution with the standard resolution
target and the beam spot shown at the
bottom right of the figure is cropped
around the ROI. A 3D projection rep-
resents a Gaussian profile of the beam
and the histogram shows the number of
pixels.
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Figure 5.10: SEM image of a PCF.

▶ Raman optical path: Monochromatic 785 nm laser light was col-
limated and cleaned by lens L3 (Thorlabs A397TM-B, f = 11 mm,
NA (numerical aperture) = 0.3) and laser cleaning band-pass filter
BP (Semrock LD01-785/10-25) respectively. Subsequently, it was
directed towards the objective lens of the microscope through DM1
and DM2 to be focused onto the sample plane. The focused excita-
tion beam has 60 𝜇 m spot size with 20× objective lens, as shown
in Figure 5.9. From the back scattered signal, excitation light is
filtered using a dichroic mirror (DM2) and a long pass filter LPF
(Semrock LP02-785RU-25). Filtered Raman light focused on a low
OH circular to linear fiber bundle (Thorlabs BFL200LS02) using a
lens L4 (Thorlabs F810SMA-850, f = 36.2 mm). The linear side of the
fiber was connected to the entrance slit of the Raman spectrometer.
The Raman spectrometer subunit included a filter chamber with a
long pass filter (Semrock LP02-785RU-25), a high throughput spec-
trometer (Teledyne Princeton Instruments Acton LS785, f/2), and a
highly sensitive CCD camera (Blaze: 400HR, Teledyne Princeton In-
struments, USA). The CCD pixels were vertically binned to combine
the light transmitted through the entrance slit of the spectrometer
[2].

The proposed Raman microscope can be used for the ex vivo analysis of
any excised tissue or for liquid biopsies. Figure 5.9 represents a beam
profile characterisation of our 785 nm Raman laser beam in the focus
of the microscope. The beam profile has a Gaussian shape with FWHM
bandwidth of 60 𝜇m. To further reduce spot size, a single-mode input
laser fiber is also incorporated for future studies. The histogram shows the
number of pixels having a certain intensity and the image of a resolution
target illustrates the spatial resolution of the microscope.

Mode (B) Raman liquid analysis stage

Although the dried saliva sample provides valuable information on
saliva composition and biomarkers present in it, it may not accurately
represent the native state of the biomolecules, as drying can change the
concentration of analytes. It can also affect the molecular structure and vi-
brations, potentially providing misleading information. Analysing saliva
in its liquid form is challenging, but it can ensure that the biochemical
composition remains intact. It can also provide information regarding
dynamic changes in real time, offering a more precise understanding
of the biomarkers associated with oral diseases and improving the sen-
sitivity and specificity of early cancer detection methods. Raman is a
weak scattering process and the concentration of the targeted analytes is
low in liquid saliva. Because of this reason, it is challenging to record a
high signal-to-noise ratio Raman signal from liquid saliva sample under
the microscope on a two-dimensional substrate. That is why, we have
proposed another method of analysing saliva in its native form by using
a Photonic Crystal Fiber (PCF) as a sample holder. PCFs are optical fibers
(Figure 5.10) with a periodic array of air holes surrounding a hollow
or solid core. In this study, we used silica-based suspended core PCFs
with a solid core (SC-PCF) located at the intersection of three large air
holes. Light is guided within this triangular core by total internal re-
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Figure 5.11: Schematic of customised
PCF setup for liquid sample analysis [3].
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Figure 5.12: Schematic diagram of cus-
tomised multi-spectroscopy fiber-optic
probe [2].

flection, due to the difference between the refractive index of silica and air.

To obtain a Raman signal from liquid samples (such as saliva super-
natant) in a large volume, a 3.5 𝜇m core diameter SC-PCF with >70 𝜇m
air-channel diameter and NA = 0.5 was used. The external diameter
of these SC-PCFs was 200 𝜇m to allow easier handling. While 785 nm
excitation light propagates through the solid core, Raman signals were
generated by the evanescent wave that extends into the air holes. PCFs act
as a sample holder to prolong the length of the light-sample interaction,
thereby improving the detection sensitivity. Longer path length allows
for a larger volume for sampling, for a better representation of low con-
centration analytes in a small sample volume (about 20–100 nl). A PCF
filled with saliva can be placed under an upright Raman microscope for
analysis; however, this vertical configuration presents practical challenges.
To address these, a customized horizontal stage shown in Figure 5.11 was
developed to facilitate more reliable and reproducible measurements.
Aligning the input laser beam with the PCF core is critical for efficient
Raman signal collection. The horizontal orientation simplifies the align-
ment by providing stable, planar positioning of the PCF. Additionally,
when the PCF is positioned vertically, even slight downward movement
of the saliva due to gravity can shift the sample away from the laser
focus on the fiber tip, resulting in reduced Raman signal intensity and
compromised measurement repeatability. The horizontal stage mitigates
this issue by providing stable optical interrogation. The biofluidics stage
design ensures ease of operation and consistency in the acquired Raman
spectra, particularly when working with small volumes of samples such
as saliva.
In the PCF setup (mode B, illustrated in Figure 5.11), the fibre core
was brought into focus of the objective lens by illuminating it with a
green light. Green light was guided to the PCF by a lens L1 (Thorlabs
AC254-030-74 B, f = 30.0 mm, Achromatic Doublet, ARC: 650 - 1050
nm), beam splitters BS1 and BS2 (CM1-BP108: Thorlabs), DM1 (Semrock
LPD02-785RU) and a 50x objective lens. The image of the fiber is shown
on the computer screen through the camera. The light from a single
mode 785 nm laser was collimated and filtered by a lens L1 (Thorlabs
AC127-025-AB-ML, f = 25 mm) and a band pass filter BP785 (Semrock
LD01-785/10-25). It reaches the PCF core after passing through BS2, DM1
and the objective lens. The laser beam focused on the core can also be
seen with the camera when the green light was turned off. The Raman
signal from the sample within the PCF was collected in a back-scattered
configuration. After passing through the objective lens and DM1, the
Raman signal was filtered by a long pass filter (Semrock LP02-785RU-25)
for the excitation wavelength and was focused on the fiber (Thorlabs
BFL200LS02) going to the spectrometer, through a focusing lens (Thorlabs
F810SMA-850, f = 36.2 mm) [3].

Mode (C) Raman optical fiber probe

Fibre optics-based Raman systems have a great potential for real-time
in vivo tissue analysis during endoscopy or surgical procedure. Fig-
ure 5.12 represents mode C of this customised Raman system. It is a
multi-spectroscopy fiber-optic probe (EMVision, Loxahatchee, FL, USA)
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utilised for in vivo tissue analysis. This customised probe is capable of
acquiring Raman, fluorescence (FS), and DRS spectra, combining them
as a multimodal spectroscopic system. At the distal end of the probe,
nine 300 𝜇m core fibers with a numerical aperture (NA) of 0.22 are
arranged in a concentric ring around a similar central Raman excitation
fiber. There is a short pass emission filter (SPF) in front of the central fiber
to clean the input excitation laser beam. Seven of the circularly arranged
fibers collect the Raman signal. The collected signal is then transmitted
through a notch filter (NF) to filter out the excitation wavelength, while
allowing only the light shifted to other wavelengths, like Raman signals,
to pass through. The remaining two fibers are allocated for DRS and FS
measurements. Furthermore, a two-component customised lens (L1) at
the fiber tip ensured overlapping focus of excitation light and the area of
Raman light collection from the tissue. At the frontal end of the probe,
the seven Raman collection fibers are aligned linearly to transmit light to
the spectrometer via its 50 𝜇m entrance slit. This arrangement is chosen
in an attempt to optimise the signal-to-noise ratio of the acquired Raman
signal, which is crucial for biological samples [2].

Calibration and data acquisition

For all three modes of Raman spectroscopy, data was recorded using
LightField software (Teledyne Princeton Instruments, USA). Figure 5.13
illustrates the key stages of the data analysis pipeline, including data
preprocessing, classifier training, cross-validation and feature selection,
which are discussed in detail in section 5.5 Calibration was critical
to ensure spectral accuracy and comparability across different sample
types, experimental configurations and measurement sessions. The pixel-
to-wavelength (x-axis) calibration was performed using nine known
emission lines from a Neon–Argon (NeAr) lamp. A third-order polyno-
mial fit between pixel position and wavelength was applied to obtain a
continuous wavelength calibration function. The calibrated wavelengths
were then converted to Raman shift (cm−1) using the excitation laser
wavelength according to equation 5.5 and validated with acetaminophen
and naphthalene standard spectrum. The y-axis (intensity) was calibrated
using a standard spectrum from a NIST lamp to correct for instrument
response.

𝜈 =

(
1
𝜆0

− 1
𝜆

)
× 107 (5.5)

Spikes were removed to eliminate abrupt anomalies, which can arise
from cosmic rays or transient fluctuations during acquisition. For each
spectrum baseline was corrected using the asymmetric least squares
(ALS) method [240] (𝜆 = 50 and P = 0.00005 for liquid saliva; 𝜆 = 100
and P = 0.00009 for dry saliva; and 𝜆 = 10 and P = 0.0001 for tissue) to
remove autofluorescence. A second-degree Savitzky-Golay filter with a
window width of 5 was applied to smooth the data while preserving
spectral features. Finally, data was normalised with standard normal
variate analysis to ensure equal contribution of all spectra to the model
and eradicate inter/intra spectral variability. Then, the Raman spectral
region of 400 – 1800 was selected for Raman analysis. The calibration
and processing pipeline ensured consistent Raman signal quality across
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Figure 5.13: Overview of the Raman data analysis pipeline, including preprocessing steps (calibration, background correction, spike
removal, baseline correction, noise reduction and SNV normalization) followed by feature selection, classifier training and cross-validation
for spectral classification

all three modes, enabling reliable comparison between tissue and saliva
spectra and supporting robust analysis for OPMD detection.

This system was designed to address the limitations of existing Raman
setups, including their high cost and lack of adaptability for diverse
clinical applications. By enabling seamless transition between different
Raman modes for in vivo and ex vivo analysis, the system provides a
robust platform for OPMD diagnosis. Moreover, it incorporates DRS,
allowing complementary structural and morphological insights along
with molecular information obtained by Raman spectroscopy. Figure
5.14 represents the customised multimodal system. This shows the two
spectroscopic systems - Raman and DRS - for in vivo tissue analysis
connected together through a single multimodal probe. The developed
customised multimodal system was tested for accuracy and repeatability
multiple times using different analytes, such as uric acid [36], rhodamine
b [2], single cheek cells, blood smear, liquid and dry saliva [2].
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Figure 5.14: Customised multimodal spectroscopic system including three Raman modes A) microscope for dry saliva analysis B) PCF
stage for liquid saliva analysis C) multimodal probe for In vivo tissue analysis connected with Raman and DRS spectroscopes

5.4 Experimental design

Patients presenting to Cork University Dental School and Hospital
(CUDSH) and South Infirmary Victoria University Hospital (SIVUH)
with oral lesions who recently underwent a biopsy of these lesions as part
of their clinical care were recruited for this study. This study was approved
by the Cork Research Ethics Committee (CREC) of the University College
Cork (UCC) for 300 participants according to the CREC application ref.:
ECM 4 (y) 13/4/2021 & ECM 3 (aaaa) 12/09/2023 including healthy
volunteers and patients identified with OPMD. The study was conducted
in compliance with the ethical standards established by CREC and the
1964 Helsinki Declaration and its subsequent amendments. From all
participants, prior to saliva sample and data collection, informed consent
was obtained.
The study involved 84 participants, 24 in the control group and 60 in
OPMD group. The study is a combination of in vivo tissue and ex vivo
saliva analysis, as depicted in Figure 5.15. Saliva samples were collected
from all participants and in vivo data was collected from six anatomical
locations in the oral cavity, including the cheek mucosa (CM), ventral and
dorsal surface of the tongue (VST and DST), the lips (Lips), the gingiva
(Gum) and the anterior floor of mouth (AFM) from both control and
OPMD group. In the OPMD group, data was collected from the OPMD
lesion (identified by the clinician) and the healthy contralateral site. The
table below summarises the number of lesions from participants in the
OPMD group on different tissues. However, as is evident, the number of
patients in some tissue groups are relatively low, making them unsuitable
for further statistical analysis. Therefore, to ensure unbiased and robust
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Figure 5.15: Experimental design consisting of in vivo tissue analysis and saliva screening.

Table 5.1: Number of OPMD lesions
(PML) from 60 participants with respect
to tissue.

Tissue No. of potentially
malignant lesions

(PML)
CM 28
VST 19
DST 7
Lip 6

Gum 2
AFM 1

results, only CM and VST were used for further analysis in case of DRS
and only CM was considered for further analysis in case of in vivo Raman
and saliva study. The total number of lesions on each tissue is shown in
table 5.1.

5.4.1 Recruitment of patients

Participants were recruited based on predefined inclusion criteria, and
those who did not meet these criteria were excluded from the study.

Inclusion criteria

▶ Patients who signed the informed consent form.
▶ Patients 18 years of age or older.
▶ Patients who had or required a biospsy as part of their clinical care.

Exclusion criteria

▶ Patients who did not sign the consent form or who do not have the
ability to provide informed consent.

▶ Pregnant women.
▶ Patients previously diagnosed with upper aerodigestive tract cancer

or having radiotherapy.
▶ Any condition resulting in the patient not being able to provide a

sufficient saliva sample.
▶ Individuals with known skin photosensitivity conditions (e.g. por-

phyria).
▶ Individuals who received oral or intravenous fluorescent medication

(e.g. methylene blue or indocyanine green) in the past month.
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Control
(H)

OPMD

Total

participants

24 60

Total saliva

samples

21 42

Total
participants-

DRS

22 60

Total
participants-

Raman

24 53

Table 5.2: Number of participants and
sample size for Raman, DRS and saliva
analysis

▶ Individuals treated with a photosensitiser in the past 4 months.
▶ Patients receiving vitamin B supplement treatment.
▶ Patients with intraoral candida infection.

Table 5.2 represents the total number of participants and sample size for
in vivo tissue and saliva.

5.4.2 Saliva sample collection

The clinician involved in this study verified the oral hygiene of the
participant and provided them with information on how to provide an
unstimulated saliva sample. Detailed clinical and demographic infor-
mation was recorded for each patient, including their medical history
and current medications. To minimise variations, saliva samples were
collected according to a standardised protocol. Patients were advised to
abstain from drinks (excluding water), food and smoking one hour prior
to sample collection. They were requested to avoid lipstick and other lip
products. Just before sample collection, patients were advised to rinse
their mouths with water for 1 to 2 min. Saliva was collected in a sterile
tube by gentle drooling and immediately labelled and stored in a cold
storage box at 4° C. The samples were then centrifuged for 10 min at 1000
rpm at room temperature to remove food debris and cells. The resulting
cell pellet and supernatant were stored separately at -80 ° C until further
analysis. Saliva samples were collected from the 24 participants in the
control group and the 60 participants in the OPMD group. However, 2
participants in the OPMD group were unable to provide enough saliva
samples. Four additional saliva samples were excluded from the analysis
due to blood contamination and technical issues encountered during
processing. Also, saliva samples collected from 3 healthy participants
and 9 OPMD participants had a lot of mucus and were not suitable for
this type of analysis at the moment.

So in total saliva samples from 21 healthy volunteers and 42 OPMD
participants were suitable for further analysis.

5.4.3 Dry saliva sample preparation and data collection

Saliva samples were thawed at room temperature and filtered with 300
KDa filters. Five droplets of 2 𝜇l each were applied on an aluminium
substrate with subsequent drying. The prepared saliva sample was then
analysed under a customised Raman microscope system (Mode A) with
a 50x objective lens and 20 mW laser power. The accumulation time
for each measurement was 10 sec and each spectra was averaged over 5
measurements.
In total, around 315 spectra were recorded from the control group
and around 630 Raman spectra were recorded for the OPMD group.
At the moment, the potential of this study is demonstrated through
a subgroup analysis of data with balanced group sizes, including 19
healthy volunteers and 18 participants in OPMD who have lesions on the
cheek mucosa.
After data calibration, spike removal and dark background correction, the
data was baseline corrected to remove the autofluorescence background
using the asymmetric least squares (ALS) method with 𝜆 = 100 and P
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= 0.0009. Raman data ranging from 400-1800 cm−1 for 654 data points
from 37 (19 + 18) participants were subjected to further analysis. To
discriminate between both groups, a Lasso feature selection model was
used for feature selection, and then further analysis was performed by
LDA and leave one out (LOO) classifier.

5.4.4 Liquid saliva sample preparation and data collection

This was a proof-of-concept study involving a total of 11 saliva samples
- 5 from the control group and 6 from patients with oral potentially
malignant disorders (OPMD). To prepare the liquid saliva sample filled
inside PCF, saliva samples were thawed and filtered with 300 kDA
centrifuge filters. A PCF with 9 to 10 cm length was washed with acetone
and dried with a syringe by pushing air inside. The filtered saliva sample
was then filled inside the PCF with a syringe pump using a 17 gauge
needle at 50𝜇𝑙𝑚𝑖𝑛−1 speed. After the needle was removed, both ends
of the PCF were cleaved to achieve a sharp finish. Polymer coating was
removed from approximately 3 to 4 mm length of the fiber facing toward
the laser to facilitate focusing laser on the core and to avoid interference
from the polymer. The prepared saliva filled PCF sample was placed in
the fiber holder of stage shown in Figure 5.11 and each spectrum was
recorded for 4 s and five accumulations with approximately 20 mW laser
power. Ten measurements were recorded from each sample.
The collected data was calibrated along the x and y axes, spikes were
removed and data was corrected for dark background. The baseline was
corrected using the ALS method (𝜆 = 100 and P = 0.0009). Raman data
ranging from 500 - 1800 cm−1 for 11 participants (5 + 6) were subjected to
further analysis [3].

5.4.5 In vivo data collection

After collecting saliva sample, participants were subjected to in vivo tissue
analysis with DRS and Raman spectroscopy. For both techniques, data
was collected from all the six tissue types mentioned in table 5.1 including
healthy tissue (H) from the control group, potentially malignant lesion
(OPMD) and healthy contralateral cite (OPMDH) in the OPMD group.
Before measurements were made, it was made sure that the room was
absolutely dark to minimise interference in spectral data from the stray
light.

Data collection with DRS

For DRS study a software solution developed in MATLAB was used for
data collection and real-time data processing. Each DRS measurement
was recorded over 50 ms acquisition time and averaged over 20 repetitions.
Data was collected from 22 healthy volunteers and 60 OPMD volunteers.
In the initial phase of the study, parameter optimisation for both Raman
and DRS was the priority. As many parameters were being tested at that
point, for patient’s comfort and to reduce overall measurement time,
approximately 9 data measurements were recorded from the first few
participants and later ≈ 15 data measurements (DM) in both groups
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Table 5.3: Number of OPMD lesion (OPMD) and spectra from OPMD and H group with respect to tissue for DRS analysis.

Tissue No. of lesions
on each tissue

OPMD
(Spectra)

H (Spectra) Total spectra (H +
OPMD +
OPMDH)

CM 28 393 324 1494
VST 19 270 324 1392
DST 7 102 324 1215
Lip 6 78 324 1233

Gum 2 33 324 1125
AFM 0 0 324 1074

subjected to participant’s convenience and condition of the oral cavity.
Detailed information on the DRS data is shown in table 5.3. In total
accumulating 1944 spectra from healthy group.

▶ 54 spectra from 1 participant (9 spectra from 6 tissues = 54).
▶ 90 spectra from 21 participants (15 spectra from 6 tissues = 1890).

and 5589 spectra from OPMD group

▶ 54 spectra from first 5 participants (9 spectra from 6 tissues (lesion,
CM, VST, DST, Lip, Gum) = 270).

▶ 63 spectra from next 11 participants (9 spectra from 7 tissues (lesion,
CM, VST, DST, Lip, Gum, AFM)= 693).

▶ 105 and 90 spectra from the subsequent 43 participants (15 spectra
from 7 tissues (lesion, CM, VST, DST, Lip, Gum, AFM) of 37 par-
ticipants and from 6 tissues for the rest of the 2 without OPMDH
contralateral site = 4065).

▶ 126 and 108 spectra from 4 subjects on clinician’s request (18 spec-
tra from 7 tissues (lesion, CM, VST, DST, Lip, Gum, AFM) of 2
participants and 6 tissues from the other 2 without OPMDH = 468).

▶ 93 spectra were recorded from 1 participant due to participant’s
discomfort (15 from 6 tissues (lesion, CM, VST, DST, Lip, AFM) and
3 from 1 tissue (Gum) = 93).

Data collection with Raman spectroscopy

Raman data was collected from 24 healthy participants in the control
group and 53 participants in the OPMD group. Data was collected from
the six anatomical locations, including the lesion and contralateral site. 3
to 5 spectral measurements were recorded from each tissue depending
on the participant’s comfort and condition of the oral cavity. In total,
687 spectral measurements were collected from different tissues in the
control group and 1731 spectral measurements from OPMD group. The
total OPMD lesions and the number of Raman spectra collected from
OPMD and H are shown in table 5.4. Each spectral measurement was
averaged over 9 accumulations to reduce spectral noise and the data
acquisition time for each spectral recording was approximately 4 s.
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Table 5.4: Total OPMD lesion (PML) and distribution of spectral data from different groups for Raman analysis.

Tissue No. of lesions
on each tissue

OPMD
(Spectra)

H (Spectra) Total spectra (H +
OPMD +
OPMDH)

CM 25 117 118 474
VST 15 78 104 425
DST 8 35 117 393
Lip 4 20 113 382

Gum 3 15 119 374
AFM 1 5 116 365

6: Simplified version of Lasso equation
5.6 is
Lasso regression = (Sum of squared er-
rors + 𝛼(Sum of absolute values of coef-
ficients)

5.5 Spectral data analysis

5.5.1 Feature selection

Feature selection is a crucial step in building predictive models for
spectroscopic data. It involves identifying the most relevant features
that contribute to predicting an outcome. Feature selection can improve
the performance of the developed model, while reducing complexity
and computational costs. In this study, the Lasso regression model
(Least Absolute Shrinkage and Selection Operator) was used for feature
selection. It performs both variable selection and regularisation using
a cost function and improves the prediction accuracy of the developed
statistical model. It minimises the sum of squared residuals between
actual and predicted values by imposing a penalty term to regression
coefficient values. It results in reducing some of the coefficients to zero
and thus eliminating less important features and retaining only those
that have the most predictive power. 6In mathematical terms it can be
expressed as

Cost function =

𝑛∑
𝑖=1

(𝑦(𝑖)
𝑟𝑒𝑎𝑙

− 𝑦(𝑖)
𝑝𝑟𝑒𝑑

)2 + 𝛼
𝑚∑
𝑗=1

|𝛽 𝑗 | (5.6)

where, n is the number of DRS spectra, m is the number of features
(wavelength), (𝑦(𝑖)

𝑟𝑒𝑎𝑙
and 𝑦(𝑖)

𝑝𝑟𝑒𝑑
) are the true and predicted values of the i𝑡ℎ

spectrum. The term 𝛼
∑𝑚
𝑗=1 𝛽 𝑗 is L1 penalty, 𝛽 𝑗 is the regression coefficient

of 𝑗𝑡ℎ feature, 𝛼 is a regularization parameter controlling the strength
of the penalty term L1. A larger value of 𝛼 leads to more pronounced
regularization, driving more coefficients close to zero resulting in the
development of a sparser model [241]. Conversely, smaller values of
alpha reduce the amount of regularization, allowing more wavelengths
to retain non-zero coefficients and thus increasing the number of features
contributing to the model. The 𝛼 parameter was selected using cross-
validation to balance between prediction error and over- or under-fitting.
LASSO regression was applied on the scaled dataset and only variables
with non-zero coefficients were retained for inclusion in the predictive
model. The contribution of each wavelength is quantified through LASSO
weights, which guides the development of a classification model [241].
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5.5.2 Cross validation and classifcation

Leave one out cross validation (LOOCV)

Following the feature selection with Lasso regression model, leave-one-
out cross validation (LOOCV) was employed to evaluate the performance
of the developed machine learning model. In LOOCV, applied on a set
of n samples, the model is iteratively trained n times using n-1 samples
for training and the remaining one sample for testing. It provides an
unbiased estimate of the model’s performance.

Linear discriminate analysis (LDA)

Linear discriminate analysis (LDA) was applied to classify samples on
the basis of selected features. It is a statistical method to separate two or
more groups by projecting the features onto a single-dimensional space.
It works by maximizing the separation between classes.

Linking the analysis to our research goals

The implementation of LASSO, LOOCV and LDA was tailored to meet the
primary objectives of this study, focussing on improving diagnostic accu-
racy for oral potentially malignant disorders (OPMD) using spectroscopic
techniques. The key goals of the analysis were:

1. Identify discriminative feature: Primary aim of feature selection
model was to identify spectral markers that could distinguish be-
tween OPMD and H tissue and saliva samples. By applying Lasso
regression model, features with highest Lasso weights that had
higher predictive power were selected, while minimising redun-
dancy. It was also ensured that the selected spectral features provide
robust biochemical insight.

2. Reliable classification model: A simple classification model was
designed to categorise the data in OPMD and the control groups.
The use of LDA enables a straightforward yet effective model that
leverages the selected features for group selection. It ensures an
accurate and interpretable clinically relevant model.

3. Robustness through cross validation: The LOOCV was integrated
to evaluate the reliability of the developed model. It iteratively tests
the model on individual samples while training on the remaining
dataset. It provides an unbiased estimate of the model’s performance
and minimises the risk of overfitting.

4. Align selected spectral features with diagnostic potential: The se-
lected features were critically examined for their relevance to OPMD
associated biochemical changes, such as alterations in protein, lipids,
carbohydrates and haemoglobin content. The alignment between
spectral data and underlying pathological changes confirms the
diagnostic potential of the multimodal spectroscopic approach.



5 Experimental Design and Methodology 69

5.5.3 Validation metrics

Validation metrics are expository for evaluating the performance and
reliability of a machine learning model. This study employed various
metrics to access a robust interpretation of the developed classification
model. They are discussed below:

Box plots and statistical analysis of selected features

Box plot analysis was used to compare the distribution of selected
features between the OPMD and the control group. The significance of
the difference between both groups was confirmed by non-parametric
statistical analysis.

LDA scatter plot:

LDA scatter plot represents the separation between the OPMD and H
tissue in the Raman data of tissue and saliva samples in the LDA space.
Each participant was represented as a data point to facilitate visual
understanding of the classification performance, highlighting correctly
and incorrectly classified cases.

Truth table:

The truth table summarises correctly and incorrectly classified patients.
It highlights the model’s ability to classify the data correctly between
OPMD and control group. Each patient was represented as a data point
to evaluate individual level performance.

Area under the curve (AUC):

The AUC of the Receiver Operating Characteristic (ROC) curve in the DRS
study was included as an additional parameter of diagnostic performance.
It reflects the trade-off between sensitivity and specificity. It also provides
a summary of the model’s classification capability.

Balanced accuracy

Balanced accuracy accounts for the class imbalance while calculating the
accuracy. It give equal weight to both classes and ensures an unbiased
measure of model performance across OPMD and control group unlike
accuracy 7

7: Accuracy is the ratio of correctly pre-
dicted samples to total number of pre-
dicted samples:

Accuracy =
(True positive + True Negative)

Total number of samples

It may not accurately reflect the model’s
performance in case of unbalanced data.
In such cases, higher accuracy shows that
the model is biased toward the majority
class

. Balanced accuracy can be defined as the average of true
positive rate (sensitivity) and the true negative rate (specificity), providing
a more equitable measure of a model’s performance, particularly for
imbalanced datasets.

Balanced Accuracy =
(Sensitivity + Specificity)

2
(5.7)
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Where

Sensitivity =
True positive cases

(True positive cases + False negative cases)
(5.8)

Specificity =
True negative cases

(True negative cases + False positive cases)
(5.9)

Conclusion

This chapter detailed the design and development of the multimodal
spectroscopic systems that form the backbone of this research. This
system consisting of Raman spectroscopy and DRS is a step towards
non-invasive, real-time diagnostic solutions for OPMD. Despite their
potential, these methods still hold challenges, including sample variability,
probe-tissue contact and the complexity of data interpretation. These
challenges emphasise the need for continuous improvement in both
hardware and data processing techniques. As we transition into Chapter
6, the subsequent discussion reports on the personal perspectives gained
throughout this research, its collaborative nature and impact on bridging
the gap between laboratory research and clinical application. The results
of this research are summarised in the publications included at the
end of the thesis, where the findings of this study are presented in
detail, emphasising the clinical relevance of the proposed diagnostic
approach.
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This study explored the application of optical spectroscopic techniques
for OPMD diagnosis, including DRS, Raman spectroscopy and Photonic
Crystal Fiber (PCF)-enhanced Raman analysis. Using these modalities, a
multimodal, non-invasive diagnostic approach is designed to improve
sensitivity and specificity while addressing existing clinical gaps. Our
findings provide crucial insights into the biochemical and structural
alterations in saliva and OPMD tissues, highlighting the potential of
biophotonics in clinical diagnostics.

We also attempted to involve Diffuse Optical Imaging (DOI) in the
designed multimodal system; however, this technique required further
calibration and optimisation.

6.1 Raman spectroscopy in diagnosis of OPMD

Our Raman spectroscopy analysis (presented in manuscript IV) success-
fully distinguished between OPMD and healthy controls in both tissue
and saliva, achieving an accuracy of 78% for saliva and 89% for tissue,
through Lasso feature selection and LDA classification. There were 13
selected spectral features common to both tissue and saliva that exhibited
a consistent trend across both sample types, supporting the hypothesis
that saliva can serve as a non-invasive alternative for OPMD screening.
The spectral features at 501 𝑐𝑚−1, 541 𝑐𝑚−1 and 1463 𝑐𝑚−1 attributed
to vibrational modes of proteins and lipids (present in tissue or soluble
molecules present in saliva) showed a strong correlation between saliva
and tissue. These findings align with previous studies indicating that
Raman spectroscopy can identify OPMD-associated biomarkers, such
as changes in carbohydrates, lipids, and proteins. While prior literature
has focused mainly on differentiating control and OPMD group, either
in tissue or saliva, this study highlights the capability of saliva as a first-
line screening tool for OPMD by identifying common spectral features
in saliva and in vivo tissue from the same participants. These spectral
changes indicate the onset of the disease and correlate the biochemical
changes in saliva with those in tissue.

6.2 Photonic Crystal Fiber for Liquid Saliva

Analysis

A key novelty of this work was the application of optofluidic PCF for
liquid saliva analysis, demonstrating its feasibility for detecting OPMD-
related biochemical signatures. Although the Raman analysis described
in manuscript IV is sensitive to compositional changes in dry saliva,
it struggles to capture structural alterations effectively in liquid saliva
due to the low concentration of analytes [1, 242]. Drying the saliva
sample could cause molecular and structural changes, affecting the
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stability and integrity of biomarkers and compromising the reliability
of the diagnostic assay [3, 243]. The optical confinement within the PCF
core significantly enhances the interaction between incident light and
liquid saliva overcoming the challenges of conventional Raman analysis.
Moreover, analysis of liquid saliva can enables real-time screening and
eliminates the need for time-consuming drying process. The spectral
trend observed in the liquid saliva was in agreement with the spectral
changes in the in vivo tissue of the same participants, confirming that
the changes observed in the liquid saliva are due to OPMD. Significant
spectral variations were observed at 1123 𝑐𝑚−1, 1251 𝑐𝑚−1 and 1454 𝑐𝑚−1

which correspond to carbohydrates, proteins and lipids, respectively. The
results suggest that PCF-based Raman spectroscopy holds potential as a
real-time and non-invasive diagnostic platform for OPMD screening by
enabling the monitoring of subtle molecular changes in liquid saliva.

6.3 Diffuse Reflectance Spectroscopy as a

Complementary Tool

The DRS analysis further complements the potential of non-invasive
spectral diagnosis. The changes observed in the DRS spectra at 400 - 600
nm and 600 - 700 nm were associated with changes in oxygenation and
increased haemoglobin absorption, consistent with previous reports on
vascular changes associated with dysplasia[244, 245]. The results indi-
cate that DRS can provide structural and functional insights into tissue
pathology, providing supplementary information to biochemical analysis
performed by Raman spectroscopy. Significantly high 540/575 ratios in
OPMD lesions compared to contralateral healthy mucosa further validate
the potential of DRS for distinguishing between affected and unaffected
tissues. Unlike previous studies, this research demonstrates its utility in
early-stage OPMD diagnosis, establishing DRS as a complementary tool
for OPMD screening, assisting in targeted biopsy and clinical guidance
for margin resection during surgery. The LDA model based on LASSO
features was able to classify the cheek mucosa and ventral surface of the
tongue with 88 % and 86 % accuracies, respectively.

Raman spectroscopy excels in detecting biochemical changes at the
molecular level from saliva and superficial layers of tissue, making it
suitable for identifying OPMD-associated spectral markers. On the other
hand, DRS provides critical insights into tissue oxygenation and vascular
changes from deep tissue layers, offering complementary information
that Raman alone cannot provide, confirming our hypothesis given in
chapter 1. By integrating both Raman and DRS in a single multimodal
platform, a more comprehensive diagnostic framework is structured,
where Raman detects molecular changes indicative of dysplasia, and
DRS strengthens the assessment by analysing vascular and oxygenation
patterns. This enhances the diagnostic accuracy and improves clinical
decision-making for OPMD screening.
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6.4 Multimodal Spectroscopic Approach and

clinical implication

Individually, DRS, Raman spectroscopy and PCF-enhanced Raman offer
valuable diagnostic capabilities. When combined, they create a more
comprehensive and robust diagnostic framework. The proposed multi-
modal approach provides a stepwise screening: (i) saliva-based Raman
spectroscopy as a preliminary non-invasive test, (ii) confirmation through
in vivo tissue analysis using Raman and DRS in patients flagged by saliva
analysis, and (iii) guided biopsy based on spectral findings from in vivo
tissue analysis. This structured approach can reduce sampling errors,
unnecessary biopsies, and patient discomfort, addressing the critical lim-
itations of current clinical practices. It could also be helpful for accurate
margin detection during surgical procedures.
The correlation between salivary biomarkers and tissue pathology re-
inforces the concept of saliva as a non-invasive diagnostic alternative.
Integrating machine learning algorithms such as Lasso and LDA en-
hances the diagnostic accuracy and reproducibility of the system. The
developed multimodal mobile system could be seamlessly integrated into
the current clinical environment, providing bedside diagnosis. Future
work should focus on expanding the sample size, validating the find-
ings in multicentre studies, and integrating automated decision support
systems to make the system more reliable in clinical settings.

Conclusion

The integration of Raman spectroscopy, DRS and DOI into a single
multimodal spectroscopic platform represents a significant advancement
in our ability to detect OPMD. The key findings include:

▶ Raman spectroscopy can differentiate OPMD from the control group
in both saliva (with 78 % accuracy) and tissue (with 89 % accuracy)
by identifying consistent spectral markers in both sample types.

▶ PCF-based Raman spectroscopy enables liquid saliva screening,
offering a real-time platform for biochemical analysis and reducing
the number of unnecessary biopsies.

▶ DRS can analyse the change in oxygenation and vascularization
during OPMD, complementing biochemical insights from Raman
spectroscopy.

▶ Machine learning-based feature selection can improve diagnostic
accuracy and facilitate clinical translation.

▶ The multimodal stepwise diagnostic approach can improve accuracy
and reduce reliance on invasive diagnostic procedures.

These findings contribute to real-time, non-invasive optical diagnostics,
bridging the gap between research and clinical application. By addressing
existing challenges, this thesis provides the foundation for integrating
spectroscopic screening into current clinical workflow to improve patient
outcomes. It also opens new avenues for diagnostics in broader medical
applications, including colorectal cancer. In the future, it would also be
worth including fluorescence spectroscopy for metabolic and molecular
insights, and Diffuse Optical Imaging (DOI) for structural imaging. This
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comprehensive approach will provide multiple complementary aspects
of OPMD pathology to improve diagnostic accuracy. Further research
should also focus on large-scale validation, optimisation of multimodal
integration, and real-time data analysis for improved clinical decision-
making.
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This project is an exploration of what non-invasive diagnostic can achieve
when innovative methodologies meet a persistent clinical challenge. This
work is an attempt to democratise OPMD diagnostics, shifting paradigm
from invasive, resource intensive and complex procedure to non-invasive,
real-time, and accessible solution. The beauty of this research lies in its
simplicity, leveraging from simple optical spectroscopy like DRS and Ra-
man and integrating them into a compact, versatile multi-configurational
system with the aim to provide a patient-centred diagnostic alternative
and a saliva screening procedure, addressing the clinical gaps in OPMD
diagnosis. This approach goes beyond conventional biopsy by offering in-
sight into tissue physiology and biochemical changes with high precision.
The potential of this research for real-time OPMD screening and clinical
applicability is critical and clear. But still there are many challenges in
refining the system for robust, large scale clinical application, such as
robust probes and laser systems1

1: Half way during the patient recruit-
ment, the laser broke down, and fur-
ther recruitment was kept on hold for
3 months.

. For me, this research was not just
about engineering or biology—it was about rethinking how we approach
disease detection entirely.

The development of a mobile multimodal spectroscopic system was
a transformative aspect of this research, addressing the limitations of
existing setups, such as high cost, limited clinical adaptability and lack
of portability. Moreover, this system can be used seamlessly for in vivo
and ex vivo analysis. The clinical adaptability and applicability in diverse
healthcare settings is a critical aspect for its application, particularly in
resource-constrained environments.
What stands out to me the most is the elegance of using saliva. It is both or-
dinary and extraordinary, containing molecular echoes of systemic health
and disease. Despite the progress achieved, it also presents inherent
challenges 2

2: Although advised not to wear lip cos-
metics and to avoid food and drinks,
sometimes participants forgot to adhere
to these instructions, which could lead
to potential contamination or variability
in the collected samples, impacting the
consistency and reliability of the data.

. For example, while Raman spectroscopy of saliva samples
demonstrated promising potential as a non-invasive screening tool, the
variability in sample preparation, the low concentration of biomarkers,
and spectral noise posed significant hurdles3

3: Though use of saliva is an innovative
approach, but it comes with a lot of un-
certainties. Could the variability in saliva
be due to diet, hydration, stress, medica-
tions or other factors? Can these factors
hinder its reliability?

. Similarly, DRS provides
significant insight into tissue morphology and blood oxygenation, how-
ever, probe pressure on the tissue and contact angle between probe and
tissue remain a complex challenge. These limitations highlight the need
for ongoing refinement in both hardware design and data processing
algorithms.
One of the most exciting aspects of this research was the alignment
of disease associated chemical changes with machine learning based
selected spectral feature from Raman and DRS data. Correlating the
OPMD associated spectral biomarkers from saliva with the spectral
biomarkers present in tissue was a cornerstone of this research. This
correlation is a significant step towards reducing invasive procedures
and expanding access to routine screenings. The integration of DRS
has added depth to the system, enabling dual-mode assessments that
capture macroscopic and molecular-level changes in tissue. It offers a
combination that few diagnostic tools can claim. By combining domain
knowledge and computational techniques, accuracies that reinforce the
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4: Baseline correction and fluorescence
removal is challenging in Raman spec-
troscopy due to the strong overlapping
fluorescence signal from biological tis-
sues, which can obscure weak Raman
features.

clinical relevance of these approaches were achieved. The dependency
on computational models also revealed the need for robust validation
strategies and potential biases due to small or unbalanced data sets.
Standardising data acquisition protocols and expanding the data set is an
important requirement for future studies. In addition, developing robust
and standardised preprocessing techniques is essential to ensure reliable
spectral analysis 4.
Looking ahead, this research lays the groundwork for a new generation
of optical diagnostic tools. Future efforts could focus on integrating
additional modalities, such as fluorescence spectroscopy, hyperspectral
imaging, or nuclear magnetic resonance imaging (NMR) to enhance
diagnostic specificity. Also, exploring additional biomarkers and refin-
ing feature selection methods could enhance the diagnostic accuracy
of saliva-based assays for OPMD. Furthermore, miniaturisation of the
Raman-DRS multimodal system and its integration with handheld de-
vices or endoscopes could broaden its clinical applications, from OPMD
screening to intraoperative margin evaluation. This project was a col-
laboration between scientists, clinicians, engineers and data analysts. It
demonstrates the confluence of applied research, clinical perspective,
engineering innovation and rigorous analysis to bridge the gap between
laboratory research and bedside application. By addressing current lim-
itations and building on the foundation established in this work, the
potential for widespread adoption of non-invasive optical diagnostics in
oral healthcare appears both promising and achievable.
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This chapter summarizes the publications resulting from this research.
Each publication details distinct phases of the study, from system devel-
opment to clinical application, demonstrating the potential of Raman
and DRS to address gaps in OPMD diagnosis.

1. Maryam, S.; Nogueira, M. S.; Gautam, R.; Krishnamoorthy, S.;
Venkata Sekar, S. K.; Kho, K. W.; Lu, H.; Riordain, N. R.; Feeley, L.;
Sheahan, P.; Burke, R.; Andersson-Engels, S.; "Label-free optical

spectroscopy for early detection of oral cancer. Diagnostics", 2022,
12, 2896 [1].
This paper provides a comprehensive overview of the potential of
optical spectroscopy in clinical settings. It highlights the importance
of accessible and rapid diagnostics and underscores the importance
of integrating complementary spectroscopic techniques such as
Raman and diffuse reflectance spectroscopy, which are central to my
research, in current clinical environment. Additionally, it emphasises
the use of saliva as a diagnostic medium for non-invasive screening
purposes. This review summarises the important salivary biomark-
ers associated with oral cancer and their concentration in healthy
and OSCC participants. The review advocates for the development
of more advanced optical systems, incorporating sophisticated data
analysis techniques and large-scale clinical validation, to make
these tools suitable for routine clinical use. I wrote this manuscript.
M. Nogueira, R. Gautam, S. Krishnamoorthy. S.K.V. Sekar, K.W.
Kho, H. Lu, R. Ni Riordain, L. Feeley, P. Sheahan, R. Burke and S.
Andersson-Engels were involved in discussions, conceptualization
and editing of the manuscript.
This publication was selected as the front cover of the journal "Di-
agnostics", Volume 12, Issue 12, in which it was published.

2. Maryam, S.; Sekar, S. K. V.; Ghauri, M. D.; Fahy, E.; Nogueira, M.
S.; Lu, H.; Beffara, F.; Humbert, G.; Riordain, R. N.; Sheahan, P.;
Burke, R.; Kho; K.W.; Gautam,R.; Andersson-Engels, S.; "Mobile

multi-configuration clinical translational Raman system for oral

cancer application", Analyst 2023, 148,1514–1523 [2].
This publication reported the development of a mobile, adaptable
and cost-effective Raman system designed to address the challenges
in in vivo diagnostics and the limitations of existing Raman se-
tups, including their high cost and lack of adaptability for diverse
clinical applications. The system incorporates three configurations,
including a Raman microscope for high resolution ex vivo analy-
sis, an optofluidics PCF stage to analyze saliva in liquid form and
customized in vivo Raman multimodal probe. The development
of this novel multimodal system represents a cornerstone of this
research. The system was optimized and tested robustly multiple
times for accuracy and reproducibility for different modes using
different analytes. The developed configuration enables detailed Ra-
man analysis from cellular-level investigations to real-time clinical
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diagnostics.The study also support the integration of the devel-
oped Raman system in current clinical workflow for non-invasive
screening and monitoring of OPMD. In this study, I participated
in development of the multi-configuration Raman system, system
refinement, experimental validation and data analysis to ensure
system functionality across different configurations. Additionally, I
authored the manuscript, reviewed and edited it to align the publica-
tion with high scientific and editorial standards. S.K.V. Sekar and R.
Gautam were involved in system design, fabrication and validation.
M.D. Ghauri and R.Gautam were also involved in clinical data col-
lection. E. Fahy, R. Ni Riordain were involved in patient recruitment,
saliva collection and in vivo tissue data collection. F. Beffara and
G. Humbert fabricated and provided PCF. S. Andersson-Engels
provided funding for this project and was involved in conceptuali-
sation, supervision and project management. All above authors and
M. Nogueira, K.W. Kho, H. Lu, L. Feeley, P. Sheahan and R. Burke
were involved in discussions, conceptualisation, and editing of the
manuscript.
This publication was selected for the "Researcher Development
and Travel Grant from Royal Society of Chemistry in year 2023."
A poster based on this study was awarded with the first prize for
best research poster award at "IPIC Industry Workshop" in year 2023.

3. Maryam, S.; Benazza, A.; Fahy, E.; Sekar, S. K. V.; Dinish, U.S.; Olivo,
M.; Riordain, R. N.; Andersson-Engels, S.; Humbert, G.; Komolibus,
K.; Gautam,R.; "Liquid saliva analysis using optofluidic photonic

crystal fiber for detection of oral potentially malignant disorders",
Published in Spectrochimica Acta Part A: Molecular and Biomolec-
ular Spectroscopy.
This publication offers a compelling perspective on an innovative
use of optofluidic photonic crystal fibers (PCFs) for Raman analysis
of biofluids. This study highlights the untapped potential of PCF, to
overcome traditional limitations in liquid saliva analysis due to the
low concentration of bioanalytes. By maintaining saliva in the liquid
state, the methodology preserves molecular integrity, ensuring the
native biochemical environment of the sample. This publication
reinforces the idea that saliva can serve as a non-invasive diagnostic
medium, particularly when coupled with PCF. This study validates
salivary biomarkers with those present in in vivo tissue and confirms
the efficacy of PCF to enhance the Raman signal of biofluids. In this
paper my contributions were paper writing, review and editing.
Moreover, I, S.K.V. Sekar, R. Gautam, A. Benazza and K. Komolibus
were involved in system design and fabrication and refining the
system assembly. E.Fahy and R. Ni. Riordain were responsible for
patient recruitment and saliva collection, and I was responsible
for processing and analysing the saliva samples. I and R. Gau-
tam also performed the Raman data pre-processing and analysis.
Georges Humbert and A. Benazza designed and developed the
customised PCF. R. Gautam, K. Komolibus, Dinish U.S, M. Olivo,
and S. Andersson-Engels were involved in discussions and editing
of the manuscript and supervision and project management.

4. Maryam, S.; Innocente, S.; Fahy, E.; Ghauri, M. D.; Sekar, S. K.
V.; Burke, R.; Visentin, A.; Riordain, R. N.; Andersson-Engels, S.;
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Komolibus, K.; Gautam,R.; "Identification of salivary biomarkers

for screening of Oral Potentially Malignant Disorders through

tissue correlation"

This manuscript is focused on exploring Raman spectroscopy of
saliva samples as a non-invasive and cost-effective screening tool for
OPMD and OC diagnosis. Traditional biopsy is invasive, painful and
expensive. It limits its use for routine screening and early diagnosis.
Saliva, on the other hand, offers a non-invasive and cost effective
alternative with significant diagnostic potential. Being in direct con-
tact with the oral lesion, it can reflect biochemical changes associated
with the malignancy. By leveraging the molecular insights provided
by Raman spectroscopy, saliva analysis could reduce the need for
unnecessary biopsies while enhancing the accuracy of informed
biopsy decisions. This approach has the potential to improve patient
comfort and enable regular monitoring of high-risk individuals,
contributing to better clinical outcomes and early intervention. This
study presents the first comprehensive analysis correlating Raman
spectral features in saliva and tissue from the same individuals
diagnosed with OPMD. The results underscore the potential of
Raman spectroscopy, combined with advanced feature selection
techniques, in identifying critical disease markers, thereby aiding in
non-invasive diagnostics. To the best of our knowledge, this is the
first study that co-relate the OPMD associated salivary biomarkers
with those present in the in vivo tissue.
The planning and design of this work was discussed collabora-
tively with all coauthors. I and R. Gautam contributed to study
design, clinical data collection from in vivo tissue, conducted ex-
perimental measurements, processed and analysed saliva samples,
preprocessed Raman data, developed machine learning code, per-
formed data analysis and led the manuscript writing.Sekar, S.K. V.
contributed to troubleshooting optical setup alignment and probe
design. E. Fahy, D. Ghauri contributed to clinical data collection
from the in vivo tissue. E. Fahy and R. Ni Riordain were respon-
sible for patient recruitment saliva samples collection. L. Feelay
provided insight on biopsy and the biopsy results for the recruited
participants. S. Innocente, N. Shahid and A. Visentin played a key
role in machine learning code development and data analysis. K.
Komolibus, R.Gautam, R. Burke,R. Ni Riordain, P. Sheahan and S.
Andersson-Engels were involved in conceptualization, manuscript
review, editing, supervision and project management.

5. Maryam, S.; Ghauri, M. D.; Fahy, E.; Innocente, S.; Burke, R.; Visentin,
A.; Riordain, R. N.; Feelay, L.; Andersson-Engels, S.; Gautam,R.;
Komolibus, K.;"Diffuse Reflectance Spectroscopy for non-invasive

screening of Oral Potentially Malignant Disorders".

This study reports the potential of DRS to differentiate between
healthy and OPMD tissue across different anatomical location in
the oral cavity. The primary objective of this publication was to
highlight the key spectral features that can distinguish between
two tissue groups and diagnose OPMD. This manuscript reports
the increase in diffused reflection at 540 and 575 (𝑅540/575) nm due
to increased vascularization and a change in oxygenation status in
OPMD tissue. Moreover, decreased reflectance between 600 – 700
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nm indicates high oxygen consumption due to increased metabolic
activities. This manuscript confirms that when integrated with
machine-learning based feature selection model, DRS has a poten-
tial of revolutionizing the early diagnosis of OPMD. Its non-invasive
nature coupled with real time analysis, positions DRS as an effective
adjunct to traditional biopsy. By enabling in vivo assessments, DRS
can offer valuable insights into tissue oxygenation, haemoglobin
content, and scattering properties, which are often indicative of
malignant transformations. Furthermore, its integration into clinical
workflows could facilitate regular screening and provide clinicians
with guidance to identify high-risk lesions or determine biopsy
sites. In this publication, I was involved in system design and cus-
tomization, in vivo tissue data collection from human participants,
data processing, analysis, machine learning code development,
manuscript writing. E. Fahy, R. Ni. Riordain and P. Sheahan were
responsible for patient recruitment. E. Fahy and M. D. Ghauri, R.
Gautam, K. Komolibus were also involved in in vivo data collection.
L. Feelay provided insight on biopsy and the biopsy results for the
recruited participants. S. Innocente, N. Shahid and A. Visentin con-
tributed in machine learning code development and data analysis.
R. Gautam, K. Komolibus, R. Ni Riordain, P. Sheahan, R. Burke
and S. Andersson-Engels were involved in conceptualisation and
supervision. All authors contributed to the discussions, reviewing
and editing of the manuscript.
A poster based on this study was awarded with the best research
poster award at "Irish association of oral surgery conference" in year
2023.

6. Nogueira, M.S.;Maryam, S.; Amissah, M.; Lu, H.; Lynch, N.; Killeen,
S.; O’Riordain, M.; Andersson-Engels, S.; "Evaluation of wavelength

ranges and tissue depth probed by diffuse reflectance spectroscopy

for colorectal cancer detection." Scientific Reports, 2021. Vol. 11,
no.1, p: 1-17 [4].
This study reported the evaluation of the diagnostic capabilities of
DRS in colorectal cancer detection. It also describes the potential of
the source-to-detecter distance in probe design to probe the deep
tissue layers. Using (SVM) models, 96 % sensitivity and up to 95
% specificity was achieved by probing the superficial and deep
tissue layers, This publication demonstrates the potential of DRS
for CRC diagnosis. The results obtained also suggest that using a
broader spectral range can enhance diagnostic accuracy by allowing
deeper tissue analysis. In this publication, I was responsible for
the collection of data by probing the ex vivo tissue and sorting the
location of the data collected on the image grid. I was also involved
in the discussions, data preprocessing and manuscript review. M.
S. Nogueira was the lead author in this manuscript. M. Amissah
was also involved in data collection process. H. Lu was responsible
for ethical approval and taking patient’s consent. N. Lynch and S.
Killeen were the clinical experts in this study. S. Andersson-Engels
and M. O’Riordain were involved in the conceptualisation and
supervision.



Conclusion

This thesis presented the development and validation of a customised
multimodal spectroscopic platform integrating Raman spectroscopy
and diffuse reflectance spectroscopy (DRS) for the saliva screening and
non-invasive diagnosis of oral potentially malignant disorders (OPMD).
The combination of these complementary optical modalities enables
simultaneous assessment of biochemical and structural tissue properties,
offering a more comprehensive understanding of disease progression
than any single technique alone.
The experimental results represent the feasibility of using the multimodal
spectroscopic system to accurately diagnose pre-malignant oral lesions
and to identify key spectral biomarkers associated with pathological trans-
formation. Furthermore, the modular design of the customised Raman
system, incorporating microscope, biofluidic stage, and in vivo fiber-
probe configurations, extends its applicability from laboratory-based
experiments to clinical assessment in real world scenario, enhancing
its adaptability for diverse sample types. Beyond OPMD diagnostics,
preliminary findings suggest promising translational potential in broader
medical domains, including colorectal cancer. By bridging optical physics,
instrumentation, and biomedical application, this work underscores the
transformative role of Biophotonics in precision diagnostics, improving
patient outcomes, and shaping the future of non-invasive disease detec-
tion.
Future work will focus on clinical translation through larger patient
cohort, real-time data analytics and integrating artificial intelligence for
automated diagnostics for decision-making. Together, these advance-
ments hold a promise for improving early detection strategies and patient
outcomes in oncology.
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Abstract: Oral cancer is the 16th most common cancer worldwide. It commonly arises from painless
white or red plaques within the oral cavity. Clinical outcome is highly related to the stage when
diagnosed. However, early diagnosis is complex owing to the impracticality of biopsying every
potentially premalignant intraoral lesion. Therefore, there is a need to develop a non-invasive
cost-effective diagnostic technique to differentiate non-malignant and early-stage malignant lesions.
Optical spectroscopy may provide an appropriate solution to facilitate early detection of these lesions.
It has many advantages over traditional approaches including cost, speed, objectivity, sensitivity,
painlessness, and ease-of use in clinical setting for real-time diagnosis. This review consists of a
comprehensive overview of optical spectroscopy for oral cancer diagnosis, epidemiology, and recent
improvements in this field for diagnostic purposes. It summarizes major developments in label-free
optical spectroscopy, including Raman, fluorescence, and diffuse reflectance spectroscopy during
recent years. Among the wide range of optical techniques available, we chose these three for this
review because they have the ability to provide biochemical information and show great potential
for real-time deep-tissue point-based in vivo analysis. This review also highlights the importance
of saliva-based potential biomarkers for non-invasive early-stage diagnosis. It concludes with the
discussion on the scope of development and future demands from a clinical point of view.

Keywords: oral cancer; Raman spectroscopy; diffuse reflectance spectroscopy; fluorescence spec-
troscopy; biomarkers; saliva analysis

1. Introduction

Cancer is a global health problem. According to an estimate of the International
Agency for Research on Cancer, World Health Organization, more than 18 million new
cancer cases and more than 9.6 million cancer deaths were reported worldwide in 2018 [1],
with 19.3 million new cases and 10 million deaths in 2020 alone [2]. Oral cancer is reported
to be the 16th most common cancer in the world with a five-year survival rate of only
40–60%, depending on the region of the world [2,3].

Over 90% of oral cancers are squamous cell carcinomas (SCCs), which arise from
surface epithelial cells of the oral cavity [4]. Overall survival rates are strongly related to
tumour stage at diagnosis [5]. The rates range from 80% for early stage cancers (I/II) to
30–50% in advanced stage cancers (III or IV) [6].

Early diagnosis of oral cancer is critical, both for optimizing survival and for quality of
life after treatment. The aim of this review is to assess the current state and progress in oral
cancer diagnostic techniques and discuss the importance of optical techniques in oral cancer
diagnosis. This review summarizes the importance of body fluids in early detection of oral
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cancer and the biomarkers that have been investigated in previous studies. In addition,
major developments in label-free optical spectroscopy, including Raman spectroscopy
(RS), fluorescence spectroscopy (FS), and diffuse reflectance spectroscopy (DRS), are also
reviewed. This review concludes with a discussion on the scope of development and future
demands from a clinical point of view.

2. Diagnosis of Oral Cancer

In the very early stages of oral cancer, the patient may present with a painless flat or
discolored lesion on the oral mucosa. Patients, however, more frequently present at a later
stage with a mass or non-healing ulcer intraorally, which may be painful and interfere with
oral function. Enlargement of the cervical lymph nodes may indicate regional metastasis [7].
Currently, the gold standard procedure for oral cancer diagnosis is the histopathological
examination of a biopsy specimen from the tumor site [8]. Biopsy can be an invasive and
painful procedure and may require general anesthesia.

Early diagnosis of oral cancer is of clear benefit as the surgical excision of early stage
lesions is associated with improved cancer control and survival outcomes, as well as much
less morbidity and long-term sequelae for patients. However, one of the challenges with
early diagnosis of oral cancer is that many lesions may present as a flat white (leukoplakic)
or red (erythroplakic), or exophytic (verrucous) lesions [9]. These lesions may show
variable degrees of dysplasia, which is associated with premalignant potential. Diagnosis
of early invasive cancer within these lesions by pathological examination relies on the
demonstration of invasion through the basement membrane; however, in early stage
cancers, this invasion may be focal, thus biopsy of the lesion may miss the cancer if the
biopsy is not taken from the part of the lesion corresponding to where the invasion is
occurring. Furthermore, such oral premalignant lesions may be extensive, multifocal,
or recurrent after initial removal [10]. Therefore, there is a pressing need for a reliable,
painless, non-invasive, and cost-effective means of assessment of oral mucosal lesions.
Such a technique may facilitate the identification of the most suspicious areas to target for
biopsy, selection of oral premalignant lesions that should undergo complete excision, as
well as define the extent of surgery for patients with confirmed oral cancers [11]. Table 1
lists a number of detection techniques that are already available and currently being used
by clinicians and some that are still in the research phase.
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Table 1. Techniques for oral cancer diagnosis in addition to clinical oral examination.

Diagnostic Techniques In Vivo Non-
invasive Real Time Time Required * Label-Free Non-

ionizing Portability Spatial
Resolution

Detection
Accuracy Cost-Effectiveness ** References

Histopa
thology

Excisional biopsy 5 5 5 days 5 3 5 µm High Low cost

[12,13]Incisional biopsy 5 5 5 days 5 3 5 µm High Low cost
Brush biopsy 5 3 5 days 5 3 5 µm High Low cost
Punch biopsy 5 5 5 days 5 3 5 µm High Low cost

Vital
staining

Toluidine blue 5 5 5 days 5 3 5 µm High Low cost

[14]

Iodine staining 5 5 5 days 5 3 5 µm High Low cost
Methylene blue 5 5 5 days 5 3 5 µm High Low cost

Lugol’s iodine 5 5 5 days 5 3 5 µm High Low cost
Acetowhite staining 5 5 5 days 5 3 5 µm High Low cost

Double staining 5 5 5 days 5 3 5 µm High Low cost

Imaging
techniques

OCT (Optical coherence
tomography) 3 3 3 10–20 min 3 3 5 µm Medium Expensive

[15–17]

CT scan (computed
tomography) 3 3 3 10–20 min 5 5 5 Mm Medium Expensive

PET scan (positron
emission tomography) 3 3 3 45–60 min 5 5 5 Mm Medium Expensive

MRI (magnetic
resonance imaging) 3 3 5 15–90 min 3 3 5 Mm Low Expensive

Molecular
analysis

Immunohisto
chemistry 5 5 5 days 5 3 5 µm Very high Low cost

[18–20]
In situ hybridization 5 5 5 days 5 3 5 µm Very high Low cost

Flow cytometry 5 5 5 days 5 3 5 µm Very high Low cost
Mass spectrometry 5 5 3 s 3 5 5 NA Very high Low cost

PCR (polymerase chain
reaction) 5 3 3 min 3 3 3 NA Very high Low cost

Light-based
detection

Tissue fluorescence
(autofluorescence
imaging, Velscope,

Identafi)

3 3 3 s 3 3 3 Low Low Low cost

[12,15,21]Chemiluminiscence
(ViziLite, Microlux/DL,

MCE)
3 3 3 s 5 3 3 Low Low Low cost

Optical spectroscopy 3 3 3 s 3 3 3 Low Medium Low cost

* Time required to obtain the results after the sample collection. ** Cost/visit. NA, not available.
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Optical spectroscopy, including Raman spectroscopy (RS), diffuse reflectance spec-
troscopy (DRS), autofluorescence spectroscopy, and optical coherence tomography (OCT),
is able to provide non-invasive point-of-care analysis of structural and biochemical changes
during cancer progression [22]. These morphological and biochemical changes in the ep-
ithelium serve as important biomarkers in oral cancer detection [23]. The above techniques
have a potential to diagnose early stage cancer and dysplasia in real time with high sensi-
tivity, without causing patient discomfort [22,24,25]. These techniques are also effective in
analyzing bodily fluids, opening a doorway to oral cancer screening [26,27]. Post screening,
non-invasive acquisition of data from multiple locations of an extensive, multifocal, and
heterogeneous premalignant lesion may assist in performing an informed biopsy.

3. Optical Spectroscopy for Oral Cancer Screening Ex Vivo

When light interacts with a biological matter, a combination of different optical phe-
nomena such as absorption, reflection, scattering, and fluorescence takes place. Provided
that optical properties are known, spectroscopic analysis of these optical processes can
provide information about the physical, chemical, and metabolic state of the tissue. Spec-
troscopy can be classified either by the energy of electromagnetic wave used or based
on their interaction with the biological samples. Among the wide range of spectroscopic
techniques, Raman spectroscopy, fluorescence spectroscopy, and diffuse reflectance spec-
troscopy have the ability to provide biochemical information in real-time, point-based
diagnosis [28–30]. Raman, an inelastic scattering technique, probes the molecular vibration,
providing information on conformational and compositional changes in the sample under
investigation. In conventional Raman set-up, the monochromatic light interacts with the
superficial layer of the sample. In contrast, DRS is implemented with a spatial separation
between the illumination and detection fiber to enhance the collection of optical properties
(absorption and scattering) of the sample in depth. For DRS, a specific optical window
(650–950 nm) is preferred to avoid the excessive attenuation of light owing to dominating
chromophores such as haemoglobin and water. Table 2 below represents some subjective
views of the general characteristics of Raman spectroscopy, diffuse reflectance spectroscopy,
and fluorescence spectroscopy for diagnostic support of oral cancers.

Table 2. General characteristics of RS, DRS, and FS in cancer diagnosis.

Raman Spectroscopy Diffuse Reflectance
Spectroscopy Fluorescence Spectroscopy

Basic Phenomenon Scattering Scattering and absorption Photoluminescence event
Incident light Ultraviolet, visible, NIR Visible, NIR Ultraviolet, visible

Detected light Inelastically scattered Raman-shifted
light Diffusely scattered light Emission from endogenous

fluorophores
Spectral range 10–4000 cm−1 200–3000 nm 360–700 nm

Typical tissue depth probed <0.1 mm [31,32] <1.5 mm [33] 0.1–10 mm [34]
Label-free/noninvasive/nondestructive Yes Yes Yes

Real time data acquisition Yes Yes Yes
Suitable for ex vivo/in vivo analysis Yes Yes Yes

Photo-bleaching No No Yes
Suitable for biological specimens Yes Yes Yes

Suitable to incorporate with endoscopy Yes Yes Yes
Suitable for water-based specimens, blood,

and saliva Yes Only highly scattering specimens
(selective wavelength regions) Yes

Special sample preparation No No No
Specificity (bandwidth) High Moderate Moderate

Sensitivity Low High High

Nanoparticles Not required but can be used —SERS Not required Not required—can be used in
SPR-enhanced fluorescence

Possible biomarkers Lipids, protein, nucleic acid, circulating
tumor cells

Water, lipid, collagen, deoxy and
oxyhaemoglobin

Endogenous fluorophores—such
as NADH, FAD, collagen, and

porphyrins

Timely therapeutic intervention also requires technological developments that enable
the detection of biochemical changes in bodily fluids and assist in biopsy. In this regard,
biofluid spectroscopy is a potential method for non-invasive cancer screening and diag-
nostics [35]. Raman spectroscopy has the upper hand in the study of biofluids in situ as
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water is a very weak Raman scatterer, as described in Table 2. There are many studies
available on detecting cancer-associated biochemical changes using Raman spectroscopy in
saliva [36,37], urine [38], cervical fluid [39], and blood plasma [40] with this technique [41].

The idea of conducting a simple saliva test in order to diagnose oral malignancies is
extremely appealing. It offers convenient, inexpensive, and non-invasive sample collec-
tion as compared with blood and tissue biopsies. Saliva is a fluid with a very complex
composition. Its major component is water—about 98%—with enzymes, electrolytes, min-
erals, proteins, nucleic acid, antibodies, or nasal secretions dissolved in it. It may also
contain bacteria, viruses, epithelial cells, blood, or its derivatives from lesions and other
biomarkers [42,43]. Its composition can represent the condition of the whole body and,
therefore, it can be a very effective diagnostic medium for many diseases, particularly those
in the oral cavity. In addition, molecular biomarkers present in saliva have the potential
for patient stratification. In a recent study, the potential of fluorescence spectroscopy has
been discussed to differentiate between OSCC, dysplasia, and control group using saliva as
a specimen. This study reports significantly different fluorescence intensities associated
with flavin adenine dinucleotide (FAD) and porphyrin among three groups [44]. With
advancements in nanotechnology and medical science, many biomarkers associated with
oral cancer have been reported, but still it is a challenge to confirm “true” biomarkers that
can be identified non-invasively with high sensitivity and specificity. Previous studies show
that saliva is a more effective diagnostic medium in the early stages of oral cancer than
plasma owing to direct contact to the pathology site [43]. In contrast, serum could serve as
a good diagnostic specimen for late stage oral cancer [45]. Another factor to consider is the
reduced production of saliva in patients after treatment (surgery or radiotherapy), render-
ing it difficult to collect salivary specimens in follow-up patients. In a more recent study,
saliva samples collected from 148 participants were subjected to Raman spectral analysis
for patient stratification in healthy volunteers, tobacco habitués, and oral cancer patients.
This study confirmed the identification of spectral differences among three groups [46]. In
another study, Koster reported diagnostic performance accuracy of 91.7% in a cohort of
head and neck cancer and benign control by unifying Raman spectra of plasma and saliva
sample of each participant to assess metabolite composition [47]. Some important salivary
biomarkers for oral cancer are shown in Table 3.

Table 3. Important salivary biomarkers for oral cancer.

Category Biomarker Healthy Oral Cancer Significance Trend Ref.

Proteins and
amino acids

Phenylalanine 0.011 µmol/mL 0.105 µmol/mL * Increase [48]

4100 ng/mL T1, T2 = 2500 ng/mL; T3, T4
= 1900 ng/mL * Decrease [49]

Tyrosine 0.112 µmol/mL 0.343 µmol/mL * Increase [48]
Tryptophan 3.81 ± 0.62 µM [50]

Leucin
0.015 µmol/mL 0.241 µmol/mL * Increase [48]

2300 ng/mL T1, T2 = 600 ng/mL; T3, T4 =
500 ng/mL * Decrease [49]

Alanine 0.096 µmol/mL 0.178 µmol/mL * Increase [48]
Valine 0.038 µmol/mL 0.165 µmol/mL NS Increase [48]

Isoleucin 0.033 µmol/mL 0.236 µmol/mL * Increase [48]
Aspartic acid 0.035 µmol/mL 0.241 µmol/mL * Increase [48]

Serine 0.050 µmol/mL 0.187 µmol/mL * Increase [48]
Glycine 0.065 µmol/mL 0.288 µmol/mL * Increase [48]

Threonine 0.157 µmol/mL 0.435 µmol/mL NS Increase [48]
Arginine 0.047 µmol/mL 0.220 µmol/mL * Increase [48]

Isoleucine 0.033 µmol/mL 0.236 µmol/mL * Increase [48]
Methionine 0.012 µmol/mL 0.162 µmol/mL * Increase [48]

Albumin

0.17–0.36 g/L; mean 0.24 g/L 0.192–0.67; mean 0.36 g/L * Increase [51]
0.2 ± 0.1 mg/mL [52]
0.28 ± 0.19 g/dL 0.82 ± 0.41 g/dL * Increase [53]
0.8–192 mg/dL [52]

α-amylase
3257 ± 1682 U/mL [52]

65.2 mg/mL 68.07 mg/mL Increase [54]
1080 ± 135.6 IU/L [52]

Interlukins (IL-8) 250 pg/mL OSCC 720 pg/mL * Increase [55,56]

Interlukins (IL-6) 0 pg/mL OC 86.5 pg/mL * Increase [56]
16 ± 3.91 # pg/mL 129 ± 66.59 # pg/mL * Increase [57]
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Table 3. Cont.

Category Biomarker Healthy Oral Cancer Significance Trend Ref.

Osteopontin 35.1 ng/mL 39.23 ng/mL Increase [56]
CRP (inflamation

marker) 0.05–61 µg/L [58]

suPAR 5.22–28.1 ng/mL [58]
Survivin 2.44 ± 4.22 pg/mL 8.69 ± 10.15 pg/mL * Increase [59]

Kallikrien 5 ~6 pg/mL ~12 pg/mL * Increase [60]
Cathepsin 9–18 * ng/mL [61]

Cathepsin V ~8 pg/mL ~14 pg/mL * Increase [60]
lactate dehydrogenase

(LDH)
3.833 ± 1.1044 U/L 99.83 ± 49.33 U/L * Increase [62]
63.04 ± 47.4 mg/dL 1515.17 ± 765.14 md/dL Increase [63]

(Endotheline-1) ET-1 0 to 9.629 fmol/m 0 to 7.554 fmol/mL NS Increase [64]
0.506–19.280 pg/mL; 4.5299 ±

3.7380 pg/mL
2.140–52.229 pg/mL; 13.51 ±

14.15 pg/mL * Increase [65]

Statherin
0.5–4.0µg/mL; mean 0.96 µg/mL [66]

4.3–5.59 µM; mean 4.93 ± 0.61 µM 0–6.45 µM; mean 2.28 ± 2.86
µM * Decrease [67]

Carbohydrate antigen
(CA 125)

137.12 ± 124.58 U/mL 498.10 # U/mL; 19.9–1312.32
U/mL NS [68]

33.00 ± 24.37 mg/dL 888.15 ± 306.1 mg/dL * Increase [63]
Tissue

polypeptide-specific
antigen (TPS)

96.20 ± 71.60 U/mL 272.28 U/m #; 13.61–4706.17
U/mL NS [68]

CD 44 1.09 ng/mL 7.85 ng/mL * Increase [69]

Antioxidants
Glutathione 9.4 µmol/dL 8.2 µmol/dL Decrease [70]

vitamin c 0.925 mg/dL 0.4787 mg/dL * Decrease [71]

Carbohydrates

Fucose
0.38–17.0 mg/dL mean 2.94 mg/dL

Pre-cancer 0.112–18.46
mg/dL; mean 7.02 mg/dL * Increase [72]

OSCC 0.11–30.60 mg/dL;
mean 11.66 mg/dL

3.19 ±1.94 mg/dL 6.14 + 2.16 mg/dL * Increase [73]
3.18 mg/dL 11.66 mg/dL * Increase [72]

Sialic acid
0.134–0.311; mean 0.189 mmol/L 0.140–0.336; mean 0.22

mmol/L * Increase [73]

21.65 ± 5.71 mg/dL 204.85 ± 60.38 mg/dL * Increase [74]
1.35 ± 1.53 mg/dL 5.30 ±1.45 mg/dL * Increase [73]

Lipids

Linoleic acid 339.3 ± 267.9 ng/mL 1092.3 ± 1927.8 ng/mL Increase [75]
15-HETE (Hydroxye-

icosatetraenoic
acids)

0.4 ± 0.8 ng/mL 5.4 ± 6.8 ng/mL * Increase [75]

Arachidonic acid 32.6 ± 26.6 ng/mL 606.9 ± 1695.7 ng/mL Increase [75]
Lipo per oxidation
products (MDA)

6.15–9.06 nmol/mL; mean 6.92
nmol/mL

5.56–7.78 nmol/mL; mean
6.58 nmol/mL NS [51]

Other
biomarkers

Pyruvic acid 1.32 ± 0.10 3.49 ± 0.47 * Increase [76]

Uric Acid 25.2–161.2 nmol/mL; mean 76.8 43.2–182.9; mean 93
nmol/mL * Increase [51]

Urea 4.35–8.78 mmol/L; mean 6.76
mmol/L

4.62–11.29; mean 8.66
mmol/L * Increase [51]

Total protein

0.78–1.53; mean 1.11 g/L 0.47–1.59 g/L; mean 0.84 g/L * Decrease [51]
0.47 ± 0.19 mg/mL [52]

0.9 ± 0.2 mg/mL [52]
43–710.0 mg/dL [52]

1.07 ± 0.59 mg/mL 1.01 ± 0.43 mg/mL NS [77]
2.67 ± 0.54 mg/mL [52]

CYFRA-21-1 3.06 ng/mL 17.46 ± 1.46 ng/mL * Increase [78]
Basic fibroblast growth

factor (bFGF)
3.17 ± 0.43 pg/mL 8.80 ± 1.26 pg/mL * Increase [79]

0.3 ± 0.3 pg/mL OLP patients 5.9 ± 2.9
pg/mL NS increase [80]

* Significant difference, NS, non-significant difference, # median.

4. Optical Spectroscopy for In Vivo Diagnosis

Cancer progression is a complex process in which molecular and cellular changes
accumulate over time and lead to transitions of tissue from normal to malignant. The mor-
phological and biochemical changes in the cancerous tissue such as epithelium thickening,
enlargement of nucleus, and changes in the extracellular matrix (ECM) architecture act
as important biomarkers in oral cancer detection [23]. Over the past few decades, optical
spectroscopic techniques have shown great potential in tissue differentiation including
cancer identification via probing these chemical changes. Further, the advent of new optical
and data analysis techniques has provided the platform to integrate multiple spectroscopic
modalities, which enables the collection of complementary information to improve the
accuracy of the cancer differentiation.
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Raman spectroscopy can inform the chemical signature of the tissue and provides
structural and chemical composition of the targeted analytes. It relies upon inelastic
scattering of light typically within the visible and NIR region. Changes in the concentration
of biomolecules or any mutation in the tissue during cancer progression provide notable
changes in Raman signals [81–83]. A prominent discriminating feature among healthy
tissue and different stages of malignancy is a change in the concentration of proteins,
lipids, and nucleic acid in the epithelium and decreased collagen with inflammation in
connective tissue [84]. Recently, a software tool has been reported for the bimolecular
composition analysis through Raman spectra [85,86]. Previous Raman spectra-based studies
differentiated in vivo tissues and in vitro tissue samples using different classification models
such as principal component analysis (PCA) [87], support vector machine (SVM) [88],
quadratic discriminate analysis (QDA), and linear discriminant analysis (LDA) [28].

Fluorescence spectroscopy can detect metabolic changes in the tissue associated with
enhanced metabolic activity and redox imbalance [89]. Such alterations cause an increase
in the production of nicotinamide adenine dinucleotide phosphate (NADPH) and other
metabolites [90]. This spectroscopy involves using a UV/visible light beam to excite the
molecules of some particular tissue compounds—fluorophores. Following the excitation,
the molecule quickly returns to a low vibrational energy level through a non-radiative
vibrational relaxation. From this level, the molecule can then return to its ground state by
emitting the excess energy in the form of a visible photon-fluorescence. When illuminated
with an appropriate wavelength, biological tissue fluoresces because of the presence of
many endogenous fluorophores including NADPH, NADH, collagen, flavins, elastin,
and porphyrins [90,91]. The concentration of these fluorophores changes as the cancer
progresses and can thus act as a biomarker for malignancy. Some of the fluorophores have
overlapping excitation and emission spectra; however, they are more or less distinguishable
by appropriate selection of excitation and emission wavelengths, which facilitates the
quantification of various tissue fluorophores. The spectroscopic method is thus necessary
to extract concentrations of particular fluorophores and provide a diagnostic value. If the
tissue autofluorescence does not provide sufficient diagnostic accuracy, one can employ a
contrast agent in the form of an exogenous fluorophore.

Diffuse reflectance spectroscopy (DRS) is based on the light that is backscattered mul-
tiple times inside the specimen and contains information about its optical properties. It can
be used to extract both concentrations of absorbing tissue chromophores and morphological
changes occurring in the sample. Similar to the fluorophores, chromophores can be utilized
to indicate malignancy. Morphological alterations such as the uncontrolled growth of
neoplastic cells or enlarged nuclei will influence the scattering properties and DRS can be
employed to extract such diagnostic information efficiently. Scattering in tissue is quite
complex and is linked to local changes in the refractive index. The overall change in the
refractive index, shape, size, density of cellular structures, and absorption determines the
spectral features of back-scattered back reflected light. DRS can operate in the UV, visible,
and NIR regions. By controlling the probe configuration, one can obtain the signal from the
superficial epithelial layer or from the deeper tissue layers. In a recent study, Wang et al.
demonstrated the potential of a hand held DRS probe through in-depth characterization
for in vivo diagnosis of oral diseases in a real-time clinical environment [92].

Furthermore, in vivo optical spectroscopy for disease diagnosis would allow clinicians
to identify cancerous lesions based on spectral markers and significantly reduce the burden
of biopsies. In this case, incident light is delivered to the tissue through a fiber optics probe
placed in an endoscope in a localized manner. There has been significant development in
this field in the last few decades. Figure 1, created with Edraw Max software, represents
some typical features of the above-mentioned spectroscopic techniques.
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5. Multimodal Spectroscopy Approach

Multimodal spectroscopy (MMS) refers to the production of signal simultaneously
from multiple spectroscopy techniques. The goal of this approach is to further improve the
early detection and localization of malignancies by measuring several biomarkers. In this
case, the progression of various cellular events during cancer can be examined all together
and in real time. Such an approach could be a promising tool to provide complementary,
depth-sensitive information.



Diagnostics 2022, 12, 2896 9 of 18

A multimodal instrument was designed by Greening et al. to monitor the progression
of dysplasia in the oral cavity. This system incorporated high-resolution fluorescence
imaging and sub-DRS (sub-diffuse reflectance spectroscopy). This system used two light
sources—a halogen lamp for the sub-DRS modality and a 455 nm LED for fluorescence
imaging. Two sets of liquid phantoms were designed to produce and validate the look-up
table (LUT)-based inverse model. The sampling depth was also calculated for both probes.
Subsequently, the system was validated in the clinical environment and in vivo sub-DRS
data were collected from the inner lip of 13 volunteers. This hybrid system was reported to
be capable of gathering information on functional and structural properties of tissue [93].

In a detailed real-time in vivo study by Lin et al., autofluorescence, DRS, and Raman
spectroscopy were used in combination with white light imaging guided endoscopy for
the detection of nasopharyngeal cancer. Sixty volunteers were involved in this study, 30 of
whom were suffering from nasopharyngeal cancer confirmed by a biopsy immediately
after the endoscopy. It was possible to distinguish between normal and cancer tissue with
a very high sensitivity of approximately 98% and specificity of approximately 95% using
a PCA-LDA diagnostic algorithm. It was reported that, as compared with white light
imaging (WLI), autofluorescence imaging was much better at providing information on the
metabolic state and biochemical composition of tissues. When normal tissue develops a
malignancy, morphological changes take place in tissue such as thickening of epithelium,
the extracellular matrix is decreased, cellular metabolic fluorophores such as flavins and
nicotinamide adenine dinucleotide are reduced, and the concentration of hemoglobin is
increased. As a consequence of the absorption of blue light by haemoglobin, a reduction in
the amount of green-emitting metabolic fluorophores, and re-absorption of fluorescence by
the thickened epithelium, malignant tissues tend to exhibit an overall decrease in the green
autofluorescence. So, when normal tissue in the oral cavity is illuminated by a blue light,
healthy tissue appears green, but as the cancer progresses, there is a gradual decrease in
green fluorescence, but a proportionally less decrease in red fluorescence, hence cancerous
tissue appears dark [94]. Lin et al. reported that autofluorescence imaging (AFI) helps in
localizing the lesion more accurately than WLI. It also sets a ground for Raman spectroscopy
and DRS to provide better guidance. They developed an integrated endoscopy system
with four modalities including WLI, AFI, DRS, and Raman spectroscopy to achieve a
high specificity by studying the biomolecular changes in malignant tissues. The Raman
spectroscopy results showed a lower concentration of phospholipids in malignant tissue
as compared with the normal surrounding tissue. However, an increased concentration
of protein in α-helix, phenylalanine, and nucleic acid was observed in cancer tissue. The
reflectance data were observed in the range 400–700 nm. Throughout this spectral range,
the intensity of the reflected signal was higher for the normal tissue as compared with the
malignant tumors, with this change becoming more prominent after a 600 nm wavelength.
Detected valleys at 540 and 580 nm also represent less oxygenated hemoglobin in cancer
tissues [81]. In another study by Jermyn et al., which combines DRS, Raman, and intrinsic
fluorescence spectroscopy for detection of colon, lung, brain, and skin cancers, sensitivity
and specificity were reported to be >99% and 93%, respectively. It was also reported that
the detection capability of that system was not dependent on the cancer type, but that
the system could classify the tissues on the basis of spectral features for all malignancies
studied [26].

In vivo optical spectroscopy can also facilitate clinicians to differentiate among benign
lesions and severe dysplasia and provide guidance for tumour classification. In one study
on Raman spectroscopy performed on paraffin preserved tissue samples, Ibrahim et al.
reported accuracy rates of 80–90% in the distinction of mild, moderate, and severe dysplasia
in different tissue types of the same person and 60% accuracy in an interpatient study
based on spectral markers. They also reported 70–80% accuracy in differentiating SCC
from dysplasia and benign lesion in different tissues [95]. Furthermore, Jaychandran et al.
managed to distinguish oral malignancy and premalignancy from normal control group
with an accuracy of 97.4% for tissue and 93.1%, 90.5%, and 78% for saliva, urine, and
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blood samples, respectively [96]. In a more recent study, Li et. al. tried to discriminate
OSCC, dysplasia, and healthy mucosa by analyzing biochemical variations at different
stages with near infrared Raman spectroscopy in order to evaluate the performance of
different classification models such as PCA-LDA and SVM. They reported relatively higher
classification accuracy for the SVM model as compared with PCA-LDA. It was also observed
that oral dysplasia and OSCC have a higher content of DNA and protein than normal
mucosa. However, there was no significant change in the Raman signal of various dysplastic
grades [88].

In an in vitro study, Nour et al. used gold nanoparticles for detecting SCCs of the
tongue through diffuse reflectance analysis and laser-induced fluorescence with 91% accu-
racy [97].

Tobacco usage increases the risk of damage to mucosa and the genetic changes ulti-
mately cause abnormal cell growth. Identifying these changes may help to diagnose the
lesion in the early stages. Shaiju et al. reported the importance of fluorescence spectroscopy
in combination with multivariate analysis to analyze pathological changes due to tobacco
abuse in the early stages. They reported that total porphyrin and hemoglobin levels in
smokers are comparable to those with leukoplakia [98]. In a clinical study on thirty patients
with erythroplakia and leukoplakia, it was reported that induced fluorescence in tumor
could improve diagnostic accuracy. The aim of the study was to distinguish between nor-
mal and potentially malignant oral mucosa by fluorescence spectroscopy. The study reports
lower fluorescence signal from the tumor center as compared with tumor borders. Similar
behaviour was observed in erthroplakic lesions that have low fluorescence in comparison
with normal tissue. A higher hemoglobin content could be the reason for the reduced
fluorescent signal in both of these scenarios, as hemoglobin is an endogenous absorber of
light. This study also points out differences in spectral features of normal patient mucosa
and healthy volunteer mucosa [99,100]. Overall, the published literature highlights the
potential of the spectroscopic techniques in differentiating benign premalignant lesions
from invasive malignant lesions with adequate accuracy, which can be improved further
by integrating multiple modalities into a system.

The importance of multimodal instruments can never be denied in medical diagnostics
and there is still room for further developments. There are other published studies involving
multimodal optical techniques to detect atherosclerotic plaque [101], amyloid plaques [102],
breast cancer [103], and non-melanoma skin cancer in real time [104]. Now, it is time to
incorporate other techniques and imaging modalities with spectroscopy for the diagnosis
of oral cancer in the early stages and in real time.

6. Discussion

Ranking as the 16th most frequently diagnosed cancer in the world [2,3], oral cancer
still has a very poor prognosis [6,105] and a high rate of recurrence [106,107]. Cancer stage
affects the treatment outcome. In the past few decades, many efforts have been made
to develop optical spectroscopy as an assisting tool for targeted and informed biopsy as
well as a guiding tool to identify surgical margins more precisely. This article provides
an overview of the potential of optical spectroscopic techniques in detecting early stage
oral cancer. All of the spectroscopic techniques included are green in the sense they do not
employ any exogenous substances or contrast agents [108]. Raman, diffuse reflectance, and
fluorescence spectroscopy are new emerging spectroscopic techniques and hold promise to
facilitate timely treatment to cure a higher fraction of the oral cancers by detecting them
in the earlier stages. DRS achieves better results in tissue classification roughly between
400 nm and 700 nm. Fluorescence spectroscopy allows signal detection from a very low
amount of fluorophore and can achieve a sensitivity of more than 80 % in staging cancers.
Because of limited chemical specificity, it is, however, sometimes hard to discriminate
overlapping signals from different fluorophores, compromising the diagnostic accuracy.
Moreover, not all of the biological tissue structures are fluorescent when excited using
visible or NIR wavelength. On the other hand, all biomolecules have their own specific
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Raman signatures, which can be probed by a single excitation wavelength. It complements
mid-IR spectroscopy by detecting vibrational modes that are mid-IR inactive. It is not
heavily affected by water molecules and is suitable for aqueous solutions and biological
specimens. In fact, in a study on 14 patients undergoing tongue resection, Barosso et al.
discriminated between healthy and cancerous tissue in the oral cavity on the basis of
water content with an accuracy of 99% and specificity of 92% [109]. Raman spectroscopy
along with NIRS and mid-IR spectroscopy comprise the “three sisters” of vibrational
spectroscopy [108]. In NIR spectroscopy, excitation to higher vibrational states within the
ground electronic state of a molecule leads to overtone and combination vibrations [110].
While Raman spectroscopy performs very well for symmetric bonds, NIRS only works for
asymmetric bonds. Fluorescent spectroscopy, DRS, and Raman spectroscopy are valuable
and important technologies with complementary pros and cons. Together, they can give
rise to a powerful tool for effective diagnosis. Robust machine-learning-based models can
be explored to fuse the informative features from the multimodal system, improving the
classification and/or prediction accuracies.

7. Limitations and Future Outlook

Despite all of the advances and research, optical spectroscopies are still far from being
conventionally used in clinical diagnostics for oral cancer because of instrumental limita-
tions and lack of diagnostic validation. Each spectroscopy has its own drawbacks. Raman
spectroscopy experiences strong background fluorescence and inherently weak signal.
Excitation light could be in the UV, visible, and NIR regions and hence there is the need for
system design, optimization, and validation for a change in Raman excitation wavelength.
The UV and visible range is used for resonance enhanced Raman spectroscopy of proteins
and porphyrin like molecules where enhanced signals dominate over the fluorescence
background. However, for in vivo Raman, the NIR range is preferred to avoid excessive
fluorescence background and to improve the depth of penetration. In SERS, although the
signal is strong, there remain clarifications regarding how to best incorporate the metallic
nanoparticles in terms of size and overall geometry to secure reproducible signals and
limit toxicity. DRS signals are not linearly dependent on chromophore concentrations,
making direct correlation between spectral features and diagnostic interpretation more
complex, and the technique typically requires big datasets to ensure diagnostic accuracy.
The biggest drawback of fluorescence spectroscopy is the risk of misdiagnosis owing to the
reported somewhat lower specificity. Therefore, there is still the need for more research to
incorporate different optical spectroscopies into clinical practice.

During the last few decades, optical spectroscopy has experienced substantial advance-
ments, which can be categorized as instrumentation development and analysis approach
maturation. The majority of these developments have pushed the boundary of possibilities,
taking this family of techniques to a new level and redefining it. However, considering the
current status of advancement, there is still the need for improvement in instrumentation,
analysis approach, and standardization.

7.1. Instrumentation

Recently, instrument development is being driven in four directions; that is, miniatur-
ization and clinical adoption, instrument sensitivity, multimodality, and further technique
sophistication. There is still room for development in all of these directions, especially
considering the final user will be a clinician. Miniaturized, hand-held, and portable spec-
trometers enable users to bring the laboratory to the sample in point-of-care diagnostics. A
simplified and concise workflow to familiarize the clinician and combination of portable
handheld system with sophisticated machine learning models that can provide real-time
output in a language understandable to clinicians is required. Adequate training protocols
need to be established learning from on-going spectroscopic clinical trials across the world.
Various optical societies are working on standardizing these protocols and making them
easier for the clinicians to understand. Apart from miniaturization, disposable probes, cost
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efficiency, and an easy approach are also necessary. In the current scenario, each modality
requires different light sources and spectrometer/detectors, which makes it expensive.
However, system miniaturization and integration can still make the technology attractive
from both a design/footprint and a cost perspective. Additionally, the new developments
in the instrumentation area provide a hope to make it more cost effective. Increased
instrument sensitivity and capability can enable new applications. The combination of
different techniques may also open new dimensions in the medical science. Apart from
combining multiple complementary modalities, one can also develop techniques that are
more sophisticated and provide higher diagnostic accuracy. For example, standard imaging
techniques lack sufficient spatial resolution and sensitivity. A possible solution to these
limitations could lie in non-linear microscopy or hyperspectral imaging. Another possibility
could be to employ time-domain Raman spectroscopy. Multiscale and multimodal imaging
techniques that combine biochemical macroscopic imaging to morphological subcellular
imaging techniques could also lead to new pathways in clinical research. Incorporating
fluorescence with Raman into a single process might provide single molecule sensitivity
with the specificity of Raman spectroscopy and open a new era in medical diagnostics.
Tagging or incorporation of nanoparticles with these imaging modalities can also play an
important role in improving the sensitivity of these techniques and the signal-to-noise ratio.
In addition to this, the use of multiple wavelengths for excitation can provide more hidden
information. Thus, future studies should focus on combination of optical spectroscopic
techniques and multiple wavelengths to overcome the shortcomings of a single technique.
Another possible future improvement could be automation of these techniques, which can
make possible the analysis of multiple specimens simultaneously.

7.2. Analysis Approach/Data Analysis

Experiments have shown that spectral techniques are a valuable source of large
amounts of clinical data. Years of research and technical development have provided
a large number of overlapped datasets that are difficult to interpret. These data could pro-
vide useful information in medical diagnostics and potentially lead to a future paradigm
shift. Various groups are making efforts to translate these spectral data into clinically rele-
vant information. Currently, there are three general ways to translate the available spectral
data. The first approach that does not require any prior data processing and knowledge
of light tissue interaction is the direct analysis of raw spectral data using supervised and
unsupervised machine learning methods, such as neural network, component analysis,
and clustering [111]. A second method, which requires expert knowledge, involves the
translation of spectral data into optical parameters such as absorption or scattering coeffi-
cient at different wavelengths and then correlating those with classically diagnosed tissue
type based on statistical analyses that are more conventional [112]. A third method, which
is even more complicated, includes the transformation of these physical properties into
relevant biological parameters associated with molecular vibrations, chromophores, and
fluorophores in tissue or other biomarkers. This approach requires detailed knowledge of
biological substances within the tissue that absorb or scatter light [112,113]. Any of these
three approaches can be adopted and are acceptable for clinical use if it helps the clinician
to interpret the biological information hidden in the data and recognize a tissue abnor-
mality at an early stage. The analysis can be furthered by incorporating new techniques
such as explainable machine learning and artificial intelligence algorithms for better data
classification efficiency and a reduced error rate. These more novel techniques can help to
design an intelligent user-friendly real-time monitoring system or automatic recognition of
malignancy and tumour subtypes.

7.3. Requirement of Standardization

Optical spectroscopy is still a technique under development and reliable standardiza-
tion of the techniques is required along with advancement in hardware technology and
analysis tools. Currently, there are different diagnostic methods, instruments (spectro-



Diagnostics 2022, 12, 2896 13 of 18

scopes, probes, and so on) and analytical techniques, which makes it difficult to compare
the results from different studies and, thereby, to fully assess the diagnostic capabilities
and importance of the technology. To obtain accurate results, a standardized calibration
procedure is necessary. There are few attempts to standardize the diffuse optical methods
using phantoms. However, similar standardization methods need to be developed and
adopted for label-free optical spectroscopy. In addition, awareness of the use of standards
is required to accelerate the development of novel techniques and widespread adoption in
regular clinical practice [113,114].

8. Summary and Conclusions

Biomedical optical spectroscopy provides a deep intuitive understanding about the
light–tissue interaction and provides opportunities for real-time diagnostic information.
The modalities including Raman, diffuse reflectance, and fluorescence spectroscopy are
able to provide chemical and structural properties of analyzed biological specimens non-
destructively. These optical spectroscopic techniques can facilitate the identification of
lesions, which do not require biopsy owing to low or no risk of malignant progression and
can help in targeted biopsy of the biologically most advanced area from within leukoplakic,
erythroplakic, or verrucous lesions, especially lesions that are extensive and/or multifocal.
Optical spectroscopy offers a potential mean of non-invasive diagnostics. In situ optical
spectroscopic detection through endoscope is also capable of identifying malignant and
premalignant lesions and has the potential to classify different tissues in real time. It can
enhance a surgeon’s vision by providing efficient diagnostic information and maximizing
the chances of successful tumor removal with minimal harm to the surrounding healthy
tissue. Body fluids, especially saliva, can serve as a very useful specimen for the early
detection of oral cancer. Optical spectroscopy of blood and its components also has proven
potential in the diagnosis of gastrointestinal and oral cancer. Multimodal approaches and
incorporating optical modalities with other biological techniques can yield clear benefits
by overcoming the limitations of individual techniques. Different mathematical models
to analyze multispectral data could also serve an important role in this regard. Finally,
standardization is necessary for translating these optical spectroscopic approaches and
modalities into clinical diagnostic practice.
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Early diagnosis of oral cancer is critical to improve the survival rate of patients. Raman spectroscopy, a

non-invasive spectroscopic technique, has shown potential in identifying early-stage oral cancer bio-

markers in the oral cavity environment. However, inherently weak signals necessitate highly sensitive

detectors, which restricts widespread usage due to high setup costs. In this research, the fabrication and

assembly of a customised Raman system that can adapt three different configurations for the in vivo and

ex vivo analysis is reported. This novel design will help in reducing the cost required to have multiple

Raman instruments specific for a given application. First, we demonstrated the capability of a customized

microscope for acquiring Raman signals from a single cell with high signal-to-noise ratio. Generally, when

working with liquid samples with low concentration of analytes (such as saliva) under a microscope, exci-

tation light interacts with a small sample volume, which may not be representative of whole sample. To

address this issue, we have designed a novel long-path transmission set-up, which was found to be sensi-

tive towards low concentration of analytes in aqueous solution. We further demonstrated that the same

Raman system can be incorporated with the multimodal fibre optical probe to collect in vivo data from

oral tissues. In summary, this flexible, portable, multi-configuration Raman system has the potential to

provide a cost-effective solution for complete screening of precancer oral lesions.

1. Introduction

Oral cancer refers to pathologies affecting the tongue, floor of
mouth, upper and lower alveolus, palate, and buccal
mucosa.1,2 It is described as 16th most common cancer world-
wide, often detected in advanced stage, resulting in an overall
survival rate of 40–60%.3 The survival rate could be signifi-
cantly improved to <80% 4–6 if detected in precancerous stage.
Primary care delays in recognizing suspicious symptoms
remains an ongoing problem in cancer diagnosis.7 To address
this, previously various physician-friendly point-of-care optical
techniques that can provide easy, inexpensive, rapid and on-
site monitoring such as fluorescence, diffuse reflectance and
vibrational spectroscopy have been explored.8 Among them,
Raman spectroscopy has the potential to generate data with
detailed molecular information. In addition, Raman spec-

troscopy is preferred for analysing bio-fluids and in vivo
measurements as water is a weak Raman scatter due to the
polar nature of the OH bond, providing minimum interference
in the fingerprint region (200–1800 cm−1).9,10 Raman spec-
troscopy is generally a non-invasive approach used to gain
chemical and structural information as well as to study mole-
cular interactions.11–13 It can be used for quantitative and
qualitative analysis of a wide range of samples and materials.
It has proven particularly useful in industrial and medical
applications having resolved limitations of other spectroscopic
techniques.14 In biomedical optics and clinical applications,
Raman spectroscopy in combination with multivariate analysis
has proven its potential. The ability of detecting biochemical
changes in tissues and cells can lead to a real time clinical
diagnostic capabilities. Several studies have highlighted the
importance of Raman spectroscopy for tissue differentiation in
ex vivo and in vivo analysis.15–17 Typically, a modern Raman
spectrometer consist of an excitation source – usually a mono-
chromatic laser, optical components to both transmit laser
energy to specimen and collect back scattered signal, a notch
filter to reject Rayleigh scattered light, a grating spectrometer
and a high-end charged coupled device (CCD) camera to
capture a Raman spectrum.
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When the light from a laser interacts with the specimen, a
small part of the incident energy is scattered inelastically (1
out of 106 photons) to produce a Raman spectrum.18 In cases
where the sample volume is too small or a microscopic area on
a large sample needs to be analysed, a Raman spectrometry
system coupled with a specially designed microscope would be
desirable. Such instruments are commercially available at high
cost and are bulky, non-portable, sample volume limited and
are not considered suitable for point-of-care application.
Additionally, Raman spectrometer coupled with the micro-
scope are generally used as benchtop systems for ex vivo ana-
lysis owing to its bulkiness and limited flexibility to be used
with the fibre optical probe and are therefore not suitable for
clinical environment. To facilitate early detection at the
primary-care level, as well as in research studies, we envision
the use of a highly configurable spectrometry system suitable
for seamless integration with the clinical procedure. Here, we
describe an affordable, Raman-based instrument capable of
both in vivo and ex vivo analysis employing single platform
which can be easily wheeled to provide on-site testing and can
be operated by a qualified clinician/lab technician with train-
ing and practice. Spectroscopic cell and supernatant analysis
would be done to guide if biopsy sampling is necessary. After a
positive test result of saliva or cell pellet analysis, in vivo
measurements can be conducted just before tissue biopsy to
guide for a suitable location of biopsy sampling and thereby
provide improved sensitivity/specificity of diagnosis. Initially,
the data analysis will be done by the experts, to later be auto-
mated after collecting sufficient data for machine learning
models. To the best of our knowledge, this is the first report
describing the design of multi-configurational Raman system

addressing the limitations of the commercial clinical
instruments.

The novel Raman system described here is compact, cost
effective, portable and easy to assemble and align. It can easily
fit into a console for transportation, thereby potentially facili-
tating point-of-care diagnostics. The design of our instrument
is modular, consisting of the following:

Mode (A) Raman microscope – for ex vivo saliva cell pellet
analysis.

Mode (B) Raman transmission stage – for saliva super-
natant analysis using photonic crystal fibre (PCF).

Mode (C) Raman optical fibre probe – for in vivo tissue
analysis.

This makes it suitable for both in vivo and ex vivo analysis
and can be used in upright and transmission modes for liquid
samples. The detailed optical design is given in the Methods
section, enabling the easy adaptation by researchers in the
field. In this study, we demonstrate the utility of our system in
the context of oral cancer screening. The described system is
only a prototype. Final system can employ centrifugation
microfluidics19 to separate cell pellet from supernatant, which
will minimize human interventions. A typical work-flow of the
procedure is shown in Fig. 1.

2. Experimental method
2.1 Instrumentation

Fig. 2 presents the configuration modes of the point-of-care
Raman setup developed. This modular instrument consisted
of: an illumination source, the sample probing subunit and

Fig. 1 Flow chart of study protocol with multi-configurational customised Raman system.
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the spectrometer. Using the fibre optical connection between
the subunits, the sample probing unit was easily switched
between the three configuration modes. The illumination was
achieved by a 785 nm narrow line width laser with high sup-
pression of side bands (>60 dB suppression at 0.3 nm from the
laser peak, Cobolt 08-01 Series, Cobolt, Sweden). The Raman
spectrometer was equipped with a diffraction grating with
1200 groves per mm grating density (LS-785, Teledyne
Princeton Instruments, USA), a 1340 × 400 pixels back illumi-
nated CCD camera (Blaze: 400HR, Teledyne Princeton
Instruments, USA). These subunits can be connected to the

custom-built microscope (Fig. 2, Mode A). This is achieved
fibre-optically using a round-to-linear bundle of a 7 × 200 µm
core, (Thorlabs BFL200LS02). This Raman system can also
utilise the customised transmission stage for the analysis of
liquid specimens in transmission mode (Fig. 2, Mode B) and
an optical fibre probe for the in vivo analysis (Fig. 2, Mode C).
Currently, it takes up to five minutes to switch between con-
figurations, mainly fibers. The light sources and calibration
are the same for all three configurations. However, the final
system will be more automated, which will seamlessly switch
between different configurations. This prototype including

Fig. 2 Three configuration modes of the new customised Raman setup designed to include 3 plug and play modules to be coupled with common
light sources and a spectrometer. These modes consist of: Mode (A) customised upright Raman microscope in combination with optical microscopy;
Mode (B) transmission mode Raman stage; Mode (C) optical fibre probe for in vivo Raman analysis.
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microscope and transmission mode stage is designed using
off the shelf component in around 10k excluding the spectro-
meter and detector. The following section describes each of
these configurations in detail with the novel optical design.

2.2 Mode (A) Raman microscope for ex vivo cell pellet
analysis

Fig. 2, Mode A represents the customised Raman microscope
which consists of a laser and a visible light source (for sample
visualization) connected through optical fibres. Fibre coupled
illumination allowed modification of the spot size on the
sample plane. Further, this fibre guided light delivery makes
the switching of different excitation wavelengths easy. Another
important feature of this system is a flexible stage design,
which can accommodate different specimen in different
dimensions from mm to tens of cm. The specimen was illumi-
nated through an objective lens and Raman scattered photons
were collected via the same objective lens in backscattering
mode and in turn, directed to the spectrometer via 7× round-
to-linear low OH fibre bundle with 200 μm core (Thorlabs
BFL200LS02). Simultaneously, a portion light from sample was
patched to a CCD detector. This configuration was used for
ex vivo analysis of solid and liquid specimens in the reflective
mode.

White light imaging optical path. A broadband visible light
source (Thorlabs M365LP1, 365 nm, 1350 mW mounted LED)
was used to illuminate the specimen for conventional optical
microscopy. The light beam entered the microscope via lens
L1 (Thorlabs LA1951A, f = 25 mm) and redirected to the objec-
tive lens using a beam splitter BS (Thorlabs, BSW26R, 50 : 50,
350–1100 nm), dichroic mirror DM1 (Semrock, FF757-Di01)
and dichroic mirror DM2 (Semrock LPD02-785RU). The L1 was
arranged to provide uniform Kohler illumination of white light
on the sample plane. The white light scattered from the
sample was reflected by DM2 to DM1 which redirected it to a
colour camera through BS and a field lens L2 (Thorlabs
LB1437-A, f = 150 mm). A high-resolution coloured CMOS
camera (Thorlabs DCC1645C) was used to visualize the sample
under white light illumination. The field of view (FOV) was
controlled using a microscope objective lens L4 (116 × 92 µm
for 50×, 290 × 230 µm for 20× and 1160 × 920 µm for 5×). The
images were displayed on computer screen using the Thorcam
software.

Raman optical path. Monochromatic light (785 nm laser)
passed through the collimation lens L3 (Thorlabs A397TM-B, f
= 11 mm, NA (numerical aperture) = 0.3) and laser cleaning
bandpass filter BP (Semrock LD01-785/10-25). Afterwards, the
collimated excitation beam passed through the DM1 and was
reflected by DM2, which was focused on the sample plane by
microscope objective. The spot size of the focused excitation
beam was 60 µm with 20× objective lens (Fig. 4). The Raman
scattered photons from the sample passed through the objec-
tive lens and the excitation light is filtered out using a dichroic
mirror (DM2) and long pass filter LPF (Semrock LP02-
785RU-25). The filtered Raman light (free of excitation light)
was focused on to a low OH circular to linear fibre bundle

(Thorlabs BFL200LS02) using a lens L4 (Thorlabs
F810SMA-850, f = 36.2 mm). The linear side of fibre was
attached to the entrance linear slit of the Raman spectrometer.
The Raman spectrometer subunit contained a filter chamber
with a long pass filter (Semrock LP02-785RU-25), a high
throughput spectrometer (Teledyne Princeton Instruments
Acton LS785, f/2), and a highly sensitive deep depleted CCD
camera (Blaze: 400HR, Teledyne Princeton Instruments, USA).
The CCD pixels were binned vertically to combine light from
linear slit. The light from the CCD is acquired using the
LightField software (Teledyne Princeton Instruments, USA).

2.3 Mode (B) Raman transmission stage for saliva
supernatant analysis using PCF

Fig. 2, Mode B and Fig. 3B illustrate a horizontal stage for
liquid specimen analysis in transmission mode using PCF.
PCF are optical fibers composed of periodic array of air-holes
surrounding a solid or hollow-core. In this study, the fiber
used is the simplest PCF that is composed of silica core
(SC-PCF) at the intersection of three large air holes. Light is
guided in the triangular core shape by the total internal reflec-
tion mechanism based on the large refractive index difference
between the silica and air, and by the reduction of the thick-
ness of the three silica struts enhancing light confinement in
the core.20,21 To integrate the inherently weak Raman signal
from a liquid specimen (saliva supernatant) over a large
volume, the SC-PCF with 3.5 µm core diameter, >70 µm air-
channel diameter, and NA = 0.5 was filled with aqueous
liquid. The external diameter (200 µm) of this SC-PCF is
slightly larger than a standard fiber for allowing easier hand-
ling. In this SC-PCF, Raman signals are generated by the eva-
nescent wave extended into the holes while excitation light
(785 nm) propagates through the solid core.20,22,23 The sample
holder was used in this way to prolong light–sample inter-
action length, thereby improving detection sensitivity.24

Another advantage with a longer path length than in a micro-
scope was that the larger volume sampled can be more repre-
sentative, especially for low concentration analytes. A further
advantage was that still a very small volume of analyte was
required (about 20–100 nl). A PCF filled with sample solution
can be directly placed under the Raman microscope to collect
the signal in conventional reflective mode. However, to ease
the alignment of input laser beam in to the PCF, we designed
a horizontal optical stage enabling the collection of signals in
transmission mode. A 785 nm laser beam entered the PCF
through an FC/PC connector (ferrule connector/physical
contact connector). Raman signal emitted from the other end
was collimated by an aspheric lens L1 (Thorlabs S-LAH64, f =
20 mm, NA = 0.54, ARC: 650–1050 nm). This lens was selected
to match the NA of the PCF enhancing the collection
efficiency. The collimated Raman signal, after passing through
a long pass filter (LPF) (Semrock LP02-785RU-25), was col-
lected by another lens L2 (Thorlabs N-BK7, f = 50 mm, NA =
0.23, ARC: 650–1050 nm) and focused on a low OH circular to
linear fibre bundle (Thorlabs BFL200LS02). To transfer the

Analyst Paper

This journal is © The Royal Society of Chemistry 2023 Analyst, 2023, 148, 1514–1523 | 1517

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

6 
M

ar
ch

 2
02

3.
 D

ow
nl

oa
de

d 
on

 5
/9

/2
02

3 
12

:5
8:

48
 P

M
. 

 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



signal to the spectrometer. The Fig. 3(A) shows the cross
section of a typical suspended core PCF used in this study.

2.4 Mode (C) Raman optical fibre probe for in vivo tissue
analysis

Fiber optics-based Raman spectroscopic system has a tremen-
dous potential for real time in vivo tissue analysis in endoscopy
or surgical guidance. However, for such applications small and
flexible fiber optics probes are mandatory. This requirement
has limited the clinical implementation of fiber optics based
Raman technology for many years.25 Recent advancement in
fiber optics technology and miniaturization of the optical com-
ponents have improved the in vivo implementation.26–28 Fig. 2,
Mode C shows a multi-spectroscopy fibre-optic probe
(EMVision, Loxahatchee, FL, USA) used for the in vivo tissue
analysis. This customised in vivo probe can be used to acquire
spectra from multimodal spectroscopic techniques including

Raman, fluorescence (FS) and diffuse reflectance spectroscopy
(DRS). The probe consisted of 9 × 300 μm core diameter, 0.22
NA low OH silica fibres arranged in a concentric ring around a
300 µm core diameter, 0.22 NA low OH silica fibre used for
Raman excitation. Seven out of nine fibres from the circular
geometry collected the Raman signal passed through a donut
shaped notch filter (NF), which rejected the laser line while
transmitting the Raman signals from the probed tissue. The
remaining two fibres can be used for DRS and FS. There was a
short pass emission filter (SPF) in front of the central Raman
illumination fibre to clean input laser line. A two-component
customised lens L1 is placed at the probe tip to overlap the
focus of excitations light and the area of collection of the
Raman light from the tissue. Seven Raman collection fibres
were aligned into a single line on the other end of the probe to
deliver collected signals to the spectrometer via 50 μm slit. The
accumulated signals from the seven fibres provide an
optimum signal-to-noise ratio, needed for biological samples.

2.5 Sample preparation

Patients suffering from oral squamous cell carcinoma and
other malignant diseases in the oral cavity going through
biopsy and histopathological examination were enrolled in a
study approved by the Clinical Research Ethics Committee
(CREC) of University College Cork (CREC ref.: ECM 4 (y) 13/4/
2021 & ECM 3 (cc) 11/05/2021). Written informed consent was
obtained from human participants and study was performed
in accordance with the Guidelines of Helsinki.

The performance of the multi-configuration Raman system
was demonstrated for different healthy tissues of a single par-
ticipant and using saliva sample collected from the same par-
ticipant. A saliva specimen was collected and centrifuged at
10 000 rpm for 10 min at room temperature to separate it in
supernatant and cell pellet and stored at −80 °C for further

Fig. 4 Sample preparation and methodology for ex vivo saliva and
in vivo tissue analysis.

Fig. 3 (A) Cross section of a suspended core PCF designed by the authors (B) transmission mode stage for the analysis of liquid specimen injected
into a PCF.
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use. For saliva sample analysis with the microscope, 3 drops of
10 µL saliva was placed and dried on a piece of aluminium
foil. The cheek and red blood cells from the cell pellet were
smeared on the aluminium foil to collect Raman spectra from
a single cell layer.

To prepare the PCF sample for saliva analysis in trans-
mission mode stage, a 9–10 cm long PCF with 3.5 µm core dia-
meter and NA = 0.5 was cleaved at both ends. Its polymer
jacket was removed from the ends and it was filled with saliva
supernatant through capillary action.

In vivo analysis involves measurements on healthy tissues
and lesion from the same participants using the fibre-optic
probe. For the collection of in vivo Raman spectra, the probe
was placed to just touch the area of interest.

2.6 Data analysis

Raman spectra were background corrected using the asym-
metric least squares method,29 noise smoothing with a
Savitzky–Golay filter of polynomial order 2 and a window
width of 7, and normalized to their respective mean intensity
using MATLAB R2020b software (Mathworks, Inc., Natick, MA,
USA).

3. Results and discussion
3.1 Mode (A) Raman microscope for ex vivo cell pellet
analysis

Analysis of liquid biopsies has recently attracted attention as
an emerging field in medical diagnosis. Biological fluids such
as blood, saliva, urine and tears are rich in biomarkers that
could be indicative of the health status of the sampled

individual.30–32 This provides a minimal invasive route for
cancer screening and to classify cancer patients based on bio-
markers identified.33,34 The proposed Raman microscope can
be used for the ex vivo analysis of any excised tissue or for
liquid biopsies.

Fig. 5(A) illustrates Raman spectra from saliva specimen in
both dried and liquid phase as well as from the mono layer of
red blood cell and cheek cells as shown in Fig. 5B and C
respectively. As can be seen, the Raman spectrum of saliva
sample is featureless when wet but exhibits distinct peaks
when dried. Several peaks characteristic of saliva are discern-
ible.35 For instance, peaks around 1049–1053 cm−1 are assign-
able to C–C stretching vibration of lipids. Furthermore, a well-
known Raman bands characteristic of amide-I vibration of sali-
vary proteins at around 1639–1670 cm−1 are also discernible.
Also, unique to the saliva specimen are two additional peaks
at 877 cm−1 and 938 cm−1 corresponding to a mixture of –C–
O–C– and –C–C–, ring and stretching modes.36 The Raman
spectrum of red blood cell, on the other hand, was dominated
by the haemoglobin signatures clearly differentiating it from
cheek cell and saliva. Specifically, prominent peaks at around
1618 cm−1 and 1562 cm−1 can be assigned to the CavCb

vibration of the vinyl groups, and Cβ–Cβ stretching modes in
heme, respectively. Whereas peaks at 752 and 1395 are associ-
ated with pyrrole ring in heme. All the important differentiat-
ing Raman bands are presented in Table 1. Previously, Raman
has been used to detect structural and biochemical changes in
salivary analytes (e.g. proteins, amino acids, nucleic acids)
accompanied with diseased transformation.17 However due to
generally weak signals and the strong background inter-
ference, most of the studies have been done on dried saliva
samples to concentrate the analytes or utilized plasmon

Fig. 5 (A) Pre-processed Raman spectra from saliva specimen in liquid and dry form. Right-optical microscopic view of (B) red blood cells (C)
smeared cheek cell on aluminium foil.
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enhancement to improve the weak Raman signals from low
concentration analytes.37 The drying process leads to the struc-
tural/conformational changes of the analytes (e.g. proteins)
and SERS struggles with reproducibility. The use of low NA
longer focal depth objective lens (e.g. 5× or 10×) have poor col-
lection efficiency and a focal length of tens of micron implies
interaction of laser light with the sample is limited and thus
requires long integration time, typically tens of seconds. These
are not suitable for fast detection. Recently, fiber-enhanced
Raman spectroscopy (FERS) where hollow core fibers and PCF
have been used to confine the excitation light along the fiber
(mm) length, thereby enabling the strong and efficient process
of light–matter interactions (>50 times of conventional micro-
scopic measurements) leading to enhanced Raman
signals.38,39 The sample volume probed at the focus of an
objective will always be much smaller than the total volume
probed over the length of these fibers.38 To implement FERS,
we developed the novel transmission mode stage (B) in which
signal gets integrated over an extended interaction length with
the light.23,38,39

3.2 Mode (B) Raman transmission stage for saliva
supernatant analysis using PCF

The interaction of light with the analytes along the PCF length
is critical for sensitive detection of low concentration analytes.
In such measurements one must consider light attenuation
yielding a reduction of transmission signal due to scattering
and absorption. It is thus important to characterize the
optimum PCF length. For this, the transmission stage was
used to optimize the length of PCF using vegetable oil as an
analyte because its consistency and refractive index is close to
that of saliva (for saliva refractive index n ≈ 1.4 and for oil n ≈
1.46).41,42 It also has a distinct Raman signal as discussed in
Table 1. Different lengths of PCF ranging from 9 cm to 13 cm
were tested. The results are shown in Fig. 6A, highlighting the
maximum Raman signal for 9 cm and 10 cm PCF lengths.
Subsequent increase in the length >10 cm of the PCF lead to
gradual decrease in Raman photons due to absorption/scatter-
ing loss. The curves in the Fig. 6B represent Raman signals for
different modes of our new Raman system using oil as an

Table 1 Spectral assignment of the dominated Raman signatures observed in experimental data36,40

Wavenumber (cm−1) Spectral assignments

752 ν(pyrrole breathing) stretch in heme; symmetric ring breathing in tryptophan
877 C–O–C ring (polysaccharides);C–C stretching (hydroxyproline)
938 C–O–C stretching (polysaccharides); C–C stretch α-helix proteins
960 PO4

3− symmetric stretch (hydroxyapatite)
1003 Symmetric ring breathing mode of phenylalanine
1030 C–H in plane bending of phenylalanine
1080–1090 C–C stretch acyl chains (gauche) lipids; PO2

− stretching (DNA); ν(CβC1) asymmetric stretch (hemoglobin)
1130 C–C stretch acyl chains (trans) lipids; C–O stretch polysaccharides; ν(pyrrole half-ring) asymmetric stretch (hemoglobin)
1204–1209 C–C6H5 stretch phenylalanine and tryptophan
1220–1320 Amide III-combination of NH in-plane bending and CN stretching
1302 CH2 deformation (lipids)
1340 Nucleic acid (adenine, guanine); CH deformation polysaccharides
1395 ν(pyrrole quarter-ring) stretch (hemoglobin)
1440 CH2 bending mainly in lipids
1450 CH2 bending mainly in proteins
1562 ν(CβCβ) stretch (hemoglobin)
1618 ν(CavCb) of vinyl groups (hemoglobin)
1656 CvC stretch mainly in lipids
1630–1690 Amide I: mainly CvO stretch in proteins
1740 CvO in lipids

Fig. 6 Comparison of Raman spectra from (A) different length of PCF using vegetable oil as an analyte (B) different instrument configuration modes
of the customized system using oil as analyte.
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analyte. 9 cm and 10 cm PCF filled with oil provided the
highest signals when analysed using transmission mode as
compared the oil placed on a 2D CaF2 substrate and analysed
with Microscope in reflection mode. This improvement of
signals in PCF compared to 2D substrates would be critical in
detecting low concentration oral cancer markers in saliva.

The spectra in Fig. 7 represents Raman signals of 50 μM
solution of Rhodamine B (Rhd B) in water filled in the PCF
and observed in transmission mode vs. on a CaF2 substrate
and observed under the microscope in reflection mode. Rhd B
peaks that were difficult to see on a 2D CaF2 substrate under
the microscope were significantly stronger when analysed
through PCF due to increased interaction between the exci-
tation laser and analyte over the length of 9 cm. The observed
Rhd B peaks were in line with the previously published
literature.43

3.3 Mode (C) Raman optical fibre probe for in vivo tissue
analysis

Over the time, Raman spectra of various tissue has been
observed. Most recognized Raman scatterers are blood, lipid,
collagen, tyrosine elastin, myoglobin, carotenoids and nucleic
acids etc.17,44,45 Fig. 8 represents spectra from different tissue
types in the oral cavity collected from a healthy participant
with the customised fibre optic probe. The probe was gently

placed on the area of interest to collect the Raman data from
various tissues. 30 mW laser power was used to collect signal
for a time of 4 s, to keep the energy per unit area within the
permissible limit of the tissue.

The difference between different tissue types was clearly
visible, especially signal from mandible bone was quite promi-
nent at 960 cm−1 in the data collected from human gingiva
while the lip Raman spectrum was dominated by lipid signals
at 1080, 1302, 1440 and 1740 cm−1.46,47 Other subtle differ-
ences in these three different tissue types can be seen in terms
of peak height and width at 1003 and 1660 cm−1 respectively.
The molecular vibrational modes associated with these
changes are tabulated in Table 1.

4. Conclusion

Design development and assembly of a versatile customised
Raman system is reported in this study. This system can work
in three different modes. The first mode was Raman micro-
scope combined with conventional optical microscopy. This
microscope has a flexible stage design for sample of different
dimensions. We also demonstrated the benefit of the custom
built liquid sample transmission stage over microscope in col-
lecting signals from low concentration analytes. This PCF
based transmission set-up enabled stronger Raman signals in
a relatively small volume. Lastly, the flexible optical fibre based
probe is suitable to acquire multiple (Raman, diffuse reflec-
tance and fluorescence) spectroscopic techniques data from
the same tissue location in vivo. In summary, this flexible
Raman system is of great potential for the early diagnosis of
oral cancer via initial screening using participants saliva fol-
lowed by Raman spectral signatures guided biopsy of the
lesions. The flexible and modular design can be of interest to
Raman spectroscopy community and potentially in future
primary care.
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H I G H L I G H T S

• PCF-based Raman spectroscopy for non-invasive liquid saliva analysis.
• Prolonged light-saliva interactions along the fiber to enhanced Raman signal.
• Paired Saliva and in vivo tissue analysis, showing consistent molecular trends.

A R T I C L E I N F O
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A B S T R A C T

Oral potentially malignant disorders (OPMD) serve as early indicators of oral cancer. These conditions require
reliable, non-invasive and real-time diagnostic methods for effective detection and screening. Saliva, as an
easily accessible and non-invasive biofluid, has emerged as a promising tool to detect OPMD-associated
biomarkers. This proof-of-concept study investigated the application of suspended-core optofluidic photonic
crystal fibers (PCF) for Raman spectroscopy to distinguish between saliva from healthy controls and OPMD
patients. This novel approach provides enhanced Raman signals through prolonged interactions between the
excitation light and the saliva sample along the length of the PCF. Raman spectra of liquid saliva samples were
collected from eleven participants, including six OPMD patients and five healthy controls. Notable spectral
differences were identified at 1123 cm−1, 1251 cm−1, and 1454 cm−1, which correspond to carbohydrates,
proteins, and lipids, respectively. In vivo tissue measurements were recorded as a reference for comparative
analysis from the same patients. Our findings suggest that PCF-based Raman spectroscopy holds promise as
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a non-invasive diagnostic platform for oral cancer screening by enabling the monitoring of subtle molecular
changes in liquid saliva.

1. Introduction

A group of conditions characterized by abnormal changes in the
oral tissue with a potential to develop into cancer are termed as oral
potentially malignant disorders (OPMD). These changes can manifest
as thickening of the oral mucosa lining, lumps in the oral cavity or
in the neck, unusual red or white patches on the tongue, lips, gums,
oral mucosa or on floor of mouth. Among many types of OPMD,
oral submucous fibrosis, leukoplakia and actinic cheilitis are the most
common [1,2] . Some OPMD can increase the chance of developing an
invasive oral cancer by 35% [3,4]. However, effective lifestyle changes
can slow down or even reverse the progression to cancer, especially
in early-stage of dysplasia [5,6]. This is why early-stage diagnosis and
treatment of OPMD are crucial to avoid their malignant transformation.
Current gold standard procedure for diagnosing and staging of oral
cancer and OPMD involves physical examination followed by biopsy
and histopathology [7]. However, at present there is no reliable non-
invasive screening procedure for disease monitoring or for the detection
of potential recurrence after the initial diagnosis or treatment. Saliva,
as an easily available and non-invasive biofluid, has emerged as a
promising tool to detect OPMD associated biomarkers [8]. One signif-
icant advantage of using saliva for oral cancer screening is its direct
interaction with lesions, which provides specific biomarkers indicative
of the presence and progression of OPMD, thereby mimicking the
changes that occur in those lesions [9,10].

Optical non-destructive diagnostic tools, such as Raman
spectroscopy, hold significant promise for analyzing saliva in the con-
text of oral cancer screening [11–13]. Although the current Raman
measurement method is sensitive to the composition, structure, and
conformation of molecules, it struggles to capture molecular informa-
tion effectively due to the low concentration of analytes present in
liquid saliva [14,15]. While the process of drying saliva samples can
enhance the concentration of analytes for improved detection of Raman
signals [11,13], this process unfortunately leads to molecular structural
changes, potentially affecting stability and integrity of biomarkers.
Moreover, changes in the structure and concentration of the analytes
due to the drying process can lead to inconsistent results and compro-
mise the reliability of the diagnostic assays [16,17]. For this reason,
analyzing saliva in its liquid form will facilitate real-time saliva screen-
ing, eliminating the time-consuming and potentially destructive drying
process [18]. Additionally, identifying native state molecular markers
may enhance our understanding of the primary molecular mecha-
nisms responsible for disease development and progression. Therefore,
balancing the need for concentrated samples with the preservation
of conformational integrity could lead to more accurate diagnostic
outcomes.

To address the challenge of detecting low concentration analytes
in liquid saliva, we propose a novel method of utilizing optofluidic
photonic crystal fibers (PCF) as a sample holder. PCF have recently
attracted significant attention as a potential platform for chemical
and biological sensing due to their unique optical properties, which
enhance light-sample interaction while at the same time reducing the
required sample volume [19]. In this study, we used custom optofluidic
suspended-core PCF with a small triangular solid core located at the
junction of three hollow air channels [20,21], which can be filled with
the saliva sample. In such configuration, the excitation light is tightly
guided within the core, while also enabling evanescent field to extend
into the surrounding regions where the liquid sample is present [22].

This design enhances light-saliva interactions and allows for improved
detection sensitivity through prolonged light-saliva interaction length.
To the best of our knowledge, this is the first report on the anal-
ysis of liquid saliva conducted without the addition of interfering
substrates, such as nanoparticles, for signal enhancement. Standard
surface-enhanced Raman spectroscopy (SERS) can introduce additional
signals from nanoparticles or other impurities, which may obscure
weaker analyte signals [23,24]. This effect is also common in nano
roughened metallic planar substrates, especially if the nanostructures
are formed by random process. Some commercial SERS substrates also
exhibit background signals due to certain impurities formed during
fabrication. Additionally, label-free SERS results can be biased towards
molecules (e.g. uric acid, ergothioneine) with a higher affinity for
the substrates [25], while variations in Raman bands make spectral
interpretation difficult for SERS saliva spectra [23]. In contrast, the
PCF-based approach presented here enables the acquisition of Raman
signals from native saliva while preserving molecular structure and
achieving a Raman bandwidth comparable to that of conventional
Raman spectroscopy, without the complexities and biases associated
with SERS [24,26].

2. System design and development

To facilitate precise laser focusing and PCF alignment, we have
designed a horizontal Raman stage setup shown in Fig. 1 [27]. This
design also helps to avoid the effect of gravity on the saliva filled inside
the PCF. The system consists of two channels: a guiding channel and
a Raman channel. Guiding channel consists of a green LED (Thorlabs:
M530L4) and an optical camera (ThorLabs: CS165MU) for locating the
PCF core. The green light is first passed through a lens L1 (Thorlabs:
AC254-030-B), from where a parallel beam is directed by beam-splitters
BS1 and BS2 (ThorLabs: CM1-BP108) to a dichroic mirror DM1 (Sem-
rock LPD02-785RU). DM1 reflects the light towards L5 objective lens
(Nikon 50x /0.60), focusing it onto the PCF core. The fiber is mounted
on an XYZ translation stage for precise alignment, while the PCF core
can be observed on the optical camera (ThorLabs: CS165MU) through
L2 lens (ThorLabs: AC254-100-AB). The second channel guides the
Raman excitation laser to the PCF core and collects the backscattered
Raman signal from saliva sample. For Raman illumination a single
mode 785 nm laser (IPS: 1804B000 FATBOY) is used. The laser beam
is collimated by L3 lens (Thorlabs: AC127-025-AB-ML) and filtered by
a band pass filter BP785 (Semrock LD01-785/10-25). The incident laser
light then passes through the BS2 and is directed towards the objective
by DM1. The system is aligned in such a way that the green light and
the laser follow the same path from BS2 onward. Once the PCF core is in
focus for the green light, it is nearly aligned for the Raman laser as well,
however, fine-tuning of the 𝑧-axis is required due to the wavelength-
dependent (530 nm vs 785 nm) differences in the focal point. The
Raman laser was aligned to the suspended-core along the 𝑧-axis using
dim green light for visualization. Once the laser was aligned with the
PCF core, the green light was turned off to collect Raman data. The laser
beam focused on the PCF core can also be seen on the optical camera,
when the green light is turned off. Backscattered Raman signals from
the saliva-filled PCF, are collected by the objective and after passing
through DM1, they are filtered for any remaining excitation light by a
long pass filter (Semrock LP02-785RU-25). The filtered Raman signal
is then refocused by a L4 lens (Thorlabs: F810SMA-850) on a low-
OH circular to linear optical fiber bundle (Thorlabs BFL200LS02). The
linear side of the fiber is connected to the 50 μm entrance slit of
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Fig. 1. Schematic of customized PCF stage for liquid sample analysis, consisting of
two input arms (i) green LED guiding channel; (ii) Raman excitation channel with a
backscattered Raman detection path.

the Raman spectrometer. The Raman spectrometer consists of a filter
chamber, having a long pass filter (LPF) (Semrock LP02-785RU-25),
a spectrometer (Teledyne: LS785, f/2) and a Charge-Coupled Device
(CCD) camera (Teledyne: Blaze 400HR). To collect the light from a
linear slit and to improve signal-to-noise ratio, the individual pixels on
the CCD are binned together vertically to generate a Raman spectrum.

3. Experimental design

This study was approved by Cork Research Ethics Committee
(CREC) of University College Cork (UCC) according to CREC applica-
tion reference: ECM 4 (y) 13/4/2021 & ECM 3 (aaaa) 12/09/2023
and include healthy volunteers as well as patients identified with
OPMD. This study was conducted in compliance with the ethical
standards established by CREC and the 1964 Helsinki declaration and
its subsequent amendments. In this proof-of-concept study, six OPMD
patients that have been recently biopsied and five healthy volunteers,
visiting Cork University Dental School and Hospital, were enrolled.
Informed consent was obtained from all the volunteers prior to the
measurements. The participants were advised to fast for at least 1 h and
rinse thier mouth with water for 1 minute before providing the saliva
samples. Unstimulated saliva was collected by gentle drooling process
and then in vivo tissue data was recorded. Collected saliva samples were
centrifuged to remove any debris or solid particles and stored at −80 ◦C
immediately.

3.1. Sample preparation

For further analysis, saliva samples were thawed and filtered using a
300 kDa membrane filter (Millipore MPE300025) to eliminate contam-
ination from food particles while preserving the majority of proteins
and other biomolecules [28]. In this experiment, PCFs fabricated at
XLIM Research Institute - Limoges, France were used [21]. The external
diameter of the used PCF was 200 μm for easy handling. Three different
core sizes – 2.5 μm, 3.0 μm and 3.5 μm – were tested to determine the
optimum core size for further experimentation. For each PCF core size,
three fibers were prepared using saliva sample from one of the healthy
participant resulting in a total of 9 PCFs being examined. To optimize
the PCF length, a 3.5 μm core was used with lengths ranging from 4 cm
to 16 cm with the saliva from the same healthy participant. To prepare
PCF for saliva analysis, PCF fibers were cleaved from both ends and
glued in to 25G needles. These fibers were then washed for a minute

Fig. 2. Comparison of average Raman spectra of liquid saliva sample on a 2D
aluminum substrate under a Raman microscope (MS) (blue), empty PCF (red) and
liquid saliva in PCF (black). Important Raman features of saliva are visible in PCF
data.

with acetone. The left-over acetone was removed and fibers were dried
by pushing air inside the PCF with a new syringe. Later, filtered saliva
sample was filled inside a syringe and injected in the PCF at a constant
speed of 50 μL/min with a syringe pump. The polymer coating was then
carefully stripped from one end and fiber was cleaved again to avoid
any interference effect from the polymer and from the overflowing
saliva droplet [20]. The prepared PCF fiber was then placed on the
XYZ stage and brought to focus with the help of green light for data
acquisition.

3.2. Data acquisition

The data was recorded from each prepared fiber for 4 s with 22 mW
laser power using the LightField software (Teledyne Vision Solution).
Each spectrum was averaged over 5 accumulations for better signal-
to-noise ratio. In vivo tissue data was also recorded for 3.87 s with
30 mW power with a customized Raman systems and a multimodal
probe described elsewhere [29]. Collected data was calibrated along
𝑥-axis and y-axis using Neon-Argon and white light lamps from Intel-
liCal spectral calibration system (Teledyne) and by standard spectra
of acetaminophen and naphthalene. Data was corrected for the dark
background and baseline using asymmetric least square method [29]
(𝜆 = 50𝑎𝑛𝑑 p = 0.00005). Finally, data was normalized with standard
normal variate analysis and Savitzky–Golay filter (order = 2, window
= 7) was used for noise filtering. Since the patients’ saliva data was not
normally distributed, the Kruskal–Wallis test used as a non-parametric
method for statistical evaluation. A 𝑝-value of <0.05 was considered
statistically significant.

4. Results and discussion

Fig. 2 shows a comparison of mean Raman spectra of liquid saliva
sample on a two-dimensional (2D) aluminum substrate under a typical
Raman microscope, an empty PCF and filtered liquid saliva in a PCF
analyzed with the customized Raman system. This figure clearly illus-
trates the spectral differences between the two measurement methods.
Raman signal of liquid saliva on a 2D substrate is predominantly
featureless with the only prominent peak observed around 1246 cm−1.
This feature is generally attributed to the background Raman signal
originating from the optics of the system, which becomes noticeable
when the signals from the samples under investigation are weak [29].
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Fig. 3. (A) Comparison of Raman signal of PCFs with 2.5, 3.0 and 3.5 μm core size. Each core size was tested with three saliva samples derived from the same participant’s saliva.
(B) SEM image of 3.5 μm PCF. (C) Magnified SEM image of 3.5 μm core PCF. (D) Comparison of Raman intensity of 2.5, 3.0 and 3.5 μm PCF at 603, 1123, 1251 and 1454 cm−1.
Error bars represent standard deviation from mean intensity for each core size from multiple measurements across three samples.

Fig. 4. Comparison of average Raman intensity for different fiber lengths from 4 cm to 16 cm (top). Each fiber length was tested with three saliva samples derived from the same
participant’s saliva. Graphs at the bottom of the figure represent average intensity at 603, 1123, 1251 and 1454 cm−1 plotted against the fiber length. Error bars show standard
deviation of mean intensity for each fiber length, from multiple measurements across three samples.

On the other hand, Raman spectrum of saliva analyzed using PCF
revealed distinct spectral features likely due to enhanced signals from
the prolonged interaction of the excitation light with saliva along the
entire length of the PCF. Some of these pronounced Raman spectral
features and their assignments are shown in Table 1. The PCF data
shows important Raman spectral features of human filtered saliva, as
observed by Carlomagno et al. [28]. Two additional Raman bands at
603 cm−1 and 796 cm−1 are associated with the silica background of

the PCF [30], as these signals are also clearly evident in the spectrum
of an empty PCF.

These results confirm the potential of PCF for analyzing liquid saliva
samples and enhancing signal quality. To further optimize the signal
strength from liquid saliva, we conducted experiments using PCF fibers
of various core sizes and lengths. The average Raman signal for each
fiber core is presented in Fig. 3A, while Fig. 3B shows a scanning
electron microscope (SEM) image of the 3.5 μm PCF with its core
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Fig. 5. Average Raman signal of control (four participants) and OPMD group (six
participants) with shaded area representing standard deviation of tissue (top) and saliva
in PCF (bottom). The labeled peaks represent the features that are significantly different
in both groups (* represents 𝑝 < 0.05, ** represents p < 0.01 and *** represents p <
0.001).

Table 1
Peak assignment of prominent Raman peaks in liquid saliva filled inside PCF [30–36].

Raman shift (cm−1) Peak assignment

603 Si–O–Si bending silica
796 Si–O bending silica
855 C–O–C carbohydrates, Tyrosine
1003 Symmetric breathing mode of phenylalanine
1050 C–C stretching lipids, Si–O silica
1123 C–O carbohydrates
1251 Amide III protein
1454 C–H bending/deformation in lipids or protein
1548 C𝛽 -C𝛽 hemoglobin, Tryptophan
1660 Amide I protein

highlighted in Fig. 3C. Fig. 3D displays the Raman intensities of three
major components of the saliva (carbohydrates, proteins and lipids) at
1123, 1251 and 1454 cm−1 along with silica band at 603 cm−1 for all
the three PCFs (2.5, 3.0 and 3.5 μm). The error bars represent standard
deviation of multiple measurements from three fibers for each core size,
prepared in a same way, with the saliva sample from the same healthy
participant. This comparison highlights the increase in Raman signal
strength with PCF core size, indicating that a core size of 3.5 μm is
the best of the tested diameters for saliva sample analysis with this
geometry. The 3.5 μm core size also exhibits a comparatively lower
standard deviation for the analyzed Raman features, which may be
attributed to the increased consistency of focusing locations and better
coupling efficiency as described by F. Beffara et al. [21]. Based on
this analysis, we decided to proceed with the 3.5 μm core size PCF for
further analysis.

Subsequently, to determine an optimized length of 3.5 μm core
size PCF for saliva analysis, different fiber lengths ranging from 4 cm
to 16 cm were evaluated. Fig. 4 shows average Raman intensity for
each prepared fiber length. Error bars represents standard deviation
of mean intensity for each fiber length, from multiple measurements
across three samples. The results indicate that the silica background at
603 cm−1 increases with the fiber length, and the saliva signals at 1123,
1251 and 1454 cm−1 increase with fiber length up to 12 cm, 8 cm and
14 cm, respectively, and then level off (Fig. 4). Taking this into account,
we decided to utilize 9–10 cm length for further experimentation
to strike a balance between minimizing interfering silica signals and
ensuring robust saliva analysis with satisfactory signal intensity across
the entire spectrum. This intermediate fiber length reduces silica signals
while providing sufficient interaction volume for enhanced Raman
signal detection. Additionally, this length is also suitable for handling
and mechanical stability ensuring consistent and reproducible results.
Therefore, selection of 9–10 cm PCF length for further analysis is a

practical and strategic choice that balances experimental objectives
with operational considerations.

Our primary objective is to harness the capabilities of PCF for liquid
saliva analysis, providing insights into both molecular composition and
structural changes, which are critical for the early detection of OPMD.
To achieve this, it is essential to identify spectral markers specifically
related to OPMD. Since saliva mimics the composition of oral tissue,
it presents an advantage as a potential screening tool for OPMD.
However, saliva composition can also be influenced by other health
issues [28]. To specifically target the spectral markers related to OPMD,
we incorporated in vivo tissue measurements from the same participants
for comparison. This approach provides a robust comparative analysis
that validates the biochemical changes observed in saliva due to OPMD.
Fig. 5 presents the preliminary Raman data from the remaining four
control and six OPMD participants, with tissue data shown at the top
and saliva data at the bottom for better comparison.

Noticeably, three spectral markers related to carbohydrates, pro-
teins and lipid were identified, showing significant differences
(p < 0.05) between two groups. The corresponding statistical analysis
plots for these spectral markers are shown in Fig. 6. We observed that
the features representing carbohydrates at 855 and 1123 cm−1 are more
pronounced in OPMD spectra [36]. In OPMD patients, an increase in
carbohydrate levels, which are critical components of cell membranes
and play significant roles in cellular processes such as adhesion and sig-
nal transduction, has been observed previously [37,38]. The enhanced
expression of these saccharide molecules on cancer cell membranes
facilitates disease progression and their entry into the bloodstream and
saliva [37,38].

Amide III band at 1251 cm−1 shows decreasing trend in OPMD
saliva compared to the control group, indicating decrease in ordered
protein. Additionally, a decrease in the peak at 1454 cm−1, which is
generally associated with C-H bending/deformation in proteins and
lipids, is observed. Similar changes including decrease in 1454 cm−1

and protein bands have been observed previously in Raman spec-
troscopy analysis of oral lesions [39–42]. Increased protein breakdown
and protein denaturation has been seen in OPMD patients, causing
significant reduction in proteins levels in biofluids [43–45]. Further,
oxidation of primary biomolecules, such as proteins and lipids, plays a
significant role in the progression of cancer and inflammation, as well
as in the proliferation of cells that utilize existing stores to maintain
the structural and functional integrity of cell membranes [41,43,46].
However, levels of proteins and lipids in saliva are also influenced by
the age, tobacco use and alcohol consumption [43,44]. Yet, further
research is required to identify underlying reasons contributing to
reduction in salivary lipid and protein in OPMD patients [44].

In this study, we presented preliminary results indicating significant
differences between OPMD and control group, establishing a proof-
of-concept for utilizing liquid saliva in non-invasive OPMD screening.
While many studies have analyzed saliva using Raman spectroscopy,
most have either utilized dried or lyophilized saliva or incorporated
SERS substrates [23,47,48]. In cases where liquid saliva is analyzed,
these studies often struggle to achieve a favorable signal-to-noise ra-
tio [48]. Additionally, it is important to note that weak Raman signals
are affected by etaloning when excited with NIR laser light in com-
bination with thin back-illuminated CCD detectors [49]. This effect is
more prominent when measuring weak Raman signals in the presence
of a large fluorescence background. Such distortions can mimic or
obscure Raman peaks, leading to misinterpretation of the data [30].
The present study seeks to address these challenges and improve the
reliability of Raman signals from native saliva. However, it suffers from
several limitations, including interference from silica signals, variability
in excitation laser coupling, and a small sample size. The silica back-
ground complicates the analysis of saliva signals below 1000 cm−1.
To reduce the silica background, we aim to increase the fraction of
evanescent light and reduce fiber length or develop a novel fiber design
with enhanced light-analyte interactions to achieve stronger Raman
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Fig. 6. Box plot analysis of Raman peaks indicating significant changes (𝑝 < 0.05,) in carbohydrates, proteins and lipid in tissue (top) and saliva (bottom).

signals. Further data decomposition, feature selection methods and im-
plementing other data analysis techniques could help distinguish saliva
signals from the less variable silica signals. We also plan to incorporate
a second camera to visualize light transmission through the PCF, which
may provide a quantitative method to analyze light coupling efficiency.
As this manuscript presents a proof-of-concept study with preliminary
data from only 10 participants, this sample size is insufficient for
robust machine learning analysis. Future work will also involve a
larger patient cohort, and with an expanded dataset, incorporating
more variables and sophisticated algorithms could enhance diagnostic
accuracy.

5. Conclusion

We have demonstrated the potential of PCF based-optofluidic Ra-
man spectroscopy probe as a non-invasive tool for early diagnostics
of OPMD by saliva analysis. This novel method relies on saliva in
its liquid state, mitigating the disadvantages of dry saliva and SERS-
based measurements, which can potentially enable real-time diagnosis.
Using the best of the tested PCF with core size of 3.5 μm and length
of 10 cm, we identified carbohydrates, proteins and lipids as three
biomarkers which can differentiate between OPMD and healthy groups.
These results were in agreement with data obtained from in vivo tissue
Raman spectroscopy from the same participants confirming the changes
observed in saliva are due to OPMD. This research underscores the
importance of advanced diagnostic approaches that offer increased
patient comfort, real-time analysis and improved methods for oral can-
cer monitoring. This study serves as a proof-of-concept demonstration
for non-invasive saliva screening of OPMD. However, the proposed
technique could be a promising tool for several clinical applications
where biofluids, such as plasma or cerebrospinal fluid, hold important
information about the disease state.
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Abstract

The development of a reliable screening procedure for oral potentially malignant dis-

orders (OPMD) is crucial for early diagnosis, timely intervention and improved patient

outcomes. While saliva is a promising diagnostic medium for non-invasive screening,

it can also be influenced by other health conditions. This study explores the potential

of Raman spectroscopy for OPMD screening by analyzing biochemical changes in both

saliva and tissue. By correlating saliva and tissue spectra from the same participants,

we identified key OPMD-associated salivary biomarkers using least absolute shrinkage
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and selection operator (Lasso) regression for feature selection. Notably, Raman peaks

at 501 cm−1, 541 cm−1 and 1463 cm−1 showed strong correlation between saliva and

tissue. Linear Discriminant Analysis (LDA) was used for classification between healthy

and OPMD group. The model achieved 78% accuracy for saliva and 89% for tissue, with

key biochemical markers showing a consistent trend across both mediums. The notable

correlation between saliva and tissue spectra highlights potential of saliva screening.

Introduction

Oral potentially malignant disorders (OPMD) are lesions in the oral cavity with increased

risk of malignant transformation. These disorders include conditions such as leukoplakia,

submucosal fibrosis, actinic cheilitis or dysplasia. Early detection is crucial for timely in-

tervention, reducing the burden of invasive treatments and improving patient outcomes.

The gold standard diagnostic methods for OPMD is visual examination, palpation and

histopathology of tissue biopsies. While most reliable, this set of examinations is subjec-

tive, invasive, often requires local anesthesia and causes patient discomfort. Additionally,

it is also time-consuming, making it unsuitable for routine screening or monitoring disease

progression. Given that OPMD is a rapidly progressing disease, even the slightest delay in

diagnosis or treatment can have significant consequences.1

It is also a considerable financial burden, with the average cost of biopsy ranging between $

750 and $ 1,000,2,3 despite the fact that 92 % of OPMD cases do not progress to malignancy,4

raising concerns about the cost-effectiveness of biopsy as a sole diagnostic method, especially

in resource-limited settings. Relying only on biopsy and histopathology also imposes a strain

on the healthcare system in regions where access to specialists and laboratories is limited.

These challenges emphasize the need for non-invasive, real-time and cost-effective alterna-

tives such as saliva screening, that can streamline the diagnosis and monitoring of OPMD

while reducing the financial and logistic burden from patients and the healthcare system.5

Saliva being an easily accessible body fluid has recently gained attention as a potential diag-
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nostic medium for various diseases. It could be particularly useful for diagnosing OPMD due

to its direct interaction with lesions in the oral cavity, making it a valuable tool in detecting

specific biomarkers that reflect the pathological state of oral tissue. Several studies have

explored saliva for oral cancer and OPMD related biomarkers.6–9

However, saliva-based diagnostic methods also face challenges, such as standardization of

sampling protocols, validating biomarkers, and results interpretation because of the multi-

factorial origin of salivary biomarkers. Further research is required to develop a reliable and

accurate saliva screening method.

In recent years, optical methods such as Raman spectroscopy have shown potential in di-

agnosing oral cancer and OPMD by detecting subtle molecular changes, such as changes

in levels of proteins, carbohydrates, lipids and nucleic acid, which together are referred as

molecular fingerprints, in various biological samples.10 It works well in both ex vivo and in

vivo environments due to its non-invasive nature and ability to obtain signals from the oral

cavity and body fluids,11 avoiding the risk of bleeding, allergic reaction and other complica-

tions that can arise after a conventional tissue biopsy.12

This study explores the potential of saliva as a screening tool for OPMD by identifying

salivary biomarkers in Raman spectra and correlating them with in vivo tissue Raman data

from the same participants. Lasso (least absolute shrinkage and selection operator) fea-

ture selection model identified key spectral differences between OPMD and healthy controls.

Comparing saliva and tissue spectra revealed consistent trends in protein, lipid and carbo-

hydrate signatures, strengthening the hypothesis that saliva can be a potential surrogate for

non-invasive screening.
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Materials and methods

This study was conducted in a collaboration between Tyndall National Institute and Cork

University Dental School and Hospital (CUH) with ethical approval from the Cork Research

Ethics Committee (CREC) of University College Cork (UCC) (CREC reference: ECM 4

(y) 13/4/2021 & ECM 3 (aaaa) 12/09/2023). This study adhered to the ethical standards

outlined by CREC, the 1964 Helsinki Declaration and its subsequent amendments. This

study included 19 healthy controls and 18 OPMD volunteers, all of whom provided explicit

informed consent. Only patients scheduled for biopsy or those who had undergone biopsy

were recruited in the study. The clinician involved in this study confirmed the oral hygiene

of the participant and collected detailed demographic and clinical information, including

medical history and diagnosis. Participants were advised to refrain from food, drinks (except

water), smoking or using oral hygiene products and any lip cosmetics for at least one hour

prior to sample collection. After rinsing the mouth for 1 to 2 mins, unstimulated saliva was

collected in sterile tubes and stored at 4°C. The saliva samples were then centrifuged at

10,000 rpm for 10 minutes to remove cells and any solid particles. The resulting cell pellet

and supernatant were stored separately at -80°C. In vivo Raman spectra was recorded using

a handheld Raman probe13 from six oral tissues: cheek mucosa (CM), lip, gingiva, dorsal

surface of tongue (DST), ventral surface of tongue (VST) and anterior floor of mouth (AFM)

in both control and OPMD groups. For OPMD patients, additional data were collected from

the lesion and a contra-lateral site. However, for the purpose of this study, only CM data

was analyzed due to the limited sample availability from other tissue sites in the OPMD

group. Figure 1 presents the experimental work flow.

Raman analysis

In vivo tissue: After saliva sample collection, the participants were comfortably seated

in a dental chair. The area of interest in the oral cavity was gently dried with sterilized
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Figure 1: Experimental workflow and data analysis
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medical grade gauze before and between measurements to minimize saliva interference. The

clinician placed the Raman probe13 on the tissue to record the data. Instrument parameters

including laser power, acquisition time and number were optimized based on data from a

few initial participants. Five spectra were recorded from each tissue type including OPMD

lesion, contralateral site and healthy tissue with 30 mW power for 0.43 seconds averaged

over 9 acquisitions.

Saliva samples: Frozen saliva samples were thawed at room temperature and filtered

with 300 KDa centrifugal filters to ensure homogeneity and remove large particles.14 Each

sample was prepared layering five 2 µl droplets of filtered saliva subsequently on an aluminum

substrate to let dry. Dried saliva samples were then analyzed at room temperature with

the customized Raman microscope using a 785 nm laser wavelength and a 50x objective

lens.13 Each spectrum was recorded for 10 sec and then averaged over 5 sequentially recoded

spectra from each position. The excitation power was 20 mW. Three spectra were recorded

per droplet, totaling 15 spectra from five saliva droplets per sample.

Data analysis

The system was calibrated for wavelength dependent sensitivity using a source with a Na-

tional Institute of Standards and Technology (NIST) traceble white light spectrum; and

wavelength-scale using a Neon Argon (NeAr) lamp from Intellical spectral calibration sys-

tem, as well as well-defined substances exhibiting known spectra with distinct Raman peaks,

such as acetaminophen and naphthalene. Dark background (BG) was subtracted from the

collected data and spectral spikes (cosmic rays) were removed. Baseline correction was per-

formed by asymmetric least square method with λ = 100, P = 0.00009 for saliva and λ

= 10 and P = 0.0001 for tissue to remove autofluorescence background. A second order

Savitzky-Golay filter with window width 5 was applied to reduce noise, followed by standard

normal variate (SNV) normalization to minimize spectral variability. The Raman spectral

range from 400 – 1800 cm−1 was selected for further analysis. The saliva data consists of
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555 Raman spectra from 37 participants, while tissue dataset include 175 spectra from the

same participants.

Analysis methodology

To identify key spectral features distinguishing between OPMD and control groups, Lasso

regression model was employed. Lasso eliminates less relevant features by adding a penalty

term proportional to the sum of regression coefficients and preserve only those features

that are crucial for classification. Features selected at the dips of Raman spectra were

removed because they are believed to not be very informative and likely unrelated to any

biochemical changes in tissue or saliva. To improve the analysis, additional features were

incorporated using clinical domain knowledge ensuring the inclusion of chemically relevant

biomarkers linked to disease progression. These features included Raman bands associated

with proteins (such as 501 and 826 cm−1), carbohydrates (541 cm−1) and lipids (1081 cm−1)

Linear Discriminant Analysis (LDA) was then applied to evaluate the efficacy of the selected

features in classifying the samples using leave-one-out (LOO) cross validation model on

patient level. Where one patient data was excluded in each iteration to access the model’s

predictive performance.

Results and discussion

Figure 2 presents the normalized mean Raman spectra of saliva and tissue from control

(blue) and OPMD (red) cohorts, showing noticeable intensity differences in several regions,

around 500, 825, 1050, 1120, 1270, 1450, 1580, and 1660 cm−1. To further investigate, a Lasso

regression model was applied to extract key features across the entire spectral range, identi-

fying markers with diagnostic potential. In Figure 2 A and B, the Lasso-selected features are

marked as dotted lines on the spectra, emphasizing the spectral regions contributing most to

the differentiation between control and OPMD cohorts. These Lasso-selected features were

7



A)

B)

Figure 2: Average Raman spectra of A) saliva and B) tissue from OPMD (red) and control
(blue) groups. Key Lasso features, excluding those at dips and additional chemically relevant
features are marked on the spectra. The shaded regions represent standard deviations,
indicating spectral variability across samples within each group.
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further integrated with visually distinct spectral regions identified in the averaged spectra

of tissue samples. The exact locations of these visually apparent regions were determined

based on their statistical significance in differentiation of OPMD from control tissue.

A comparison of selected features of tissue and saliva revealed thirteen common, statisti-

cally significant features, with slight variations in their exact positions due to differences in

the spectral profiles of the two sample types. Figure 3 displays the statistical analysis plots

for these common features, highlighting their significance in distinguishing OPMD from con-

trol. The Kruskal-Wallis non-parametric test was used for significance analysis, and p<0.05

was considered significant. These shared features suggest that saliva could serve as a non-

invasive screening tool for identifying individuals at risk, facilitating early detection while

reducing the number of biopsies. The biochemicals associated with these spectral markers

(features) are discussed below.

Figure 3: Box plot showing the distribution of selected Raman features for saliva (top) and
tissue (bottom) and comparing OPMD (red) and control (blue) groups. The plots highlight
the statistical difference and trend between both groups across the selected features. Each
feature was selected with Lasso feature selection model and domain knowledge. Visual
comparison emphasizes that the trend of the selected features is common in saliva and
tissue.
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Proteins and amino acids: Analysis of spectral changes in saliva and tissue of patients

with oral potentially malignant disorders (OPMD) compared to healthy individuals provides

significant insights into the biochemical alterations associated with malignancy. Notably,

the observed decrease in the amide III (1266 cm−1) and amide I (1666 cm−1) bands indicate

protein denaturation and breakdown, suggesting an increase in proteolytic activity.15–18 Fur-

thermore, a decline in the gauche-gauche-gauche conformers of disulfide protein linkages at

501 cm−1 supports the concept of increased protein disorder19,20

This degradation of proteins is likely associated with a significant increase in amino acid-

related peaks, particularly those corresponding to tyrosine (826 cm−1) and hydroxyproline

(873 cm−1).21,22 As the demand for glucose and amino acids rises to support cell proliferation

and lesion growth, this leads to the breakdown of proteins into amino acids and a notable

decrease in overall protein levels within the saliva of OPMD patients. Elevated levels of amino

acids, including tyrosine, have also been observed earlier with oral cancer progression.23,24

As saliva is in direct contact with oral tissues, these spectral signatures may mirror changes

occurring in the tissue itself, making saliva a potential non-invasive screening tool for early-

stage OPMD detection.

Lipids: Lipids are principal cellular molecules involved in enzyme activity, energy stor-

age, cell division, stabilising DNA chains and maintaining structural and functional integrity

of the cell membrane.25 The lipid profile in the OPMD spectra of tissue and saliva represents

distinct metabolic changes that could be significant for the disease diagnosis.

Raman peak at 1081 cm−1 is more prominent in OPMD group. This gauche band is asso-

ciated with C-C stretch in lipids and is sensitive to lipid chain conformations. This could

be associated with oxidation of lipids, which significantly contributes to the progression of

cancer and inflammation. Furthermore, 1450 cm−1 region in tissue and saliva is associated

with the CH2 bending mode in fatty acid chains.26–29 These peaks show a decrease in the

OPMD group, which could be the result of lipid utilization in membrane biogenesis in rapidly

dividing cells.30,31 These spectral changes suggest that OPMD is not only associated with
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the change in lipid content but also with lipid structures.25,32

Carbohydrates: Raman peaks at 541 cm−1 and 1463 cm−1 are associated with glycogen

and saccharides. In the OPMD group, reduction in glycogen levels suggests impaired energy

storage and utilization, potentially indicating cellular stress and metabolic disturbances asso-

ciated with disease progression.33 Rapid cell proliferation, increase glycogen breakdown under

hypoxic condition through anerobic glycolysis, resulting in less ATP (adenosine triphosphate)

production and driving increased glucose demand.34

Haemoglobin: In OPMD, Raman peaks at 1558 and 1581 cm−1, associated with heme,

are decreasing significantly, suggesting changes in blood composition within affected tissue.35

The decrease in the OPMD group implies reduced hemoglobin concentration or change in

blood flow in OPMD tissue due to ineffective vascularization.

Carotenoids: Raman peak at 1148 cm−1 depicts a significant increase in OPMD group

for both tissue and saliva. This peak is attributed to the C-C stretching mode of carotenoids.

The elevated intensity in OPMD may indicate metabolic changes, oxidative stress, or an

adaptive cellular response to disease progression.36

These selected features were employed to differentiate between the OPMD and control

groups using LDA. The leave-one-participant-out cross-validation method was applied to test

the LDA model rigorously. Figure 4 (A and B) represents scatter plots showcasing the LDA

classification, where each point corresponds to an individual participant. Correctly classified

cases are marked in blue and red, while misclassified cases are indicated by green and yellow.

The truth tables in Figure 4 (C and D) summarize classification outcomes, revealing that

the model achieved 78 % accuracy for saliva and 89 % accuracy for tissue samples. The

higher accuracy in in vivo tissue reflects more pronounced biochemical changes in tissue as a

primary cite compared to saliva, reflecting the localized effect of OPMD. Nevertheless, saliva

remains a valuable diagnostic tool for non-invasive screening with reasonable accuracy. It

shares distinct biochemical markers with tissue, enabling effective classification. The overlap

of significant features between saliva and tissue underscores that saliva reflects comparable
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structural and metabolic changes associated with OPMD found in tissue samples. To identify

highly correlating features between tissue and saliva, a correlation analysis was performed,

as shown in Figure 5 . This correlation not only supports the potential of using saliva as

a non-invasive screening tool but also depicts the consistency of Raman spectral features

across different biological media.
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Figure 5: Association between selected Raman features from tissue along x-axis and saliva
along y-axis. Raman intensities from peaks correspond to proteins and carbohydrates. Cor-
relation coefficients (Pearson) and corresponding P values are indicated on each panel. Lines
represent fitting by linear regression with 95 % confidence band. A strong correlation sug-
gests that a common biomarker between saliva and tissue can assist in OPMD detection.

Conclusion

This study demonstrates the potential of Raman spectroscopy combined with Lasso regres-

sion in identifying key biomarkers associated with OPMD, aiding non-invasive diagnostics.

LDA provides a visual representation of the classification performance for saliva and tissue

samples. The model achieved accuracy of 78% for saliva and 89 % for tissue. The higher

accuracy in oral tissue analysis reflects more pronounced biochemical changes in tissue com-

pared to saliva. However, saliva still offers a non-invasive alternative with a reasonable

accuracy, which could be improved by exploring additional biomarkers or by improving the

feature selection technique.
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Future perspective

Future studies could focus on improving classification by integrating additional biomarkers

and refining feature selection. Larger sample sizes and comprehensive statistical analysis

are currently underway to enhance the reliability of this dual-medium approach for OPMD

screening.
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Abstract.11

0.1 Significance12

Early diagnosis of oral potentially malignant disorders (OPMD) is essential to prevent progression to oral cancer. This13

requires objective, non-invasive tools capable of identifying subtle, subclinical physiological alterations in oral tissue.14

0.2 Aim15

This study investigated the potential of diffuse reflectance spectroscopy (DRS) combined with machine learning-16

based feature selection to analyse spectral features of relevance for detection of OPMD-associated changes in different17

anatomical sites.18

0.3 Approach19

DRS spectra were acquired from the cheek mucosa (CM) and ventral surface of the tongue (VST) in 47 patients with20

OPMD and 22 healthy controls. Least Absolute Shrinkage and Selection Operator (LASSO) was used to select key21

spectral features, which were subsequently used to classify OPMD tissue and healthy controls by Linear Discriminant22

Analysis (LDA).23

0.4 Results24

Distinct spectral differences were observed between healthy and OPMD tissues, consistent with alterations in oxygena-25

tion, hemoglobin absorption, and vascularization. The developed model achieved classification accuracies of 87% for26

CM and 89% for VST. The contralateral sites exhibited heterogeneous spectral responses, suggesting the presence of27

early field effects.28

0.5 Conclusion29

Although most diagnostic signatures were identified within the visible spectral range, DRS revealed subtle biochem-30

ical and structural alterations beyond visual detection, enabling more objective tissue characterization. Incorporating31

LASSO-selected features enhanced the model’s robustness and classification performance.32

Keywords: Diffuse reflectance spectroscopy, oral potentially malignant disorders, oral cancer, feature selection, non-33

invasive diagnostics.34
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1



1 Introduction36

Oral cancer is the 16th most common cancer worldwide, with a survival rate strongly associated37

with the stage of the disease at the time of diagnosis.1, 2 More than 45% of the cancer cases have38

metastasised to the lymph nodes when first diagnosed.2, 3 Early-stage diagnosis remains challeng-39

ing due to the lack of obvious clinical signs and the limited sensitivity of visual examination or40

commercially available oral screening methods. More than 90% of oral cancers constitute squa-41

mous cell carcinomas (OSCC), which originate from genetic mutations in epithelial cells4 that42

trigger uncontrolled cell proliferation. In some cases, the body’s defence mechanisms are unable43

to repair DNA damage or eliminate these abnormal cells through apoptosis, leading to neoplas-44

tic transformation.5 A critical stage in oral carcinogenesis is the development of oral potentially45

malignant disorders (OPMD), a group of precancerous conditions that increase the risk of progres-46

sion to OSCC. Identifying these early-stage abnormalities can help facilitate timely intervention47

and improve patient outcomes.48

Healthy
tissue

Mild
Dysplasia

Moderate
Dysplasia

Severe
Dysplasia

Carcinoma

Metastasis
Epithelial layer
Stratum basal
Basement membrane
Lamina propria

OPMD

Hyperplasia

Fig 1 Disease progression in oral tissue.
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OPMD often presents as persistent white or red patches, or as easily bleeding sores on the lips49

or within the oral cavity, such as leukoplakia and lichen planus. As the disease progresses, these le-50

sions can develop into non-healing ulcers, frequently accompanied by numbness, tenderness, pain51

and difficulty in swallowing. Figure 1 illustrates the typical progression of these lesions within52

oral tissue. The diagnostic procedure for OPMD involves reviewing the patient’s medical history53

and conducting a visual examination. However, a definitive diagnosis relies on histopathological54

evaluation of the biopsy sample. Despite its high accuracy, biopsy is invasive, time-consuming,55

impractical for multifocal lesions and sometimes prone to variability in sampling and interpreta-56

tion.6 Traditional imaging techniques such as computed tomography (CT) and magnetic resonance57

imaging (MRI) can help to assess the extent and progression of the lesions, but are expensive and58

unsuitable for screening and routine monitoring. Given these limitations, non-invasive diagnostic59

approaches are being widely explored.60

Several studies have explored exhaled breath analysis to detect volatile organic compounds61

that exhibit distinct concentration profiles associated with disease progression7, 8 . Other research62

focuses on blood- and saliva-based biomarkers, such as circulating tumor cells, DNA and RNA63

fragments;9–11 specific proteins12 including CD44,13 Cyfra 21,14 CA-125;15 inflammatory markers64

such as C-reactive proteins.16 These biomarkers are typically analysed using complicated labo-65

ratory techniques like enzyme-linked immunosorbent assays (ELISA),16 next generation sequenc-66

ing17 or polymerase chain reaction (PCR).18 Salivary IL-1β and IL-8 have also been reported as67

promising biomarkers for diagnosing oral cancer.19 Moreover, saliva-based home test kits, such68

as “CancerDetect Test for Oral and Throat Cancer”20, 21 have been introduced. However, most of69

these methods lack FDA approval or widespread clinical acceptance and often struggle to detect70

biomarkers at ultra-low concentrations during the OPMD stage.22, 23 Therefore, there remains an71
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urgent need for a cost-effective, non-invasive, real-time screening tool that can be easily integrated72

into clinical workflows.73

Among various emerging technologies, optical spectroscopy offers a promising, label-free ap-74

proach to tissue characterisation, providing non-invasive insights into biochemical and morpholog-75

ical changes associated with disease progression. Techniques such as fluorescence, Raman spec-76

troscopy and diffuse reflectance spectroscopy (DRS) have demonstrated potential in differentiating77

between normal and abnormal oral tissues.12 Fluorescence-based adjunctive optical screening de-78

vices, such as Vizilite and VELscope, have been developed to enhance the visualisation of oral79

mucosa abnormalities. While offering improved lesion contrast, their diagnostic accuracy remains80

limited. On the other hand, DRS encodes information related to tissue’s biochemical and struc-81

tural properties including haemoglobin concentration, oxygenation levels and scattering changes82

due to alterations in epithelial thickness and cellular morphology, typically indicative of OPMD83

progression.24 Some works have explored the combination of fluorescence with DRS.25–27 For ex-84

ample, a commercially available device, Identafi, combines autofluorescence from epithelial and85

stromal layers and reflectance in 500-600 nm region to visualise vasculature with only moderate86

sensitivity and specificity in differentiating oral lesions.28 Previous studies focusing solely on DRS87

have reported effective discrimination between normal, OPMD and malignant tissues.29, 30 Many88

of the studies have concentrated on buccal mucosa and tongue lesions - the most frequent OPMD89

sites - reporting in-vivo accuracy values in a wide range from 75%31 up to 98%.30, 32 Other studies90

explored the potential of DRS as a tool for the evaluation of resection margins,33 biopsy guidance34
91

with encouraging results. While majority of the works analyse the full DRS spectrum (typically92

400 - 900 nm), others focus on ratio metric changes related to haemoglobin absorption peaks.35, 36
93

However, DRS data are inherently complex and high-dimensional, often containing redundant and94
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correlated spectral features. These characteristics pose challenges for direct classification, often95

leading to model over-fitting or reduced diagnostic accuracy. Therefore, identifying the most in-96

formative spectral features that contribute to tissue differentiation is essential for developing robust97

and interpretable diagnostic models.98

Unlike prior DRS-based studies that primarily analyse entire spectra, this work systematically99

identities and validates the most diagnostically informative spectral regions using feature selec-100

tion. In this study, we investigate DRS as a potential tool for the regular screening of OPMD and101

as an adjunct tool for biopsy guidance. Using broadband (380 - 1100 nm) DRS measurements102

acquired in vivo from 82 participants, combined with feature selection and machine learning (ML)103

algorithms, we identify the most discriminative spectral regions for tissue characterisation. This104

analysis reveals spectral biomarkers linked to early pathological changes, facilitating objective and105

interpretable approach to OPMD diagnosis. The primary objectives of this study are: (1) to ac-106

quire and analyze broadband DRS spectra from normal and OPMD oral tissues; (2) to identify the107

most relevant spectral features contributing to tissue differentiation; and (3) to evaluate classifica-108

tion performance using both the entire broadband spectra and the optimised feature set. Overall,109

this work aims to establish a non-invasive, real-time, and cost-effective diagnostic framework to110

improve early detection and clinical management of OPMD.111

2 Materials and methods112

2.1 Clinical study design113

This in vivo study involved 82 participants - 22 healthy controls and 60 OPMD patients with114

lesions present in different anatomical locations in the oral cavity. Two of the OPMD participants115

had multifocal lesions. Ethical approval was granted by the Cork Research Ethics Committee116
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(CREC) of University College Cork (UCC) according to ref.: ECM 4 (y) 13/4/2021 & ECM 3117

(kkkkk) 09/05/2023. The research was conducted according to the CREC ethical guidelines and118

1964 Helsinki Declaration and its subsequent amendments. Written informed consent, clinical and119

demographic information, including diagnosis, medical history, smoking and alcohol status were120

obtained from all participants. Participants were advised to refrain from food or drinks (except121

water) at least an hour before data collection. They also all rinsed their mouths with water for122

one minute before the examination. A dental surgeon confirmed the general condition of the oral123

cavity, including the identification of lesions and healthy tissue. During this standard procedure,124

biopsy and histopathology were considered for confirmaing the disease status. DRS measurements125

were conducted before any biopsies were collected.126

2.2 Measurements workflow127

For data collection, the clinician gently dried the tissue with sterilized gauze and carefully posi-128

tioned the probe on the tissue. Data was collected from six tissue types, including the cheek mucosa129

(CM), lips, gingiva (Gum), dorsal and ventral surface of the tongue (DST and VST, respectively)130

and anterior floor of mouth (AFM) from the control (H) and OPMD groups. The tissues in OPMD131

group were further subdivided into lesion (OPMD) and contralateral site (OPMDH - confirmed132

by the clinician). Initially, to optimize the procedure and keep the overall measurement time to a133

minimum, 9 spectra were recorded from each tissue for the first 17 participants. For the remaining134

patients, we aimed to collect 15 spectra from each tissue, with the actual number depending on the135

condition of the oral cavity, the availability of contralateral tissue, and the comfort of the partic-136

ipant. In total, 7409 spectra were collected during the study from six locations/tissue types. The137

total number of DRS measurements per tissue type is summarized in Table 1.138

6



Table 1 Total number of DRS spectra from each tissue type.
Tissue CM VST DST Lip Gum AFM
Total number of spectra 1386 1376 1215 1233 1125 1074
Total number of lesions 28 19 7 6 2 0
Number of OPMD spectra 375 258 102 78 33 0
Number of OPMDH spectra 777 798 789 831 768 750
Number of H spectra 324 320 324 324 324 324

For classification purposes, data collected from all tissues were labelled into the following139

three categories: H – all measurements from the control group, OPMD – all lesions from the140

OPMD group, OPMDH – all healthy tissues from the OPMD group, including the contralateral141

site. For this preliminary study, we focused only on CM and VST tissues, as the number of lesions142

in the other anatomical locations was insufficient for comprehensive analysis, but will be included143

in future studies. A total of 1056 spectra from CM (324 H, 375 OPMDH and 357 OPMDH) and144

836 spectra from VST (320 H, 258 OPMD and 258 OPMDH) were analysed. Although OPMDH145

spectra were collected from all healthy-appearing tissues in the OPMD group, only the contralat-146

eral site corresponding to the lesion location (e.g., the opposite side of CM or VST) was considered147

here to ensure anatomical comparability.148

2.3 Diffuse reflectance spectroscopic system and probe design149

DRS system (Figure 2) used for this in vivo study is based on a highly sensitive spectrometer (QE150

Pro, Ocean Insight) ranging from 355 nm to 1100 nm with a 1024 x 58 element CCD array. The151

tissue was illuminated by a tungsten-halogen broadband light source (HL-2000-HP, FHSA Ocean152

Insight), with an emission wavelength range from 360 nm to 2400 nm. A low OH 1-to-4 Fan-Out153

fibre bundle with 400 µm core multimode fibre with linear common end (BFL44LS01- Thorlabs)154

delivered and collected light from the tissue. Although the probe contained three detector fibres,155

only the fibre with a 1.2 mm source–detector distance (SDD) was employed for this study. This156
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Fig 2 Schematic image of the DRS system and probe configuration.

distance was selected as it provides information regarding the epithelial layer (typically between157

400 and 250µm for CM and VST27, 37, 38) and superficial stroma, which are the most relevant for158

distinguishing healthy tissue from OPMD.159

2.4 DRS data collection and preprocessing160

Each DRS measurement was recorded for 50 ms and averaged over 20 repetitions. Data was161

calibrated using a Spectralon reflectance standard (WS-1-SL Diffuse Reflectance Standard, Ocean162

Insight) and corrected for dark counts (which was measured by recording spectra of reflectance163

standard with the light source switched off) by using standard reflectance formula given in Eq.1 :164

R =
Itissue − Ibackground
Istandard − Ibackground

(1)

where R is the calibrated reflectance, Itissue is the intensity of the reflectance collected from tissue,165

Ibackground is the intensity of the background with the illumination source off, Istandard is the re-166

flectance intensity collected using the standard. The data was truncated to 377 - 1075 nm to avoid167
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the influence of a poor signal-to-noise ratio related to low input light intensity and detector sensi-168

tivity. Subsequently, a second-degree polynomial Savitzky-Golay filter was applied with window169

size 5 and spectra were binned over 5 pixels to filter out high-frequency noise and approximate the170

resolution of the instrument; and finally the data was normalized to zero mean and unit variance.171

The resultant DRS data was saved in the form of an n × m matrix, where n represents the number172

of DRS spectra (observations) and m represents the number of variables (wavelengths). To check173

the statistical difference between groups Kruskal-Wallis test was used in MATLAB.174

2.5 DRS feature selection175

After data pre-processing, each DRS spectrum consisted of m = 150 wavelengths (features). To176

reduce dimensionality and identify the most relevant features for classification purposes, the Least177

Absolute Shrinkage and Selection Operator (LASSO) feature selection model was applied. LASSO178

minimizes the sum of squared residuals along with an L1 penalty on the coefficients. The L1179

penalty shrinks some of the coefficient estimates towards zero, thereby allowing feature selection.39
180

The βj for each predictor variable is estimated by minimizing the following cost function:181

Cost function =
n∑

i=1

(y
(i)
real − y

(i)
pred)

2 + α

m∑

j=1

|βj| (2)

where, n is the number of DRS spectra, m is the number of features (wavelength), (y(i)real and182

y
(i)
pred) are the true and predicted values of the ith spectrum. The term α

∑m
j=1 βj is L1 penalty, βj183

is the regression coefficient of jth feature, α is a regularization parameter controlling the strength184

of the penalty term L1. A larger value of α leads to more pronounced regularization, driving185

more coefficients close to zero, resulting in the development of a sparser model. Conversely,186

smaller values of alpha reduce the amount of regularization, allowing more wavelengths to retain187

9



non-zero coefficients and thus increasing the number of features contributing to the model. The188

α parameter was selected using cross-validation to balance between prediction error and over-189

or under-fitting. LASSO regression was applied on the scaled dataset and only variables with190

non-zero coefficients were retained for inclusion in the predictive model. The contribution of each191

wavelength is quantified through LASSO weights, which guides the development of a classification192

model.40
193

2.6 Classification models194

Following feature selection, both tissues H and OPMD were classified by Linear Discriminate195

Analysis (LDA), which maximizes the separation between the two groups based on the selected196

features. In addition, LDA is particularly effective when the two groups have distinct but over-197

lapping properties, as observed in spectral data from healthy and OPMD tissues. The model was198

validated using the leave-one-out cross-validation (LOOCV) method to ensure robustness and min-199

imize bias. The performance of the LASSO-LDA model was confirmed in the form of a confu-200

sion matrix and receiver operator curves (ROC). Data processing, feature selection and classifica-201

tion tasks were performed using Python (version 3.12) with standard scientific libraries including202

NumPy, Pandas, sciPy, scikit-learn, Seaborn and Matplotlib for data handling, analysis, modelling203

and visualization.204

3 Results and discussion205

DRS spectra are sensitive to changes in tissue composition and microstructure in OPMD lesions206

caused by alterations in light scattering and absorption properties. Figure 3 illustrates the aver-207

age DRS spectra for CM and VST tissues in three groups: healthy (H), participants with OPMD208
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Fig 3 Mean DRS spectra of CM and VST. Blue, red, and black curves correspond to healthy (H), OPMD, and con-
tralateral site (OPMDH), respectively. Shaded areas represent standard deviation across all measurements.

and contralateral site of the lesion (OPMDH), respectively. Although both the CM and VST are209

considered as nonkeratinized sites, they were analyzed separately due to anatomical differences in210

epithelial thickness and underlying vascularity.41 The presented spectra were normalised using the211

reflectance standard, preserving physically meaningful intensity differences. The standard devia-212

tion (shown as shaded areas in the graph) of each group demonstrates high intra- and inter-patient213

variation related to tissue heterogeneity, typically observed in DRS. All three groups exhibit very214

similar spectral shapes with small variations in intensities across different wavelength ranges. In215

general, CM tissue exhibits a higher reflectance than VST, indicating a higher attenuation of light216

in the latter, which can be a result of thinner epithelial layer and stronger absorption in the underly-217

ing stroma. Intensity-wise, the mean DRS spectrum of the contralateral side (OPMDH) resembles218

more healthy tissue in the case of CM, and that of OPMD tissue in the case of VST.219

The DRS spectrum below 600 nm is dominated by haemoglobin absorption, which is an impor-220

tant biomarker for OPMD progression due to frequent neoangiogenesis and changes in the oxygen221

consumption and delivery occurring within the lesion. For CM, healthy tissue in this spectral re-222
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gion consistently exhibits a higher reflectance, while the OPMD group typically has the lowest223

reflectance, indicating increased blood content and vascularization in the lesion. In contrast, for224

VST, OPMD exhibited the highest reflectance in the 400–500 nm region compared to H and OP-225

MDH, while in the region of 500-600 nm all three groups overlap. This relative change in OPMD226

reflectance likely exhibits site-specific differences in scattering and absorption, potentially linked227

to altered epithelial morphology in tongue lesions. To quantify these differences, the ratio of re-228

flectance values at 540 and 575 nm (R540/575), representative of relative haemoglobin absorption,229

was calculated for both CM and VST as shown in figure 4. Although both peaks are related to230

oxyhaemoglobin, their relative intensities change depending on the balance between oxy- and de-231

oxyhaemoglobin, making them a sensitive indicator of tissue oxygenation status. Changes in this232

ratio can therefore highlight vascular and metabolic alterations associated with the progression of233

OPMD. In CM, OPMD lesions showed the highest R540/575 compared to H and OPMDH, indi-234

cating relative change in oxygenation and increased blood volume within the lesion, which is in235

agreement with previous studies.30, 35, 42 A similar but more pronounced trend was also observed in236

VST, with OPMD exhibiting the highest ratio. OPMDH exhibits intermediate behaviour suggest-237

ing subtle changes in haemoglobin absorption and oxygenation in the clinically normal-appearing238

contralateral site. This could be a sign of early vascular changes in OPMDH and aligns with239

the concept of field cancerization, where molecular and histopathological changes in the normal-240

appearing mucosa adjacent to oral lesions may predispose these areas to the development of future241

lesions.43–45 For instance, Siar et al. reported that patients with OPMD are at greater risk of devel-242

oping a second lesion, most probably in the contralateral anatomical site.43 Another study reported243

that half of the patients with OPMD were more vulnerable to field change and had an increased risk244

of developing second or multiple lesions.46 Collectively, these results indicate that subtle vascular245
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Fig 4 Boxplots of the reflectance ratio R540/575 for CM (left) and VST (right) tissues. OPMD lesions show higher
ratios compared to healthy and contralateral sites, indicating increased oxyhaemoglobin absorption and suggesting
vascular and metabolic alterations linked to early malignant transformation.

and oxygenation changes in the contralateral site may reflect early or preclinical changes associ-246

ated with the formation of lesion. These findings highlight the potential of DRS to detect early,247

spatially-resolved tissue alterations that are not visually apparent.25, 30
248

Beyond the oxyhemoglobin absorption peaks, distinct site- and tissue-specific changes were249

observed in the near-infrared (NIR) region from 600 to 1075 nm. In this region, absorption is on250

average lower and dominated by water,47, 48 making reflectance more sensitive to scattering changes251

and increasing the penetration depth.49 Although OPMDH is more similar to H in the case of CM252

tissue, it consistently exhibited higher reflectance compared to OPMD and H, which confirms the253

underlying structural and compositional changes in the contralateral tissue even in the absence of254

visible lesions. OPMD was lower than H throughout this region. Higher keratinization and thicker255

epithelial layer in CM50 can mask the subtle scattering-related changes yielding same reflectance256

profiles for OPMD and healthy tissue. However, the reduction could be due to scattering from257

changes in stromal composition, microvascular density consistent with previous studies showing258

altered scattering in premalignant oral tissues.51 In VST, group-specific optical changes were more259
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prominent in the NIR region. Healthy tissue exhibited the highest reflectance throughout the entire260

spectral range above 620 nm. OPMDH have a trend similar to OPMD, indicating subtle alterations261

in the contralateral site relative to both lesions and healthy controls confirming the field cancer-262

ization phenomena once again reported in oral premalignant lesions.43, 46 The changes in OPMD263

tissue likely arise from localized variations in haemoglobin concentration, microvascularization264

and structural changes in the epithelium and stroma.24 The subtle dip around 760 nm in both tis-265

sues is associated with deoxyhaemoglobin absorption and can be observed consistently in both266

tissues. A subtle flattening of the 760 nm dip was observed in CM OPMD tissue compared to H267

tissue, indicating altered deoxyhaemoglobin absorption or changes in tissue scattering associated268

with the lesion.”.52 The dip at 760 nm points to localized hypoxia or inefficient vascular function269

due to immature tumour-associated vasculature and suggests an imbalance in oxygen supply and270

demand.53
271

These spectral differences and the ratio validate key DRS spectral regions to differentiate272

OPMD from healthy tissue. However, to move beyond visual assessment and ensure objectiv-273

ity and scalability, a systematic approach is required to determine diagnostically relevant spectral274

regions. To this end, we employed LASSO for spectral feature selection, which allowed us to275

identify wavelengths that contribute most significantly to distinguishing spectra between OPMD276

and healthy tissue. Figure 5 represents the LASSO-selected features overlaid on averaged DRS277

spectra for H vs OPMD tissues with their respective LASSO weights shown as a bar graph on the278

right. The algorithm selected 14 most important features for the classification of CM and VST.279

These features were selected using regularization parameter alpha (α = 0.005) for both CM and280

VST. The LASSO weights highlight the importance of each selected feature for healthy vs OPMD281

classification. In both tissues, LASSO-selected features correspond to spectral regions associated282
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Fig 5 LASSO selected features projected on scaled average DRS spectra of H (blue) and OPMD (red) of A) CM and
B) VST with their respective LASSO weights shown as a bar plot on the right.

with haemoglobin absorption, oxygenation status and scattering properties. In particular, in CM283

the highest weights were achieved for wavelengths in the short wavelength region (377 - 500 nm).284

On the other hand, for VST bands related to oxyhemoglobin in the 500-600 nm range and wa-285

ter absorption peak appear dominant. Several of the features with varying weights were selected286

for both tissue types, such as 549 nm, 568 nm, 956 nm and 1075 nm. The selection of features287

around these wavelengths reinforces the hypothesis that vascular changes and oxygen metabolism288

are key to distinguishing OPMD from H tissue, regardless of the anatomical location. Additionally,289

the features selected between 700 – 1100 nm suggest changes in the scattering properties of the290

deeper tissue layers, potentially indicating malignant progression.30, 42, 47, 49 The ability of LASSO291

to identify and prioritize wavelengths provides biological interpretability and guidance for design-292

ing compact optical devices for clinical use. For example, a portable multispectral imaging system293

with discrete bands instead of the full broadband spectrum can be designed for rapid screening294
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Fig 6 Confusion matrix and ROC curve for CM (left) and VST (right) for LASSO selected features.

procedures.54 Some of the selected wavelengths are closely spaced (e.g. 441 and 446 nm for CM),295

making them even more suitable as a choice for narrow-band approach.296

Following the LASSO feature selection, LDA was applied to classify healthy (H) and OPMD297

tissue using a leave-one-patient-out approach achieving an accuracy of 87% and 89% for CM298

and VST, respectively. The corresponding confusion matrices and receiver operator characteristic299

(ROC) curves shown in Figure 6 validate the performance of the model. The ROC curve indicates300

an excellent classification ability with area under the curve (AUC) of 0.87 and 0.86 for CM and301

VST, respectively, underscoring the potential of DRS for OPMD screening and diagnosis. Table 2302

details the classification performance using sensitivity, specificity and accuracy at both patient and303

spectral levels for CM and VST. For CM, LASSO selected features outperformed full-spectrum304

analysis, achieving an accuracy of 87%, compared to 81% for all wavelengths. In VST, the accu-305

racy for LASSO features reached 89% compared to 77% for the entire wavelength range. These306

results indicate that full spectrum analysis leads to over-fitting of the model and poor generaliza-307

tion capability, while classification on LASSO-selected features of importance yields more robust308

results. This underscores the potential of DRS and feature selection for OPMD screening proce-309
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Table 2 Comparison of the classification results for CM and VST tissues.
Tissue Classification

input
Sensitivity Specificity Accuracy

by spectra
Balanced

accuracy by
patient

CM LASSO features 82.2 % 90.9 % 79.0 % 87.0 %
All wavelengths 89.3 % 72.7 % 80.8 % 81.0 %

VST LASSO features 79.0 % 100 % 81.2 % 89.0 %
All wavelengths 68.4 % 86.4 % 76.9 % 77.0 %

dures.310

To further understand the physical aspect of the LASSO-selected features and their behaviour311

in the three studied groups, boxplots were generated for H, OPMD, and OPMDH (figure 7) for all312

14 features. These plots illustrate the measurement distribution and differences between the lesion,313

healthy, and contralateral sites for CM and VST. While the model was trained on H and OPMD314

data, examining OPMDH spectra at the selected wavelengths allows for assessment of field effects315

in normal-appearing contralateral site and provides insight into early optical changes associated316

with OPMD. Many of the selected features demonstrate significant differences between classes.317

In the case of CM tissue, all peaks selected between 377 - 600 nm show significant differences318

between H and OPMD, with some also showing significant differences for H and OPMDH. In319

the case of VST, only wavelengths up to 430 nm and above 800 nm were statistically significant.320

However, some features with high LASSO weights did not show large absolute differences be-321

tween H and OPMD, and in contrast, some of the features with low LASSO scores turned out to322

be significant. This indicates that LASSO captures subtle multivariate contributions rather than323

relying solely on univariate significance. The behaviour of OPMDH group doesn’t follow a clear324

pattern; it trends closer to H in some spectral ranges, while in others aligns more with OPMD. This325

variability underscores the heterogeneous nature of contralateral tissue,46 which may carry some326

optical signatures of field changes without a visible lesion.55, 56
327
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Fig 7 Boxplots of LASSO-selected spectral features for CM (top) and VST (bottom). Each box represents the in-
terquartile range, the horizontal line indicates the median, whiskers show the minimum and maximum values, while
’+’ sign represents outliers.

Although most diagnostic signatures were within the visible spectrum, DRS captures subtle opti-328

cal differences in tissue that are not visible to the human eye. These variations arising from early329

changes in oxygenation, vascularization and tissue scattering, can precede the morphological alter-330

ations, allowing DRS to detect early dysplastic transformations even in clinically normal-appearing331

tissue. In addition, unlike visual examination, DRS provides standardized and reproducible mea-332

surements that support consistent interpretation across users and clinical settings. This objectivity333

is particularly valuable in improving diagnostic yield by guiding biopsy toward optically abnormal334

sub-regions within heterogeneous lesions.335
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4 Conclusion336

This study demonstrates the potential of DRS as a valuable tool for OPMD screening. By applying337

Lasso feature selection and Linear Discriminant Analysis (LDA), key spectral features that could338

distinguish OPMD tissue from healthy tissue were identified. The results show that DRS, partic-339

ularly with selected features, offers higher sensitivity and accuracy in classifying OPMD in cheek340

mucosa (CM) and ventral surface of the tongue (VST), showcasing its clinical importance. This341

approach also identifies optical changes in normal-appearing contralateral tissue (OPMDH) and its342

heterogeneous nature, suggesting subtle field changes that may precede overt lesions. Spectral dif-343

ferences were linked to vascular and structural changes such as altered oxygenation and increased344

haemoglobin absorption, all associated with OPMD progression. With machine-learning-driven345

feature selection, DRS offers a real-time, non-invasive approach complementing traditional biopsy346

and enabling regular in vivo screening and clinical decision-making.347

Future work will focus on incorporating additional tissue sites and a larger patient cohort,348

including different OPMD stages to validate the robustness and generalizability of the OPMD349

screening model. Refining of the machine learning algorithms by using more advanced feature se-350

lection methods and cross-validation techniques. Building on the parallel Raman study conducted351

on the same patient cohort and integrating DRS with Raman spectroscopy could enhance diagnos-352

tic precision through a multimodal approach. DRS can also be used in margin detection during353

clinical procedures where preserving healthy tissue is critical.354
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Evaluation of wavelength 
ranges and tissue depth probed 
by diffuse reflectance spectroscopy 
for colorectal cancer detection
Marcelo Saito Nogueira1,2*, Siddra Maryam1,2, Michael Amissah1,2, Huihui Lu1, Noel Lynch3, 
Shane Killeen3, Micheal O’Riordain3 & Stefan Andersson‑Engels1,2

Colorectal cancer (CRC) is the third most common type of cancer worldwide and the second most 
deadly. Recent research efforts have focused on developing non-invasive techniques for CRC 
detection. In this study, we evaluated the diagnostic capabilities of diffuse reflectance spectroscopy 
(DRS) for CRC detection by building 6 classification models based on support vector machines (SVMs). 
Our dataset consists of 2889 diffuse reflectance spectra collected from freshly excised ex vivo tissues 
of 47 patients over wavelengths ranging from 350 and 1919 nm with source-detector distances of 
630-µm and 2500-µm to probe different depths. Quadratic SVMs were used and performance was 
evaluated using twofold cross-validation on 10 iterations of randomized training and test sets. We 
achieved (93.5 ± 2.4)% sensitivity, (94.0 ± 1.7)% specificity AUC by probing the superficial colorectal 
tissue and (96.1 ± 1.8)% sensitivity, (95.7 ± 0.6)% specificity AUC by sampling deeper tissue layers. To 
the best of our knowledge, this is the first DRS study to investigate the potential of probing deeper 
tissue layers using larger SDD probes for CRC detection in the luminal wall. The data analysis showed 
that using a broader spectrum and longer near-infrared wavelengths can improve the diagnostic 
accuracy of CRC as well as probing deeper tissue layers.

Colorectal cancer (CRC) is third most common type of cancer worldwide and the second most deadly. CRC 
comprised 10.2% (1.85 million) of the diagnosed cancer cases and 9.2% (0.88 million) of the cancer related deaths 
in 2018. In the same year, CRC had the second highest 5-year prevalence (10.9% or 4.79 million of the cases)1,2. 
The number of incident cases is estimated to increase by 63.4% until 2040, whereas the number of deaths is esti-
mated to increase by 71.5% in the same period3. The projected increased incidence of CRC and the improvement 
on patient prognosis generated by early CRC detection4 has increased the interest in the development of novel 
techniques to detect precancerous lesions and lesions early in the polyp-carcinoma sequence5.

Although current screening methods reduce the risk of CRC-associated mortality6, their effectiveness 
varies due to issues related to suboptimal screening compliance, limitations of test performance and lack of 
accessibility4. With this in mind, initiatives have been taken to increase the range of diagnostic methods includ-
ing blood and stool-based tests. The results of these tests show only the potential presence of the cancer and 
further investigation is required to locate potential tumors. Tumors can be visualized and identified by using 
minimally-invasive methods such as computed tomographic colonography, double contrast barium enema, and 
capsule endoscopy4. However, colonoscopy with biopsy remains the gold standard diagnostic test for evaluation 
of colonic disease.

Colonoscopy is predominantly a very safe procedure with a very low risk profile of serious complications but 
does pose significant inconveniences for patients from logistical perspective of bowel preparation, as the patients 
need to be accompanied home after sedation. Recent research efforts have focused on developing non-invasive 
techniques to identify cancerous lesions by comparing the techniques capable of generating tissue classification 
models closely matching the biopsy results. In particular, optical spectroscopy techniques can provide real-time 
and cost-effective tissue identification, which can provide more accurate and faster than conventional detec-
tion methods such as visualization, palpation, and histology7–20. One of these techniques is diffuse reflectance 
spectroscopy (DRS).
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DRS is an optical method capable of tissue identification based on the biochemical composition, oxygenation 
and microstructure of the tissue. DRS technology is based on delivering light to the tissue and capturing the 
reflected light that travels inside it. The reflected light contains information about the light scattering (related 
to the tissue microstructure) and absorption (associated with its biomolecular content). The combination of 
scattering and absorption (optical properties) as well as the geometry of the light source and detector defines 
the probed depth into the tissue21. Since the optical properties vary with the wavelength of the light source, the 
wavelength range determines the number of biomolecules that can be investigated using DRS.

Previous studies used DRS to distinguish tumor tissue from healthy surrounding tissues in the oral cavity 
(head and neck cancer)7, breast8,13, lung14, and liver15,16. Recent studies have also investigated the detection of 
colorectal cancer during surgery9–12,17–20. In terms of primary colorectal cancer, DRS and related optical spec-
troscopic techniques have mainly been used to guide colonoscopy by distinguishing the normal mucosa and 
malignant tissue inside the colon (luminal side). Several of these studies have demonstrated sensitivity and 
specificity as high as 100% in a limited number of samples and collected spectra9–12,17–20. Other optical spectro-
scopic techniques applied to CRC detection during colonoscopy include fluorescence spectroscopy (FS), time-
resolved fluorescence spectroscopy (TR-FS), Raman spectroscopy (RS), Fourier-transform infrared spectroscopy 
(FTIR)22–38. Numerous fluorescence spectroscopy studies achieved both sensitivity and specificity close to 100% 
for diagnosis22. On the other hand, most of the studies performed require contrast agents and/or ultraviolet illu-
mination. This requirement restricts the optical guidance time to the safe limits of ultraviolet exposure and the 
time contrast agents remain accumulated in the cancerous lesion. Although the diagnostic abilities of label-free 
FS, TR-FS, RS and FTIR spectroscopy have been investigated for a limited number of samples, the tissue clas-
sification performance has also demonstrated sensitivity and specificity up to 100%23–28,31–38. Challenges on the 
repeatability and reproducibility of the classification performance arise from increasing the data collection and 
analyzing the factors contributing to higher sensitivities and specificities. Factors for DRS include the measured 
wavelength range as well as the tissue depth investigated by using specific source-to-detector distances (SDD).

Most of the prior studies using DRS and related optical spectroscopic techniques probed only the superficial 
colorectal tissue by using fiber optic probes with small SDD or collecting hyperspectral images from wide-illu-
minated tissue areas39–50. In addition, previous optical spectroscopy studies have investigated relatively narrow 
visible and near-infrared wavelength ranges compared to the wavelength range exploited in this study (from 
350 to 1919 nm).

In this study, we developed a multivariate analysis model for colorectal cancer detection in ex vivo specimens 
for future application in colonoscopy settings. We compared its classification performance with previous DRS, 
elastic scattering spectroscopy, near-infrared spectroscopy and hyperspectral imaging (HSI) studies of other 
research groups. This performance was evaluated for the broad wavelength range from 350 to 1919 nm as well as 
ranges used in other studies39–50. Furthermore, we investigate the usefulness of the probed tissue depth on cancer 
identification by using fiber optic probes with SDDs of 630 µm (small SDD for superficial tissue measurements) 
and 2500 µm (large SDD). Our DRS spectra dataset contained 2889 spectra of freshly excised ex vivo tissues of 
47 patients. To the best of our knowledge, this is the first DRS study to investigate the potential of probing deeper 
tissue layers using larger SDD probes for CRC detection during colonoscopy.

Methodology
Clinical study protocol and research ethics.  The study included 47 patients undergoing bowel resec-
tion for cancer of the colon or rectum at Mercy University Hospital (Cork, Ireland). Patient demographics are 
shown in Table 1. The study was performed under the approval of the Clinical Research Ethics Committee of 

Table 1.   Patient demographics and tumor characteristics.

Number of patients 47

Gender

Male 32

Female 15

Age (years)

Median 69

Minimum 40

Maximum 89

Interquartile range 13.5

Cancer types

Adenocarcinoma 46

Carcinoma 1

Tumor stage

pT1 5

pT2 7

pT3 26

pT4 9
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University College Cork. All methods were performed in accordance with the relevant guidelines/regulations. 
Informed consent was obtained from all participants of the study. The specimen was removed 15–25 min after 
the blood supply to the specimen had been cut off. Once the specimen was removed from the patients, its lumen 
was exposed and cleaned with slow running water in order to remove any remaining feces and blood in the 
surface of the specimen. Then, healthy and cancerous tissues were identified by experienced surgeons prior to 
the data collection. The time between the specimen removal and the start of the data collection was 40 min on 
average. The pH was not stabilized by saline solution. The data was collected from ex vivo mucosal/submucosal 
tissues and tumors of the specimen within an average time of 60 min after surgical resection. Test conditions 
were kept as uniform as possible throughout the data collection by keeping the tissue moisture with a wet wipe. 
Approximately 15 sites were measured for healthy tissues (mucosa/submucosa) and 15 for cancerous tissues over 
a typical area of 100 cm2 (Fig. 1).

The location of every measurement was recorded on a photograph taken with a red–green–blue (RGB) cam-
era. After the acquisition of all optical DRS data, the specimen was returned to the Pathology Department for 
processing and analysis according to standard protocols. The ground truth of every measurement was obtained 
by histopathology analysis.

Diffuse reflectance spectroscopy system and probes.  Our DRS system comprised of a tungsten-
halogen broadband light source (HL-2000-HP, Ocean Optics, Edinburgh, United Kingdom) with an emission 
spectrum ranging from 350 to 2400 nm, which delivers and captures light via optical fibers coupled to both light 
source and detectors (spectrometers). First, the excitation light is sent through the fiber optic probe. Next, the 
diffuse-reflected light is collected by optical fibers in the same probe. These fibers deliver the diffuse-reflected 
light to a visible-wavelength spectrometer (QE-Pro, Ocean Optics, Edinburgh, United Kingdom) and a near-
infrared spectrometer (NIR-Quest, Ocean Optics, Edinburgh, United Kingdom). Finally, the light intensity 
detected by the spectrometers is pre-processed (“Data preprocessing and analysis” section) in order to obtain 
the tissue reflectance spectra. A schematic drawing of the DRS system is shown in Fig. 2.

In order to obtain the reflectance spectrum preferentially from the superficial tissue (tens of microns deep), 
we used a quadrifurcated 600-µm-core Low-OH-Silica fiber optic probe (BF46LS01 1-to-4 Fan-Out Bundle, 
Thorlabs, Munich, Germany) with 630 µm source-to-detector distance (SDD; fiber center-to-center distance rep-
resented in Fig. 2). One of the optical fibers was used for illumination, two other fibers were used for collection, 
and the remaining one was not used during the reflectance measurements. We also used a 2500 µm SDD probe 
containing one source fiber in the center and 10 collection fibers surrounding it (five for the visible-wavelength 
detection alternating with five for the near-infrared detection), as seen in Fig. 2. The configuration allows probing 
deeper tissue layers while achieving higher efficiency on the light collection.

The depth interrogated by each probe was estimated by using a spectral fitting algorithm to extract the opti-
cal properties from our DRS measurements. This algorithm was based on forward Monte Carlo simulations 
of steady-state light transport in multilayered tissues (MCML)51. In particular, we used optimized simulations 
accelerated by graphics processing unit (GPU) reported by Alerstam et al.52 by considering tissue as a semi-
infinite homogeneous medium with the optical properties (absorption coefficient μa and scattering coefficient 

Figure 1.   Mucosa and tumor measurement locations on the specimen. Measurements were distributed over a 
large area in order to obtain a robust dataset containing tissue heterogeneity information.
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μs) extracted by using a spectral fitting algorithm described in previous studies12,14,15. Fluence maps of 5 × 5 mm 
were generated with simulations using 10 million photon packets, refractive index of the outer medium (ηout) 
of 1, tissue refractive index (ηrel) of 1.4, anisotropy factor (g) of 0.9, and 50 μm of radial and depth resolution. 
Based on these fluence maps, the photon hitting density maps of 3.75 mm × 5 mm were computed by converting 
cylindric to cartesian coordinates and multiplying the fluence maps at the positions of the source and collection 
fibers. Then, the position of the maximum photon hitting density value at the mean position between the source 
and detector was taken as the average probed depth for each wavelength. Then, the minimum and maximum 
probed depth were reported in this study in order to show the independence of the datasets acquired with each 
probe and the importance of evaluating the classification performance at each tissue probed volume.

Optical data collection protocol.  Prior to and after each run of clinical data collection, we collected 
the background and reference measurements. The reference measurements were taken on a specialized holder 
able to keep a fixed distance of 2 mm and 6 mm between the small SDD or large SDD probe and the reflectance 
standard (FWS-99-01c, Avian Technologies LLC, New London, USA), respectively. The fixed distance allows the 
comparison of the reflectance data across patients. Prior to each set of tissue measurements, the probes were cov-
ered with polyvinyl chloride (PVC) film to avoid possible contamination. The same probes were used for every 
clinical measurement throughout this study. During the tissue data collection, measurements were performed 
by positioning the probe 90 degrees from the tissue surface. A total of 1363 spectra were collected for the small 
SDD probe (630 µm SDD) and 1526 for the large SDD probe (2500 µm SDD).

Data preprocessing and analysis.  The data preprocessing comprised of the background subtraction and 
subsequent division of the captured signal (tissue reflected intensity) by the reflected intensity of the reference 
(reflectance standard):

Once the reflectance spectra were obtained for both visible and near-infrared spectra, these spectra were 
merged based on the overlapping spectral region between the two spectrometers (from 1095 to 1130 nm). The 
merging was performed by first doing an interpolation of the overlapping region of the two spectrometers. The 
interpolated data were used for a weighted sum following:

The result is a smooth reflectance curve where the reflectance measured by each spectrometer has more 
contribution in the wavelength regions where they are most sensitive. In order to prepare the reflectance data 
for classification, the data was centered and scaled/normalized between − 1 and + 1. This scaling ensures the 
contribution of data at each wavelength is similar for building the classification models used in this study.

Our data analysis consisted of building tissue classification models based on support vector machines (SVMs) 
and evaluating their accuracy. The training set for the classification was 

{
xmi , yi

}n

i=1
 with n samples (e.g. num-

ber of reflectance spectra) and with m features (e.g. number of wavelengths). The SVM classifier finds the best 

Reflectance(�) =
Tissue reflected intensity − Background intensity

Reference reflected intensity − Background intensity
.

Reflectance(�) =

100
∑

i=0

(

(100− i)× reflectance of VIS spectrometer + i × reflectance of NIR spectrometer
)

100

Figure 2.   Schematic image of the DRS system. The reflected light can be collected in a wide range of 
wavelengths and thus, allow the investigation of a larger variety of chromophores in biological tissues.
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hyperplane that separates two types of samples described by the class labels yi ∈ {−1,+1} (e.g. normal mucosa 
and tumor) based on a predictor variable xmi  (e.g. reflectance values), where i = 1, 2, …, n. The hyperplane was 
calculated by:

where w ∈ Rp and w0 are parameters that define the hyperplane, Ci is the regularization parameter (or penalty 
strength) and si are the slack variables. si was used to measure the level of error accepted on the hyperplane 
margin, while C defines the penalty for misclassifications. The two parameters together determine the width of 
the accepted margin on the hyperplane (Fig. 3).

The classification is given by a sign function which determines the side of the hyperplane a given sample 
falls into:

where the K
(

xi , xj
)

 represents the Kernel function:

where ∅ is the transformed space for non-linear mapping.
The Kernel function for polynomial kernels is given by:

where p is the order of the polynomial. The Kernel function for Gaussian kernels is defined by:

Classification models based on SVMs were built by using the algorithms available in the classification learner 
app of MATLAB R2016a. All SVM classifiers used the penalty strength C (or Box constraint level in MATLAB) 
as 1. Linear, quadratic and cubic SVMs used MATLAB automatic heuristic procedure based on subsampling 
to select an appropriate Kernel scale factor. The software divides all elements of the predictor matrix (scaled 
reflectance values) by the Kernel scale factor and applies the kernel norm to compute the Gram matrix of the 
Kernel function. Fine, medium and coarse Gaussian SVMs used Kernel scale factors of 0.5, 2 and 8, respectively.

The models for the broadest wavelength range of this study (from 350 to 1919 nm) were built by several types 
of SVM algorithms using linear, quadratic, cubic, fine Gaussian, medium Gaussian and coarse Gaussian Kernel 
functions. In addition, quadratic SVMs were used to develop models on wavelength ranges covered by previous 
studies reported in the literature. The performance assessment of all generated classification models took into 
account their sensitivity, specificity, accuracy and area under the receiver operating characteristic curve (AUC). 
The performance parameters were obtained by using twofold cross-validation for 10 iterations with random 

min
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Figure 3.   Graphical explanation of SVM hyperplane and accepted margins as defined by parameters involved 
on the hyperplane equations and slack variables si . The stiff condition of hard margins represented in this 
schematic is relaxed by slack variables, which act as local quantities that add flexibility to the margin.
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sampling. In order to do this, the dataset was first separated into training and tests sets of equal size. Next, the 
model was generated using the training set. Then, the model was applied to classify and validate the test set. 
Afterwards the test and training sets were switched and the same process repeated. At the end of this process, 
the output was the mean of each classification performance parameter. Then, the process is repeated 10 times. 
Then, the mean and standard deviation of the of the output of the 10 iterations were determined and reported in 
this study. The reproducibility of these parameters was assessed by the obtained standard deviations. Although 
fivefold cross-validation is the usual type of validation, this study used twofold cross-validation in order to 
show the patterns used for tissue differentiation in our dataset can be found by using 50% of the data as training 
set instead of 80%. Twofold cross-validation also allows the model to be tested in a larger dataset compared to 
fivefold cross-validation, which means that successful classification will occur only if the model is robust enough 
to describe half of the dataset by using half for training. In this case, successful classification means stronger 
potential of generalization of the model upon increase in sample size, especially compared to validation results 
using more than 50% of the dataset for training and less than 50% for testing.

Comparison with previous studies.  The classification performance for colorectal cancer detection 
achieved in this study was compared to similar studies investigating DRS, elastic scattering, near-infrared spec-
troscopy (reflectance modality) and hyperspectral imaging39–50. This comparison involved listing the type of 
tissue evaluation (in vivo or ex vivo), number of patients, wavelength range, source-to-detector distance, types 
of tissue analyzed, number of analyzed spectra, tissue types used for classification, and diagnostic performance 
metrics (sensitivity, specificity, accuracy, and AUC). In order to consider comparable probed depths and bio-
molecules, the performance metrics of this study took into account the classification using similar SDD and 
wavelength ranges. The classifier used for all the comparisons was the quadratic SVM.

Results
Tissue classification.  In order to choose which classifier would be used for comparison of the performance 
achieved with different wavelength ranges, we first evaluated classification models using SVMs and the entire 
wavelength range of the diffuse reflectance spectra. The performance of SVMs with linear, quadratic, cubic, fine 
Gaussian, medium Gaussian and coarse Gaussian Kernel functions on the dataset were assessed for the small 
SDD probe (nnormal tissue = 728 and ntumor = 635) and the large SDD probe (nnormal tissue = 804 and ntumor = 722). The 
probed depth for the small probe ranges from 300 to 1000 μm, whereas the one for the large probe ranges from 
800 to 2000 μm (data not shown). Then, the tissue volume interrogated by each probe is different and can affect 
the classification performance parameters. Sensitivity, specificity, accuracy, and AUC are shown in Tables 2 and 
3.

Table 2 shows that the classification performance (small SDD probe) for the polynomial (linear, quadratic 
and cubic) SVMs is higher than the Gaussian SVMs. The use of the linear SVM leads to higher sensitivity values, 
whereas quadratic and cubic SVMs can be used to obtain higher performance metrics in exchange for lower 
sensitivity. The increase in all performance metrics when comparing the coarse Gaussian SVMs with the fine 

Table 2.   Comparison of the classification performance of SVM classifiers for the dataset of the small SDD 
probe (n = 1363) containing reflectance values from 350 to 1919 nm.

Type of SVM Sensitivity (%) Specificity (%) Accuracy (%) AUC​

Linear 95.2 ± 1.9 91.8 ± 1.1 93.6 ± 1.5 0.970 ± 0.007

Quadratic 93.5 ± 2.4 94.0 ± 1.7 93.8 ± 2.0 0.971 ± 0.014

Cubic 93.8 ± 0.5 93.3 ± 1.9 93.6 ± 1.2 0.968 ± 0.011

Fine Gaussian 86.4 ± 2.3 90.1 ± 1.3 88.2 ± 2.1 0.960 ± 0.007

Medium Gaussian 90.7 ± 0.3 88.0 ± 1.7 89.4 ± 1.0 0.965 ± 0.005

Coarse Gaussian 80.8 ± 3.7 79.9 ± 2.5 80.4 ± 3.1 0.878 ± 0.023

Table 3.   Comparison of the classification performance of SVM classifiers for the dataset of the large SDD 
probe (n = 1526) containing reflectance values from 350 to 1919 nm.

Type of SVM Sensitivity (%) Specificity (%) Accuracy (%) AUC​

Linear 93.1 ± 0.2 91.9 ± 0.6 92.5 ± 0.4 0.963 ± 0.004

Quadratic 96.1 ± 1.8 95.7 ± 0.6 95.9 ± 1.2 0.987 ± 0.005

Cubic 94.9 ± 0.7 95.5 ± 0.4 95.2 ± 0.5 0.983 ± 0.004

Fine Gaussian 82.4 ± 1.9 95.1 ± 1.3 88.4 ± 1.6 0.970 ± 0.005

Medium Gaussian 94.7 ± 0.8 89.6 ± 0.6 92.3 ± 0.7 0.975 ± 0.005

Coarse Gaussian 90.5 ± 1.5 85.1 ± 0.8 87.9 ± 1.2 0.935 ± 0.005
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and medium Gaussian SVMs suggests the optimum decision boundary is reasonably narrow. The narrower the 
boundary is, the higher the specificity and the lower the sensitivity achieved.

Table 3 indicates the classification performance for the large SDD probe has similar trends as that of the 
small SDD probe in terms of the comparison between polynomial and Gaussian SVMs. On the other hand, the 
decrease in the performance metrics when decreasing the Kernel scale factors (i.e. using finer Gaussian SVMs) 
is not as pronounced. In addition, the quadratic SVM model achieved the highest performance metrics. Since 
the quadratic SVM led to the highest performance for both probes, we used this SVM for comparing the per-
formance metrics with other studies.

The comparison between the best performance metrics of the small and large SDD probes indicated an average 
gain of 2.6% sensitivity, 1.7% specificity, 2.1% accuracy and 0.16 AUC for tissue classification between 350 and 
1919 nm. This suggests probing deeper tissue layers with this wavelength range may improve colorectal cancer 
detection during colonoscopy.

The performance metrics ((96.1 ± 1.8)% sensitivity, (95.7 ± 0.6)% specificity, (95.9 ± 1.2)% accuracy and 
0.987 ± 0.005 AUC) for the large SDD probe are sufficiently high to show potential comparison with other tech-
niques. Furthermore, these metrics are robust as they are based on twofold cross validation of a 1526 spectra 
dataset. The same robustness is shown for the dataset of the small SDD probe. The classification performance 
can be further improved by combining DRS with other optical techniques such as fluorescence spectroscopy 
(FS), time-resolved fluorescence spectroscopy, Raman spectroscopy, Fourier-transform infrared spectroscopy.

Usefulness of the extended wavelength range.  Based on the classification performance on the wave-
length ranges of previous studies39–50, we analyzed the potential benefit of using the extended wavelength for 
colorectal cancer (CRC) detection. In order to be consistent with the findings of previous studies, this analy-
sis consisted of the comparison of the sensitivity, specificity, accuracy and AUC using the small SDD probe 
(Table 4).

Table 4 shows the performance metrics for the wavelength ranges covering near-infrared wavelengths are 
higher than those achieved by analyzing only the visible wavelength range. Moreover, the broader and longer 
the near-infrared range evaluated, the higher the performance is achieved. The assessment of wavelengths from 
1000 to 1919 nm showed similar tissue classification performance compared to the entire wavelength range 
analyzed in this study (between 350 and 1919 nm). This fact could not be observed by solely analyzing the 
diagnostic ability of previous studies, as comparison across studies was impossible due to insufficient overlap 
among investigated wavelength ranges.

Discussion
Relevant biochemical and structural differences for CRC detection.  From a clinical perspective, 
biomolecular changes probed by optical techniques53–79 can potentially obviate the need for multiple biopsies or 
polypectomies of normal mucosa as well as identify sessile serrated polyps, which may be difficult to recognize 
during colonoscopy at times7–20. The potential of optical spectroscopy for colorectal cancer (CRC) detection in 
ex vivo specimens or in vivo during colonoscopy has been evaluated for superficial tissues (small SDD probes) 
in several wavelength ranges39–50. To the best of our knowledge, this is the first study that uses DRS information 
from deeper tissue layers (2500 µm SDD) to detect cancerous tissues in the luminal wall of ex vivo specimens 
for colonoscopy applications. Even though light penetrates deeper for certain wavelengths, if small SDD probes 
are used, the collected light is predominantly reflected from the tissue surface (Fig. 4). Figure 4 shows that the 
probed depth in the near-infrared region where the maximum probed depth is achieved for both small and large 
probes. The probed depth of the small probe typically varies between 0.5 and 1 mm (> 0.8 mm for most wave-
lengths), while that of the large probe varies mostly between 0.5 and 1.9 mm (> 1.4 mm for most wavelengths; 
data not shown).

Table 4.   Performance metrics of each wavelength range analyzed using the quadratic SVM classifier on the 
dataset of the small SDD probe.

Analyzed wavelengths Sensitivity (%) Specificity (%) Accuracy (%) AUC​

From 350 o 760 nm 84.7 ± 2.4 87.0 ± 2.3 85.8 ± 2.4 0.922 ± 0.014

From 350 to 800 nm 87.4 ± 2.1 87.3 ± 2.7 87.4 ± 2.4 0.933 ± 0.009

From 400 to 440 nm and from 540 to 580 nm 84.2 ± 2.9 86.3 ± 2.2 85.2 ± 2.6 0.917 ± 0.012

From 400 to 1000 nm 90.5 ± 1.2 92.0 ± 0.5 91.2 ± 0.9 0.963 ± 0.004

From 405 to 665 nm 85.6 ± 1.4 90.0 ± 0.7 87.7 ± 1.1 0.930 ± 0.010

From 405 to 750 nm 86.8 ± 0.5 89.0 ± 0.3 87.8 ± 0.4 0.927 ± 0.005

From 470 to 700 nm 82.3 ± 2.2 86.0 ± 0.8 84.1 ± 1.6 0.900 ± 0.008

From 415 to 425 nm, from 495 to 505 nm, from 525 to 545 nm, and wavelengths 465 nm and 625 nm 74.5 ± 0.4 83.0 ± 0.8 78.5 ± 0.6 0.863 ± 0.005

405.235 nm, 406.42 nm, 408.794 nm, 414.736 nm, 422.48 nm, 468.76 nm, 559.489 nm, 577.506 nm, 
594.342 nm, 957.948 nm, and 1000.31 nm 78.2 ± 0.7 86.0 ± 0.5 81.9 ± 0.6 0.903 ± 0.005

From 900 to 1300 nm 86.9 ± 3.5 88.0 ± 3.7 87.4 ± 3.6 0.921 ± 0.020

From 1000 to 1919 nm 92.1 ± 1.2 92.3 ± 1.4 92.2 ± 1.3 0.950 ± 0.011

From 350 to 1919 nm 93.5 ± 2.4 94.0 ± 1.7 93.8 ± 2.0 0.971 ± 0.014
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Previous studies used small SDD probes and visible/near-infrared wavelength ranges to investigate signals 
related to the biochemical composition (related to light absorption) and microstructure (associated to light scat-
tering) of the tissue surface. This biochemical composition includes concentrations of oxyhemoglobin, deoxy-
hemoglobin, met-hemoglobin, bile, bilirubin, β-carotene, water, lipid, collagen, elastin, and other biomolecules. 
The tissue microstructure can be investigated due to refractive index mismatches caused by multicellular struc-
tures (such as vessels, fibers, etc.), cells size, number of organelles (e.g. mitochondria), composition of tissue 
layers, extracellular matrix, cell and organelle membranes, collagen fibers and fibrils, and other factors. Once 
factors such as tissue microstructure, biochemical composition and probed depth are better understood, novel 
designs of DRS and hyperspectral imaging systems can be proposed to improve the diagnostic accuracy for CRC.

In terms of colonoscopy applications, primary CRC needs to be differentiated from the surrounding normal 
mucosa (the inner lining of the colon). The intraluminal optical guidance may be affected by other tissue layers 
apart from the mucosa, especially when using large SDD probes. The colorectal wall is composed of layers of 
mucosa, submucosa, muscularis propria, and serosa ordered from the intraluminal to the extraluminal side49. 
Each tissue layer differs in their microstructure and biomolecular content which changes the scattering and 
absorption properties, respectively.

In normal mucosal tissues, the light that enters the colon from the luminal side is first absorbed by mucosal 
biomolecules (e.g. blood in mucosal capillaries) and scattered by collagen fibers and fibrils, epithelial cells, 
organelles, and cytoskeleton80. The diffuse-reflected light is composed of the scattering within the mucosal layer 
(Fig. 5) and the backscattered light at the boundary between mucosa and submucosa (refractive index mismatch). 
The diffuse-transmitted light enters the submucosal layer to be mostly absorbed by water and large submucosal 
vessels while scattered by the submucosal cellular and subcellular structures. Backscattering happens once more 
on the interface between the submucosa and muscle layers, which increases the percentage of diffuse-reflected 
light. In the muscle layer, large collagen bundles can scatter light forward. A small fraction of the light that was 
not absorbed by the muscle and serosa and backscattered within the muscle layer or in the interface with serosa 
is diffuse-reflected and may reach the light detector. The detected fraction of diffuse-reflected light of all tissue 
layers gives the DRS or elastic scattering spectroscopy signal. In tumor tissues, this fraction can be changed 
upon variation of optical properties resulting from biomolecular and structural associated to carcinogenesis49.

Most of the precancerous changes on the healthy colorectal mucosa originate in the epithelial tissue80. As 
the cancer progresses, changes due to angiogenesis as well as size and density of collagen fibers can be observed. 
Angiogenesis generates alterations in blood oxygen saturation and increases the density, volume and disor-
ganization of the blood microvasculature. Cancerous tissues tend to have a high metabolism and an increase in 
blood volume in the tumor periphery, which can prevent the oxygen and nutrient supply to the center of larger 
tumors. This lack of oxygen and nutrient supply leads to necrosis and subsequent loss of central microvasculature 
in late-stage cancers49. Most of the tumors probed in this study are of advanced stages which may exhibit more 
pronounced structural and biomolecular changes. However, these changes are expected to progress over tumor 
stages and thus, the identification of parameters for optimized early-stage tumor detection requires feasibility 
studies including tumors of diverse stages such as the present study. Parameters to be optimized include the 

Figure 4.   Photon hitting density (PHD) map generated from fluence maps of forward Monte Carlo simulations 
of light propagation in mucosa (A,B) tumor (C,D) tissues at 1150 nm. The black line shows the position of 
maximum in the middle of the PHD map, which indicates the probed depth at SDD for the (A) small probe 
(630-μm SDD) and (B) large probe (2500-μm SDD).
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extended wavelength range and larger SDD explored in this study and discussed in more detail in “Wavelength 
selection and probed depth” section. In addition, DRS and optical spectroscopy are in the process of being 
introduced as a feasible tool for cancer detection in general, as already discussed in “Introduction” section. The 
use of DRS and hyperspectral imaging for CRC detection is discussed in the “Wavelength selection and probed 
depth”, “Comparison with DRS-related optical spectroscopy studies” and “Comparison with hyperspectral imag-
ing studies” sections. Limitations due to the dataset based on tumors visible by naked eye are discussed in the 
“Limitations and validity of this study” section.

In terms of changes to be probed with optical techniques for early-stage cancer detection, Backman and Roy80 
have shown that changes associated with carcinogenesis involve microvessel density in the mucosa (pericryptal 
network) and the superficial submucosa as well as structural changes on the mucosal crypts and stroma around 
200–300 µm from the tissue surface (information from pictures of histology slides shown by the authors). Other 
suggested optically detectable alterations cited by the authors included nanostructural and microstructural 
changes in the chromatin structure, collagen fiber crosslinking and cytoskeleton.

Wavelength selection and probed depth.  Previous DRS studies targeting cancer detection for colo-
noscopy guidance reported possible differentiation between luminal normal and premalignant or tumor tissue 
by using hemoglobin concentration and blood saturation information alone39,40,81–83. Similar considerations are 
made by studies evaluating hyperspectral imaging (HSI) for the same application41,49,50. Blood-related param-
eters are detected on the visible wavelength range, where the blood absorption is stronger (Fig. 6). Prior DRS and 
HSI studies focused on analysis using visible light, except by Chen et al.45–47, Ehlen et al.48 and Yuan et al.42. The 
typically targeted near-infrared wavelength region contains information about the water and lipid absorption. 
Longer wavelengths or shorter wavenumber also contain information about protein and carbohydrate content. 
The wavelength ranges used in prior studies are shown in Fig. 6.

In addition to the biochemical information of the wavelength ranges, the DRS signal contains tissue infor-
mation on depths depending on the optical properties (absorption and scattering coefficients) and source-to-
detector distance (SDD). Since the scattering coefficient is large on the visible wavelength range53, most of the 
light in this range is diffuse-reflected close to the source of light. Then, using small SDD probes allows efficient 
collection of visible emitted light and large SDD probes will collect visible light from deeper layers. However, 
the tissue scattering coefficient is relatively low in the near-infrared wavelength range, which allows the small 
SDD probes to collect the diffuse-reflected light from the deeper tissue layers, whereas large SDD probes collect 
light from even deeper layers. Therefore, the DRS probed depth is mainly determined by the SDD of the fiber 
optic probe.

Although DRS and HSI collect similar tissue information, there are major differences with respect to the 
probed depth and reflectance standardization. DRS is taken from point measurements in contact with the tissue. 
In this case, adjusting the probe SDD will control the depth to be probed. Yet, hyperspectral images are taken 
from a certain tissue area and, thus, each tissue point has a different distance from the detector85. This means 
the tissue reflectance is not standardized, as the standardization process requires every tissue point to be at a 
fixed distance from both source and detector. Since HSI works by illuminating a tissue area right below the light 
source and detecting the reflected intensity from the same area, the detected light comes primarily from the tis-
sue surface85. Similarly, to the smaller SDD probes for DRS, the wavelength range (and optical properties) will 
have a strong effect on the probed tissue depth.

Figure 5.   Tissue layers of the colon and rectum (left) and the light-tissue interaction volume interrogated 
by using the small SDD probe and the large SDD probe. The probed tissue depth increases with the SDD. 
Variations in the diffuse reflectance signal caused by carcinogenesis were evaluated based on the structural and 
biomolecular changes of the tissue layers investigated by each probe.
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Comparison with DRS‑related optical spectroscopy studies.  By using quadratic SVMs, we ana-
lyzed the performance of classification models using the wavelength range of previous studies. Since prior stud-
ies used only small SDD probes, we used the dataset of the 630-µm-SDD probe to build the classification models. 
As already shown in Fig. 6, 4 of these studies focused their analysis on features of the visible wavelength range 
and near-infrared (NIR) range until 800 nm, whereas 4 studies analyzed the wavelengths higher than 900 nm. 
In general, studies probing wavelengths lower than 800 nm exhibit lower classification performance for tissue 
differentiation compared to studies in the NIR range above 900 nm (Table 5). Yet, it is important to note that 
most of the studies including visible wavelengths were conducted in vivo and with a larger sample size compared 
to the NIR studies above 900 nm.

The classification performance metrics achieved in this study is comparable to most of the previous studies 
(Table 5), especially those probing NIR wavelengths above 900 nm and those including visible wavelengths with 
similar sample size. Non-comparable classification performance metrics are observed in studies by Mourant 
et al.39, who have investigated a substantially lower amount of spectra and patients, and Rodriguez-Diaz et al.44, 

Figure 6.   Wavelength ranges analyzed in previous DRS studies shown on the (A) mean spectra of normal 
mucosa and tumor (small SDD probe) collected in this study and (B) absorption spectra of endogenous tissue 
chromophores (biomolecules)84. (C) Absorption spectra of endogenous tissue chromophores showing the 
wavelength ranges investigated on previous hyperspectral imaging studies.
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Authors
Tissue 
evaluation Patients

Wavelength 
range 
(analysis)

Source-to-
detector 
distance 
(SDD)

Tissues 
considered 
for analysis

Number 
of spectra 
analyzed Classification

Sensitivity 
(%)

Specificity 
(%) Accuracy (%) AUC​

Mourant 
et al.39 In vivo 15

Analyzed 
range: 400–
440 nm and 
540–580 nm 
collected 
range: 
300–750 nm)

300–400 µm

21 normal 
mucosa, 
31 colitis, 
inflammatory 
bowel dis-
ease, Crohn’s 
disease, 1 
hyperplastic 
tissue, 6 
adenomas 
and 1 adeno-
carcinoma

60 (1 
spectrum per 
tissue site)

Non-cancer 
and cancer and 
tissues

100 98 – –

Nogueira 
et al.56 Ex vivo 47

400–440 nm 
and 
540–580 nm

630 µm
47 tumor and 
47 normal 
tissues

1363 (728 
normal 
mucosa and 
635 cancer 
spectra)

Normal 
mucosa and 
cancer tissue

84.2 ± 2.9 86.3 ± 2.2 85.2 ± 2.6 0.917 ± 0.012

Dhar et al.40 In vivo 45 300–800 nm 138 colonic 
sites

483 (290 
normal, 19 
hyperplastic, 
69 adenoma-
tous polyps, 
74 chronic 
colitis, and 
31 colorectal 
cancer 
spectra)

Cancerous and 
normal tissue 80 86 – –

All pathologi-
cal tissues and 
normal tissue

92 82 – –

Ge et al.43 In vivo 153 350–800 nm

16 randomly 
placed fibers 
for tissue 
excitation and 
collection

107 non-neo-
plastic tissues 
(84 normal 
mucosa, 23 
hyperplastic 
polyps) and 
53 neoplastic 
tissues (44 
adenomatous 
polyps, 9 
adenocarci-
nomas)

244 (9 
adenocarci-
nomas, 90 
adenomatous 
polyps, 33 
hyperplastic 
pol-
yps, and 
84 normal 
colon tissue 
spectra)

Neoplastic 
tissue from 
non-neoplastic 
tissue

79–91 74–91 – –

Adenomatous 
polyps from 
hyperplastic 
polyps

85–91 72–75 – –

Nogueira 
et al.56 Ex vivo 47 350–800 nm 630 µm

47 tumor and 
47 normal 
tissues

1363 (728 
normal 
mucosa and 
635 cancer 
spectra)

Normal 
mucosa and 
cancer tissue

87.4 ± 2.1 87.3 ± 2.7 87.4 ± 2.4 0.933 ± 0.009

Rodriguez-
Diaz et al.44 In vivo 83 330–760 nm 250 µm

85 neoplastic 
tissue, 80 
hyperplastic 
polyps and 
53 polypoid 
colonic 
mucosa

218 spectra 
averaged 
from 1090 
measure-
ments (5 
spectra per 
tissue)

Neoplastic and 
non-neoplastic 
tissues

91.5 92.2 91.9 -

Nogueira 
et al.56 Ex vivo 47 350–760 nm 630 µm

47 tumor and 
47 normal 
tissues

1363 (728 
normal 
mucosa and 
635 cancer 
spectra)

Normal 
mucosa and 
cancer tissue

84.7 ± 2.4 87.0 ± 2.3 85.8 ± 2.4 0.922 ± 0.014

Chen et al.45 Ex vivo 20

1000–
2500 nm 
(wavenumber 
interval from 
4000 cm-1 to 
10,000 cm-1)

Multiple (7.0 
mm2 of sam-
pling area)

78 cancer and 
108 normal 
tissues

78 tumor 
spectra and 
108 normal 
tissue spectra

Normal and 
cancer tissues 92.3 100 –

Chen et al.46 Ex vivo – 1000–
2500 nm

Multiple (7.0 
mm2 of sam-
pling area)

55 cancer and 
55 normal 
tissue slices 
(stabilized in 
4% formalde-
hyde)

110 (55 can-
cer and 55 
normal tissue 
spectra)

Normal and 
cancer tissues 100 78.6 89.1 –

Chen et al.47 Ex vivo – 1000–
2500 nm

Multiple (7.0 
mm2 of sam-
pling area)

58 paraffin 
tissue sec-
tions

58 Normal and 
cancer tissues 92.8 86.7 – –

Nogueira 
et al.56 Ex vivo 47 1000–

1919 nm 630 µm
47 tumor and 
47 normal 
tissues

1363 (728 
normal 
mucosa and 
635 cancer 
spectra)

Normal 
mucosa and 
cancer tissue

92.1 ± 1.2 92.3 ± 1.4 92.2 ± 1.3 0.95 ± 0.011

Continued
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who have used 250 µm of fiber SDD and probed different types of tissue compared to the present study. In terms 
of purely NIR studies, the group of Chen et al.45–47 showed the tissue discrimination achieved by using random 
forest, Adaboost and SVM classifiers. As expected, the closest classification performance compared to the pre-
sent study was the SVM classifier. Still, Ehlen et al.48 found 6.1% higher sensitivity, 20% lower specificity and 
5.4% lower accuracy compared to the present study, which may be originated by using 400-µm fiber SDD and 
substantially smaller sample size (number of patients and spectra).

The accuracy achieved in our study tends to be higher (i.e. due to increased sensitivity and/or specificity) 
compared to the in vivo DRS studies (Table 5). It is unclear whether higher accuracy is obtained due to differences 
in the tissue evaluation procedure (in vivo or ex vivo), number of patients, region where the study was conducted, 
types of interrogated tissue or machine learning model used in each study. At all cases, our classification model 
contains the highest number of investigated spectra and therefore, the largest representation over heterogeneity 
caused by probe contact pressure effects, probe positioning and other factors contributing to DRS signal varia-
tion during contact measurements.

Comparison with hyperspectral imaging studies.  In order to compare the performance metrics 
achieved by wavelength ranges of hyperspectral imaging (HSI) studies, we used quadratic SVM models build 
with the dataset of the 630-µm-SDD probe. The equivalent comparison comes from the information hyperspec-
tral imaging gets from the superficial tissue, which is comparable to what is obtained by using the short SDD 
probe of our study. Most of the HSI studies have exploited the reflectance on the visible wavelength region and 
thus, based their tissue identification on blood absorption and relatively high superficial tissue scattering (Fig. 6, 
Table 6). Kumashiro et al.50 extended the wavelength range up to 750 nm and Yuan et al.42 extended the range 
further up to 1000 nm. Although the study of Yuan et al. investigated the water absorption signal at longer wave-
lengths, the study was limited by ex vivo samples of 4 patients.

Studies including data on wavelengths between 400–470 nm showed higher classification performance com-
pared to the study of Claridge et al.49, who used only wavelengths longer than 470 nm. This agrees with the results 
of our study and suggests that the blood content and oxygenation in superficial tissue layers highly contributes 
to the discrimination between mucosa and tumor tissues. In addition, even though Han et al.41 investigated a 
substantially narrower wavelength range than Yuan et al.42, they achieved higher classification performance in 
their in vivo study compared to an ex vivo study. This performance suggests that blood oxygenation changes 
in vivo, especially those probed between 405 and 665 nm, contribute significantly to the tissue differentiation. 
Still, further investigation is required to understand the origin of the contrast between normal and cancerous 
tissues by using HSI.

Previous HSI studies have investigated a significantly smaller patient population compared to DRS studies. 
However, the classification performance metrics obtained in this study as well as their changes due to wavelength 
ranges were comparable when considering similar specifications with respect to the probe depth investigated 
by either imaging from a distance or using lower SDD fiber probes. Compared to the performance metrics that 
could be achieved in this study by using the wavelength range between 405 and 665 nm, Han et al.41 obtained 
significantly higher metrics on their in vivo study by using support vector machines. Conversely, the ex vivo 
tissue classification performed on a wider wavelength range (from 405 to 750 nm) by Kumashiro et al.50 led to 
much lower performance metrics compared to our study.

Current hyperspectral imaging studies are limited by the number of patients, and lack of standardization 
on imaged angles, distance from the tissue and SDDs for each pixel. Therefore, comparison with performance 
metrics achieved by point spectroscopy (which standardizes measurement parameters and has proven to be 
robust among a large number of patients) still requires further investigation to address those limitations. On 
the other hand, HSI has the potential to cause a significant decrease in measurement times by acquiring data of 
multiple points at once. In order to keep the differentiation achieved by previous spectroscopic studies, HSI has 
to be used at optimum wavelengths for application-specific tissue identification.

Table 5.   Comparison of clinical data, instrument specifications and classification performance metrics across 
optical spectroscopy studies. The dataset of this study (represented by the Nogueira et al.56 in the table) was 
evaluated in the wavelength ranges of previous studies and for comparison of classification results.

Authors
Tissue 
evaluation Patients

Wavelength 
range 
(analysis)

Source-to-
detector 
distance 
(SDD)

Tissues 
considered 
for analysis

Number 
of spectra 
analyzed Classification

Sensitivity 
(%)

Specificity 
(%) Accuracy (%) AUC​

Ehlen et al.48 Ex vivo 10

Analyzed 
range: 
900–1300 nm 
(collected 
range: 900–
1720 nm)

400 µm + fiber 
cladding

10 tumor and 
10 normal 
tissues

95 (50 tumor 
and 45 
normal tissue 
spectra)

Normal 
mucosa and 
cancer tissue 
(DRS and FS)

98 93 96 –

Normal 
mucosa and 
cancer tissue 
(only DRS)

93 68 82

Nogueira 
et al.56 Ex vivo 47 900–1300 nm 630 µm

47 tumor and 
47 normal 
tissues

1363 (728 
normal 
mucosa and 
635 cancer 
spectra)

Normal 
mucosa and 
cancer tissue

86.9 ± 3.5 88.0 ± 3.7 87.4 ± 3.6 0.921 ± 0.020
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Authors
Tissue 
evaluation Patients

Wavelength 
range 
(analysis)

Normal and 
cancerous 
tissues 
considered for 
analysis

Number 
of images 
and spectra 
analyzed Classification Sensitivity (%) Specificity (%) Accuracy (%) AUC​

Claridge et al.49 Ex vivo 8 470–700 nm

7 adenocar-
cinomas, 2 
adenomatous 
polyps, 1 
adenoma, 1 
tubulo-villous 
adenoma, 1 
neoplastic 
polyp and 1 
hyperplastic 
polyp and 
surrounding 
normal mucosa

–
Colorectal 
lesions and 
normal mucosa

85 78 – –

Nogueira 
et al.56 Ex vivo 47 470–700 nm

47 tumor and 
47 normal 
tissues

1363
Normal 
mucosa and 
cancer tissue

82.3 ± 2.2 86.0 ± 0.8 84.1 ± 1.6 0.900 ± 0.008

Kumashiro 
et al.50 Ex vivo 21 405–750 nm

40 tumor and 
95 normal 
mucosa sites

135 (40 
tumor and 95 
normal mucosa 
images)

Normal 
mucosa and 
cancer tissue

72.5 82.1 – –

All pathologi-
cal and normal 
tissues

75.0 55.8 – –

Nogueira 
et al.56 Ex vivo 47 405–750 nm

47 tumor and 
47 normal 
tissues

1363
Normal 
mucosa and 
cancer tissue

86.8 ± 0.5 89.0 ± 0.3 87.8 ± 0.4 0.927 ± 0.005

Han et al.41 In vivo 12 405–665 nm

21 colorectal 
tumors or 
adenomatous 
polyps and 
their surround-
ing normal 
mucosa

–

Normal 
mucosa and 
cancer tissue 
(all hyperspec-
tral images)

96.9 ± 2.3 91.5 ± 4.1 94.5 ± 4.9 –

In vivo 12

415–425 nm, 
495–505 nm, 
525–545 nm 
and the wave-
lengths 465 nm 
and 625 nm

21 colorectal 
tumors or 
adenomatous 
polyps and 
their surround-
ing normal 
mucosa

–

Normal 
mucosa and 
cancer tissue 
(selected wave-
length bands)

94.7 ± 4.2 89.1 ± 3.2 92.9 ± 5.4 –

Nogueira 
et al.56 Ex vivo 47 405–665 nm

47 tumor and 
47 normal 
tissues

1363
Normal 
mucosa and 
cancer tissue

85.6 ± 1.4 90.0 ± 0.7 87.7 ± 1.1 0.930 ± 0.010

Nogueira 
et al.56 Ex vivo 47

415–425 nm, 
495–505 nm, 
525–545 nm 
and the wave-
lengths 465 nm 
and 625 nm

47 tumor and 
47 normal 
tissues

1363
Normal 
mucosa and 
cancer tissue

74.5 ± 0.4 83.0 ± 0.8 78.5 ± 0.6 0.863 ± 0.005

Yuan et al.42 Ex vivo 4

Analyzed: 
405.235 nm, 
406.42 nm, 
408.794 nm, 
414.736 nm, 
422.48 nm, 
468.76 nm, 
559.489 nm, 
577.506 nm, 
594.342 nm, 
957.948 nm, 
and 
1,000.31 nm 
(collected: 
400 nm and 
1000 nm)

– –
Cancerous and 
non-cancerous 
tissues

93.8 87.5 90.6 –

Nogueira 
et al.56 Ex vivo 47 400–1000 nm

47 tumor and 
47 normal 
tissues

1363
Normal 
mucosa and 
cancer tissue

90.5 ± 1.2 92.0 ± 0.5 91.2 ± 0.9 0.963 ± 0.004

Nogueira 
et al.56 Ex vivo 47

405.235 nm, 
406.42 nm, 
408.794 nm, 
414.736 nm, 
422.48 nm, 
468.76 nm, 
559.489 nm, 
577.506 nm, 
594.342 nm, 
957.948 nm, 
and 
1,000.31 nm

47 tumor and 
47 normal 
tissues

1363
Normal 
mucosa and 
cancer tissue

78.2 ± 0.7 86.0 ± 0.5 81.9 ± 0.6 0.903 ± 0.005
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Limitations and validity of this study.  Our paper has a number of limitations. First, this study does not 
include non-cancer pathology, which will be investigated in future research to incorporate data for improved 
tissue identification and possibly accurate sampling of areas to be biopsied. The measurements of this study have 
been performed in tumors of diverse stages with predominance of advanced stage tumors (Table 1). The tumor 
sites to be measured were identified by a combination of palpation and naked eye determination by experi-
enced surgeons who demarcated the tumor region. However, this determination does not decrease the validity 
of our dataset and robust classification model, which is based on a larger dataset compared to previous studies 
(Tables 5, 6) and comprises variations on DRS spectra due to parameters discussed in this section. With this in 
mind, tissue alterations occurring in early-stage cancer (e.g. changes on the tissue microstructure due to cell 
proliferation) are expected to be the same as advanced cancer but with lower magnitude. Our feasibility study 
shows that these alterations are detectable and improved detection is achieved by larger SDD probes as well as 
extended wavelength ranges into the near-infrared.

Since the tissue blood oxygenation may change in ex vivo tissues during our measurements, we evaluated its 
changes over time in a pilot observation of the DRS signal in 3 patients and found no significant variations during 
the first 15 min of our data collection (measurements taken every 5 min and data not shown). Even though tissue 
oxygenation may be different between our research and prior in vivo studies due to collection of DRS measure-
ments of ex vivo tissues, the trend observed in our data matches with that found in previous studies in general. 
Variations due to tissue blood oxygenation are expected to be similar to what was obtained by Baltussen et al.9, 
who reported that blood content and StO2 increased in the measured ex vivo within 1 h after resection in relation 
to in vivo tissues. Other factors changing ex vivo spectra include tissue dehydration, which was reduced as much 
as possible in this study by maintaining the tissue moisture with a wet wipe. However, it is important to remember 
that Baltussen et al.9 used a 1290-μm SDD probe and investigated fat, tumor, and healthy colorectal wall tissues.

In terms of variations observed in every technique requiring contact measurements, probe contact pressure 
and sufficient optical contact may be challenging to accomplish during in vivo endoscopy. If we consider that 
the large SDD probe collects data from a larger tissue volume and pressure is applied more uniformly during 
measurements, a reduced sensitivity to optical contact and probe positioning is expected. In this case, higher 
repeatability of measurements with the large SDD may be associated with the higher classification performance 
with the large SDD probe. Yet, the larger probed volume means the probe contact pressure may lead to variations 
due to the thickness of tissue layers. The variations commented above were previously reported62 and need to be 
further investigated in order to apply automated corrections to DRS spectra. Still, the measurements performed 
in this study incorporate variations due to probe contact pressure and temperature decrease in ex vivo tissues 
and a dataset substantially larger (1363 spectra for the small SDD probe and 1526 for the large SDD probe) than 
prior studies was generated in order to build a robust classification model.

Finally, other types of classification methods (e.g. deep neural networks) can be used to build classification 
models that can easily be run in the real-time. In fact, we tested other types of classification methods which 
resulted in sensitivities and specificities higher than 85% (data not shown). High performance metrics independ-
ent on the classification method used means our data clearly shows the discrimination between mucosa and 
cancer tissues. Therefore, we believe that future in vivo studies advancing research presented here should consider 
using larger SDD probes and extended wavelength ranges in the near-infrared for differentiation between mucosa 
and cancer tissues. As a factor for clinical translation, the incorporation of 2.5-mm-SDD probes is feasible, as 
the size of colonoscope channels range from 2.8 to 4.2 mm86,87.

Conclusions
In this study, we evaluated the usefulness of the extended wavelength range for improving CRC detection using 
DRS and compared results achieved in this study with previous research. By using probing the superficial tissue, 
we obtained (93.5 ± 2.4)% sensitivity, (94.0 ± 1.7)% specificity and 0.971 ± 0.014 AUROC, whereas (96.1 ± 1.8)% 
sensitivity, (95.7 ± 0.6)% specificity and 0.987 ± 0.005 AUROC was achieved by sampling deeper tissue layers. To 
the best of our knowledge, this is the first DRS study to investigate the potential of probing deeper tissue layers 
using larger SDD probes for CRC detection in the luminal wall. Our study was conducted in ex vivo tissues, 
while it is straight forward to extend this methodology to an in vivo examination during endoscopy. Future 
studies employing diffuse reflectance spectroscopy, elastic scattering spectroscopy, near-infrared spectroscopy, 
hyperspectral imaging and spatial frequency domain imaging can exploit enhanced tumor detection due to the 
use of large SDD probes and the broadband wavelength range illustrated in this study. In a practical perspec-
tive, this study could potentially be used to develop a probe for CRC detection during colonoscopy. Real-time 
tissue classification is enabled by automated SVM model coupled with a DRS instrument capable of displaying 
the result of a single reading in about 2–3 s. By integrating this capability into a flexible fiberoptic probe which 
could be passed down a scope working channel, optical spectroscopy can obviate the need for multiple biopsies 
or polypectomies of normal mucosa as well as identify more subtle mucosal abnormalities such as sessile serrated 
polyps for example, which may be difficult to recognize during colonoscopy.

Table 6.   Comparison of clinical data, instrument specifications and classification performance metrics across 
hyperspectral imaging studies and this study. The dataset of this study (represented by the Nogueira et al.56 
in the table) was evaluated in the wavelength ranges of previous studies and for comparison of classification 
results.
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