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Abstract

Objective: In the present study, we utilized a fluorescence-based portable device for the detection of oral lesions,
as well as Al tools for the classification of the spectroscopic data. The portable device comprises optical components
(lens, filters, and beam splitter), a laser, a spectrometer, and other accessories (laptop, fibers, etc.). Laser light
(A= 405 nm), irradiated onto the lateral border of the tongue (LBT) of the oral cavity tissue, excites the fluorophores
FAD (A, , = 500 nm) and Porphyrin (A .= 634 nm) more significantly than the others.Methods: Fluorescence spectra
were recorded from three groups, i.e., OSCC, Dysplastic, and Normal, in the range of 450 to 750 nm. Among these
groups, OSCC and Dysplastic patients exhibited a significant rise in porphyrin fluorescence.Result: Data analysis was
accomplished using Al tools, namely Principal Component Analysis (PCA), K-Nearest Neighbors (KNN), Naive Bayes,
Linear and Quadratic Discriminant Analysis (LDA & QDA), and ROC analysis. Among these Al tools, the PCA-based
QDA classifier was capable of discerning among the groups with slightly higher accuracy values (= 98%) than the
other Al tools. Conclusion: Results reveal that the in-house-built fluorescence device, along with QDA, would be an
elegant tool for the identification of oral lesions at the preliminary stage.
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Introduction

To detect oral lesions, quite a few conventional
methods are utilized by the clinicians. Among them, visual
inspection is first step towards it. Apart from it, techniques
like brush biopsy, Vizilite, toluidine blue, tissue biopsy
etc. were utilized by the clinicians. In these methods, tissue
biopsy with the histopathology is the gold standard for
the confirmation of various stages (benign, precancerous,
OSCC) of oral lesions. Although, histopathology is the
utmost reliable method but its invasive and lengthy
attributes make it ineffective. Other limitation associated
with this method is its inability to find the appropriate
area for biopsy. Because of these limitations, patients
have to undergo quite a few biopsies which affects their
treatment process and thus theirs overall health. Research
findings manifest that a five-year survival rate (= 45%)
after all the medication has not upgraded over the past few
decades. The major causes of the poor survivability are
delay in diagnosis and lack of early symptoms [1-5]. As a

consequence, there is need of portable devices which to be
sensitive, rapid in detection, cheaper, and easily operated.
Along with it, Al tools coupled with fluorescence device
are also required for real time motoring.

To achieve the non-invasive detection, optical devices
namely fluorescence, Raman, OCT, life-time, diffuse
reflectance etc. are utilized by the researchers [6-13]. In
the optical systems/devices, steady-state fluorescence-
based spectroscopic devices are reasonably deployed
for in-vivo detection of oral cavity lesions [14-26].
Principle of fluorescence devices are based on light tissue
interaction. A biological tissue contains endogenous
fluorophores named as Tryptophan, Collagen, NADH,
FAD, porphyrin etc. These fluorophores yield fluorescence
light when irradiated by a particular wavelength () of
light. The excitation wavelength of Tryptophan, Collagen,
NADH, FAD, and Porphyrin molecules are nearby 280,
325, 340, 450 and 400 nm and their emission bands lie
near the visible region i.e. at 340, 390, 440, 530 and 635
nm respectively [16, 17]. It is accepted that fluorophore
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concentration alters with the development of lesions
(benign — precancerous — OSCC) and these variations
could be observed in the fluorescence spectra. Data
analysis is also an important section for such clinical
studies to predict/identify the various stages of cancer. For
it, researches have used various statistical methods/tools.
Some of the widely used tools for oral cancer identification
are PCA, LDA, ANN, ROC, KNN, and SVM respectively
[17-23].

In this paragraph, the key findings of the oral cancer
research using the spectroscopic devices are briefly
described. In this regard, Gillenwater et al. evaluated
the potential of fluorescence spectroscopy on 15 patients
(premalignant and malignant) and 8 healthy volunteers and
attained a sensitivity of 88.2% and a specificity of 100%
by the use of diagnostic algorithm [15]. Inaguma M and
Hashimoto K examined 78 oral carcinomas patients using
the fluorescence system and obtained the porphyrin-like
fluorescence in 66 patients (85%) whereas the normal
region did not exhibit. [16]. Van Staveren HJ et al. [17]
group in an in-vivo study by the fluorescence spectroscopy
system on 21 oral leukoplakia patients and 2 normal
oral mucosa (six locations) concluded that leukoplakia
could be distinguished to normal with sensitivity 86%
and specificity of 100% by ANN. Diana C.G. de Veld
et al. group executed a comprehensive study for in-vivo
detection of oral lesions. In their first work, they conducted
measurements on oral tissues of healthy volunteers
(control group) only and reported the differences in the
fluorescence intensities values among the sites of oral
cavity [18]. In other work, they performed measurements
on three groups i.e., benign, dysplastic (premalignant),
malignant lesions at Aexc = 350-450 nm and recorded
the fluorescence spectra. They demarcated the malignant
lesions from control (healthy) with ROC-AUC score of
0.97 [19]. Majumder et al. group also contributed with
the development of a laser inducted fluorescence-based
system (A =337 nm) and reported that nonlinear MRDF
exhibited greater performance (sensitivity = 95%) than
the linear PCA based algorithm (sensitivity = 80%) in
distinguishing cancerous tissue from the normal [20]. By
the make use of spectroscopic systems for the monitoring
of oral lesions, Jayanthi et al. group attain AUC-ROC
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score of 0.98 for auto-fluorescence (AF) and 0.99 for
diffuse reflectance (DR) respectively [21]. A fluorescence-
based handheld device utilized by the Lane et al. group
for the visualization of oral cavity lesions, segregated
the lesions with the sensitivity of 98% and specificity of
100% [22]. Flugge et al. group detected OSCC lesions on
clinical photograph and achieved accuracy of 0.98 by the
deep learning approach [23]. Our group also conducted
a clinical study for the detection of oral cancer using a
fluorescence based portable device. Statistical methods
such as PCA, SVM, ROC, and Mahalanobis distance
models employed for classification had manifested
excellent results [24 -26]. Nayyar et al. group did the
screening of OSCC and OPMDs cases by fluorescence
spectroscopy and imaging portable setup and noticed the
red shift in cancerous tissue than normal [27]. Ramani
S et al. group utilized confocal microscopy for in vivo
assessment of oral lesions. They reported AUC values
from 0.90 to 0.96 for distinguishing oral epithelial
dysplasia, OSCC, lichenoid lesions and no dysplasia [28].

Here, we have presented a clinical study for in-vivo
diagnosis of oral cavity lesions by a portable fluorescence
probe as well as classification of all three groups by
the Al tools. In-house build device, utilized for oral
cancer detection displayed FAD band at Aemi =~ 500
nm and porphyrin bands at Aemi = 634, 676, 689, 703
nm in patients and volunteers. Intensity of porphyrin
fluorescence is found larger in OSCC and dysplastic
patients. To discriminate among the three groups, Al tools
namely PCA, Naive Bayes, KNN, LDA, and QDA were
implemented in which PCA based QDA tool had shown
slightly better classification than the other tools.

Materials and Methods

Measurement technique

For in-vivo examination of oral cancer patients, we had
made use of portable device based on the fluorescence.
The working of the device is illustrated by a schematic
ray diagram as pictured in Figure 1(a). It can be seen that
the light coming from laser source (Model: ADR-1805,
Pegasus Shanghai Optical System) incidents on the beam
splitter (BS) through a collimating lens (UV-Visible) and

Figure 1. (a) Ray diagram (b) Image of the device with all accessories required to execute measurements
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breaks into two components. One of the components,
goes in the same direction and another at right angle i.e.,
toward the sample via a focusing lens. It can be seen in the
Figure 1b that a cap made of Teflon material is placed at
lower side of probe. It is positioned in such a fashion that
focused light could touch the end of tip and to be at center
so that maximal fluorescence light could be attained.
Fluorescence signal generated by the fluorophores are
recorded by the spectrometer. A long pass filter (LPF)
kept in the rear side of the spectrometer eliminates the
specular reflection.

After the calibration of the device in lab, we installed
it in the Hallet Hospital Kanpur, UP, India to evaluate
its clinical potential. A photograph of the device with
all the requisite such as laser, laptop etc. is illustrated
in Figure 1(b). While acquiring the spectrum from each
patient and volunteers, laser light (Aexc =405 nm) of an
optimal power (= 122 pW) was illuminated on the LBT
site of oral cavity lesions and fluorescence signal were
recorded by a highly sensitive UV-Visible spectrometer.
At the time of measurement, light of the room was turned
off. A 450 LPF (Model: FEL0450, Thorlabs, NJ, USA)
was used to remove the specular reflection. An integration
time of 3s was opted which was sufficient to achieve the
fluorescence light from all the oral cavity tissue sites.
Spectra-suit software was used to visualize the spectra
and the interfacing between the spectrometer and laptop
was done using a USB cable. After the completion of the
measurements from a patient, cap was disposed.

Data collection

Fluorescence data was acquired from 55 LBT sites
of 20 OSCC patients, 49 LBT sites of 18 dysplastic
patients, and of 60 LBT sites of 36 clinically healthy
volunteers (control) by the device. The mean age with
the standard deviation was 47 + 12 for OSCC, 39 + 8 for
dysplastic, and 36 + 7 normal respectively. During the
in-vivo measurements on patients, we had taken care the
few points which are as follows. (i) A brief idea about the
device and its advantages over the biopsy was expounded.
(i1) Patients were instructed in advance not to consume
stuff like food on the day of clinical examination. (iii)
Advised to clean their oral cavity (iv) A consent form
was taken to all the patients and volunteers. (vi) Their
history like age, family background, life style, and
frequency of consuming un-healthy products were noted
in a questionnaire form. Afterwards patients were referred
for biopsy.

Analysis methods (PCA, Naive Bayes, KNN, LDA, and
ODA)

To analyze the spectroscopic data, we operated
basic Al tools (supervised and unsupervised) such as
principal component analysis (PCA), Naive Bayes
classifier, K-nearest neighbors (KNN) algorithm, linear
and Quadratic discriminant analysis (LDA & QDA)
respectively [29-34]. The objective of implementing PCA
on the data set i.e., on spectral data was to lowering the
dimension without losing the necessary information. It
could be obtained by computing the eigen vectors also
named as principal components. In it, the first five eigen

values captures the total variance of > 96%. PC scores
corresponding to these five eigen values were computed
and loaded in all the tools. A brief description about the
Al tools is described here. Naive Bayes are utilized to
classify among the groups and this algorithm is built on
the foundation of Bayes’ theorem. By operating Bayes’
theorem, Naive Bayes finds the probability of a given data
point corresponds to a specific group/class and it is based
on the feature values present in the data. KNN algorithm
differentiate the groups by identifying the K nearest
neighbors to a given data point and then by computing
the distance (a simple distance calculation between the
points known as Euclidean distance). The labelling of
the classes is governed by the average of K neighbors.
In LDA classification, it is assumed that the data for
each class have Gaussian (normal) distribution and the
identical correlation matrix (common correlation matrix).
LDA finds the best linear decision boundary. However,
in QDA, it is assumed that data is normally distributed
but the correlation matrix for each class is not equal. The
applicability of QDA is best when the classes have distinct
variance or the decision boundary is not linear.

Results

Averaged spectra of all the three groups at Aexc = 405
nm are shown in the Figure 3(a). Florescence Spectra
are recoded from the lateral boarder of tongue (LBT) of
the oral cavity in the spectral range of 450 to 750 nm.
Averaged spectra consist of 55 tissue sites of 20 OSCC
patient, 49 tissue sites of 18 dysplastic patient, and 60
tissue sites of 36 control group. In the spectra, presence
of FAD and porphyrin bands at 500 nm and at 634, 676,
689, and 703 nm can be seen. Peak intensity values of
porphyrin bands (634 nm) with the SD values for OSCC,
dysplastic, and normal groups are 5450 + 4510, 1650 +
1300 and 447 + 187 respectively. These peak intensity
values with SD signify that there is significant difference
in the fluorescence intensity values among the three groups
as well as there is large variation in intensity values within
the groups of OSCC and dysplastic groups. It can be seen
that the difference in the peak values is significant. It can
also be seen in the Figure 2(a) that intensity of porphyrin
band in OSCC patients is slightly prominent than that of
FAD band. In the dysplastic patients, it is lesser than the
porphyrin band intensity. However, in healthy volunteers,
intensity of porphyrin band is insignificant. A typical
spectrum depicted in Figure 2(b), show that FAD band
is prevailing in OSCC patient than the porphyrin band.
However, in dysplastic patient, porphyrin band intensity
is slightly greater than the FAD band intensity. It indicates
that, it is not always true that intensity values of porphyrin
will dominate over the FAD bands in all the cases and vice
versa. This information describes that selection of entire
spectral range is a good choice for the data analysis instead
of choosing a specific biomarker.

Discussion

The increment in the fluorescence intensities of
porphyrin bands with the advancement of oral mucosal
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Figure 3. Naive Bayes Boundaries Plots for (a) Normal to OSCC (b) Normal to Dysplasia (c) Dysplasia to OSCC

lesions indicates that concentration of porphyrin has risen,
which was noticed in the recorded spectra. But the spectral
pattern of both the OSCC and dysplastic patients have also
shown that the higher intensities of porphyrin over the
FAD bands was not found true for all the cases. Hence,
analyzing the data by electing an individual biomarker
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would not be an appropriate procedure. However,
investigating entire spectral data might be a better option.
To distinguish the stages of oral lesions, the highest values
of porphyrin and FAD bands from each group were
picked and their ratios were estimated. ROC operated
on the ratios (IPorphyrin/IFAD) were able to distinct
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Figure 4. KNN Boundaries Plots for among the Three Groups
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Figure 5. LDA Boundaries Plots for among the Three Groups
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Figure 6. QDA Boundaries Plots for among the Three Groups

Table 1. Confusion Matrices for (I) Naive Bayes (II) KNN (III) LDA (IV) QDA Data Sets

) Naive Bayes Confusion Matrix
Normal Vs. OSCC Normal Vs. Dysplasia Dysplasia Vs. OSCC
Training set Testing set Training set Testing set Training set Testing set
41 1 17 1 42 1 17 0 33 1 14 1
2 36 3 14 9 24 3 13 3 35 3 14
D KNN Confusion Matrix
42 0 18 0 43 0 17 0 34 0 15 0
2 36 2 15 0 33 5 11 0 38 0 17
(1) LDA Confusion Matrix
42 0 18 0 43 0 17 0 34 0 15 0
2 36 3 14 1 32 4 12 3 35 2 15
QDA Confusion Matrix
av) 42 0 17 1 33 1 15 0 43 0 17 0
0 38 0 17 1 37 0 17 0 33 0 16

OSCC and Dysplasia from Normal with sensitivities and
specificities of 98%, 83% and 100%, 98% respectively.
However, OSCC from Dysplasia with sensitivity of 77%
and specificity of 81%. Result shows that diagnostic
parameters for the segregation of dysplastic to normal
and OSCC to dysplastic groups are not good enough. It
is therefore analyzing the data by the ratios of these two
biomarkers is not a right choice. To enhance the diagnostic
efficacy, we selected the entire fluorescence spectra. The
recorded fluorescence data keeps the dimension of 700.
The feature extraction was carried out by employing the
PCA on the raw data. Eigen vectors correspond to first SPC
scores consist the variance of greater than 96%. However,
first two PCs (PC1 & PC2) comprise of total 91% variance.
It signifies that the useful information’s are within the first
few PCs. While applying the Al tools like Naive Bayes,
LDA, KNN, and QDA on the PC scores; segregation of
PC scores into the two sets namely training and testing
(validation) data sets were done. We took approximately
70% training data and 30% testing data and implemented
various Al tools on these data. Scatter data plots obtained
for these tools on first two PC scores are depicted in
Figure 3, Figure 4, Figure 5 and Figure 6 respectively.
In the above scatter plots, one can notice the overlaps
of the data points among the three groups. It reveals that
investigating the data by including only first 2PC scores
(PC1 & PC2) could not a correct approach. We therefore
selected first 5 PC scores and employed all these Al tools

one after the other. The confusion matrix for data sets
(training & testing) of all the three classes acquired from
Naive Bayes, KNN, LDA, and QDA tools are tabulated in
Table 1. In the Normal vs. OSCC group of Naive Bayes
training data, true negative (TN), false positive (FP),
false negative (FN) and true positive (TP) are 41, 1, 2,
36 respectively. However, for testing data, the values
of TN, FP, FN and TP are 17, 1, 3, and 14 respectively.
Similarly for the other groups of Al tools, one can identify
these values. By make use of these values, diagnostic
parameters such as Sensitivity, Specificity, and overall
accuracy between the groups can be estimated.

In test data (validation) of Normal vs. OSCC, we
obtained sensitivities of 82.35%, 88.23%, 82.35%, 100%
and overall accuracy values of 88.57%, 94.28%, 91.42%,
97.14% respectively by the Naive Bayes, KNN, LDA
and QDA respectively. In the testing data of Normal vs.
Dysplasia, we obtained sensitivities of 81.25%, 68.75%,
75%, 100% with the overall accuracies of 90.90%,
84.84%, 87.87%, 100% respectively for the respective
classifiers. However, in the testing data of Dysplasia vs.
OSCC, sensitivities 82.35%, 100%, 88.23%, 100% and
accuracies of 87.50%, 100%, 93.75% and 100% were
achieved. Results demonstrate that QDA was able to
discern with higher values of sensitivity.

A clinical study for oral lesions detection using the
fluorescence device and the identification of various stages
of lesions was executed. Among the fluorescence bands,
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very weak porphyrin bands (634 nm only) were seen
rarely in the spectra of control group. It was noticed that
the intensity of 634 nm porphyrin band in several OSCC
patients (= 85) was larger or equivalent to FAD band.
On the other hand, it was more or less 30% in dysplastic
patients. Classification accomplished by simple Al tools
like Naive Bayes, KNN, LDA, and QDA on the PC scores
had shown fairly better accuracy for QDA. The overall
accuracy values obtained by PCA based QDA tool was
97%, 100%, 100% respectively. The obtained results
reveals that fluorescence-based device in conjunction
with the PCA-based QDA tools could be an alternate to
identification the stages of oral cavity lesions.
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