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ARTICLE INFO ABSTRACT

Photo-stability of urine is of crucial importance for the applicability of fluorescence spectroscopy of urine
samples for diagnosis of cancer. We report the results of a detailed study on fluorescence photo-bleaching of
human urine samples. We also present the results of a preliminary investigation on evaluation of the applic-
ability of photo-bleaching characteristics of urine for discriminating patients with oral cancer from healthy
volunteers. The time-lapse fluorescence induced by continuous shining of 405 nm radiation from a diode laser
was recorded from the urine samples obtained from 18 patients with oral cancer as well as from 22 healthy
volunteers with history of no known major illness in the past two months. The integrated fluorescence intensity
(ZI), calculated for each spectrum, was found to decrease with time till a point after which no further decrease
was observed. Further, while significant differences were observed in the spectra of cancerous patients and
healthy volunteers, these differences were found to be varying with time till the intensities of the observed
fluorescence spectra corresponding to the two categories of urine samples became stable. The curve, generated
by plotting ZI vs. time, was found to be best fitted (R> > 0.95) with a double-exponential decay function. The
photo-bleaching constants, obtained from curve-fitting, were found to have statistically significant differences
corresponding to the urine samples of cancerous patients and healthy volunteers. A classification algorithm
developed based on nearest-mean classifier (NMC) and applied on the photo-bleaching constants in leave-one-
subject-out cross-validation mode was found to provide a sensitivity and specificity of up to ~ 86% in dis-
criminating the two categories of urine samples.
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1. Introduction

Urine is a natural body fluid containing rich information about the
state of health of an individual. Many abnormalities in the body’s me-
tabolism get reflected both quantitatively and qualitatively in the urine
constituents. Conventionally, mass spectrometry and gas chromato-
graphy are the two widely used techniques for urinalysis [1-3]. Recent
reports have shown that these techniques also have the capability to
detect cancer by quantitatively analyzing multiple diagnostic bio-
markers (present in urine) with high sensitivity [4,5]. However, a
limitation of these techniques is that these require a series of specialized
sample preparation steps which are both time and chemical consuming
[3]. Further, these techniques employ sophisticated and expensive in-
struments for urinalysis which render them unfit for the task of

screening for cancer in the population at large. Thus, development of an
alternate technique which is simple, reliable, inexpensive and easily
accessible for mass screening is an urgent current need.

The vast body of literature on the applications of optical spectro-
scopy provides enough evidence to suggest that the technique has
considerable prospect to be developed as a potential tool for detection
of cancer based on urinalysis [6,7]. Recent research has demonstrated
the potential of fluorescence spectroscopy of urine for diagnosis of
various cancers including oral cancer [8-11]. Steady state fluorescence
spectra were recorded from the urine samples of healthy volunteers and
patients with cancer. The differences in spectral intensity distribution as
well as intensities across the spectral bands of various fluorophores
(believed to be present in urine) were then used for discriminating the
urine samples of healthy and cancerous individuals. However, in all
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these studies, one common concern is that the phenomenon of photo-
bleaching of urine has not been taken into account while recording its
fluorescence. This is important because the onset of fluorescence photo-
bleaching of urine is almost immediate (i.e. it starts as soon as one puts
on the excitation light) and by the time the fluorescence measurement
from a urine sample is complete, the sample is expected to have un-
dergone considerable photo-bleaching. Now, since the temporal char-
acteristics of photo-bleaching are not expected to be the same for all the
fluorescent biomolecules comprising urine, the emission spectra mea-
sured from the same urine sample with varying integration times or at
different points in time under continuous illumination could have line-
shapes very different from each other. Consequently, the observed
differences in the spectra of the urine samples of cancer patients and
healthy individuals would completely depend on the length of time (or
time delay between the start of the spectral measurement and switching
of the fluorescence excitation light) one sets for recording fluorescence
from each of these samples and might not remain the same even for the
same set of urine samples of cancer patients and healthy individuals. As
a result, the outcome of a particular discrimination model with the
measured (inter-category) spectral differences [10,12-14] as its input
might not be unique for a given set of urine samples belonging to cancer
patients and healthy individuals. A detailed study on fluorescence
photo-bleaching of human urine samples, not carried out thus far to the
best of our knowledge, is therefore necessary. We report here the results
of a comprehensive study on fluorescence photo-bleaching of human
urine samples. We also present the results of a preliminary investigation
on evaluation of the applicability of photo-bleaching characteristics of
urine for discriminating patients with oral cancer from healthy volun-
teers.

2. Materials and methods

First morning urine samples were collected from 22 healthy vo-
lunteers who did not have any history of known major illness in the past
two months, and 18 patients having cancer of oral cavity and admitted
at Government cancer hospital, Indore. The volunteers were advised to
maintain proper water intake in order to avoid excretion of con-
centrated urine. The collected urine samples were stored at 4 °C until
spectroscopic measurements were performed. For acquiring spectra, the
urine sample was kept in a quartz cuvette with a maximum capacity of
700 pl.

An experimental set up, developed in house, was employed for re-
cording fluorescence spectra from the urine samples. Fig. 1 shows the
experimental set up for fluorescence spectral measurement. It uses a
405 nm diode laser (of ~ 1.5mW optical power) for sample illumina-
tion and a spectrometer for detecting the fluorescence backscattered
from the sample kept in a quartz cuvette. The excitation light is focused
onto the sample with a 10 X microscope objective lens. For generating a
set of time-lapse fluorescence measurements from a given urine sample,
spectra were acquired sequentially for 600 s at a time interval of 1 s and
with an integration time of 10 ms. All the over head lamps were swit-
ched off while acquiring spectra to avoid optical noises from the sur-
roundings. The measured spectra were corrected for system spectral
response by using a NIST traceable calibration lamp (LS-1, Ocean Op-
tics). A spectrum of white lamp was recorded and used to generate
calibration factor. Each spectrum was multiplied with this calibration
factor to generate the corrected spectra which were used for further
analysis.

In order to identify the region of statistically spectral differences
between the fluorescence spectra of urine samples from healthy vo-
lunteers and patients with oral cancer, standard error (SE) confidence
intervals were utilized [15,16]. The SE was calculated at each wave-
length as:
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Here, o is the variance of the intensities at each wavelength and n is
the number of samples of a given category. The SE was then multiplied
by appropriate t-values based on total degrees of freedom
(DOF = Nyorma + Ncancer — 2) and a predefined confidence level
(p < 0.05) to produce a confidence interval. This helps to qualitatively
identify the wavelength regions having statistically significant spectral
differences. These are the wavelengths at which intensity differences
between two samples types are larger than the confidence interval
[15,16].

3. Results and discussions

Fig. 2a shows the typical fluorescence emission spectrum of a urine
sample of a healthy volunteer measured with 405 nm excitation. The
observed wavelength bands are seen to be consistent with the char-
acteristic fluorescence emission bands reported in literature [8,9]. For
example, the spectrum is characterized by a major wavelength band
centered on 515nm and a shoulder around 475nm, and two minor
wavelength bands peaking around 620 nm and 680 nm, respectively.
The fluorophores responsible for the 515nm band and the 475nm
shoulder are believed to be the co-enzymes FAD and NADH/ NADPH
respectively, and that for the ~ 620nm and ~ 680 nm bands is the
porphyrin.

Fig. 2b shows the fluorescence emission spectra of the urine samples
of cancer patients and healthy individuals. Each spectrum is the average
of the fluorescence spectra corresponding to urine samples of the oral
cancer patients and healthy volunteers and the error bars (at the peak
positions) represent + 1 standard deviation. The relative standard de-
viation (RSD) for the major emission band was observed to be in the
range of 19-68% over the respective number of urine samples in-
vestigated. The spectra are similar to those reported in the fluorescence
spectroscopic studies of urine by others [8,9,17,18]. It is apparent from
the figure that the fluorescence intensities are much higher for urine
samples of patients with oral cancer as compared to that for healthy
volunteers. The difference spectrum obtained by subtracting the mean
spectrum of urine samples of healthy volunteers from cancer patients is
plotted in Fig. 2c¢ along with 95% confidence interval at each wave-
length and shown in grey band. The differences outside the grey band
represent the region of statistically significant spectral differences.
From the figure, it is evident that the peak around 515nm corre-
sponding to FAD is statistically pronounced (p < 0.05) in the urine
spectra of cancerous patients as compared to the healthy volunteers
implying a considerably larger FAD concentration in the urine of cancer
patients. It is important to mention here that this is consistent with the
findings reported in literature [8].

Fig. 3a and b show the emission spectra measured from the urine
samples of a healthy volunteer and a patient at eight different points in
time (t1 = 0s,t2 = 505, t3 = 100s, t4 = 2005, t5 = 300s, t6 = 4005,
t7 = 500s and t8 = 600s) under continuous illumination (from the
405 nm diode laser). While significant differences are observed in the
spectra of cancerous patients and healthy volunteers, these differences
are found to be varying with time till the intensities of the observed
fluorescence spectra corresponding to the two categories of urine
samples become stable. Fig. 3¢ shows the difference spectra derived
from the set of spectra measured at different points in time from the
urine samples of the same oral cancer patient and healthy volunteer.
From the figure it is apparent that the inter-category spectral differ-
ences are varying significantly till t = 200 s beyond which it is found to
remain almost constant.

In order to see whether this observed variation in the inter-category
spectral differences has any effect on the efficacy in separating the urine
samples of cancerous patients from those of healthy volunteers, spec-
trally integrated intensities (XI) were estimated from the full set of
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Fig. 1. Experimental set-up for measurements of fluorescence spectra of urine samples. The abbreviations and their corresponding expansions are as follow: LC —
Laser collimator, LCF — Laser clean-up filter, DM — Dichroic mirror, M — Mirror, OL1 — Objective lens 1, OL2 — Objective lens 2.
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Fig. 2. (a) Fluorescence spectrum of the urine sample of a healthy volunteer. The healthy volunteer was chosen randomly out of 22 healthy volunteers. (b) Mean
fluorescence spectra of urine samples corresponding to patients with oral cancer and healthy volunteers. Each spectrum is the average of the spectra over urine
samples of 22 healthy volunteers and 18 oral cancer patients. (¢) Mean difference spectra showing statistical differences between fluorescence spectra of cancer
patients and healthy volunteers. Grey bands indicate 95% confidence intervals of the difference determined by standard error confidence intervals. The spectrum
from each of the patients and healthy volunteers was measured immediately following putting on of the illumination laser.

fluorescence spectra of urine samples of patients and healthy subjects
acquired at different time-points of measurements, and used as input to
a classification algorithm developed based on nearest mean classifier
(NMC) [19,20]. A nearest mean-classifier is based on the least
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Euclidean distance of the test data from the means of the prototype data
of the corresponding classes in the training set [19-21]. The algorithm
was applied on the XI values in leave-one-subject-out-cross validation
mode. In this method, training of the algorithm is performed using data
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Fig. 3. Fluorescence spectra measured from the urine samples of (a) a healthy volunteer, (b) a patient at eight different points in time following putting on of the
illumination light. (¢) The difference spectra between the urine samples of the same patient and the healthy volunteer corresponding to those time points.
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Table 1

The classification results yielded by the nearest mean classifier based classifi-
cation algorithm in discriminating urine samples of the oral cancer patients
(n = 18) from that of the healthy volunteers (n = 22) using spectrally in-
tegrated intensities estimated from the fluorescence spectra measured at dif-
ferent points in time following putting on of the illumination light as input. The
classification results are based on leave-one-subject-out cross validation.

Acquisition time (s) Sensitivity Specificity Overall accuracy
Att=0 72% 73% 72%
Att =50 67% 73% 70%
At t =100 61% 73% 68%
At t = 200 61% 68% 65%
At t = 300 61% 68% 65%
At t = 400 61% 68% 65%
At t = 500 61% 68% 65%
At t = 600 61% 68% 65%

of urine samples of N-1 subjects (N being the total number of subjects)
and test is carried out only on the data of the urine sample of the ex-
cluded subject. Table 1 lists the sensitivities and specificities yielded by
the NMC based classification algorithm. One can see that the sensitivity
and specificity values are decreasing with time and are also different for
the different sets of spectra acquired till t = 200s. Since the primary
basis of discrimination between the urine samples is the observed dif-
ferences in the urine spectra of patients and healthy volunteers, the
varying spectral differences resulted at different time points of mea-
surements (under continuous illumination) have led to varying results
of discrimination even for the same set of urine samples of cancer pa-
tients and healthy subjects. However, the sensitivity and specificity
values are found to remain the same for the remaining sets of spectra
acquired at t > 200s since no appreciable variation in the spectral
differences is observed for these sets of spectra measured at t > 200 s.

In order to understand the temporal characteristics of reduction in
the intensities of the urine fluorescence, I values estimated from the
fluorescence spectra (shown in Fig. 3) of urine samples of the healthy
volunteer and the oral cancer patient were plotted against the different
time-points of spectral measurements. Fig. 4 shows the plot of XI as a
function of time-points of measurements. It is apparent from the figure
that the urine sample from the healthy subject has faster rate of
fluorescence photo-bleaching as compared to the urine sample of the
patient with oral cancer. For quantifying this inter-category difference
in the temporal characteristics of the reduction in fluorescence (i.e.
fluorescence photo-bleaching), the XI verses time-point of spectral
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Fig. 4. Plot of integrated fluorescence intensities as a function of time-points of
measurements for the urine samples belonging to a healthy volunteer and a
cancer patient. The solid line represents the double-exponential fit to the
measured data.
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Table 2
The fast (t1) and slow () photo-bleaching time constants corresponding to the
urine samples of cancer patients and healthy individuals.

Health state 7 (s) T2 (8)
Normal 7.6 £ 3.6 107.9 = 443
Cancer 16.0 + 3.8 216.7 + 67.5

measurements curves were fitted with a double-exponential decay
function given by:

Z1(t) = A + Bexp™¥™ + Cexp~V™

where A, B and C are constants, 7; and 7, are the time constants for the
fast and slow phases of photo-bleaching, t is the time and XI (t) is the
spectrally integrated intensity as a function of time. Fig. 4 shows the
double-exponential fits to the XI verses time-point of spectral mea-
surements curves for the urine samples of the healthy subject and the
oral cancer patient. The fits were found to result in a R? value of ~0.99.
The double exponential behavior can be attributed to the Gaussian
profile of the excitation laser beam which leads to inhomogeneous
power distribution along the transverse plane [22]. The constant of the
faster photo-bleaching represents the molecules exposed by the high
intensity region near the axis, whereas the slower photo-bleaching
constant is due to the outermost low intensity region of the laser
[22,23].

Table 2 shows the mean + standard deviation (o) of the photo-
bleaching time-constants, 7; and z,, estimated from the XI verses time-
point of spectral measurements curves of the urine samples belonging
to all the healthy subjects and the patients with oral cancer. It can be
seen that both the fast (r;) and slow (z») time-constants are con-
siderably smaller in urine samples obtained from the healthy volunteers
as compared to that from patients with oral cancer. A Student’s t-test
confirmed that the differences in the mean values of these time con-
stants between the two categories (cancer and normal) were indeed
statistically significant (p < 0.001). Fig. 5 shows a graphical pre-
sentation of the fast (t;) versus slow (1) time constants for the urine
samples corresponding to patients with oral cancer and healthy sub-
jects. The graph is plotted along with a probability ellipsoid around
each of the urine sample categories. The probability ellipsoid [24]
around a category (of data) defines the region that contains 90% of data
belonging to that category assuming Gaussian distribution. Thus from
the probability ellipsoids shown in Fig. 5 it is apparent that there is
significant separation between the urine samples belonging to patients
with oral cancer and healthy subjects. In order to further quantify the

350+
300+
250-
200-
150+
100-

T, (sec)

Fig. 5. A graphical presentation of the fast (t;) versus slow (t,) photo-bleaching
time constants for the urine samples corresponding to patients with oral cancer
and healthy subjects. The graph is plotted along with a 90% probability ellip-
soid around each of the urine sample categories.
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Table 3

The classification results yielded by the nearest mean classifier based classifi-
cation algorithm in discriminating urine samples of the oral cancer patients
from that of the healthy volunteers using fast (t;) and slow (t2) photo-bleaching
time constants estimated from the curve-fitting analyses. The classification re-
sults are based on leave-one-subject-out cross validation.

Pathology diagnosis Sensitivity ~ Specificity =~ Overall accuracy

Normal (n = 22) vs. Cancer 78% 86% 82%

(n=18)

potential of the photo-bleaching time-constants in discriminating the
two categories of urine samples, the NMC based algorithm [19-21] was
employed in leave-one-sample-out cross validation mode where the
values of the time constants were used as input. Table 3 lists the sen-
sitivity and specificity values yielded by the algorithm in discriminating
the urine samples belonging to patients with oral cancer and healthy
subjects. The sensitivity and specificity were found to be 78% and 86%,
respectively. One can see that by considering the temporal character-
istics of photo-bleaching of urine samples, the overall classification
accuracy was improved to 82% as compared to the maximum of 72%
obtained when the integrated fluorescence intensity was considered for
classification (Table 1).

After establishing the applicability of the photo-bleaching time
constants in discriminating urine samples of the oral cancer patients
from that of the healthy subjects, the next important task was to find
out the underlying reason for the differences in the temporal patterns of
photo-bleaching for the two categories of urine samples. In order for
that fluorescence emission spectra measured from all the urine samples
belonging to the two categories (i.e. patients with oral cancer and
healthy subjects) at different points in time under continuous illumi-
nation were spectrally decomposed into a set of three basis spectra
corresponding to the emission spectra of NADH, FAD, and porphyrins
respectively. The choice of these basis set spectra was guided by the fact
that the human urine samples are known to contain three major
fluorophores, NADH, FAD and Protoporphyrin IX that could be excited
by light of 405 nm wavelength [8,9,25]. The first step towards carrying
out the spectral decomposition is generation of the basis set spectra. For
that, the fluorescence emission spectra of the authentic NADH, FAD and
Protoporphyrin IX were recorded using 405 nm excitation in the same
experimental set up used to measure the spectra of urine samples. The
spectra were then peak-normalized and linearly combined to fit the
measured time-lapse fluorescence emission of the different urine sam-
ples belonging to the two different categories. The linear fit is justified
in this case because urine, having very little or almost no turbidity, can
be considered as a solution very close to a dilute solution. Fig. 6 shows
the peak-normalized fluorescence emission spectra of NADH, FAD and
porphyrins. It is apparent from the figure that while the fluorescence
spectra of NADH and FAD are characterized by single emission bands,
the porphyrin fluorescence spectrum shows two emission bands. The
results of the spectral fitting analyses are graphically demonstrated in
Fig. 7. The spectral fitting is shown for a set of two urine samples, one
corresponding to a healthy subject and the other corresponding to a
patient with oral cancer. One can clearly see that the relative con-
tribution of the spectral band, characteristics of FAD, is more in urine
samples of the cancer patients than that of the healthy subject. It is
pertinent to note that a similar increase was obtained by Al-Salhi et al.
[26] for the urine samples of cancer patients with 400 nm excitation
and attributed to an increase in FAD concentration [27]. However, it is
apparent from the figure that there is no significant difference in the
relative contribution of NADH or porphyrins between the two cate-
gories of urine samples. This is supported by the difference spectrum
shown in Fig. 2c where it is observed that their absolute contributions
in the spectra of urine samples of the cancer patient and the healthy
subject are within the limit of inter-subject variation.

22

Photodiagnosis and Photodynamic Therapy 28 (2019) 18-24

= anl o
«

N’

%‘ 0.8-

=

-5

£ 06

]

(<))

()

= 0.4

[-5]

&

17,]

2 ool
=

=]

=

0.0 .

450 500 550 600 650 700
Wavelength (nm)

Fig. 6. The peak normalized fluorescence emission spectra of reduced
Nicotinamide Adenine Dinucleotide (NADH), Flavin Adenine Dinucleotide
(FAD) and Protoporphyrin IX (PPIX).

Table 4 lists the fast (1) and slow (t,) photo-bleaching time con-
stants corresponding to NADH, FAD and porphyrins, respectively, ob-
tained from the spectral fitting of the measured time-lapse fluorescence
emission spectra of the full set of urine samples belonging to patients
with oral cancer and healthy subjects. A perusal of the table shows: (i)
both t; and 7, corresponding to NADH are significantly smaller
(p < 0.05) as compared to FAD in the urine samples of both the cancer
patients and healthy subjects implying faster photo-bleaching rate of
NADH in comparison with FAD (ii) t, of FAD is much larger for the
urine of the cancer patients than the urine of the healthy subjects
suggesting slower photo-bleaching of urine in the cancer patients, and
(iii) no statistically significant differences in t; and 7 corresponding to
NADH and porphyrins are observed between the urine samples of the
cancer patients and that of the healthy subjects suggesting that these
fluorophores seem to have no or little contribution in the observed
differences in the temporal patterns of photo-bleaching of urine be-
longing to the two categories. These observations are in qualitative
agreement with the photo-bleaching time constants of the urine sam-
ples of the cancer patients and healthy subjects tabulated in Table 2. In
particular it is important to note here that the observed photo-bleaching
time-constants of the urine of the cancer patients are found to be close
in value to the time-constants estimated for FAD. This is plausibly due
to the fact that the urine of cancer patients is reported to contain sig-
nificantly larger FAD [8,9,26,27]. The photo-bleaching rates also de-
pend upon the chemical environment in which the fluorophores are
present [28-30]. This might also be the reason for variations in the time
constants of the same fluorophore in urine of cancer patients and
healthy subjects.

The primary objective of the present study was to understand the
fluorescence photo-bleaching characteristics of human urine samples
and show how the use of urine fluorescence which was still undergoing
photo-bleaching could lead to discrimination results very different from
what was obtained when it was used after becoming stable following
the completion of photo-bleaching. The other important objective was
to assess the discrimination ability of the photo-bleaching time con-
stants in separating the urine samples of cancer patients and healthy
individuals. For performing both these tasks, a supervised classifier
which is simple enough in its mathematical formulation and does not
require optimization of any of its design parameters, while being
trained, was sufficient. NMC being a geometric classifier and its per-
formance solely being dependent on the linear separation of spectral
data at disposal, unlike a statistical classifier whose performance also
depends on the optimization of algorithm parameters for each of the
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Table 4 significant differences corresponding to the urine samples of cancerous

The fast (t;) and slow (t») photo-bleaching time constants corresponding to
NADH, FAD and porphyrins, respectively, obtained from the spectral fitting of
the measured time-lapse fluorescence emission spectra of the full set of urine
samples belonging to patients with oral cancer and healthy subjects.

Fluorophores Health state 71 (8) T5 (8)

NADH Normal 56 = 3.7 84.7 + 63.9
Cancer 6.3 = 3.2 109.2 = 90.1

FAD Normal 12.5 = 3.5 167.5 = 31.6
Cancer 195 * 2.7 231.7 * 52.3

PPIX Normal 13.3 = 3.7 145.45 = 17.4
Cancer 122 =+ 5.1 155.6 = 59.4

classification tasks, was therefore deemed appropriate for the present
job.

However, it should be noted here that in the next phase of our study
(already in progress) where the objective is to establish a model of oral
cancer diagnosis based on fluorescence photo-bleaching data of large
population of patients, we will be employing a probability based sta-
tistical classification algorithm [31], which was developed earlier based
on the mathematical formulation of sparse multinomial logistic re-
gression [32] and used in several of our earlier studies [33-35]. The
algorithm was found to provide best classification accuracy of 92%
(leave-one-out cross validation mode) as compared to that of 82% using
NMC. However, when the algorithm was applied in “no cross validation
mode” (i.e. same set of data used for both training and validation), the
classification accuracy was 100%.

4. Conclusions

To conclude, a detailed study on fluorescence photo-bleaching of
human urine samples was carried out. The time lapse fluorescence
spectra were recorded from the urine samples obtained from patients
with oral cancer as well as from healthy volunteers under continuous
illumination of 405 nm radiation from a diode laser. It was found that
while significant differences existed in the spectra of cancerous patients
and healthy volunteers, these differences were varying with time till the
intensities of the observed fluorescence spectra corresponding to the
two categories of urine samples became stable. In order to quantify the
spectral differences, integrated fluorescence intensity (XI) was calcu-
lated for each spectrum and a classification algorithm developed based
on NMC was applied in leave-one-subject-out cross-validation mode on
31 values for each of the sets of spectra measured from the two cate-
gories of the urine samples at different points in time. The sensitivity
and specificity values yielded by the algorithm were found to decrease
till t = 200s beyond which they were found to remain almost un-
changed. A decay curve was generated by plotting XI vs. time and fitted
with a double-exponential decay function. The photo-bleaching con-
stants, obtained from curve-fitting, were found to have statistically
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patients and healthy volunteers. The NMC based classification algo-
rithm applied on the photo-bleaching constants in leave-one-subject-out
cross-validation mode was found to provide a sensitivity and specificity
of up to 86% in discriminating the two categories of urine samples.
Overall, the results of the studies showed that the temporal character-
istic of photo-bleaching had promising potential to be used as an al-
ternate tool for oral cancer diagnosis.
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