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We report a pilot study carried out to evaluate the ap-
plicability of in vivo Raman spectroscopy for differential
diagnosis of malignant and potentially malignant lesions
of human oral cavity in a clinical setting. The study in-
volved 28 healthy volunteers and 171 patients having
various lesions of oral cavity. The Raman spectra, meas-
ured from multiple sites of normal oral mucosa and of
lesions belonging to three histopathological categories,
viz. oral squamous cell carcinoma (OSCC), oral submu-
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cous fibrosis (OSMF) and leukoplakia (OLK), were sub- e Spectrograph CCD g

jected to a probability based multivariate statistical algo- o Seven 300 ] “'"I Normal
rithm capable of direct multi-class classification. With _ = e “'MW\J\,.,_/\,
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algorithm was found to provide an accuracy of 85%, Raman shift (cm”)
89%, 85% and 82% in classifying the oral tissue spectra

into the four tissue categories based on leave-one-sub-

ject-out cross validation. When employed for binary clas-

sification, the algorithm resulted in a sensitivity and spe-

cificity of 94% in discriminating normal from the rest of

the abnormal spectra of OSCC, OSMF and OLK tissue

sites pooled together.

1. Introduction tobacco is known to account for this large incidence

of oral cancer [3]. More than 34% of Indians (48%
Oral cancer is a major health problem in India and males and 20% females) above 15 either smoke or
other South-Asian countries [1-2]. India tops in the use tobacco in any form and nearly 0.9 million to-
prevalence of oral cancer in the world, and use of bacco-related deaths occur in India annually as com-
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pared to 5.5 million worldwide [4]. Although the oral
cavity is easily accessible to inspection, patients with
oral cancer most often present themselves at an ad-
vanced stage when treatment is less successful there-
by leading to high morbidity and mortality [5-6].
Early detection remains the best way to ensure pa-
tient survival and quality of life [5-7].

The current gold standard for clinical diagnosis of
oral lesions is biopsy and subsequent histopathologic
correlation [7]. The process is both invasive and
time-consuming. A real-time diagnostic method to
enable non-invasive monitoring of oral cavity in indi-
viduals with suspicious oral lesions is thus an urgent
current need. It is now well recognized that techni-
ques based on optical spectroscopy can play a very
important role towards this end. While fluorescence
spectroscopy [8—12], diffuse reflectance spectroscopy
[13-14], or a combination of these [15-17], has pro-
vided very encouraging results for in vivo applica-
tions, the use of Raman spectroscopy was primarily
limited to either ex-vivo studies [18-24] or in vivo
studies on animal models [25-26]. Perhaps the ne-
cessity of long data collection time owing to the
weaker Raman signals precluded its use for in vivo
studies on human oral cavity. With continued im-
provements in detectors and spectroscopic systems,
it has now become possible to acquire good quality
tissue Raman spectrum in a clinically acceptable
data collection time (<5 sec) [27] and publications
reporting in vivo studies have just started to appear
[28-31]. The technique is ideal for in vivo diagnosis,
as it is nondestructive, does not require external
dyes, and can be applied via fiber-based instrumenta-
tion to provide rapid, in situ, objective and near real-
time tissue evaluation with a high degree of accu-
racy.

While Guze etal. [28] and Bergholt et al. [29]
were the first to apply Raman spectroscopy in vivo
on human oral cavity, the common objective of both
these studies was to characterize the normal human
oral cavity in healthy volunteers using the in vivo
Raman spectra acquired in higher wave number
(1800-3000 cm™!) region or conventional fingerprint
region (800—1800 cm™!) region. The first in vivo ap-
plication of Raman spectrocopy for differential diag-
nosis of oral lesions was by Singh etal. [30] who
used a commercial Raman spectrometer to measure
in vivo Raman spectra from patients already identi-
fied of having maliganancy of oral buccal mucosa
and showed that Raman spectroscopy in combina-
tion with a PCA-LDA based diagnostic algorithm
could discriminate malignant from the uninvolved
nomal tissue sites as well as the premalignat lesions
appearing in the contralateral buccal mucosa of the
same set of patients with an accuracy of up to 87%.
In a concurrent study [31] they investigated the in-
fluence of aging related physiological changes on the
differential detection of malignant, premalignant and

normal buccal mucosa and showed that though there
were aging related changes in the Raman spectra
but that did not have any influence on the classifica-
tion of lesions [31]. While these existing reports de-
monstrate the potential of Raman spectroscopy for
in vivo discrimination of lesions in only a part of the
oral cavity (i.e. buccal mucosa), there is no published
report, thus far, of a full-scale clinical study on the
comprehensive evaluation of the efficacy of in vivo
Raman spectroscopy for differential detection of oral
lesions in the whole of the oral cavity. This is impor-
tant because availability of a spectral database of the
whole oral cavity may facilitate rapid screening of a
large population (e.g. in a community setting) for
any abnormality in the oral cavity with the help of
an appropriately trained diagnostic algorithm. An-
other limitation of the earlier studies [30] is that the
patient population included therein was not a true
representative of the tissue types interrogated, since
it involved only patients already identified of having
malignancy of the buccal mucosa.

We report, in this paper, the results of an in vivo
clinical study carried out to address these issues. The
study involved near-infrared (NIR) Raman spectro-
scopy of normal oral tissues and oral lesions from
across the whole of the oral cavity. The lesions be-
longed to one of the three pathologic categories, oral
squamous cell carcinoma (OSCC), oral leukoplakia
(OLK) and oral submucosal fibrosis (OSMF). None
of the patients had multiple types of lesions present
simultaneously in their oral cavity. The normal oral
tissue sites investigated were from the oral cavity of
healthy volunteers without the history of any disease
of the oral cavity. NIR Raman spectra measured
from multiple sites across a given lesion were corre-
lated with the corresponding histopathologic diagno-
sis. A probability based multivariate statistical algo-
rithm capable of simultaneously classifying spectral
data into multiple different classes (i.e. direct multi-
class classification) was found to distinguish neoplas-
tic from normal oral tissue sites, based on their Ra-
man spectra, with a predictive accuracy of more than
90% with respect to histology as the gold standard.

2. Materials and methods

2.1 Study design

The in vivo study was conducted at the Tata Memo-
rial Hospital (TMH), Mumbai with the approval of
the TMH Ethical Committee. All the patients under-
going routine medical examination of the oral cavity
at the Out Patient Department (OPD) of TMH were
recruited for this in vivo study. The patients were re-
cruited regardless of gender or race. The eligibility
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of each patient was determined by the participating
doctor based on the medical condition of the patient
such that patient care was not compromised.

The study involved 28 healthy volunteers with no
history of the disease of the oral cavity and 171 pa-
tients enrolled for medical examination of the oral
cavity at TMH. Informed consent was obtained from
each patient as well as the healthy volunteers who
participated in this study. Age, sex, and details of
smoking habit (if any) were also recorded for all
subjects included in the study. The age variations for
OSCC, OSMF, OLK and healthy volunteers were
35+ 11, 51 £13, 53+ 14 and 44 + 10 years respec-
tively. The overall ratio of male to female population
was ~6:1. As far as tobacco habits are concerned,
98% of the patients and 71% of the normal volun-
teers had habits of either smoking or chewing tobac-
co, and the remaining candidates had no history of
tobacco consumption.

The patients included in this study had no history
of malignancy or dysplasia, and were suspected by
the examining physician of having either cancer or
leukoplakia or submucosal fibrosis on visual exami-
nation of the oral cavity. Patients having gone
through any prior treatment like surgery, chemother-
apy or radio therapy for earlier cancers or with re-
currences were excluded from the study. Biopsies
were taken subsequent to acquisition of spectra from
the oral cavity sites suspected of being malignant or
potentially malignant. However, as per the terms of
the approval from the Ethical Committee of the hos-
pital, no biopsies were available from the investi-
gated sites of the patients with oral submucous fibro-
sis (OSMF) and the diagnosis of this condition was
based on clinical findings only. Similarly, no biopsies
were allowed from the tissue sites of healthy volun-
teers. The biopsy samples were fixed in formalin and
were examined later by an experienced pathologist
who was blinded to the results of the optical spectra.
Histopathology was taken as the “gold standard”.
All the Raman spectra from across the whole of the
oral cavity were categorized in accordance to their
histological identities and grouped into OSCC,
OLK, OSMF, or normal oral tissue.

2.2 Instrumentation

In vivo Raman spectra were measured using a com-
pact and portable Raman spectroscopic system as-
sembled in-house. A photograph and a schematic of
the system are shown in Figures la and b respec-
tively. The portable clinical system has all its sub-sys-
tems (diode laser, fiber-optic probe, spectrograph
and CCD camera) accommodated into a 32 suita-
case. A 785nm diode laser (Crysta Laser, Reno,
NV) is used to deliver excitation light (~80 mW) to

the target tissue using a fiber-optic probe (Visionex
Inc., Warner Robins, GA) consisting of a central
400-um-core-diameter fused-silica excitation fiber
surrounded by seven 300-um fused-silica beam-
steered collection fibers. While the distal ends of the
collection fibers have in-line notch filters for rejec-
tion of the excitation light, a band-pass filter sitting
at the tip of the excitation fiber blocks the signals
generated in the fiber itself and allows only the laser
line to pass through. The collection fibers are aligned
linearly and imaged on to a 200 um entrance slit of
an imaging spectrograph (Andor Shamrock SR-303i,
Belfast, Northern Ireland) coupled with a thermo-
electrically cooled (—70 °C), back-illuminated, deep-
depletion charge-coupled-device (CCD) camera
(Andor DU420A-BR-DD, Belfast, Northern Ire-
land). The system is able to acquire good quality tis-
sue Raman spectra with signal to noise ratio 50:1
for an integration time of less than 5 seconds. The
overall resolution of the system is ~20 cm™!.

2.3 Clinical measurements

All the spectral measurements were performed by
the participating head and neck surgeon using a pro-
tocol which was maintained for all individuals in this
study. Briefly, prior to recording spectra from an indi-
vidual, the fiber-optic probe was disinfected with CI-
DEX (Johnson and Johnson, India), washed with
PBS and cleaned dry with a piece of sterilized cotton.
The mucosal surface was wiped with sterile gauge to
remove any saliva, blood or betel quid incrustations
accumulated at the tissue surface. The probe tip was
also wiped dry between consecutive measurements
from different tissue sites in an individual. For record-
ing the in vivo Raman spectra, the tip of the fiber-op-
tic probe was placed in gentle contact with the tissue
surface and it was ensured that no subject complained
of the probe being painful. The overhead room lights
in the OPD room were turned off temporarily during
spectral acquisition to minimize the contribution of
the ambient light in the acquired spectra.

The good quality (signal-to-noise ratio >10) in
vivo Raman spectra were recorded from a total of
515 tissue sites of 171 patients with an integration
time of 5s. Out of these, 94 sites were identified as
OSMF by the examining doctor and from these no
biopsies were taken. Of the remaining tissue sites,
316 were histopathologically characterized as OSCC,
and 105 as OLK. Spectra were also recorded from
287 sites from healthy squamous tissue of 28 normal
volunteers. The details of the histopathological distri-
bution of the tissue sites included in the study are
summarized in the Table 1. Each site was treated se-
parately and classified via the diagnostic algorithm
developed.
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Table 1 Histopathological distribution of tissue sites included in the clinical pilot study.

No. of Individuals No. of Sites Histopathological Diagnosis

113 316 Oral Squamous Cell Carcinoma (OSCC)
25 94 Oral Submucous Fibrosis (OSMF)
33 105 Oral Leukoplakia (OLK)
28 287 Normal

2.4 Pre-processing of data

Prior to Raman spectral measurements from a sub-
ject, the wavenumber axis was calibrated with the
excitation laser line, acetaminophen, and naphtha-
lene standards. For each measured Raman spectrum,
the signal from the CCD was binned along the verti-
cal axis to create a single spectrum per measure-
ment. Prior to any signal processing, the spectrum
was truncated to only include the region from about
(900 cm™!) to 1750 cm~!. A sequence of pre-process-
ing steps was then executed on this binned, trun-
cated spectrum following the procedure described by
Motz etal. [32]. First, the spectrum was corrected
for the system spectral response by using a NIST
traceable calibration lamp (LS-1, Ocean optics, Inc.,
Dunedin, FL) after removal of the dark signal. The
next step was to remove the artifacts introduced in
the measured tissue spectrum as a result of laser-in-
duced artifacts generated in the fiber-optic probe.
This was done by recording the spectrum of back-
scattered light from a roughened aluminium block
and then iteratively subtracting this spectrum scaled
by a range of different intensities till the optimal ra-
tio for background removal is reached. The spectrum
that results in the lowest standard deviation of the
residual between the data and the model fit was
used for fiber background removal. Following re-
moval of fiber artifacts, the spectrum was noise
smoothened using a second-order Savitzky—Golay
filter and then background subtracted using the
range-independent background subtraction algo-
rithm (RIA) [33] to retrieve the weak tissue Raman
spectrum. The underlying basis of RIA is iterative
smoothing of the measured raw Raman spectrum.
The method uses a model based on modified itera-
tive smoothing of the measured Raman spectrum in
such a manner that the high-frequency Raman peaks
are gradually eliminated finally leaving the underly-
ing broad baseline which can be subtracted from the
raw spectrum to yield the true Raman signal. Each
background-subtracted tissue Raman spectrum was
normalized with respect to its mean spectral inten-
sity across all the Raman bands.

2.5 Data analysis

A probability based multivariate statistical algorithm
capable of simultaneously classifying spectral data
into multiple (more than two) different classes was
developed to analyze the diagnostic content of the
spectra measured from the different oral tissue sites.
The algorithm development consisted of two steps:
(i) extraction of diagnostically relevant spectral in-
formation through maximum representation and dis-
crimination feature (MRDF) and (ii) probabilistic
classification via sparse multinomial logistic regres-
sion (SMLR). These techniques have been described
in detail elsewhere [34-36]. In brief, MRDF [35] is a
feature extraction procedure that aims to find a set
of nonlinear transformations on the input data that
optimally discriminate between the different classes
in a reduced dimensionality space. SMLR [36] sepa-
rates a set of labeled input data into its constituent
classes by predicting the posterior probabilities of
their class membership.

For each of the classification tasks, the input
spectral data were first normalized using to the
scheme described earlier [34, 35] and then subjected
to feature extraction by the MRDF prior to classifi-
cation by the SMLR. The MRDF dimensionally re-
duced the high-dimensional (D = 243) spectral data
and resulted in a set of few non-linear output fea-
tures that contained the maximum class discrimina-
tory information. The optimal number of these fea-
tures was decided by employing a cross-validation
procedure with varying number of output nonlinear
features and minimizing the misclassification error.
It was found that optimal number of features varied
from 15 to 20 depending on the classification task.
This optimal number of output nonlinear features
was used as input to the SMLR for subsequent clas-
sification. The full range of spectral data was never
directly fed to the SMLR.

In order to have a statistically unbiased estimate
of the generalized classification ability of the
MRDF-SMLR algorithm (i.e. how correctly the algo-
rithm can classify previously unseen data), it was ne-
cessary to ensure that the validation set data should
neither contain any of the pieces of the training set
data with which the algorithm was trained and opti-
mized, nor any part of the data of a subject whose
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remaining part remained in the training set. The
generalized classification ability of the algorithm was
evaluated, for each classification task, by adopting
the method of leave-one-subject-out cross validation.
In this method, for N total number subjects (patients
and healthy volunteer) for a given classification task,
spectra of N-1 of them were used to train the algo-
rithm and the set of spectra of the remaining subject
was left excluded (and therefore not used by the al-
gorithm during training) as the validation set. This
was repeated N times (until the spectra of all the
withheld subjects were classified) each time exclud-
ing a different subject for the purpose of validation
and retraining the algorithm using spectra of the rest
of the subjects. Since the training set data remained
completely independent of the test data in each of
the N loops (as the set of spectra from a subject was
never a part of both the training and the validation
sets simultaneously), the validation was statistically
unbiased. Further, since the spectral data of each pa-
tient in the validation set (irrespective of the anato-
mical location) had proper representation in the
training set which contained the full set of spectral
data from all possible anatomical locations from
across the oral cavity of patients and healthy volun-
teers, the information necessary for classifying the
spectra of the test subject was appropriately learnt by
the algorithm (from the training set data) and thus
the prediction made by it was balanced and unbiased.

For a given classification task, MRDF-SMLR al-
gorithm computed the posterior probabilities of the
different interrogated tissue sites of belonging to var-
ious tissue classes. Subsequently, the class was as-
signed to a given tissue spectrum whose posterior
probability of belonging to that particular class was
the highest according to the Bayesian rule of classifi-
cation [36]. The predictive accuracies of the diagnos-
tic algorithm used for different classification tasks
were calculated with respect to histopathology as the
gold standard of reference.

Comparison of the algorithms’ performance for
the different classification tasks was challenging in
the context of multiclass classification since a generic
analytic treatment of the problem was not available

Figure 1 (a) A photograph and (b)
a schematic of the portable clinical
Raman spectroscopy system for in
vivo Raman measurements.

and appropriate extension of binary formulations
was required for defining a suitable multi-class per-
formance measure. Although a variety of such meas-
ures like volume under the surface (VUS) [37], glo-
bal performance Index [38], Matthews correlation
coefficient (MCC) [39], confusion entropy (CEN)
[40] etc. exist in literature, the Hand and Till meas-
ure (HTM) [41] is the most widely used and well
known measure of performance for multi-class classi-
fication as it has the appealing property of being ob-
jective, requiring no subjective input from the user.
HTM is based on multi-class Receiver Operating
Characteristic (ROC) approximation [41] and ex-
tends the Area Under the Curve (AUC), one of the
most popular measures for binary classifiers to mul-
ticlass tasks. Given ‘c’ number of pathology classes,
overall performance of a multi-class diagnostic algo-
rithm is taken as the average of pairwise area under
the ROC curves between ¢ (¢ — 1)/2 pairs of classes
and given by Hand and Till measure (HTM) [41] as:

2 ..
m g AUC (i,)) (1)

Where, AUC is the area under the two-class ROC
curve involving classes ‘i’ and ‘j’. The summation is
calculated over all pairs of distinct classes, irrespec-
tive of order. As is the case for two-class, the closer
the HTM equals to 1, the more accurate the corre-
sponding diagnostic algorithm is.

Prior to applying the MRDF-SMLR diagnostic
algorithm, which mathematically transforms the
spectra into a new feature-space thereby making it
impossible to relate the diagnostically relevant fea-
tures with the original wavenumber space, an initial
analysis was performed to qualitatively determine
the statistically significant differences between the
tissue spectra. Though these results were not used in
the diagnostic algorithms, they allowed exploration
of the responsible mechanisms for differential diag-
nosis. To identify the region of the spectral differ-
ences between the pathologic and normal tissue
spectra a statistical analysis was performed based on
standard error (SE) confidence intervals. The var-
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iance of the intensity at each wavenumber was first
calculated for tissue spectra belonging to each
pathology class. The composite variance (0?) of the
spectra at each wavenumber was calculated as:

2 > a(2); (df),
W) ="5ap,

Olesions
i

(2)

where, 0 is the variance of the intensity at each wa-
venumber A for each lesion type ‘©’ and df corre-
sponds to the degrees of freedom for each pathology
(= number of tissue specimens-1). The SE of the
pooled lesion spectra and normal oral tissue spectra

was then calculated at each wavenumber as:

SE(2) = \/ Fnormat (1) Flesions (1) 5

HMnormal Nesions

where, n is the number of tissue spectra included in
the particular tissue type. The SE was then multiplied
by the appropriate ¢-values based on the total degrees
of freedom and a predefined confidence level to pro-
duce a confidence interval. Difference spectra for the
lesion with respect to the normal were overlaid on
these confidence intervals to qualitatively identify
statistically significant spectral differences.

3. Results

Figure 2a shows the average normalized Raman
spectra for OSCC (316), OLK (105), OSMF (94),
and normal squamous tissue sites (287) of the oral
cavity, with the error bars representing the spectral
standard deviations. From the figures it is evident
that the variation in the measured spectral intensity
is comparable for all the tissue types investigated.
The percentage variation (o/x) in the spectral inten-
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Figure 2 Mean, normalized Raman spectra of OSCC
(n =316), OSMF (n =94), OLK (n = 105), and normal
(n = 287) oral tissue sites. The error bars (gray) represent
+1 standard deviation.

sities from the different measurement sites was ob-
served to lie in the range of ~15-35% over the re-
spective number of tissue sites included in the four
histopathological categories for all the measured
spectra. Here, X is the mean intensity value from dif-
ferent measurement sites of one category and o is
one standard deviation.

For comparison of spectral differences among the
different tissue types, the average Raman spectra
are plotted without error bars in Figure 2b. The
spectra are similar to those reported in Raman spec-
troscopic studies of human oral cavity [18-26] by
others, with major peaks located at ~956, 1004,
1081, 1252, 1266, 1304, 1338, 1450, and 1663 cm™!
corresponding to various Raman-active biomole-
cules, notably collagen, elastin, keratin, lipids, and
minerals known to be present in oral tissues [18-26,
29-31, 42-43]. Although the peak shapes and loca-
tions are consistent across all the pathology classes,
subtle but significant differences are observed in
peak intensities between the different pathology ca-
tegories indicating biochemical differences inherent
in the tissue types of different pathologies.

Figure 3 shows the mean difference spectra ob-
tained by subtracting the mean tissue spectrum of
each lesion from the mean spectrum of normal oral
tissue. The grey bands show the confidence intervals
calculated by multiplying SE with a ¢-value corre-
sponding to 90% confidence intervals and the de-
grees of freedom equal to number of spectral meas-
urements (corresponding to the pathology minus the
number of pathologic categories). A number of
significantly different Raman bands are observed for
each lesion with respect to normal. The portion of
the difference spectra outside the confidence interval
represents the region of statistically significant spec-
tral differences (p < 0.1) [44].

Table 2 shows the four-class (normal, OSCC,
OSMF and OLK) classification results in the form of
a confusion matrix displaying comparisons of the
pathological diagnosis with that of the MRDF-

0.0021...0LK — OSMF —0SCC === Potentially Malignant
i i 25 — Malignant
2 i P 00021 i
"= 0.000 =
c o 0.000
g S |
-
=000z =-0002{ 1 - i F
- . b g 1l
1IN R
-0.004 -0.004 2

71000 1200 1400 1600 1000 1200 ~ 1400 ~ 1600

Raman shift (cm ™) Raman shift (cm™)

(a) (b)

Figure 3 Mean difference spectra showing statistical differ-
ences between pathologic (OSCC: bold line, OSMF: fine
line, and OLK: dashed line) and normal oral tissue spec-
tra. Gray bands indicate the 90% confidence intervals of
the difference determined by standard error confidence in-
tervals.
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Table 2 Confusion matrix displaying classification of the Raman spectra of oral tissue sites into four classes using the
MRDF-SMLR based diagnostic algorithm. The classification results represent leave-one-subject-out cross validation.

Pathology Diagnosis

Raman Diagnosis

Normal osccC OSMF OLK
Normal (n = 287) 85% 8% 4% 3%
OSCC (n = 316) 8% 89% 0% 3%
OSMF (n = 94) 14% 0% 85% 1%
OLK (n = 105) 13% 5% 0% 82%

‘n’ represents size of the spectral data in the corresponding tissue category.

SMLR based spectroscopic diagnostic algorithm.
The classification results were obtained based on
leave-one-subject-out cross validation of the MRDF-
SMLR algorithm on the entire data set. One can see
that the algorithm provided an overall classification
accuracy of 86% (690 out of 802). It proved most
adept at classifying OSCC tissues with a classifica-
tion accuracy of 89%, though it fared worse in classi-
fying other tissue types, and errors were spread
among the various classes. Normal tissue spectra
were correctly classified in 85% of the sites, while
OLK and OSMF spectra were classified correctly in
85% and 82% of the sites.

Table 3 shows the confusion matrix depicting the
results of classification with the MRDF-SMLR algo-
rithm validated, in leave-one-subject-out cross-vali-

dation fashion, on the whole set of spectra separated
into three categories (instead of four), normal, ma-
lignant (OSCC) and potentially malignant where the
OSMF and OLK spectra were put together to form
the last category. Although the overall discrimina-
tion accuracy is seen to be reduced marginally by
3% (from 86% to 83%), the accuracy with which the
OSMF and OLK spectra together (belonging to the
potentially malignant category) can be discriminated
is found to improve to 88% with 176 out of 199 spec-
tra of this category being classified correctly. How-
ever, the algorithm fared worse in classifying the
normal squamous tissue spectra where the classifica-
tion accuracy is found to be only 77%.

Table 4 shows the sensitivities and specificities
yielded by the algorithm in discriminating spectra of

Table 3 Confusion matrix displaying results of classification of the Raman spectra of oral tissue sites into three classes
using the MRDF-SMLR based diagnostic algorithm. Here the spectra belonging to OSCC are referred to as “Malignant”
and those belonging to OSMF and OLK pooled together are referred to as “Potentially Malignant”. The classification

results represent leave-one-subject-out cross validation.

Pathology Diagnosis Raman Diagnosis

Normal Potentially Malignant (OSMF + OLK) Malignant (OSCC)
Normal (n = 287) 77% 13% 10%
Potentially Malignant (n = 199) 9% 88% 3%
Malignant (n = 316) 11% 5% 84%

‘n’ represents size of the spectral data in the corresponding tissue category.

Table 4 The classification results of the Raman spectra of oral tissue sites into two classes using the MRDF-SMLR based
diagnostic algorithm. Here the spectra belonging to OSCC are referred to as “Malignant”, those belonging to OSMF and
OLK pooled together are referred to as “Potentially Malignant”, and the spectra belonging to OSCC, OSMF and OLK
pooled together are referred to as “Abnormal”. The classification results represent leave-one-subject-out cross validation.

Pathology Diagnosis

Raman Diagnosis

Sensitivity Specificity
Normal (n = 287) vs. Malignant (n = 316) 96% 99%
Normal (rn = 287) vs. Potentially Malignant (n = 199) 99% 98%
Normal (n = 287) vs. Abnormal (n = 515) 94% 94%

‘n’ represents size of the spectral data in the corresponding tissue category.
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Figure 4 Posterior probabilities for being classified as nor-
mal, OSCC, OSMF, and OLK for the Raman spectra of
the oral tissue sites interrogated. The closed symbols re-
present probabilities of correct class-membership and the
open symbols represent the probabilities for the misclassi-
fied tissue sites.
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Figure 5 Posterior probabilities for being classified as nor-
mal, potentially malignant (OSMF & OLK grouped to-
gether), and malignant (OSCC) for the Raman spectra of
the oral tissue sites interrogated. The closed symbols re-
present probabilities of correct class-membership and the
open symbols represent the probabilities for the misclassi-
fied tissue sites.

the healthy volunteers (i.e. the normal category)
from three separate categories: malignant, poten-
tially malignant and a category termed “abnormal”
which includes spectra of tissue sites belonging to

tic algorithm also yielded posterior probabilities of
the measured tissue sites belonging to each class of
oral tissue. Figures 4-6 illustrate these posterior
probabilities computed by the algorithm for the
measured tissue spectra of each tissue class of be-
longing to that particular class for three different
classification modes: 4-class, 3-class and binary.
While the closed symbols in the figures represent
probabilities of correct class-membership, the open
symbols denote the probabilities for the misclassified
tissue sites. One may note that while for the two-
class case, the probability of belonging to the correct
class is always greater than 50%, for classification in-
volving more than two classes the corresponding
probability of correct class-membership has fallen
below 50%, for a few spectra, despite its being the
highest.

The ROC analyses of the classification results
provided a quantitative evaluation of the overall per-
formance of the diagnostic algorithm for different
classification scenarios. Table 5 lists the AUC value
for binary classification and the HTM values ob-
tained for 3- and 4-class classifications. While the es-
timated HTM values of the algorithm for the 4-class
and 3-class classifications are 0.95 and 0.93 respec-
tively, for the binary classifications the AUC value is
found to be 0.99 for all three cases. It is important to
mention here that the HTM (as well as the AUC)
value is a quantitative measure of the gross perfor-
mance of an algorithm and the HTM (and the
AUQC) for an ideal diagnostic algorithm will have a
value of 1.

Potentially
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Figure 6 Posterior probabilities for being classified as (a) normal and malignant (OSCC), (b) normal and potentially ma-
lignant (OSMF and OLK grouped together), and (¢) normal and abnormal (OSCC, OSMF and OLK grouped together)
for the Raman spectra of the oral tissue sites interrogated. The closed symbols represent probabilities of correct class-
membership and the open symbols represent the probabilities for the misclassified tissue sites.
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Table 5 The results of ROC analyses for binary, three-class and four-class classifications using the MRDF-SMLR based
diagnostic algorithm. While AUC corresponds to the area under the ROC curve and is a measure of performance of the
algorithm for binary classification, HTM is the performance measure for multi-class classification and corresponds to the
average of pair-wise area under the ROC curves between c(c — 1)/2 pairs of classes, ¢ being the number of classes. Here
“Malignant” refers to the spectra belonging to OSCC, “Potentially Malignant” to those belonging to OSMF and OLK
pooled together, and “Abnormal” to the spectra belonging to OSCC, OSMF and OLK pooled together.

Binary Classification

Multiclass Classification

AUC AUC AUC HTM HTM
Normal Normal Normal Normal Normal
Vs. Vs. Vs. vs. Malignant vs. OSCC
OSCC Potentially Malignant Abnormal Vs. vs. OSMF

Potentially Malignant vs. OPK
0.99 0.99 0.98 0.93 0.95

4. Discussions

The primary basis for Raman spectroscopic detec-
tion is the array of biochemical changes that take
place as tissue undergoes neoplastic transformations.
A close examination of the observed differences in
the Raman bands (Figure 3) appearing in the spectra
of the different oral tissue types reveal that the
pathologic spectra can largely be separated based on
protein and lipid related Raman features. For exam-
ple, the increased intensities of the characteristic
protein Raman peaks (1004 cm~!, and 1338 cm™') in
the OSCC spectra as compared to the spectra of
other categories can be correlated to an over-expres-
sion of protein, believed to take place in OSCC [18-
19, 21-26, 29-31, 42-43]. On the other hand, a de-
creased concentration of the phospholipids and fatty
acid as tissue changes from normal to OSCC [45] is
the plausible explanation for the reduced intensities
of the lipid-specific bands (1081, 1266, 1304, and
1450 cm™1) [19, 29, 43] observed in the Raman spec-
tra of OSCC and likely contributor to the differences
in the regions of 1057-1100, 1248-1318, 1430-
1474 cm~! (Figure 3). In contrast, the differences in
the Raman spectra of OLK and OSMF with respect
to normal are seen to be rather subtler (Figure 3).
For the purpose of diagnosis, it is more relevant
to explore the significance of the aforementioned
spectral differences (observed between the different
oral tissue types) towards pathological classification.
A critical evaluation of the diagnostic results listed
in Tables 2—4 reveals the following points that are
worth noting. In the four-class classification case, the
OSCC spectra are classified with the highest accu-
racy (89%) whereas the OSMF and OLK spectra are
classified correctly in 85% and 82% of the sites. This
is quite expected given the observation (see Figure 3)
that the spectral differences between the OSCC and
the normal squamous tissue are more conspicuous

as compared to that between normal and OSMF
or OLK. In the three-class mode, the classification
accuracy of the OSMF and OLK spectra together
(belonging to the potentially malignant category) is
found to improve to 88%, though for the normal
and the OSCC spectra the accuracies are found to
reduce to 77% and 84% respectively. In general, the
overall accuracy for the three-class classification is
observed to be poorer as compared to the four-class
case (Tables 2 and 3). This observation is quantita-
tively supported by the results of the multi-class
ROC analysis (listed in Table 5) which shows an
HTM value of 0.95 for the 4-class as compared to
0.93 for the 3-class classification. The reason for this
relatively poorer performance of the algorithm in
the three-class mode is most likely due to the fact
that compared with the spectral difference between
normal mucosa and the individual OSCC or OLK or
OSMEF, the spectra of normal and pooled OSMF and
OLK (potentially malignant lesions) show relatively
small differences (Figure 3) thereby resulting in a
larger misclassification of normal tissue sites. The si-
tuation, however, drastically improves with a sub-
stantial increase in the accuracy of discrimination of
the normal oral tissue sites (Table 4) when the algo-
rithm switches to binary classification mode. One
may see that the normal oral tissue sites are consis-
tently classified correctly with a specificity of over
94% and the improvement in specificity in going
from normal vs. abnormal (OSCC, OSML and OLK
put together) through normal vs. potentially malig-
nant (OSMF and OLK) to normal vs. malignant
(OSCCQ) classifications is only incremental. The sen-
sitivities in all three cases of binary classification are
also found to be significantly improved (as compared
to the multi-class cases) with accuracies lying in the
range between 94% and 99%. These observations
are further supported by the two-class ROC analyses
that resulted in AUC values of 0.99. The improve-
ment in classification performance for the binary as
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compared to multi-class classification is not quite un-
expected. This is because in binary classification an
algorithm can carve out the appropriate decision
boundary for only one of the classes, the other class
is simply the complement. In contrast, the multiple
class classification is intrinsically harder because
here the classification algorithm has to learn to con-
struct a greater number of separation boundaries or
relations [46]. Since each of the multiple classes
needs to be explicitly predicted, misclassification er-
rors can occur in the construction of any one of the
many decision boundaries. Further, the errors in-
crease when there is significant overlap among the
class members as in the present case.

It is pertinent to mention here, although our ob-
servations, prima facie, are seen to be grossly consist-
ent with those recently reported by Singh et al. [30]
(for example, in both the cases the overall accuracy
of leave-one-out-cross-validation is found to be
~83% in classifying the tissue Raman spectra into
malignant, pre-malignant and normal), there exist a
few differences between the two studies due to
which a direct comparison is not possible. For exam-
ple, in their case, “normal” corresponded to the nor-
mal appearing mucosa in the oral cavity of a patient
having malignant lesions at the contralateral side
and “premalignant” referred to patches of lesions
scattered in the same visually normal region. In con-
trast, we had chosen “normal”, as the normal oral
mucosa of healthy volunteers with no history of any
oral diseases and “potentially malignant” as either
oral submucosal fibrosis or leukoplakia in the oral
cavity of patients who did not have any known oral
malignancy. The reason underlying our choice is the
fact that the normal appearing region surrounding
the malignant tumor of a patient might have some
subvisual malignant signatures due to the field effect
of malignancy and associated biochemical changes
[47] and this effect, although, expected to be more
pronounced at the advanced stage of the disease,
cannot be completely ruled out even at early stages
[48]. In the present context, it means that spectral
data from many of the uninvolved tissue sites of pa-
tients assumed to be normal might not be truly nor-
mal due to the field effect of malignancy [47]. Due
to the similar reason, there is also a possibility that
many of the spectra that were measured from the
tissue sites of lesions sitting in the contralateral unin-
volved region and were assumed to be premalignant
might not be truly premalignant. In contrast, this
possibility does not exist for the squamous tissue
sites from healthy volunteers who have no history of
any disease of oral cavity.

The second major difference lies in the method
of data analysis. It is important to mention here that
the nonlinear diagnostic algorithm used in our study
was selected for its ability to both compress the large
amount of data obtained with each Raman spectrum

as well as retain only the diagnostically relevant por-
tions of the spectra in this compression. In contrast,
the algorithm used by Singh et al [30] employs prin-
cipal components analysis (PCA) [49] that creates
only a single model for a dataset and compresses the
data in decreasing degrees of shared variance. Since
the diagnostically relevant features in the Raman
spectra are very small in comparison with the shared
spectral content, it is imperative that these features
be retained. Further, the conventional diagnostic al-
gorithms based on PCA or linear discriminant analy-
sis (LDA) being linear in nature cannot perform well
on non-symmetric data that may have multiple clus-
ters per class and also suffer from the limitation of
extracting information from only the second order
correlation in the data [34, 48, 50]. In contrast, the
nonlinear MRDF-SMLR uses higher order correla-
tions and therefore can provide improved discrimi-
nation [34] because of its built-in capability to sepa-
rate classes which are not linearly separable in the
original input data space.

In a clinical scenario, depending on the require-
ment, the emphasis may be on either screening or
screening and diagnosis both. While the task of
screening requires discrimination of abnormalities
without going for further evaluation, the diagnosis
seeks to know the pahological status of the detected
abnormality. The capability of our algorithm to oper-
ate in both binary as well as multi-class classification
platforms certainly adds to the utility of the techni-
que in a clinical situation where it can be opted for
either screening and/or diagnosis. Another important
feature of the algorithm is that being based on a
Bayesian framework, it is able to predict the poster-
ior probability of class-membership of the investi-
gated tissue sites. In contrast, the PCA-LDA algo-
rithm generally results in a numeric-valued output
score to represent the degree to which a given obser-
vation belongs to a particular class. There are many
advantages of having probability estimates. First, the
availibility of probability estimates allows one to fol-
low a systematic approach for selecting the appropri-
ate threshold for classification. Therefore, instead of
requiring to choose the threshold in an ad-hoc man-
ner as in the PCA-LDA algorithm, the underlying
Bayesian risk model in SMLR takes into account the
relative cost of misclassifying normal tissue sites into
abnormal and vice-versa. Second, the probability es-
timates provide a more robust approach for develop-
ing an outlier detection framework than methods
based on aggregating the relative rankings of outlier
scores [51] yielded by PCA-LDA like algorithms. Fi-
nally, the probability estimates are useful to deter-
mine the uncertainties in outlier prediction. The
availability of this quantitative information during
tissue discrimination would allow the clinician to re-
assess those sites that are classified with higher rela-
tive uncertainty. For example, one may note in Fig-
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ures 6¢c that most of the normal tissue sites have
been classified with a posterior probability of greater
than 80%. However, a few normal tissue sites are
seen to show a very low posterior probability of
being classified as normal. Here, the probabilistic ap-
proach can offer an important advantage for opti-
mizing the discrimination goals. Compared to a non-
probabilistic classification scheme like PCA-LDA
[18, 23, 26, 28-31] where sites having a diagnostic
score below a certain threshold would be classified
as normal, in the probabilistic scheme the sites show-
ing lower probability than that for “absolute nor-
mal” may be further interrogated if the objective is
to not to miss any abnormal sites, as may be re-
quired for accurate screening of the oral cavity.

It is pertinent to mention here that the numeric
scores generated by the PCA-LDA algorithms can
also be converted to the posterior probability esti-
mates by using various methods (e.g. using a sigmoid
function) [52]. For example, in two independent re-
cent studies, Yongzeng Li etal. [53] and Kan Lin
etal. [54] used the posterior probability estimates
obtaind from the numeric scores generated by the
PCA-LDA based algorithms for successfully discri-
minating malignant nasopharyngeal and laryngeal
tissues respectively from their corresponding normal
based on the measured Raman spectra. However,
the current probability mapping methods are limited
only to two-class problems [52]. For the multiclass
classification case where the mapping needs to be
from (k — 1)-dimensional space to another (k — 1)-di-
mensional space, k being the number of classes, it is
not clear which functional shape should be imposed
to the mapping function. In such situation, for obtain-
ing multiclass probability estimates from the scores
generated by PCA-LDA like non-probabilistic classi-
fiers, the multiclass problem is first decomposed into
a series of binary problems. A classifier is then learnt
for each one of binary problems with the scores from
each classifier calibrated and combined to obtain
multiclass classification probabilities. In contrast, the
SMLR classifier in our algorithm is based on a prin-
cipled Baysian framework which directly outputs
multi-class probability distributions by incorporating
probabilities in the learning optimization [34, 36].

The objective of the present study was a compre-
hensive evaluation of the efficacy of in vivo Raman
spectroscopy for differential detection of oral lesions
in the whole of the oral cavity. The intrinsic variabil-
ity of the tissue Raman spectra that might result due
to various factors like variations in the anatomical
locations within the oral cavity being interrogated,
influence of tobacco usage, age, gender etc. were not
taken into account in the present study. It should be
noted that these factors might also affect the algor-
ithm’s performance, although an in-depth analysis of
the variability of the tissue Raman spectra due to
these factors and investigating their effect on the di-

agnostic efficacy of in vivo Raman spectroscopy has
not yet been demonstrated. Detailed clinical studies,
which are required to address these issues, have
been undertaken by us and their results will be pre-
sented in our future communications.

It is also pertinent to mention here that the diag-
nostic algorithms developed in this study were based
on spectra from a limited number of patients as-
sumed to be representative of the entire patient po-
pulation. The patient selection criteria as well as the
limited number of spectra in each pathologic cate-
gory might influence the classification results ob-
tained in this study. Therefore, further clinical stud-
ies in a larger patient population, which are already
in progress, will be used to validate the classification
estimates presented here.

5. Conclusions

To conclude, a pilot study was carried out to investi-
gate the clinical applicability of in vivo Raman spec-
troscopy for discriminating normal from neoplastic
lesions of human oral cavity. The in vivo Raman
spectra were measured from multiple sites of normal
oral mucosa and of lesions belonging to three other
histopathological categories, viz. oral squamous cell
carcinoma (OSCC), oral submucous fibrosis (OSMF)
and leukoplakia (OLK). In order to test the ability
of the measured Raman spectra to predict pathologi-
cal designation of the interrogated tissue sites, a
probability based multi-class diagnostic algorithm
was applied on the set of Raman spectra corre-
sponding to the different oral tissue sites. With re-
spect to histology as the gold standard, the diagnos-
tic algorithm was found to provide a leave-one-
subject-out cross validation accuracy of up to ~89%
in classifying the oral tissue spectra into the different
tissue categories. When employed for binary classifi-
cation, the algorithm resulted in a sensitivity of
94.2% and a specificity of 94.4% in discriminating
the normal from all the abnormal oral tissue spectra
belonging to OSCC, OSMF and OLK pooled to-
gether. The results add to the growing body of evi-
dence that Raman spectroscopy along with an ap-
propriate diagnostic algorithm has strong potential
to provide real-time, noninvasive diagnosis of malig-
nant and potentially malignant lesions of oral cavity
in a clinical situation.
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