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In vivo Raman spectroscopy of oral buccal mucosa: a
study on malignancy associated changes (MAC)/cancer
field effects (CFE)

S. P. Singh,a Aditi Sahu,a Atul Deshmukh,a Pankaj Chaturvedib and C. Murali Krishna*a

Occurrence of metachronous and synchronous secondary tumors in oral cavities has been associated with

poor prognosis and decreased 5-year disease-free survival rates. The origin of secondary tumors in the oral

cavity has been primarily attributed to cancer field effects (CFE) or malignancy-associated changes (MAC) in

uninvolved areas. Classification of normal, cancerous and pre-cancerous oral lesions by in vivo Raman

spectroscopy (RS) has already been demonstrated. In the present study, MAC/CFE in oral buccal mucosa

were explored. In vivo Raman spectra from 84 subjects (722 spectra) under five categories – cancer and

contralateral normal (opposite side of tumor), healthy controls (no tobacco habit, no cancer), habitués

healthy controls (tobacco habit, no cancer) and non-habitués contralateral normal (no tobacco habit

with cancer) were acquired. Mean and difference spectra suggest that loss of lipids and additional

features representing proteins and DNA are characteristics of all pathological conditions, with respect to

healthy controls. Spectral data were analyzed by PC-LDA followed by leave-one-out cross-validation.

Results suggest that Raman characteristics of mucosa of healthy controls are exclusive, while those of

habitués healthy controls are similar to those of contralateral normal mucosa. It was observed that the

cluster of non-habitués contralateral normal mucosa is different from habitués healthy controls,

suggesting that malignancy associated changes can be identified and also indicating that

transformation of uninvolved oral mucosa due to tobacco habit or malignancy is different. The findings

of the study demonstrate the potential of RS in identifying early transformation changes in oral mucosa

and the efficacy of this approach in oral cancer applications.
Introduction

Oral cancer, the sixth most common cancer, has 5-year disease-
free survival rates of �50% in developed and �30% in devel-
oping countries.1 One-h of the world's oral cancer subjects
are from India and other South Asian countries.2 Tobacco
habits, including use of smokeless tobacco, are well known
causes of oral cancer.3–5 Oral carcinogenesis is a highly complex
multifocal process that is believed to arise from a series of
stepwise genetic changes induced by carcinogens, leading to
clinical and microscopic changes summating to form an inva-
sive neoplasm.6,7 Appearance of a clinically visibly pre-
cancerous lesion or condition in oral cancers is oen preceded
by micro-architectural changes in the oral cavity. Occurrence of
these clinically or histologically unrecognizable subtle pertur-
bations are attributed to ‘malignancy-associated-changes
(MACs) or cancer-eld-effects (CFEs)’, terms oen used inter-
changeably.8–11 The origin of these effects can be either due to
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diffusion of tumor cells in surrounding normal areas or
generalized exposure of mouth cavity to carcinogens.7 Slaughter
et al. in 1953 have shown that these effects are associated with
independent transformation leading to development of second
primary tumors (SPTs) in the oral cavity.12 Studies have sug-
gested that the onset of SPTs decreases the 5-year survival rates
by 18–30% as compared to those with only a single tumor.13–18

Subjects suffering from SPT pose serious challenges in clinical
evaluation, planning of treatment regimen and post-treatment
quality of patient's life in terms of associated morbidity. Most
oen such cases are considered as inoperable and subjected to
palliative therapy. Hence early detection of potentially malig-
nant patches remains the best option. However, clinical evalu-
ation oen fails to detect these changes and as a result
preventive onco-surgery procedures for removal of such patches
are not initiated.19,20 Identication of CFEs or MACs can serve as
a novel screening tool which can reduce the morbidity and
mortality associated with multiple potentially malignant
transforming elds.

The efficacy of optical spectroscopic techniques such as
uorescence, Raman and Fourier-Transform Infrared (FTIR)
spectroscopy in classifying normal and pathological conditions
Analyst, 2013, 138, 4175–4182 | 4175

http://dx.doi.org/10.1039/C3AN36761D
http://pubs.rsc.org/en/journals/journal/AN
http://pubs.rsc.org/en/journals/journal/AN?issueid=AN138014


Analyst Paper

Pu
bl

is
he

d 
on

 2
5 

Ja
nu

ar
y 

20
13

. D
ow

nl
oa

de
d 

by
 Y

al
e 

U
ni

ve
rs

ity
 L

ib
ra

ry
 o

n 
26

/0
8/

20
13

 0
1:

56
:5

4.
 

View Article Online
has already been demonstrated.21–23 Reectance and uores-
cence spectroscopic studies have demonstrated the feasibility of
differential diagnosis of malignant and potentially malignant
lesions, including oral sub-mucous brosis in oral cancer.24,25

Raman spectroscopic methods, based on inelastic scattering of
light, with attributes such as negligible water interference,
sharp spectral signatures and abundance of Raman active
molecules in biological samples, are ideal for in vivo applica-
tions. Our recent studies have shown that healthy, malignant
and premalignant lesions can be classied by in vivo Raman
spectroscopy (RS).26–28

As mentioned earlier, oral malignancy is preceded by early
transformation such as CFEs or MACs, and identifying such
changes is the aim of optical spectroscopic methods. Backman
et al. have shown the feasibility of identifying eld changes in
colon cancer using elastic light scattering spectroscopy8–10 A few
ex vivo Raman spectroscopic studies using ‘culture ra models’
in skin and cervical cancer have demonstrated the feasibility of
identifying MACs or CFEs.11,29 In the present study, we have
explored the feasibility of in vivo RS in detecting early changes
that are indicative of neoplastic transformation. We have
analyzed in vivo spectra acquired from tumor adjacent mucosa
(TAM) of subjects with and without tobacco associated
cancerous lesion and from age-matched healthy controls with
and without tobacco habits. Findings are discussed in the
manuscript.

Materials and methods
Sample details

Eighty-four (84) subjects approved by the Institutional Ethics
Committee (Tata Memorial Hospital-Institutional Review
Board) were recruited for this study, aer obtaining informed
written consent. Information about tobacco usage, age, sex
and tumor grade of all subjects was obtained from the Elec-
tronic Medical Record (EMR) system of Tata Memorial
Hospital, Mumbai, India. Forty (40) subjects with tobacco
associated pathologically veried squamous cell carcinoma
(SCC) lesions of buccal mucosa were recruited. From this
group, 170 spectra of contralateral normal (opposite side of
tumor), referred to as contralateral and 192 spectra from
cancerous lesion (tumor) were recorded. Fieen (15) each of
age-matched healthy controls with long-term tobacco habit
(habitués healthy controls) and without any history of tobacco
use (healthy controls) were also recruited. In this case, 150
spectra were recorded from each group. The screening crite-
rion of tobacco habit for more than 10 years was applied for
Table 1 Subject accrual details

Category Site of spectra recording Age-range (medi

Healthy control Buccal mucosa (40–59 years) 50
Contralateral normal Buccal mucosa (24–67 years) 44
Non-habitués contralateral Buccal mucosa (26–81 years) 45
Habitués healthy controls Buccal mucosa (25–60 years) 50
Tumor Buccal mucosa (24–67 years) 44

4176 | Analyst, 2013, 138, 4175–4182
the recruitment of habitués healthy subjects. The average time
of tobacco habit of these subjects was �14.5 years. Sixty (60)
spectra from the contralateral normal side of 14 subjects with
buccal mucosa SCC lesion and without any history of tobacco
use were also recorded (non-habitués contralateral). On an
average �9 to 10 spectra were acquired from each individual.
For cancer patients, 5 spectra were recorded from the contra-
lateral normal and tumor site, respectively to obtain a total of
10 spectra. For healthy tobacco and non-tobacco users, 10
spectra were recorded from the le and right buccal mucosa.
In order to ensure reproducibility, spectra were recorded as
per teeth positions at different points on buccal mucosa.
Buccal surfaces opposing teeth were considered as the refer-
ence point. Spectra were recorded from opposing buccal
surfaces of canine, rst premolar, second premolar, rst molar
and second molar on both sides. To avoid any differences
because of the mouth environment, subjects were required to
wash their mouth with distilled water before spectral acqui-
sitions. Median age of tumor, habitués healthy control; non-
habitués contralateral and healthy control subjects were 44,
50, 45 and 50 years, respectively. Subject accrual is summa-
rized in Table 1.
Raman spectroscopy

Spectra were recorded with an HE-785 commercial Raman
spectrometer (LabRam, Jobin-Yvon-Horiba, France). Briey,
this system consists of a diode laser (Process Instruments) of
785 nm wavelength as the excitation source, a high efficiency
(HE) spectrograph with xed 950 gr mm�1 grating coupled with
a CCD (Synapse). The instrument has no movable parts and the
spectral resolution as specied by the manufacturer is�4 cm�1.
The commercially available In Photonics (Inc, Downy St. USA)
probe consisting of a 105 mm excitation ber and a 200 mm
collection ber (NA-0.40) was used to couple the excitation
source and the detection system. The estimated spot size and
depth of the eld as per the manufacturer's specications are
105 mm and 1 mm, respectively. The working distance of the
probe is 5 mm and therefore, a detachable spacer of length
5 mm was attached at the tip of the probe to maintain focus
during all measurements. Prior to each measurement, these
spacers were disinfected by CIDEX (Johnson and Johnson,
Mumbai, India) solution to avoid inter-subject contamination.
Spectral acquisition parameters were: lex – 785 nm, laser power
– 80 mW, spectra were integrated for 3 seconds and averaged
over 3 accumulations.
an age) Total no. of spectra/subjects (sex) Tumor Tobacco habits

years 150/15 (13 M, 2 F) No No
years 170/40 (40 M) Yes Yes
years 60/14 (8 M, 6 F) Yes No
years 150/15 (14 M, 1 F) No Yes
years 192/40 (40 M) Yes Yes

This journal is ª The Royal Society of Chemistry 2013
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Data analysis

In vivo Raman spectra were corrected for CCD response with a
NIST certied SRM 2241 material followed by subtraction of
background signals of optical elements. To remove interference
of the slow moving background, rst derivatives of spectra
(Savitzky-Golay method and window size 3) were computed. Our
previous studies have demonstrated the utility of the 1200–
1800 cm�1 region in classifying normal, malignant and
premalignant conditions of oral cancers, the same region was
therefore employed in this study.26–28 Another advantage of
using this region is minimal interference of ber Raman
signals.† First derivative and vector normalized spectra were
subjected to multivariate Principal Component-Linear
Discriminant Analysis (PC-LDA).26–28 Principal component
analysis (PCA) is routinely used for data compression and
visualization. It describes data variance by identifying a new set
of orthogonal features, called principal components (PCs) or
factors. For visual discrimination, we project each of the spectra
in the newly formed co-ordinate space of selected PCs. While
PCA aims to identify features that represent variance among the
complete data, LDA provides data classication based on an
optimized criterion which is aimed for better class separability.
In LDA, the classication criterion is identied using the scatter
measure of within class and between class variance. LDA can be
used together with PCA to increase the efficiency of classica-
tion. For this, PCA scores obtained using a set of signicant PCs
with maximum variance amongst data are used as input data
for LDA based classication. The advantage of doing this is to
lter out noise and employ optimum variables for classication.
In order to avoid over-tting of the data, as a thumb rule, the
total number of factors selected for analysis were less than half
the number of the spectra in the smallest group.26–28,30,31 LDA
models were validated by leave-one-spectrum-out cross-valida-
tion (LOOCV). Algorithms for these analyses were implemented
in MATLAB (Mathworks Inc.) based in-house soware.32

Average spectra were computed from the background sub-
tracted spectra (without derivatization) for each class by
† Principal components or factors are calculated by identifying eigenvectors for
the covariance matrix of mean-centered data. Because of their orthogonal
characteristics, rst few PCs are oen sufficient to represent maximum data
variance. LDA is a method of choice when input data have higher within class
variance that could lead to the development of PCs which are inappropriate for
visual discrimination. LDA transformations are identied as an eigenvector
matrix of this classication criterion. With the help of this LDA transform
matrix, any test spectra can be classied into a class by iteratively calculating
the Euclidean/RMS or Mahalanobis distance of transformed test spectra and
the mean of transformed input dataset. In this study we have employed
Mahalanobis distance for class prediction, since it handles nonlinearity well
(S. Balakrishnama, A. Ganapathiraju, “Linear Discriminant Analysis – A Brief
Tutorial”, Institute for Signal and Information Processing, Mississippi State
university, 1998). The results of PC-LDA can be depicted in the form of a
confusion matrix, where all diagonal elements are true positive predictions and
ex-diagonal elements are false positive predictions. The confusion matrix is
generated to understand separation between the groups obtained by taking into
account the contribution of all factors selected for analysis. These results can
also be depicted in the form of scatter plots, generated by plotting
combinations of scores of factors. Plotting different combinations of factor
scores gives visual understanding of the classication pattern in the data.

This journal is ª The Royal Society of Chemistry 2013
averaging Y-axis variations keeping the X-axis constant. The
baseline corrections were performed by tting a h order
polynomial function. These spectra were used as a representa-
tive for spectral comparisons as well as to compute difference
spectra.
Results and discussion

Average spectra of (a) healthy control, (b) contralateral normal,
(c) non-habitués contralateral, (d) habitués healthy controls and
(e) tumor were computed and are shown in Fig. 1. Spectral
features of healthy controls are dominated by the strong dCH2

band, two sharp features in the amide III region, the sharp peak
around amide I and the ester band around 1744 cm�1 sug-
gesting a high lipid content. Features in the amide III region,
the broad and shied dCH2 band and broad amide I in the
mean tumor spectrum indicate protein dominance. In healthy
conditions, epithelium and lamina propria contain reticulin
and collagen bers while submucosa is rich in adipose tissue.
In the case of tumors or other pathological conditions there is
loss in the architectural arrangement of different layers indi-
cating loss of lipid features as contents of different layers are
mixed.33–35 In addition to this, cells of pathological conditions
have large amounts of surface and receptor proteins, enzymes,
antigens, and antibodies which may give rise to a protein-
dominated spectrum. These ndings further corroborate earlier
reports of ex vivo and in vivo RS studies.26–28,33–38 Spectra of
contralateral normal and habitués healthy controls are also
dominated by lipid bands but exhibit minor differences, with
respect to healthy controls, such as minor shi in amide III and
dCH2 band as well as broadening of the amide I region which
suggests changes in protein secondary structures. Mean spectra
of non-habitués contralateral subjects show a similar spectral
pattern to that of healthy controls with minor differences like
sharp amide I and additional bands in the ester region.

In order to bring out spectral differences between different
groups, difference spectra were computed and are shown in
Fig. 2A–D. Subtraction of mean spectra is one of the conven-
tional ways of looking at spectral differences which can provide
differences over the selected spectral range and understanding
of the moieties that are modied. Difference spectra of patho-
logical conditions i.e. tumor (i), contralateral normal (ii), non-
habitués contralateral normal (iii) and habitués healthy
controls (iv) were computed by subtracting them from healthy
controls. As can be seen from Fig. 2A(i–iv), all positive peaks
correspond to healthy controls and negative bands are from
various pathological conditions. The difference tumor spectrum
(Fig. 2A(i)) exhibits loss of lipids (1440, 1300, 1743 cm�1) and
the presence of DNA (1340, 1480 cm�1) and hemoglobin
(�1560 cm�1), which could be attributed to the increase in
number of dividing nuclei and angiogenesis, respectively,
which are known hallmarks of tumorigenesis. Negative bands
suggesting the presence of DNA (1340, 1480 cm�1) and loss of
lipids (1300, 1440, 1743 cm�1) were also seen in the difference
spectrum of other pathological conditions (Fig. 2A(ii–iv)). Long
term tobacco exposure is known to cause increase in prolifera-
tion of epithelial cells in the upper aero-digestive tract of
Analyst, 2013, 138, 4175–4182 | 4177
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Fig. 1 Mean spectra from healthy control (a), contralateral normal (b), non-habitués contralateral (c), habitués healthy controls (d), and tumor (e).
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tobacco users and can be considered as the preliminary event
for genetic changes culminating in the development of oral
SCC.39 To understand the inuence of long-term tobacco
Fig. 2 Comparison of difference spectra across different groups. A(i) healthy contro
habitués contralateral normal; A(iv) healthy control – habitués healthy control; B(i
normal; B(iii) habitués healthy control – non-habitués contralateral normal, C(i) con
normal, (D) non-habitués contralateral normal – tumor.

4178 | Analyst, 2013, 138, 4175–4182
exposure, spectra of tumor, contralateral normal and non-
habitués contralateral were subtracted from the mean habitués
healthy controls spectrum [Fig. 2B(i–iii)]. In this case positive
l – tumor; A(ii) healthy control – contralateral normal; A(iii) healthy control – non-
) habitués healthy control – tumor; B(ii) habitués healthy control – contralateral
tralateral normal – tumor; C(ii) contralateral normal – non-habitués contralateral

This journal is ª The Royal Society of Chemistry 2013
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Fig. 3 (A) Cumulative percent variance contribution of PCA factors used for LDA.
(B) LDA results of comparison of healthy control (>), contralateral normal (C)
and tumor (O).
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bands correspond to habitués healthy controls and negative
bands to pathological conditions. Once again, tumor spectra
show loss of lipids (1300, 1440, 1743 cm�1), predominant
protein features (broad 1660 cm�1) and prominent DNA bands
(1340, 1480 cm�1) (Fig. 2B(i)). Positive DNA bands along
with loss of lipid features (1300, 1440, 1650, 1743 cm�1) were
Table 2 Summary of classification between (A) healthy control, contralateral norm
and tumor; (C) healthy control, contralateral normal, habitués healthy control and
predictions and ex-diagonal elements are false positive predictions)

A
Healthy
control

C
n

Healthy
control

148/150 2

Contralateral normal 4 1
Tumor 0 1

Leave-one-out cross validation
Healthy control 148/150 2
Contralateral normal 4 1
Tumor 0 1

B
Healthy
control

Contralateral
normal

Healthy control 146/150 3
Contralateral normal 0 119/170
Habitués healthy controls 5 41
Tumor 0 7

Leave-one-out cross validation
Healthy control 144/150 4
Contralateral normal 0 118/170
Habitués healthy controls 5 42
Tumor 0 7

C
Healthy
control

Contralateral
normal

Healthy control 148/150 0
Contralateral normal 1 131/170
Habitués healthy controls 4 22
Nonhabitués contralateral normal 0 2

Leave-one-out cross validation
Healthy control 148/150 0
Contralateral normal 1 128/170
Habitués healthy controls 4 30
Nonhabitués contralateral normal 0 5

This journal is ª The Royal Society of Chemistry 2013
observed in the difference spectrum of non-habitués contra-
lateral, which could be attributed to tobacco induced hyper-
cellularity (Fig. 2B(iii)). These features were further
corroborated by computing difference spectra of contralateral
normal as shown in Fig. 2B(ii). No major differences except the
minor shi in the dCH2 band were observed. The difference
spectrum of tumor and non-habitués contralateral were
computed by subtracting contralateral normal spectra
[Fig. 2C(i–ii)]. Positive peaks correspond to contralateral normal
and negative peaks to tumor and non-habitués contralateral
normal. Similar to earlier observations loss of lipids and
predominant protein features suggested by negative amide I
(�1658 cm�1) and amide III were seen in the difference spec-
trum of tumors [Fig. 2C(i)]. Difference spectra of non-habitués
contralateral normal suggest differences in the lipid content
(negative bands 1440, 1743 cm�1); positive DNA bands (1340,
1480 cm�1) were also observed which could be attributed to
tobacco induced hypercellularity [Fig. 2C(ii)]. The difference
tumor spectrum was computed by subtracting the mean
al and tumor; (B) healthy control, contralateral normal, habitués healthy controls
non-habitués contralateral normal subjects (diagonal elements are true positive

ontralateral
ormal Tumor

% Class
eff.

0 98.66

43/170 23 84.11
2 180/192 93.75

0 98.66
43/170 23 84.11
4 178/192 92.70

Habitués
healthy controls Tumor

% Class
eff.

1 0 97.33
30 21 70
104/150 0 69.33
17 168/192 87.5

2 0 96
31 21 69.41
103/150 0 68.66
19 166/192 86.45

Habitués
healthy controls

Nonhabitués
contralateral normal

%
Class eff.

2 0 98.66
38 0 77.05
123/150 1 82
4 54/60 90

2 0 98.66
41 0 75.29
115/150 1 76.66
3 52/60 86.66

Analyst, 2013, 138, 4175–4182 | 4179
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spectrum of non-habitués contralateral normal and spectral
features corroborate earlier observations, i.e. loss of lipids
(1300, 1440, 1743 cm�1) and presence of DNA bands (1340,
1480 cm�1), as shown in Fig. 2D. Overall, major spectral vari-
ability was observed in DNA (1340, 1480 cm�1), proteins (amide
I, III, dCH2) and lipids (dCH2 deformation, twisting and ester).
Loss of lipids seems to be a common feature for most of the
pathological conditions in comparison to healthy controls.
The spectral assignments were based as reported in the
literature.34,38,40,41

Pattern recognition tool PC-LDA followed by LOOCV was
used to identify discrimination patterns among different
groups. In the rst step, the efficacy of RS in correctly identi-
fying negative controls i.e. healthy controls was evaluated.
Spectral data of healthy controls, contralateral normal and
tumor sites were subjected to PC-LDA using 5 factors which
accounted for �92% variance. The cluster belonging to healthy
control is exclusive, while contralateral normal and tumor show
minimal overlap (Fig. 3). In LOOCV (Table 2A) only 2 out of 150
(1%) spectra from healthy control were wrongly classied as
contralateral normal. 14 tumor spectra were misclassied as
contralateral normal, while 23 contralateral normal spectra
were wrongly classied as tumor. Corroborating our earlier
studies,26–28 minor misclassications of tumor spectra as
contralateral normal and vice versa were observed, which can be
attributed to tumor heterogeneity. As spectra in the present
study were recorded at different points, the possibility of
acquiring spectra from analogues normal or dysplastic site in
the tumor region cannot be ruled out. As already mentioned,
transformation of buccal mucosa oen precedes premalignant
lesions eventually leading to malignancy. The non-overlap of
healthy controls and overlap among contralateral and tumor
could be attributed to the presence of transformation zones in
visibly normal mucosa and heterogeneous nature of tumors.

In order to explore the feasibility of identifying changes due
to tobacco exposure, spectral data of habitués healthy controls
along with healthy controls, contralateral normal and tumor
sites were analyzed by PC-LDA. In this case, 8 factors accounting
for �82% variance were used for analysis (Fig. 4). Once again,
Fig. 4 (A) Cumulative percent variance contribution of PCA factors used for LDA.
habitués healthy control subjects (X) and tumor (O).

4180 | Analyst, 2013, 138, 4175–4182
an exclusive cluster of healthy controls and two minimally
overlapping clusters of contralateral normal and tumor sites of
habitués oral cancer subjects were obtained (Fig. 4). Major
overlap was observed between contralateral normal mucosa and
habitués healthy controls. The ndings of LOOCV, shown in
Table 2B, indicate that only 6 spectra from healthy controls were
misclassied (4 as contralateral normal and 2 as habitués
healthy control) and 52 out of 170 spectra of contralateral
normal were wrongly classied (21 as tumor and 31 as habitués
healthy controls). For habitués healthy controls, 47 misclassi-
cations (42 were contralateral and 5 with healthy controls)
were noted. This could be attributed to tobacco induced CFE
suggesting that early changes due to carcinogen exposure can
be identied. In the case of tumor, 26 spectra (19 as habitués
healthy and 7 as contralateral normal) were wrongly classied,
which could be due to the presence of regions of inammation
as a result of tobacco exposure within tumor (tumor heteroge-
neity) and transformation zones in visibly normal mucosa.

Although tobacco is a known major etiological factor for oral
cancers, there is a sizeable occurrence of oral cancers in
subjects without tobacco habits. To study the transformation in
uninvolved mucosa of such cases, analysis was carried out on
non-habitués contralateral subjects along with habitués
contralateral normal, habitués and non-habitués healthy
controls by PC-LDA using 7 factors, which cover �85% spectral
variance (Fig. 5). Similar to earlier observations, an exclusive
cluster of healthy controls and overlapping clusters of contra-
lateral normal and habitués healthy controls were obtained.
The contralateral normal side of non-habitués cancer subjects
also yielded a separate cluster (Fig. 5). Fiy-two (52) out of 60
spectra of non-habitués contralateral normal were correctly
classied by LOOCV (Table 2C). The minor misclassications
were with contralateral (5 spectra) and habitués healthy
controls (3 spectra). Similar to analysis described above, overlap
between contralateral normal and habitués healthy controls
were observed. Of the total 42 misclassications of contralateral
normal, 41 were habitués healthy controls and 1 was healthy
control. In the case of habitués healthy controls, of the 35
misclassications, 30 were contralateral normal, 4 being
(B) LDA results of comparison of healthy control (>), contralateral normal (C),

This journal is ª The Royal Society of Chemistry 2013
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Fig. 5 (A) Cumulative percent variance contribution of PCA factors used for LDA. (B) LDA results of comparison of healthy control (A), contralateral normal (,), non-
habitués contralateral normal (:) and habitués healthy control (X).
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healthy controls and 1 was non-habitués contralateral. In this
case, both contralateral normal mucosa and non-habitués
contralateral mucosa showed no overlap with healthy controls,
suggesting the presence of CFE/MAC. No overlap between
contralateral normal mucosa and non-habitués contralateral
mucosa was also observed which suggests that early trans-
formation changes in both groups may be different.
Conclusions

Oral cancer subjects with multiple primary tumors have poor
prognosis and a lower disease free survival rate. Identication
of uninvolved, transformation prone regions may allow esti-
mation of risk before occurrence of a disease. Histopathological
diagnoses, current gold standard, may not be an ideal tool to
detect early changes such as CFE/MAC. Molecular diagnosis
methods have been shown to be feasible for identifying such
changes. In fact, the study by Brennan et al. has shown that out
of 25 subjects having completely negative diagnosis by histo-
pathology, 13 were found to be positive by molecular analysis, of
which ve have shown recurrence within 2 years.42 In colon
cancers, molecular markers like the colonocyte proliferation
rate, apoptosis assays and others have provided evidence that
transformation prone non-neoplastic rectal mucosa can be
identied.8 However, assaying these cellular and genetic
markers may be imprecise, has inter-observer discrepancies,
involves invasive procedures, is cumbersome and therefore
impractical for clinical utilization or routine screening. Identi-
cation of cellular micro-architectural changes with an objec-
tive and sensitive technique may provide an insight into the
genetic/environmental milieu during early carcinogenesis.8–11,29

In oral cancer, screening of early lesions and identication of
transformation prone areas in even chronic tobacco users can
help in reducing the incidence as well as occurrence of multiple
primary neoplasias. Since invasive screening methods like
biopsy or blood collection are not practical, novel diagnostic
methods which are preferably non-invasive and sensitive to
minor biochemical variations are always desirable for screening
of large population. Optical diagnostic methods are being
explored as a novel, non-invasive method of diagnosis for
cancers. The amenability of optical data to multivariate analysis
tools provides objectivity to the method. The feasibility of
This journal is ª The Royal Society of Chemistry 2013
identifying normal, cancerous and pre-cancerous lesion in the
oral cavity with in vivo RS has already been demonstrated.26–28

Therefore it is pertinent to explore this technique in identifying
changes like CFE/MAC in uninvolved normal mucosa which
have been implicated in the development of multiple primary
tumors of the oral cavity.

The ndings of the study suggest that subtle changes
because of tobacco abuse/unknown etiological factors, which
may be indicative of early neoplastic transformation in clini-
cally normal appearing contralateral mucosa i.e. CFE/MAC, may
be detected by Raman spectroscopy. The non-invasiveness and
use of a harmless excitation wavelength impart this method
several advantages, and thus prospectively RS has potential to
become an ideal mass screening tool in public health programs.

Abbreviations
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 Fourier transformed infrared
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 Linear discriminant analysis
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