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Abstract. Intrinsic fluorescence spectra of the human normal, cervical intraepithelial neoplasia 1 (CIN1), CIN2,
and cervical cancer tissue have been extracted by effectively combining the measured polarized fluorescence
and polarized elastic scattering spectra. The efficacy of principal component analysis (PCA) to disentangle the
collective behavior from smaller correlated clusters in a dimensionally reduced space in conjunction with the
intrinsic fluorescence is examined. This combination unambiguously reveals the biochemical changes occurring
with the progression of the disease. The differing activities of the dominant fluorophores, collagen, nicotinamide
adenine dinucleotide, flavins, and porphyrin of different grades of precancers are clearly identified through a
careful examination of the sectorial behavior of the dominant eigenvectors of PCA. To further classify the differ-
ent grades, the Mahalanobis distance has been calculated using the scores of selected principal components. ©
2014 Society of Photo-Optical Instrumentation Engineers (SPIE) [DOI: 10.1117/1.JBO.19.12.127003]
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1 Introduction
Early detection of cancer can significantly improve chances of
patient survival. Conventional techniques are often not sensitive
enough to detect subtle changes that occur in the early stages of
disease. Optical methods, however, are known to be sensitive to
biochemical and morphological changes that occur during the
progress of the disease. Biochemical changes occurring at
a cellular level originate from biomolecules, e.g., nicotinamide
adenine dinucleotide (NADH), flavin adenine dinucleotide
(FAD), and its derivatives and collagen.1,2 Both NADH and
FAD play a major role in the metabolic activities of the cell,
whereas structural changes in the tissue are produced by
changes of the collagen.3,4 The ratio of NADþ and NADH is
known to change significantly in diseased tissue. NADH is
bound to proteins in normal tissues as compared to the unbound
one in tumors, exhibiting different behaviors as a result.5–7 The
collagen network, which forms the supportive backbone in the
stroma, systematically breaks down with the progress of the dis-
ease.8,9 These changes result in differing emission properties of
the tissue in normal and diseased conditions and have been
captured through fluorescence spectroscopy and imaging.10,11

However, absorption by blood and scattering from cells and
nuclei in tissue result in masking the weak fluorophore activ-
ities, making it difficult to observe these changes. Hence, iso-
lating these environmental effects will undoubtedly help in
identifying the differing optical activities, particularly in the
early stage of cancer where these changes are expected to
be small.

Various techniques have been used to correct for the attenu-
ation due to scatterers and absorbers from the measured fluores-
cence of the tissue samples. Schemes developed with judicious

combinations of measurements like an intensity ratio of the fluo-
rescence to scattered light,12 ratios of diffuse reflectance,13,14 and
ratios of autofluorescence15,16 at different wavelengths are used
to extract intrinsic fluorescence. However, their accuracy in cor-
recting for the attenuation is limited since the wavelength
dependence of optical parameters is not taken into account.1

In this direction, several groups have developed transfer func-
tions in terms of optical transport parameters of tissue17

using Kubelka-Munk theory,18,19 diffusion theory,20,21 photon
migration theory,22–25 and Monte Carlo simulations.26 Most
of these techniques apply only to a limited wavelength range
(500 to 800 nm), where the absorption
coefficient (μa) is less dominant than the reduced scattering
coefficient (μ 0

s). The photon migration theory covers the entire
bio-optically relevant wavelength region, which includes UV
(μa ≥ μ 0

s), visible, and near-infrared (μa ≪ μ 0
s), however, prior

knowledge of the optical parameters of the targeted samples
are necessary.23,25 Liu et al.27 reported the development of
a compact point-detection fluorescence spectroscopy system
and an empirical ratiometric method to quantify the intrinsic
fluorescence redox ratio and hemoglobin concentrations in in
vitro orthotopic brain tumor rat model. We make use of a
novel approach, developed earlier by our group, in effectively
combining the measured polarized fluorescence with the polar-
ized elastic scattering to remove the effects of absorption and
diffuse scattering.28,29 The main advantage of this correction
technique is the recovery of both line shape and intensity infor-
mation in a turbid medium with reasonable accuracy for the
range of optical transport parameters,28 where the ratio of
μa∕μ 0

s lies between 0 and 1.8.
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Decoupling the effects of scatterers and absorbers improves
diagnostic efficacy since subtle biochemical changes that take
place during the progress of tumors are visible in the intrinsic
fluorescence. To further highlight these subtle changes, a prin-
cipal component analysis (PCA) is applied which disentangles
the collective behavior from smaller correlated clusters in a
dimensionally reduced space. The use of PCAwith suitable clas-
sification functions has been found useful in differentiating vari-
ous classes of human tissues.30–42 It is worth pointing out that
Ramanujam et al. have developed a multivariate statistical algo-
rithm for the screening and diagnosis of cervical precancers.43,44

To illustrate the general applicability of our approach, we
focus here on cervical precancers. Studies on the detection of
cervical tissue precancers have been pursued by several groups
using different optical techniques and statistical methods, both
in vivo and in vitro.31,45–54 In vivo measurements by Nordstrom
et al. have shown that UV fluorescence provides a better dis-
crimination of precancers from normal squamous cervical tissue
than diffuse reflectance.45 A sensitivity of 86% and 87% speci-
ficity has been achieved by them in normal versus CIN1 and
91% sensitivity and 93% specificity for normal versus CIN2/
3. Huh et al. have discriminated the high grades of CIN 2/3
with 90% sensitivity using in vivo data from both fluorescence
and reflectance.46 A binary classification of different sets of cer-
vical tissue is reported by Kortum et al. They have reported
a better discrimination with combined reflectance and fluores-
cence measurements (83% sensitivity and 80% specificity)
compared to exclusively using reflectance spectroscopy in
in vivo studies of squamous normal and high grades squamous
intraepithelial lesions (HGSIL) of cervical tissue.31,47 Isolating
chronic inflammation from precancers is necessary for accurate
detection. Rodero et al. have discriminated chronic inflamma-
tion and low grades of squamous intraepithelial lesions from
HGSIL with 89% sensitivity and 100% specificity using fluo-
rescence spectroscopy.48 Other optical techniques like optical
coherence tomography49 and Raman spectroscopy50,51 have
also been utilized for cervical precancer detection. The absorp-
tion coefficient and reduced scattering coefficient obtained
through in vivo diffuse reflectance spectroscopy measurements
and Monte-Carlo simulations by Ramanujam et al. have shown
differences among normal, CIN1, and CIN2 cervical tissue.52

Fluorescence from body fluids have also displayed a potential
for early detection.53,54 Most of the groups mentioned above
use a binary classification where all classes (CIN1, CIN2,
CIN3, and normal) are not always discriminated with respect
to one another. Here, we report differences in normal, CIN1,
CIN2, and cancerous tissues with respect to one another, high-
lighting the extracted molecular information.

In this study, the merit of coupling experimentally extracted
intrinsic fluorescence with PCA is clearly demonstrated in cer-
vical precancers. Elimination of both diffuse scattering and
absorption effects unambiguously reveals signatures of fluoro-
phores in intrinsic fluorescence spectra as has been validated in
our earlier work on tissue mimicking phantoms.28 The combined
approach highlights subtle biochemical changes in the activities
of NADH, flavins, and collagen emission properties55 for differ-
ent grades of human cervical precancer. An autocorrelation and
random-matrix approach56–58 identifies the wavelength domain
where these activities are most prominent. This not only helps
identify the underlying fluorophores, but also vividly captures
the most sensitive marker that indicates disease progression.
Careful examination of the sectorial behavior of the dominant

eigenvectors reveals the relative contributions of NADH,
flavins, collagen, and porphyrin. To further classify, the
Mahalanobis distance has been calculated using the scores of
selected principal components.

2 Methods and Materials

2.1 Data Acquisition

A commercial spectrofluorometer (SPEX, Fluorolog 3, Model
FL3-22), which uses a 450 W xenon lamp as the source, is
used for acquisition of data from cervical tissues. The polarized
fluorescence spectra of fresh cervical tissue specimens are
recorded with excitation at 370 nm. All measurements are
made at an angle of 22.5 deg with respect to the incident polar-
ized light. The epithelial layer of the tissue is exposed to the
incident light during the recording of the spectra. The scanning
range of polarized fluorescence is 400 to 609 nm with an inte-
gration time of 0.1 s and a spectral resolution of 1 nm. In addi-
tion, corresponding polarized elastic scattering spectra are also
recorded. Keeping the excitation polarizer vertical, copolarized
(VV) and cross-polarized (VH) fluorescence and corresponding
polarized elastic scattering are recorded with the emission polar-
izer in the vertical and horizontal positions, respectively.

2.2 Protocol Used to Extract Intrinsic Fluorescence

The intrinsic fluorescence is extracted by using the measured
polarized fluorescence and polarized elastic scattering data,
which remove the effects of diffuse scattering and absorption.
The intrinsic fluorescence intensity (Iint:fl:) is given by

Iint:fl: ¼
f½IVVðλÞ − GðλÞ × IVHðλÞ�flg

½R�xf½IVVðλÞ − GðλÞ × IVHðλÞ�scattgð1−xÞ
: (1)

Here, subscripts fl and scatt refer to the fluorescence and
elastic scattering, respectively, with IVV and IVH representing
the intensities of co- and cross-polarized channels. Gð¼IHV∕IHHÞ
corrects for the difference in instrumental response to
vertically and horizontally polarized light.55 Elastic scattering
ðIVV −G × IVHÞscat at the excitation wavelength is denoted
by R. On an average, fluorescence and elastic scattering contrib-
ute equally to the entire path traversed by the excitation photon
inside the tissue.24,29 The factor x ¼ 0.5 takes into account this
contribution. The validation of this technique has been previ-
ously reported on tissue mimicking phantoms.28

2.3 Sample Collection and Handling

This in vitro study involved fresh human cervical tissue pro-
vided by G.S.V.M. Medical College, Kanpur, within 2 h of exci-
sion. All samples are taken from hysterectomy cases and a
written consent form is obtained from each patient by the doc-
tors involved in this study. The protocol number for this work
from the Institute Ethical Committee (IEC) of IIT Kanpur is
IITK/IEC/2012-13/1/3. These samples are labeled as normal
and abnormal on the basis of visual inspection. Sample dimen-
sions are ∼2 mm × 5 mm. The samples are rinsed with saline
water to remove superficial blood before performing the experi-
ment. Data acquisition time for each measurement is 3 min.
After completing the signal acquisition, these tissue samples
are sent back to the medical college for histopathology analysis
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and to confirm classification as normal, CIN1, CIN2, and can-
cerous tissue.

2.4 Data Analysis

Polarized fluorescence spectral data, collected from 99 patients
of varying ages and economic backgrounds, are categorized into
different groups as normal (21 samples), CIN-1 (47 samples),
CIN-2 (22 samples), and cancerous (9 samples) on the basis
of histopathological reports. Intrinsic fluorescence is extracted
for emission wavelengths from 400 to 609 nm using the earlier
mentioned protocol. Subsequent to the extraction, a principal
component analysis (PCA) is applied to the intrinsic fluores-
cence spectra for the dimensional reduction of the data without
loss of its features. In addition to dimensional reduction, PCA
identifies the spectrally prominent regions through the eigenvec-
tor components of the dominant eigenvalues. It also character-
izes the noise using results from random matrix theory, making
the spectral features unambiguous.42,57 To identify the principal
components (eigenvectors) of the spectra containing maximum
variance of the complete data, an empirical correlation matrix C
is constructed.39–42

Cij ¼
1

N

XN
k¼1

δITi ðkÞδIjðkÞ ¼
ATA
N

: (2)

Here, δIjðkÞ ¼ Ajk is the mean subtracted intensity divided
by the standard deviation, computed over the samples at each
wavelength. Index i varies from 1 to 210, representing the wave-
length range from 400 to 609 nm and k gives the number of
samples. Subsequently, the principal components PC1, PC2,
and PC3 corresponding to the first three highest eigenvalues
of the correlation matrix are calculated, which capture ∼99%
variance of the original data. These eigenvalues lie well above
the noise threshold.36 Further, probability density functions are
used to study the scores of the principal components for careful
analysis of the distribution. In order to estimate the probability
density function f of the scores x, a kernel-smoother density
estimation is used:40

f̂hðxÞ ¼
1

nh

Xn
i¼1

K

�
x − xi
h

�
; (3)

where the entire data are divided into n ¼ 100 equally spaced
points xi. Here h is the smoothing parameter, known as band-
width, and K is the normal distribution given as

K

�
x − xi
h

�
¼ 1ffiffiffiffiffi

2π
p e−ðx−xiÞ2∕2 h2 : (4)

Scores of the selected principal components of each tissue
class are then divided into training and validation data sets.
Mahalanobis distances of validation set data points (v) from
the mean of training set data points (tm) are calculated as
given below:31,45

r ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðv − tmÞ 0c−1t ðv − tmÞ

q
; (5)

where ct is the covariance matrix of training set data points. The
different tissue types are classified on the basis of r. Ten samples
each from normal and CIN2, 24 samples from CIN1, and
4 cancer samples are randomly selected for inclusion in the
training data sets. The remaining 11 normal, 23 CIN1, 12
CIN2, and 5 cancer samples are used as the validation data
sets. Mahalanobis distances are computed using training data
sets for each grade, and these distances are then used to classify
the validation sets of the corresponding grades. This process is
repeated twice taking randomly selected samples in training and
validation data sets, and this made no significant difference in
classification. Finally, the above-computed Mahalanobis dis-
tance is used to classify the complete data set (which included
both training and validation data sets).

3 Results and Discussion
Figures 1(a) and 1(b) display co- and cross-polarized compo-
nents of the fluorescence and of the elastic scattering spectra
of cervical tissue, respectively. Area normalized intensities of
copolarized, cross-polarized, and intrinsic fluorescence spectra
are shown in Fig. 1(c). The cross-polarized component travels
a larger path inside the tissue and bears more absorption and
diffuse-scattering effects as compared to the copolarized
component. As a consequence, the absorption dips at 410 nm
are enhanced in the cross-polarized components, as seen in
Fig. 1. The removal of the dip in the intrinsic fluorescence spec-
trum is clearly visible in Fig. 1(c).

The technique, thus, successfully extracts intrinsic fluores-
cence by eliminating the effects of absorption and diffuse
scattering. This can now be used to study the biochemical
behavior of normal and different grades of cervical tissue
samples with further statistical analysis. Figure 2(a) shows
the area normalized mean intrinsic fluorescence spectra of
normal, CIN-1, CIN-2, and cancerous cervical tissue samples.
The regions in the wavelength ranges from 400 to 420 nm and
452 to 470 nm are attributed to the contribution from collagen
and NADH, respectively.3–9 These ranges are magnified in

Fig. 1 Typical plots of co- and cross-polarized components of (a) fluorescence spectra, (b) elastic scat-
tering spectra, and (c) typical area normalized spectra of copolarized, cross-polarized, and intrinsic
fluorescence emission for human cervical tissue.
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Figs. 2(b) and 2(c) to highlight the reduction of collagen and
increase in NADH contributions with development of the dis-
ease, respectively. The reduced collagen emission corresponds
to the breaking of collagen matrix structures and the increased
NADH emission is due to the enhanced metabolic activity of
cells with the growth of abnormal cells.5–9 It is pertinent to
note at this point that even on extraction of the intrinsic

fluorescence, the spectra do not display significant changes as
the disease progresses.

Figures 3(a), 3(e), and 3(f) depict the correlation maps for
intrinsic, co- and cross-polarized fluorescence components of
the normal tissues. With 370-nm excitation, the spectra are
scanned from 400 to 609 nm. The wavelength shift in the
correlation map is calculated from 400 nm. Significantly high

Fig. 2 Area normalized mean spectra of intrinsic fluorescence for normal and different grades of cervical
tissues in the emission wavelength range of (a) 400 to 609 nm, (b) 400 to 420 nm, and (c) 452 to 470 nm.
Figures 2(b) and 2(c) [magnified view of Fig. 2(a)] show the collagen and nicotinamide adenine dinucleo-
tide behavior in the intrinsic fluorescence of normal and different grades of cervical tissues. Error bars in
the figures show standard deviation.

Fig. 3 Correlation maps of intrinsic fluorescence for (a) normal, (b) CIN-1, (c) CIN-2, and (d) cancerous
cervical tissue. (e) and (f) show co- and cross-polarized fluorescence correlation matrices for normal
cervical tissue. One observes well-demarcated domains in normal and different grades of precancer
in the correlation maps.
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correlation domains are seen in the correlation map of intrinsic
fluorescence compared to the domains of co- and cross-polar-
ized components. The high correlation occurs because the fluo-
rescence is now free from the effects of absorption and diffuse
scattering. The importance of extracting intrinsic fluorescence is
clearly visible in these correlation maps where the domains of
co- and cross-polarized components [Figs. 3(e) and 3(f)] are not
as distinct as in the intrinsic case. The correlation maps of intrin-
sic fluorescence of CIN-1, CIN-2, and cancerous cervical tissues
are displayed in Figs. 3(b), 3(c), and 3(d). In the correlation map
of the normal tissue, three distinct domains are visible. These
correspond to the fluorescence emission of collagen (400 to
420 nm), NADH (452 to 470 nm), and FAD (500 to 550 nm),
as is evident from the wavelength regions they occupy.

The size of the first domain, which corresponds to the activ-
ity of collagen, decreases monotonically when going from nor-
mal to CIN-1, CIN-2, and cancer samples. The second domain
corresponding to NADH activity is red-shifted in the case of
CIN-1 and CIN-2 relative to the normal one and is most dom-
inant in the correlation map of the cancer case. The contribution
of the third domain, which represents the activity of FAD and its
derivatives, reduces sequentially in the abnormal tissues relative

to the normal ones. A small domain appears at approximately
580 nm in CIN-2 and cancer cases; this may be due to porphyrin
contributions. There is evidence of porphyrin fluorescence in
breast tumors from recent studies.59–61 Thus, in spite of a
large standard deviation as seen in Fig. 2, distinct differences
are still observed in the corresponding correlation maps of
intrinsic fluorescence. This demonstrates the strength of PCA
in highlighting the molecular information of already corrected
spectra.

We now proceed to select the significant eigenvalues and
corresponding eigenvectors of the correlation matrices, which
contain the maximum information of the original data. The first
three highest eigenvalues chosen are listed in Table 1. Other
eigenvalues have been found to be quite small and, hence,
have not been considered. The eigenvectors (principal compo-
nents) corresponding to these three highest eigenvalues are used
to represent the complete data. This is evident in the spectra,
reconstructed using eigenvectors corresponding to the first two
and the first three highest eigenvalues and shown in Figs. 4(a)
and 4(b), respectively. The reconstructed spectrum captures
the original spectrum more accurately when the eigenvector
corresponding to the third eigenvalue is included.

Probability densities of the PC1, PC2, and PC3 scores have
been systematically analyzed, as shown in Figs. 5(a), 5(b), and
5(c), respectively. A kernel-smoother has been used to get the
normal distributions of the scores of PC1, PC2, and PC3. It is
observed that probability distribution curves of the scores of
PC1, PC2, and PC3 are able to separate different tissue grades.
The distribution curves of these groups have some overlap.
However, the peak separation of the distribution curves of
PC3 scores is more distinct as compared to the other two, bring-
ing out the subtle differences more distinctly.

The principal components can be visualized as new coordi-
nate axes along which the given data are optimally represented.
Hence, any parametric relation between these can have empiri-
cal implications. Considerably different curvatures are observed
in the three-dimensional scatter plots of PC1, PC2, and PC3 for
different tissue types, as is clear in Fig. 6(a). Scatter plots for
CIN-2 and cancerous tissue types are more dispersed compared
to normal and CIN-1. The probability density function and
scatter plots both show remarkable differences among different
tissue types.

It is evident that the eigenvector entries and their distributions
provide valuable insight into the relative contribution of differ-
ent fluorophores to the emission spectra. The eigenvector entries
of PC1, PC2, and PC3 corresponding to the first three largest
eigenvalues are shown in Fig. 7 for normal and different grades
of cancerous tissue. As is well known, the dominant eigenvalue
corresponds to the collective motion, akin to the motion of the
center of mass. It can be observed that PC1 bears the reflection

Table 1 First, second, and third highest eigenvalues for normal and
different grades of cervical tissues showing distinct differences
between tissue types.

Eigenvalues Normal CIN-1 CIN-2 Can

First 206.0 199.2 198.1 203.7

Second 2.5 7.8 4.6 3.1

Third 0.9 1.6 3.5 2.0

Fig. 4 Typical reconstructed spectrum using the eigenvectors corre-
sponding to first (a) two and (b) three highest eigenvalues with the
original spectrum of normal tissue. It is clear that, together, these
three capture the maximum variance.

Fig. 5 Probability density for the scores of (a) PC1, (b) PC2, and (c) PC3 of intrinsic fluorescence inten-
sity revealing significant differences between the tissue types.
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of the structures in the correlation matrices as it retains most of
the information of the original data. These modes in a financial
time series are known as market modes, representing the corre-
lated behavior of the entire market.56 It is clear from Fig. 7(a),
which depicts the eigenvector entries of the dominant eigen-
value, that these are broadly distributed and show characteristic
collective differences in the structure of the correlation matrices.
The other smaller eigenvalues provide information about the
subdominant correlated sectors. In the context of a financial
time series, these refer to correlated sectors arising from the

cluster of companies of similar kind. In the present context,
these refer to different fluorophore activities and their interrela-
tions. To systematically identify the correlated substructures, the
eigenvalue entries are plotted with prior demarcation of different
sectors corresponding to the activity of different fluorophores,
namely collagen (400 to 420 nm), NADH (452 to 470 nm), FAD
(∼530 nm), and porphyrin (∼580 nm).

The eigenvector entries corresponding to the second and
third largest eigenvalues shown in Figs. 7(b) and 7(c) clearly
segregate the domains of activity of different fluorophores.

Fig. 6 (a) Three-dimensional scatter plots and (b) means of scores with error bars at 95% confidence
intervals of PC1 versus PC2 versus PC3 for normal, CIN-1, CIN-2, and cancerous cervical tissue.

Fig. 7 Plots of the eigenvector entries corresponding to the (a) first, (b) second, and (c) third highest
eigenvalues of the intrinsic fluorescence for normal, CIN1, CIN2, and cancer samples.
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The eigenvector entries (PC3) corresponding to the third largest
eigenvalue show that collagen activity in the wavelength range
from 400 to 420 nm is significantly reduced from normal to
cancer. The NADH activity corresponding to the range from
452 to 470 nm shows a rapid increase in CIN-1 and then a
gradual decrease as the disease progresses. The traces of its
increased activity can then be tracked in the eigenvector
entries of the second largest eigenvalue. In CIN-2, the levels
of porphyrin activity corresponding to the range from 580 to
609 nm are increased considerably and remain high in cancer
cases. Hence, the biochemical information is faithfully captured
by the principal components and clearly demonstrates the
changes as normal tissue progressively deteriorates to the higher
grades.

Further, for a quantitative estimation of the spectral proper-
ties of tissue, the Mahalanobis distance has been utilized for
discrimination.31,45 Mahalanobis distances are calculated for

co- and cross-polarized, unpolarized, intrinsic fluorescence,
and elastic scattering data sets for comparison, using scores
of PC1, PC2, and PC3 and their scatter plots as displayed in
Fig. 8. Based on this analysis, the sensitivity and specificity
of the intrinsic fluorescence are found to be 100% for classifying
the normal from CIN1, CIN2, and cancerous tissue samples. The
Mahalanobis distances of the copolarized fluorescence show
very high scatter, while unpolarized data points are clumped
together around the origin, although with 100% sensitivity and
specificity.

The sensitivity and specificity for copolarized elastic scatter-
ing are (100%, 100%), (90%, 95%), and (100%, 100%), in dif-
ferentiating normal from CIN1, CIN2, and cancerous samples
[Figs. 8(g), 8(h), and 8(i)], respectively. The cross-polarized
components of both fluorescence and elastic scattering follow
similar trends as the copolarized data with 100% sensitivity
and specificity. Among all the scatter plots displayed, the

Fig. 8 Scatter plots of the Mahalanobis distances calculated for each sample from the training centroids
of intrinsic [(a), (b), and (c)], copolarized [(d), (e), and (f)], copolarized elastic scattering [(g), (h), and (i)],
and unpolarized [(j), (k), and (l)] fluorescence for tissue samples of different grades. Here, scores of PC1,
PC2, and PC3 have been used for discrimination. Cross-polarized data of fluorescence and elastic
scattering also show similar trends as copolarized data (not shown here).
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intrinsic fluorescence scores display a clear separation with
almost no dispersion. The fact that intrinsic fluorescence
shows maximum separation indicates its usefulness in reliable
discrimination.

4 Conclusion
In conclusion, the polarization-based technique presented here
successfully extracts intrinsic fluorescence from the cervical
tissue spectra after eliminating the absorption and diffuse scat-
tering effects. In combination with PCA, the experimentally
extracted intrinsic fluorescence clearly unmasks the contribu-
tions of collagen, NADH, FAD, and porphyrin during the pro-
gression of the disease. It is worth emphasizing the effective role
of PCA, which separates the collective behavior through its
eigenvectors corresponding to first three highest eigenvalues,
thereby accurately demonstrating the relative change of the
fluorophore activities in the different grades of precancer. The
spectral features of these fluorophores manifest in different
domains of the correlation matrices. The correlation maps of
the intrinsic fluorescence reveal distinct differences among
the normal and the different grades as compared to the subtle
differences observed in their spectral profiles. Furthermore,
the importance of extracting intrinsic fluorescence can be
observed from the correlation map of intrinsic fluorescence,
which gives three distinct domains that are not clearly visible
in co- and cross-polarized components. The eigenvectors corre-
sponding to the first three highest eigenvalues of the correlation
matrices containing maximum information of the original data
highlight the broad spectral structures and their differences in
normal and different grades of different tissues. It can be
observed that eigenvectors corresponding to the first three high-
est eigenvalues capture the relevant spectral features of the cor-
relation matrices and clearly discriminate different tissue types.
The sectorial behavior of the eigenvector entries of these dom-
inant eigenvalues unambiguously highlights the differing activ-
ities of collagen, NADH, FAD, and porphyrin in different grades
of precancer. In particular, the eigenvectors corresponding to
the second and third eigenvalues clearly reveal the relative con-
tribution of different flurophores to the correlation matrix. The
contribution of the third eigenvalue may be emphasized, as it
proved vital in remarkably pointing out the activities of the flu-
orophores with disease progression. In future, this study may be
extended to other forms of cancer and to in vivo studies. Further
quantification with Mahalanobis distance analysis has shown
the reliability of using intrinsic fluorescence as a discriminating
tool. Though the sensitivity and specificity of intrinsic, co-, and
cross-polarized data turn out to be 100%, the dispersion in data
of co- and cross-polarized states is high, while the intrinsic fluo-
rescence displays maximum separation between normal and dif-
ferent grades, respectively. In conclusion, it is pertinent to note
that in vivo results need not always follow those of excised tis-
sue. The major concerns are the oxidation of major fluorophores
and the weaker absorption by blood in in vitro conditions. These
concerns may be answered only through in vivo studies.
Nevertheless, validating the proposed technique does provide
an insight into the possibility of using it in clinical environment.
To take this study further, a polarization-based probe has been
fabricated and is in the preliminary stage of testing.
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