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Auto� uorescence spectral signals were measured in vivo from 85
nasopharyngeal carcinoma lesions and 131 normal tissue sites of 59
subjects during routine nasal endoscopy. Diagnostic algorithms
based on principal component analysis and the ratio of the spectral
signals between multiple-wavelength bands were developed for clas-
sifying the auto� uorescence spectra. Performances of the algorithms
were evaluated using the cross-validation method. The principal
component analysis based algorithms using information from the
entire � uorescence spectrum can differentiate nasopharyngeal car-
cinoma lesions from normal tissue with 95% sensitivity and 93%
speci� city. With 94% sensitivity, the speci� cities of multiple-wave-
length ratio algorithms are about 83%. The results demonstrate
that light-induced auto� uorescence endoscopy with principal com-
ponent analysis algorithms can provide accurate diagnostic infor-
mation for the detection of nasopharyngeal carcinoma in vivo and
may be potentially used in clinical practice combined with the rou-
tine white-light endoscopy procedure.

Index Headings: Fluorescence spectroscopy; Endoscopy; Principal
component analysis.

INTRODUCTION

Nasopharyngeal carcinoma (NPC), most common
among Southeast Asians, may occur at any age. When
detected in its early stages, successful treatment is pos-
sible. However, the currently available detection method,
white-light endoscopy, does not provide suf� cient accu-
racy in discriminating NPC from normal tissue, espe-
cially in the incidence of � at/small lesions and identi� -
cation of tumor margins in advanced stages of NPC. The
screening program identi� es the high-risk group of pa-
tients with raised serum EBV antibody titer. For diagnosis
of the subclinical tumors from the high-risk group, the
common practice is random endoscopic biopsy. However,
only 5.4% of patients with elevated serum EBV antibody
titer had asymptomatic NPC in random biopsies of the
nasopharynx. Therefore, there is a need for new tech-
nology that can combine with the commonly used white-
light endoscopy to provide more diagnostic information
for guiding the routine biopsy procedure and improving
the accuracy for identifying malignant lesions at the early
stage of tumor development.

Light-induced � uorescence (LIF) spectroscopy can re-
motely sense the biochemical and morphological state of
tissue in vivo. The difference in chemical composition
and structure between normal and diseased tissue is re-
� ected in the measured auto� uorescence spectral char-
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acteristics. This makes the LIF spectroscopic technique a
potential tool for in vivo noninvasive diagnosis of dis-
eased tissue. The use of LIF spectroscopy on tissue has
been conducted on a variety of organ sites. Comprehen-
sive reviews of the characterization of tissue by LIF spec-
troscopy have been presented in Refs. 1–3. In a pilot
study, we measured the in vivo auto� uorescence spectra
at nasopharyngeal sites in a small group of subjects. It
has been demonstrated that in vivo auto� uorescence spec-
tra of NPC and normal nasopharyngeal tissues are dif-
ferent, and that the difference can be used to discriminate
NPC from normal tissue.4

In this extended study, we conduct measurements of
the in vivo auto� uorescence at nasopharyngeal sites in a
large group of subjects. We explore the potential of sta-
tistical multivariate methods to classify the in vivo auto-
� uorescence. Speci� cally, principal component analysis
(PCA), an effective method for analyzing the statistical
characteristics of spectral data, is used to process the
spectra collected from normal tissue and carcinomas in
vivo. This method allows us to use the information from
the full spectral data to build a diagnostic algorithm. The
PCA method has been successfully applied to classifying
in vivo auto� uorescence by other groups.5–9 In general,
PCA reduces the dimension of spectral data into a set of
informative principal components that account for most
of the variance of the spectral data. Here, we � rst identify
the principal component (PC) loadings that carry the di-
agnostic information and then develop a probability-
based algorithm and a simpler threshold-based algorithm
to classify in vivo auto� uorescence spectral data based on
the correlation between projection scores of the auto� uo-
rescence to the PC loadings and the pathologic state of
tissue sites where the auto� uorescence was measured.

In a comparison with the results of the pilot study re-
ported in Ref. 4, we evaluate the performance of the al-
gorithms including the � uorescence signals in two-wave-
length bands (2-l) and three-wavelength bands (3-l) for
the detection of nasopharyngeal carcinoma. The 2- and
3-l algorithms use the diagnostic information in two- and
three-wavelength bands instead of from the entire spec-
trum. Finally, the factors that could affect the perfor-
mance of the probability-based PCA algorithm and the
threshold-based PCA algorithm are discussed.

MATERIALS AND METHODS

LIF Spectroscopy and Tissue Histology. In vivo au-
to� uorescence spectra were collected at the nasopharyn-
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FIG. 1. Typical raw auto� uorescence spectra directly collected from
normal tissue sites and carcinoma tissue sites in vivo.

geal tissue site through a standard nasoendoscope. The
details of instrumentation for the measurement of LIF
signals in vivo have been described in a previous paper.4

Brie� y, the light source used as the excitation was a mer-
cury arc lamp � ltered with a band pass � lter with a band-
width from 390–450 nm. The excitation light was deliv-
ered to the tissue through the illumination channel of the
endoscope. The auto� uorescence was mainly excited by
the strong spectral peaks of mercury at 404.66 and
435.84 nm. The mercury emission lines at 404.66 and
435.84 nm share the same upper initial energy level, 1S0.
Therefore, the relative intensities between two strong
spectral peaks are determined by their relative transition
probabilities and independent of the operation conditions
of the light source. The major � uorophores excited by
the mercury lines at 404.66 and 435.84 nm are collagen
and FAD.1,3 The � uorescence from the other major � uo-
rophore, NADH, which is related to local metabolic pro-
cesses, is not excited because the absorption coef� cients
of NADH at the mercury peaks are negligible.1,3

The � uorescence and re� ection signals from the illu-
minated tissue surface were imaged by the endoscope and
separated by a dichoic mirror with a cut-on wavelength
at 470 nm. Seven optical � bers were evenly distributed
in the image plane of the endoscope to conduct the � uo-
rescence signals to an imaging spectrograph for spectral
analysis and recording. The spectral response of the sys-
tem was calibrated. The auto� uorescence spectra were
recorded in the wavelength range from 470–680 nm. The
dominant absorbers in this wavelength range are hemo-
globin and oxyhemoglobin.

The LIF spectroscopy measurement at the nasopharyn-
geal tissue site was conducted in the Department of Oto-
rhinolaryngology and the Department of Clinical Oncol-
ogy at Queen Mary Hospital, The University of Hong
Kong. Fifty-nine subjects were included in this study.
The in vivo auto� uorescence spectra were collected from
85 carcinoma tissue sites and 131 normal tissue sites. The
typical in vivo auto� uorescence for normal tissue and car-
cinoma are shown in Fig. 1. The biopsy specimens were
taken from the tissue sites where the auto� uorescence
spectra were collected. Histologic examinations on bi-
opsies were then performed by pathologists.

Diagnostic Algorithm Development. A variety of
multivariate statistical analysis methods have been used
in tissue spectroscopy. A comparison between different
methods on the classi� cation of auto� uorescence spectra
was made in Ref. 5. It was found that PCA-based algo-
rithms produced the highest diagnostic accuracy. The
commonly used multivariate linear regression methods
fail to perform better than PCA when the spectral data
set is not large enough, because the former method re-
quires the sample number in the data set to be greater
than the spectral dimension and that there be no colin-
earities in the data set.5,8 In this work, we use the PCA
method for processing the collected auto� uorescence
spectra and develop the diagnostic algorithms based on
principal components scores for classi� cation of auto-
� uorescence spectra.

Principal components analysis involves a mathematical
procedure that transforms a number of correlated or un-
correlated variables into a smaller number of uncorrelated
variables called principal components (PCs).10 The � rst

PC accounts for as much of the variability in the data set
as possible, and each succeeding component accounts for
as much of the remaining variability as possible. In the
application of the PCA method for processing auto� uo-
rescence spectral data, the original spectral variables
(wavelength) are transformed into a set of PC spectra in
the space of the original spectral variables (wavelength).
The PCs are arranged in the order of their contribution
to the variance of the entire spectral data set. Each spec-
trum is thus a combination of the PC loading spectra.

In general, a few PCs can explain most of the infor-
mative variations of an auto� uorescence spectrum be-
cause spectral characteristics of tissue are determined by
a limited number of biological � uorophores and absorb-
ers. Therefore, PCA processing can dimensionally reduce
the variables of the original spectral data into a small
number of informative PCs that fully describe the vari-
ations in the spectral data within the limitations of noise.
The projection of in vivo auto� uorescence signals onto
the informative PCs may then be related to the tissue
pathology and used to create a diagnostic algorithm for
classi� cation of the auto� uorescence signal.

The development of a diagnostic algorithm seeks to
make use of the reduced set of PC components to extract
the principal differences between normal and carcinoma
tissue for diagnostic purposes. The spectral dimension of
the raw auto� uorescence spectra is determined by the
wavelength range and resolution of the recorded spectral
data. In this work, the wavelength range of the raw au-
to� uorescence signal was from 470 to 680 nm and the
resolution of the spectrograph was 1.0 nm. The dimen-
sion of the raw spectral data was therefore 211. To pre-
pare the data for PCA, the raw spectra were smoothed to
remove high-frequency random noise using adjacent av-
eraging. Each smoothed spectrum was then normalized
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FIG. 2. Preprocessed auto� uorescence spectra for principal component
analysis.

to its area to eliminate variations between site-to-site and
individual-to-individual measurements. The processed
spectra of the normal tissue and the carcinoma lesions
are displayed in Fig. 2.

Applying PCA to the preprocessed auto� uorescence
spectra, the original spectra are transformed into a set of
PC scores. Since most of PCs account mainly for noise
and do not provide diagnostic information, it is necessary
to identify a small group of informative PCs to build the
algorithms for classi� cation of auto� uorescence spectra.
The complexity of a diagnostic algorithm will be reduced
by including a minimal number of PCs. The procedure
for the selection of informative PCs consists of two steps.
First, the contribution of each PC to the total variance of
spectral data is proportional to its eigenvalue. High-order
PCs often account for less than 1% of the total data var-
iation and represent noise. In this work, the PCs that ex-
plain more than 1% variance in the spectral data are con-
sidered as informative PCs. In the second step, an un-
paired students’ t-test is used to evaluate the difference
in projection scores on the informative PCs between the
auto� uorescence spectra of normal tissue and carcinoma
lesions. Only the PCs that have signi� cantly different
projection scores for normal tissue and carcinoma lesions
will be selected for construction of diagnostic algorithms.

After the PCs with diagnostic information are identi-
� ed, a probability-based method is used to build the al-
gorithm for classi� cation of the auto� uorescence spectra.
This method has been successfully applied in the auto-
� uorescence diagnosis of cervical precancer, laryngeal le-
sions, and oral carcinogenesis by other groups.6,8,9 Brie� y,
the classi� cation is based on posterior probability of the
given observation being normal or carcinoma tissue. The
posterior probability of a given PC score, x i, being car-

cinoma, C, can be estimated using Bayes’ theorem as
follows:

P (x z C ) 3 P (C ) 3 kiP (C z x ) 5i ¯ ¯P (x z C ) 3 P (C ) 3 k 1 P (x z C ) 3 P (C ) 3 k̄i i

(1)

where P(x i z C ) is the conditional probability that the PC
score of a spectral data collected from carcinoma tissue
is x i. P(C ) and P(C̄ ) are the prior probability of the tissue
being carcinoma and normal tissue, respectively. k is the
cost for misclassi� cation of a carcinoma tissue as a nor-
mal tissue. The sum of k and k̄ is equal to 1. In the
calculation of conditional probability, the PC scores are
assumed to be normally distributed. The joint multivari-
ate normal distribution for the PCs included in Eq. 1 is
then:

1 1
21f (x) 5 exp 2 (x 2 u)9S (x 2 u) (2)

p [ ]2Ï(2p) zSz
where u and S are the mean and covariance matrix of the
multivariate p-dimensional variable, x, respectively. The
dimension, p, is determined by the number of PCs used
in the algorithm.

The advantage of the probability-based method is that
it can use an unlimited number of PCs for the spectral
analysis when there is a large volume of samples. It is
convenient to use the resulting posterior probability rang-
ing from 0 to 1 for the classi� cation of the auto� uores-
cence spectra. However, it should be pointed out that the
performance of the algorithm relies on the accuracy in
the estimation of the PC score density function.11 With
an increase of the number of PCs included in the algo-
rithm, the dimension of the score probability density
function increases. When the total number of samples is
limited, the accuracy of density estimation using Eq. 2
drops. Also, the probability-based algorithm may be cor-
rupted when the score probability density function has a
signi� cant deviation from the normal distribution.

In a simpler approach to building a PCA-based diag-
nostic algorithm, scores of spectral data on the PCs with
diagnostic information are directly used for classi� cation
of the auto� uorescence spectra. An exhaustive search can
be conducted to � nd the optimal diagnostic threshold that
produces the separation of normal tissue from carcinoma
lesions with the highest sensitivity and speci� city. When
an algorithm includes one PC, the diagnostic threshold is
a single point in the PC space. For algorithms with two
and three PCs, the thresholds are a line and a plane, re-
spectively. The major advantage of a threshold-based al-
gorithm is that it is independent of the score probability
density function. The disadvantage is that the exhaustive
search may be time consuming and not accurate in � nd-
ing the optimal diagnostic threshold when too many PCs
are included in the algorithm.

To evaluate the performance of the probability-based
algorithm and threshold-based algorithm, a cross-valida-
tion test is used. In each round of the validation, one
spectrum is held out from the data set that is formed with
the preprocessed total of 216 in vivo auto� uorescence
spectra measured from both normal tissue and carcinoma
lesions. The remaining spectral data are used as a training
set for construction and optimization of the PCA algo-
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FIG. 3. SCREE plot to illustrate the variation explained by the � rst
� ve principal components.

FIG. 4. Spectra of the � rst four principal component loadings. The
dotted lines represent zero lines.

rithms. The held-out spectrum is then classi� ed by the
optimized algorithm. This process is repeated until all the
spectra in the data set are classi� ed. In every round of
the cross validation, a new set of PCs and a new algo-
rithm are created using the remaining 215 spectra as the
training data. The sensitivity and speci� city of a partic-
ular algorithm are calculated based on the classi� cation
of the held-out spectrum in each round of cross valida-
tion.

RESULTS AND DISCUSSION

A MATLAB-based PCA program was used to analyze
the spectral data and calculate the PCs. The proportion
of variation in the data set explained by the � rst � ve PCs
are shown in the SCREE plot in Fig. 3. It was found that
the � rst three PCs accounted for over 97% of the total
data variance. This result demonstrates again that the sig-
ni� cant data variation can be described by a few infor-
mative PCs. The higher-order PCs mainly account for
random noise and do not contain diagnostic information.
The � rst four principal component loadings obtained
from all 216 spectra are shown in Fig. 4. The loading
spectra are offset for better illustration.

To identify further the PCs with diagnostic value from
the � rst four PCs, an unpaired students’ t-test on the hy-
pothesis that there is an equal mean PC score between
the auto� uorescence spectra collected from normal tissue
and from carcinoma lesions was conducted. The small p-
value for the � rst two PCs ( p-value ½ 0.001) shows that
there is signi� cant statistical difference in the PC1 and
PC2 scores between normal tissue and carcinoma lesions.
The p-values for PC3 and PC4 are 0.28 and 0.49, re-
spectively. This means that the differences in scores on
PC3 and PC4 from the spectra of normal tissue and car-
cinoma lesions are not statistically signi� cant. Therefore,
PC3 and PC4 do not carry the necessary diagnostic in-
formation for the separation of carcinoma lesions from
normal tissue. For a PCA algorithm, only the � rst two
PCs should be included.

Some spectral characteristics of PC1 and PC2 can be
found in Fig. 4. The PC1 loading has a relatively high
negative loading value from 500–550 nm and a high op-
posite (positive) loading value from 600–650 nm. This
suggests that the � rst principal component mainly cap-

tures the difference in the spectral data between the re-
gions of 500–550 nm and 600–650 nm. The spectrum of
the PC2 loading shows that it captures the difference be-
tween a spectral peak around 500 nm and the signal rang-
ing from 525 to 590 nm. The similarity between the PC2
loading and the blood absorption spectrum in the range
from 525 to 590 nm suggests that the effect from the
variation in blood content in tissue on the total spectral
variance is included in PC2.

In the calculation of posterior probability for the spec-
tral classi� cation as shown in Eq. 1, the conditional prob-
abilities for the normal tissue group and carcinoma group
are determined by � tting a normal probability density
function to each PC score. The estimated score distribu-
tions of normal tissue and carcinoma lesions for the � rst
four PCs are shown in Fig. 5. The score distributions of
normal tissue and carcinoma for PC3 and PC4 almost
overlap with each other, which illustrates that PC3 and
PC4 do not have diagnostic value. This is consistent with
the students’ t-test results.

The calculated posterior probability using PC1 and
PC2 that a given sample belongs to a carcinoma group
is shown in Fig. 6. The cost of misclassi� cation was set
to 0.6, where the total number of misclassi� ed samples
was minimized. Here, a total of 216 spectra were used
for the validation. As can be seen, most of the normal
tissue and carcinoma lesions are well separated based on
the value of the posterior probability that reveals the cer-
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FIG. 5. Estimated score distributions of normal tissue (solid lines) and carcinoma lesions (dashed lines) for the � rst four PCs.

FIG. 6. Posterior probability of a given tissue belonging to the carci-
noma group based on PC1 and PC2 scores.

tainty for a speci� c sample belonging to the group of
normal tissue or carcinoma lesions. Also, we observed
that there are a small number of observations that sig-
ni� cantly deviate from the majority, which makes it im-

possible for a diagnostic threshold to be able to separate
completely the groups of normal tissue from the carci-
noma lesions. In practice, a diagnostic algorithm with the
desired sensitivity or speci� cation for classifying the in
vivo auto� uorescence spectra can be obtained by varying
the misclassi� cation cost, k. When the total misclassi� ed
samples are minimized with setting k to 0.6, the sensitiv-
ity and speci� city were found to be 94 and 93%, respec-
tively.

In a simpler approach, we built a threshold-based al-
gorithm with the � rst two PCs. The scatter plot of the
PC1 and PC2 scores is shown in Fig. 7. Again, a total
of 216 spectra were used for validation. In the two-di-
mensional space of PC1 and PC2 scores, a diagnostic
threshold line was developed to separate the scores of
carcinoma spectra from those of normal tissue and to
create a diagnostic algorithm. In detail, the diagnostic line
is de� ned as Y 5 aX 1 b, where X and Y are the PC1
and PC2 scores. The accuracy for separation of carcino-
ma from normal tissue is controlled by choosing the pa-
rameters of a and b. When a sensitivity is set, an ex-
haustive search is then performed to determine the values
of a and b that maximize the speci� city corresponding to
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FIG. 7. Scatter plot of PC1 score vs. PC2 score.

TABLE I. Comparison of sensitivity and speci� city of PCA algo-
rithms and 2- and 3-l algorithms for the classi� cation of hold-out
samples in cross validation.a

Sensitivity
set

for training
data

Sensitivity/speci� city (%)

PCA-P PCA-T 2-l 3-l

97%
95%
93%

97/78
95/89
93/93

97/84
95/93
93/95

97/77
94/83
91/89

97/76
94/83
91/88

a PCA-P: probability-based PCA algorithm; PCA-T; threshold-based
PCA algorithm; 2-l: two-wavelength ratio algorithm; 3-l: three-wave-
length R-function algorithm.

a chosen sensitivity. As an example, a diagnostic line
classifying the carcinoma spectra at a sensitivity of 95%
and a speci� city of 93% is depicted in Fig. 7.

In a comparison of the performance of PCA-based al-
gorithms with 2-l and 3-l algorithms investigated pre-
viously in Ref. 4, we studied the characteristics of 216
in vivo � uorescence spectra and identi� ed the optimal
wavelength bands that separate the carcinoma lesions
from normal tissue at maximal accuracy. Brie� y, for a 2-
l algorithm, the discrimination between normal and car-
cinoma tissue was based on the difference in the ratio
between the spectral signals at two wavelength bands. An
exhaustive search was used to � nd the optimal wave-
length bands that have ratio values with the most signif-
icant statistical difference between carcinoma and normal
tissue. The statistical difference was evaluated by using
an unpaired one-sided students’ t-test on the ratio values
from the groups of carcinoma lesions and normal tissue.
The exhaustive search was performed by adjusting the
central wavelengths and wavelength bandwidths of the
two wavelength bands and searching for a pair of wave-
length bands that produced the highest t-test value. The
optimal wavelength bands for the 2-l algorithm were
found to be 505 6 20 nm and 605 6 40 nm. For the 3-l
algorithm, the effect of blood absorption on the spectral
characteristics is taken into account because blood has
strong absorption in the wavelength region of 530–590
nm. The three-wavelength algorithm was created by
forming the dimensionless function:

j
I (C1 6 B1) I (C1 6 B1)

R 5 (3)[ ]I (C3 6 B3) I (C2 6 B2)

where C1 6 B1, C2 6 B2, and C3 6 B3 are the central
wavelengths and bandwidths of the three wavelength
bands, respectively. j is the parameter to scale the effect
of the blood signal in band C2 6 B2 to the R-function.
Again, an exhaustive search is used to � nd optimal wave-
length bands that make the R-function discriminate the
carcinoma lesions from normal tissue with highest ac-
curacy. The optimal wavelength bands and j-value were
found to be 510 6 20, 550 6 20, and 610 6 40 nm, and
0.35, respectively.

The results from the PCA-based algorithms and the 2-
and 3-l algorithms for classi� cation of in vivo spectral
data are shown in Table I. The sensitivity for classifying
the spectral data in the training set by each algorithm in
each round of cross-validation were set to be 97, 95, and
93%. The maximal speci� city corresponding to each sen-
sitivity for the probability-based PCA method was cal-
culated by varying the cost of misclassi� cation in Eq. 1.
For the threshold-based PCA algorithm, the slope and Y-
axis interception of the diagnostic line were adjusted to
maximize the speci� city. For 2- and 3-l algorithms, the
maximal speci� cities were found by setting the thresh-
olds to separate the carcinoma lesions from the normal
tissue based on the values of the 2-l ratio and the 3-l R-
function. The sensitivity and speci� city for the prediction
set shown in Table I were calculated from the classi� -
cation of the hold-out sample in 216 rounds of cross val-
idation. It should be noted that the PC spectra calculated
from the training set in each round of cross validation
are almost identical because only one spectrum was held
out from 216 spectra. Over 216 rounds of cross validation
for the PCA-based algorithms and 2,3-l algorithms, it
was found that the standard deviations of the speci� city
at a � xed sensitivity obtained from training sets are less
than 0.2%.

As can be seen, the PCA-based algorithms demonstrate
obvious advantage in classi� cation accuracy over the 2-
and 3-l algorithms because the PCA methods utilize the
information carried across the entire � uorescence spectra
instead of a few limited numbers of wavelength bands.
We also observe that the accuracy produced by the prob-
ability-based algorithm PCA is lower than the simple
threshold-based algorithm in all instances. This may be
caused by the error in estimation of the PC score density
distribution. In the estimation of the PC score distribu-
tions and the calculation of the joint distribution of mul-
tiple PCs, the probability density function of the PC score
was assumed as a normal distribution. In a further inves-
tigation on the PC score distribution, we conducted a nor-
mality test on the scores of PC1 and PC2 using the Q–
Q plot correlation coef� cient method.12 To assess the as-
sumption of normality, the Q–Q plots are commonly
used. These plots can be made for the distributions of the
sample observations on each variable. In this study, the
variables are the scores of PC1 and PC2 from carcinoma
lesions and normal tissue.

Brie� y, Q–Q plots are the plots of the sample quantiles
vs. the quantiles that would be expected if the samples
are normally distributed. Let x(1) # x(2) # ··· # x(n) rep-
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resent n observed samples in ascending order. For a stan-
dard normal distribution, the quantile of jth observation,
q ( j), can be calculated numerically by the following re-
lationship:

1
j 2q ( j ) 1 222z / 2P[Z # q ( j )] 5 e dz 5 p 5 (4)E ( j ) nÏ2p2`

where p( j) is the probability of getting a value less than
or equal to q ( j) from a standard normal population. A Q–
Q plot can then be made of the ordered data, x, against
the normal quantiles, q. When the observations arise from
a normal population, the pairs of points (q ( j), x( j)) will be
approximately linearly related and the pairs of points (q ( j),
x( j)) lie very nearly along a straight line. The straightness
of the Q–Q plot can be measured by calculating the cor-
relation coef� cient of the points in the plot. The corre-
lation coef� cient for the Q–Q plot is de� ned by:

n

(x 2 x̄)(q 2 q̄)O ( j ) ( j )
j51r 5 (5)Q

n n
2 2(x 2 x̄) (q 2 q̄)O O( j ) ( j )! !j51 j51

and the critical points for these Q–Q plot correlation co-
ef� cients, which are de� ned as the hypothesis that nor-
mality at signi� cance level is rejected if rQ falls below
the appropriate values, can be used as a test of normali-
ty.12 In the normality test on the PC1 and PC2 scores, it
is found that at high signi� cance levels, the normality
assumption holds for the PC1 scores of normal tissue and
for the PC2 scores of both normal tissue and carcinoma
lesions. However, the normality assumption does not hold
for the PC1 scores of the carcinoma lesions. This indi-
cates that the PC1 scores for the carcinoma lesions are
not normally distributed. Therefore, the assumption of
normal distribution for the PC1 scores from the carci-
noma tissue may contribute to the misclassi� cation of the
� uorescence spectral data. In contrast, the threshold-
based algorithm is independent of the distribution of PC
scores. This may explain why the diagnostic accuracy of
the threshold-based algorithm is higher than that of the
probability-based algorithm.

We also noticed that there is no improvement in clas-
si� cation accuracy from the 3-l algorithm over that from
the 2-l algorithm. The performances of the 2- and 3-l
algorithms developed in this work are poorer in compar-
ison with our previous work in Ref. 4. The optimal wave-
length bands are also slightly different from the previous
algorithms. This may be due to the difference in the pop-
ulation of the subjects involved in the research. In pre-
vious work, all the subjects were patients for follow-up
examinations and all of them were diagnosed as having
nasopharyngeal cancers at different stages. In this ex-
tended study, about 50% of the subjects were new pa-
tients and 19 out of the total of 59 subjects enrolled in
this study were found not to have nasopharyngeal cancer.

In principle, the 2- and 3-l algorithms developed in the
current study should be more reliable and representative
because they are based on measurements from both nor-
mal subjects and cancer patients from a larger population.

CONCLUSION

We investigated the characteristics of in vivo auto� uo-
rescence spectra collected from the nasopharynx using
the PCA method. The diagnostic algorithms for classi� -
cation of spectral data were developed based on the PC
scores of the � uorescence signals collected from carci-
noma lesions and normal tissue. The results of the study
reported here demonstrate that PCA-based algorithms can
detect nasopharyngeal carcinoma lesions with high sen-
sitivity and speci� city. In a comparison with the previ-
ously reported two-wavelengths and three-wavelengths
algorithms, the PCA method can produce higher diag-
nostic accuracy because it takes advantage of the diag-
nostic information carried across the entire spectra in-
stead of from a few wavelength bands. It was found that
the threshold-based PCA algorithm performs better than
the probability-based PCA algorithm. One of the sources
of misclassi� cation in the probability-based algorithm
may be from the assumption that PC scores are normally
distributed. Overall, our results indicate great promise for
auto� uorescence-spectroscopy-based detection of small/
� at lesions, which would be a big improvement in guid-
ing biopsies and diagnosing small/� at carcinoma lesions
in the nasopharynx.
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