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ABSTRACT
We report results of an in- vitro autofluorescence spectroscopic study on formalin- fixed human breast tissue samples. The
study involved tissue samples from 20 patients with breast cancer who underwent radical mastectomy at Choithram
Hospital and Research Centre, Indore. A diagnostic algorithm making use of principal component analysis (PCA) as the
feature extractor and artificial neural network (ANN) as the classifier was used to classify the samples as normal or
cancerous. The algorithm based on combined PCA-ANN provided sensitivity and specificity values of 100% towards
cancer for the training set data based on leave - one- out cross validation and a sensitivity of 97% and a specificity of 100%
towards cancer for the independent validation set data. These results suggest that autofluorescence spectroscopy can
provide a valuable alternate, in- vitro diagnostic modality in clinical pathology setting for discriminating cancerous tissue
sites from normal sites.
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1. INTRODUCTION
In current medical practice, excisional biopsy followed by histology is the gold standard for definitive diagnosis of
cancer1. The approach makes use of high resolution image information of the cellular and the sub -cellular structures of
properly preprocessed and appropriately stained specimens of tissue kept in the field of view of a microscope. Despite its
widespread success, a major drawback of this traditional approach is tha t the diagnosis requires expert interpretation of
the microscopically derived histopathological information and is prone to human errors. This is particularly serious in the
context of diagnosing tumors that are atypical or lack morphological features useful for differential diagnosis. An
alternate technique that has shown promise to overcome these limitations is the technique based on autofluorescence
spectroscopy of human tissues2,3 . The underlying principle of the approach is that the onset and the progression of a
disease like cancer is often accompanied by biochemical and morphological changes that are reflected in the measured
autofluorescence spectra of tissue. Considerable work carried out over the last decade has shown that autofluorescence
from human tissue can be used for quantitative, in-situ, near-real time and non- invasive diagnosis of cancer2,3 . It is
pertinent to note here that this spectroscopic approach may also provide an alternate, in-vitro diagnostic modality in
clinical pathology setting. This may provide to a pathologist an additional quantitative diagnostic feedback. However,
this necessitates validating the applicability of the method on formalin fixed resected tissue samples that are used for
4
histopathology. This is important because formalin- fixation is known to dehydrate the tissue and change its hemoglobin
5
content by draining out blood from it both of which are expected to lead to significant changes autofluorescence spectra
of the tissue. Since most of the earlier in- vitro studies2 ,6 -8 were motivated by the objective of establishing the potential of
the approach for in-situ, non-invasive diagnosis, specific care was taken in these studies to use fresh, unfixed tissue
samples to simulate the in- vivo condition as close as possible . The concern for tissue handling protocols used in these
studies made a few groups investigate autofluorescence from formalin fixed tissue 5 , 9, but no systematic and
comprehensive report on autofluorescence spectroscopy of formalin fixed tissue is available. The studies carried out by
Fillipidis et al5 on peripheral vascular tissue showed significant differences in measured autofluorescence with visible
wavelength excitation from formalin fixed samples as compared to the unfixed ones. The effect of formalin fixation on
Raman spectra has received relatively more attention4 . Whereas changes in Raman spectra due to formalin fixation were
4
significant for human bronchial tissue for breast tissue the change was not significant .

We report in this paper the results of an autofluorescence spectroscopic study carried out on formalin fixed breast tissue
samples. We also report, for the first time to our knowledge, a comprehensive evaluation of the usefulness of the
autofluorescence spectroscopy for discriminating cancerous from normal tissues in formalin-fixed tissue sample.

2.
2.1

MATERIALS AND METHODS

Instrumentation

Autofluorescence spectr a from the breast tissue samples were recorded at 337nm excitation using a N2 laser based
portable fluorimeter developed earlier 10, 11. The system comprised of a sealed- off pulsed N2 laser, a spectrograph (Acton
Research Corporation, USA), an optical fiber probe and a gateable intensified CCD detector (4 Quik 05A, Stanford
computer optics, Inc, USA). The diagnostic probe, developed in- house, was a fiber bundle, which had two legs; one
contained a single quartz fiber (400 µ m core diameter, 0.22 NA) and the other contained six quartz fibers (400µ m core
diameter, 0.22 NA). The two legs merged to form a common fiber bundle that consisted of a central fiber, surrounded by
a circular array of six fibers. The central fiber delivered excitation light to the tissue sur face and the six fibers
surrounding the central fiber collected tissue fluorescence from the surface area directly illuminated by the excitation
light. The proximal ends of the collection fibers were arranged in a vertical array and the light coming from the distal end
was imaged at the entrance slit of the spectrograph (Acton Research Corporation, USA) coupled to the intensified CCD
detector. An additional quartz fiber was also coupled to the spectrograph along with the six fluorescence collection fibers
in order to monitor the energy of each nitrogen laser pulse by monitoring the luminescence from phosphor material
coated at the tip of this fiber. This luminescence from the fiber tip served as the reference for calibration of the measured
fluorescence. All the fibers used had core diameter of 400µm and NA of 0.22. The common end of the fiber bundle was
enclosed in an SS tube (9mm outer diameter and 60mm long). The tip of the probe was shielded by a quartz optical flat
2mm thick to provide a fixed distance between tissues and the fibers for improved collection of fluorescence and also to
protect contamination of the fiber tips with body fluids. The spectral data acquisition was computer controlled. The delay
between N 2 laser pulse and the intensified CCD came ra shutter was adjusted to pick up tissue fluorescence. The gatewidth used was 100ns. The autofluorescence spectra were recorded with the tip of the fiber- optic probe placed in contact
with the tissue surface.
2.2 Tissue samples
The breast tissue samp les were obtained from Choithram Hospital and Research Centre, Indore, after resection at surgery
from patients already diagnosed of having breast cancer and undergoing radical mastectomy. The study involved tissue
samples from 20 patients with breast cancer. The tissue samples were kept preserved in formalin. A section of the tissue
sample provided by the histopathologist was taken for fluorescence studies. The histopathological report provided by the
histopathologist was taken as the “Gold Standard”. The cancerous tissue samples were invasive ductal carcinomas. The
uninvolved areas of the resected cancerous specimens were treated as normal.
2.3 Spectroscopic Measurements
In-vitro autofluorescence spectra were acquired from a total of 105 tissue sites, of which 63 were from cancerous and the
rest were from uninvolved breast tissues. Each site was treated separately and classified via the diagnostic algorithm
developed. For recording autofluorescence spectra, the tissue samples kept at room temperature in formalin were taken
out in a petridish and the tip of the fiber-optic probe was placed in contact with the tissue site to be investigated. Prior to
recording spectra from a tissue sample, the probe was washed with ethyl alcohol and cleaned dry with a piece of cotton.
A background spectrum was acquired with the probe placed in air. It was subtracted from all subsequently acquired
spectra. From each site, spectra were recorded for 3s (i.e. 30 pulses) and were averaged to yield a single spectrum per
site. From each site, spectra were recorded in the 375- 700 nm spectral range with a resolution of ~2nm. During each
measurement of tissue fluorescence, a reference spectrum was also acquired simultaneously from the phosphor-coated tip
of an additional fiber illuminated with N2 laser radiation leaking from the other end of the N 2 laser cavity. The peak of
this reference spectrum was used to normalize the acquired tissue spectra and thus account for the observed pulse to

pulse variation of the N 2 laser power. The intensity of fluorescence from each tissue site is reported in this calibrated unit.
The minimum signal–to- noise ratio was ~100:1 at the fluorescence maximum.

3. SPECTRAL DATA
The N2 laser excited autofluorescence spectra averaged over all the cancerous and uninvolved sites of breast tissue
samples investigated are shown in Fig.1. In Fig.2 we show the corresponding spectra normalized with respect to the
spectrally integrated fluorescence intensity values. Each tissue fluorescence spectrum consisted of 768 intensity values
(corresponding to 768 pixels of the ICCD) spanning the wavelength range of 375- 700nm. While it is apparent from Fig1
that the fluorescence yield of cancerous tissue sites is much higher as compared to that of the surrounding uninvolved
tis sue sites, the significant difference in the spectral intensity distribution between the tissue types is evident from Fig2.
In Fig.3 we show a histogram for the spectrally integrated fluorescence intensity values for paired cancerous and
surrounding uninvolved tissue samples from each of the 20 patients. The considerable difference in the values of the
cancerous and surrounding uninvolved tissue spectra is apparent. No significant difference was observed in the values for
the ratio of standard deviation to t he mean values for the tissue types.
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Figure 1: Site-averaged N2 laser-excited
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line) and adjoining uninvolved breast tissue
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Figure 3: Histog ram for the spectrally integrated intensity for paired cancerous and adjoining uninvolved breast
tissue samples from each of the 20 patients. The values shown represent the average over the sites investigated in the
given tissue samples.

3.1 Discrimination Analysis
The use of autofluorescence spectra to classify the tissue sites as normal or cancerous requires an appropriate diagnostic
algorithm that can best classify the measured spectra by using a stored database of spectra of tissues of known
histopathologic classification. Over the years a variety of diagnostic algorithms of varying rigor have been developed for
optical diagnosis of cancer2,3 . Most of the earlier algorithms are based on empirically selected indices like absolute or
normalized fluorescence intensities 2, 6-8, 1 2, ratio of intensities at selected pairs of emission wavelengths 1 3 or ratio of
integrated intensities over appropriately chosen wavelength bands 1 4 that are used either directly for discrimination6-7, 13
or as inputs to statistical analytical techniques like multivariate linear regression (MVLR) analysis to form a
discrimination function12,14 . Recent efforts are directed towards using statistical pattern recognition techniques1 5 to
exploit the entire spectral information content of the full range of spectral data for extracting the best diagnostic features
and accurately classifying them into the corresponding histopathologic categories 1 0-11, 16 -1 9. We have used principal
component analysis (PCA)20 as the feature extractor and artificial neural network (ANN)2 1 as the classifier to develop a
diagnostic algorithm for discriminating the cancerous from the surrounding uninvolved sites of formalin fixed breast
tissue samples. For the development of the algorithms we made use of an available database of recorded spectra from
tissue sites whose class membership was already known. The algorithm was trained to not only separate this set of
labeled input data into its constituent classes, but also, to predict the true class- membership of a tissue spectrum that is
not part of the database using the approach of leave-one- out cross validation as well as validation over independent test
set.
Prior to the development of diagnostic algorithms the entire set of spectral data from the cancerous and the uninvolved
tissue sites of the patients was randomly split into two groups: training data set and validation data set ensuring that both
sets contain roughly equal number of spectral data from each histopathologic category. The purpose of the training data
set was to develop and optimize the diagnostic method and the purpose of validation set was to prospectively test its
accuracy in an unbiased manner. The random assignment was carried out to ensure that not all the spectral data from a
single individual were contained in the same data set. Next, the spectral data of the training set were used as inputs for
the development of the diagnostic algorithms.
In order to develop diagnostic algorithms two different approaches were taken. In one approach, only the spectrally
integrated fluorescence intensity scores computed from the raw spectral data were used as inputs to the classifier, and in
the second approach, fluorescence intensities recorded over all the wavelengths normalized with respect to the spectrally
integrated fluorescence intensities were used for classification. The objective of the first approach was to evaluate the
discrimination efficacy of the fluorescence yield that was observed to be in general higher for cancerous as compared to
the uninvolved tissue sites. The advantage of using such a diagnostic feature based only on the spectrally integrated
intensity is that it could considerably simplify the experimental arrangement since no spectral resolution is required. The
second approach exploits the total spectral information content of the full range of spectral data without any absolute
intensity information. This would be helpful in situations where absolute intensities fail to show any significant
difference between the tissue types. The spectral data of the training set was used to develop the algorithms and the
validation set data was used for validation of the developed algorithms. The mathematical formulation and associated
theoret ical background of PCA and ANNs have been discussed in references2 0, 2 1 . In the following, we will briefly
present the basic ideas for the purpose of description of our algorithm.
3.2 Principal component analysis (PCA)
20

PCA is a transformation used for representing high dimensional data in fewer dimensions such that maximum
information about the data is present in the transformed space. In the case of LIF spectral data x with dimension N=714,
T
the objective of PCA was to find the transformation Φ M such the new M -dimensional (M<N) random vector yM = ΦM x
contained the maximum information about x. To find Φ M it is customary to minimize the mean square error between x
/
/ 2
2
and the approximation x = Φ MyM i.e. we selected Φ M such that E[(x- x ) ]=E[(x-Φ M yM ) ] was minimized. This solution
for Φ M satisfied the eigenvalue- eigenvector equation C Φ M = ΛΦ M, where Λ was a diagonal matrix whose elements were
the eigenvalues of the covariance matrix C=E[xx T ]- µµ T , µ being the mean of the input spectral data matrix. The columns
of Φ M solution were the M eigenvectors of C with largest eigenvalues and are called the principal components (PC). This

solution also maximized the variance of the output random vector or the principal component scores in the yM = Φ MT x
transformed space, i.e. it maximized E[yyT ].
The average values of principal components were calculated for each principal component for cancerous and uninvolved
breast tissue sites. An unpaired two-tailed Student’s t- test2 2 was employed to test the statistical significance of the
differences between the means of the principal component scores for cancerous and uninvolved tissue. The statistically
significant principal components were then used for classification of the tissue types.

3.2 Artificial neural network (ANN)
An ANN 21 is a self- adaptive massively parallel machine- learning system composed of layers of processing elements
(PEs). A PE is a construct composed of a set of inputs and corresponding weights (input connection strengths) that are
combined to produce a result that is passed to a transfer function ultimately generating an output value that may be used
by other PEs. This transfer function is used to constrain output to a particular range.
Typically, an ANN is composed of three types of layers: an input layer that passes data vectors to other layers; an output
layer that produces an output vector that often represents the classification outcome for the corresponding input vector;
and the hidden layers that take data from an input layer or a previous hidden layer and pass the transformed data to an
output layer or a subsequent hidden layer. A learning strategy is used to make incremental changes to the weights in
order to optimize some error criterion.
A supervised ANN requires the desired output from each input vector in order that it may be compared to the actual
output generated by the ANN (Fig.4). The learning strategy attempts to minimize a global error function for the set of
training data. Local errors are computed for each PE in order to make adjustment s to the weights. This process is
repeated for each input vector in the training set and the ANN continues iteration through the set until an acceptable
minimization of the error is achieved.
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Figure 4: A supervised artificial neural network.

A feed-forward ANN has unidirectional data flow from the input layer, through each hidden layer, and finally to the
output layer. In other words, no PE is allowed to pass its output to a PE in a previous layer or back to itself (feedback).
An RBF network is an ANN whose hidden PEs are radially symmetric as shown in Fig.5. Although many RBF variants
23
exist, we used a traditional one . A radially symmetric PE, j, has a center c j , stored as its corresponding weights from
the input layer. An Euclidean distance measure is used to determine how close an input vector is to each cj . The transfer
function, ϕ, used is an RBF, i.e. its output increases or decreases monotonically with distance from center. Typical RBFs
are Gaussian, multiqudratic, or inverse multiquadratic. We have used an inverse multiquadratic RBF, as the transfer
function where the output decreases monotonically with distance from center i.e. the output is large when the distance is
small. Thus the output for PEj and the input vector x is ϕx- cj . As such, the hidden PEs are prototypes for a cluster

of data points. The hidden layer is linearly connected to an output layer. Standard k- means clustering is used to determine
the c j’s and a nearest- neighbor heuristic is used to determine the widths of the inverse- multiquadratic. A gradient decent
iterative strategy24 is used to determine the weights from the hidden layer to the output layer.

Figure 5: A typical RBF Architecture.

4.

RESULTS AND DISCUSSIONS

Fluorescence Intensity

Fixation of excised tissue samples in formalin is a routine process in any clinical pathological laboratory due to the time
lapse between tissue excision and histopathological examination. The objective is to prevent autolysis and keep the
properties and structure of the samples as close to their original state as possible so as to keep the state of
microenvironment intact after excision and fixation. Formalin fixation meets this objective by promoting the crosslinkage of the amine groups in collagen25 thereby promptly interrupting its metabolism as well as stabilizing its structure.
However, from spectroscopic point of vi ew, this particular mechanism of fixation is expected to lead to significant
differences in the autofluorescence signatures of fresh and formalin fixed tissues particularly in the amino acid
fingerprinting regions of proteins. In Fig.6 we show the N 2 laser excited autofluorescence spectra of fresh and formalinfixed cancerous and uninvolved breast tissue. Each spectrum is the average of the spectra over the respective number of
tissue sites investigated. As expected, significant differences in spectral line shape as well as intensities between the fresh
and formalin- fixed tissue samples are apparent. While the spectra of fresh breast tissues are characterized by two major
wavelength bands centered around 390nm and 470nm characteristic of the connective tissue proteins collagen and the
co- enzyme NADH respectively6-7 , the prominent 390nm band is practically washed out for both the cancerous and
normal breast tissues after formalin fixation effectively leading to spectra with a single broad band (centered around
455nm) for formalin fixed tissues. Further, in formalin fixed tissues, the overall fluorescence yield is observed to get
considerably enhanced. Although a direct comparison is not possible, similar increase in fluorescence intensity was also
5
observed by Filippidis et al in formalin fixed peripheral vascular tissues. They observed this increase during the first 24
hours of fixation after which no noticeable change in intensity occurred. The increase in intensity can be attributed to
extraction of blood from the tissue samples due to prolonged immersion in formalin.
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Figure 6: Site -averaged N2 laser-excited
autofluorescence spectra from fresh and
formalin-fixed breast tissue. Dark solid and
dashed lines represent fixed cancerous and
fixed adjoining uninvolved breast tissue
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Although formalin fixation introduces considerable variation in the autofluorescence spectra between fresh and fixed
tissue sample the results of this study show that differences in fluorescence from cancerous and uninvolved sites of the
breast tissue samples are still preserved. In fact, similar to fresh breast tissues, the formalin- fixed cancerous breast tissue
sites have been found to be significantly more fluorescent as compared to the surrounding uninvolved breast tissue sites.
This suggests that formalin fixation has minimal influence on the nature of changes introduced in the cancerous and
uninvolved region of the breast tissue.
PCA of the area- normalized spectra resulted in four principal components that collectively accounted for 99.9% of the
total variance of the spectral data. Of the four principal components, only four (PC- 1, PC-2, and PC- 3) were found to
have significantly different (p<0.001) values for cancerous and uninvolved breast tissue. The difference in the values for
the other component (PC- 4) for the two diagnostic categories was not statistically significant (p>0.05). Therefore,
classification was carried out using these three principal components which together accounted for 99% of the total
variance, PC- 1 accounting for 97%, PC- 2 the 1% and PC-3 the remaining 1%.
In table- 1 we summarize the performance of the diagnostic algorithms for the data sets comprising the spectrally
integrated fluorescence intensity scores as well as the area-normalized spectral intensity values over the different
wavelengths. For ANN based algorithms classification results were obtained for two cases. In one, ANN was used as a
classifier with PCA providing the diagnostically relevant features (ANN-PCA) and in the second case ANN was used for
classification with the full set of spectral features. For comparison’s sake, a conventional nearest mean-classifier (NMC),
based on least Euclidean distance of the test features from the means of the prototype features of the corresponding tissue
types in the training set, was also used for classification. These results are also listed in the same table. In all the cases,
the sensitivity and specificity values for the training set data were obtained on the basis of leave-one-out cross validation.

Table -1 Classification results of the RVM and nearest-mean classifier based diagnostic algorithms for the training and the
independent validation data sets. Sensitivity and specificity values in the training set data represent leave -one-out cross validation
values. The number of relevance vectors (RV) generated by the classifiers is also listed in the table.

Diagnostic
Algorithm

Data set

ANN

Spectrally
integrated intensity

NMC
ANN
PCA+ANN
PCA+NMC

Area- normalized
spectra

Training Set data

Validation set data

Sensitivity(%)
88

Specificity(%)
100

Sensitivity(%)
97

Specificity(%)
100

81
97
100
81

100
100
100
100

81
97
97
84

100
100
100
100

A perusal of the diagnostic results listed in table - 1 demonstrates that the ANN based diagnostic algorithm based on the
full set of spectral features of the area- normalized spectral data as well as the diagno stically relevant features obtained
via PCA of the area- normalized spectral data resulted in a slightly better classification performance over the algorithm
based on the spectrally integrated intensity scores derived from the raw spectral data. However, the performance of both
the algorithms was significantly improved as compared to that based on the nearest- mean classifier. The superior
classification performance of the ANN classifier originates from the built- in capability of the ANN approach2 1 to
separate classes, which are not linearly separable in the original parametric space. Further, it is pertinent to note that
since the nearest-mean classifier considers the least Euclidean distance of the test feature from the means of each class as
the classification criterion, it is not expected to perform well on non- symmetric data like the autofluorescence spectral
data that may have multiple clusters per class. This follows because when an input data has multiple clusters per class it
might so happen that the me an for a class of two clusters can lie close to the mean of another class.
From the viewpoint of pattern recognition, the task of tissue classification based on LIF spectral data is a pattern
classification problem, and the feature vector for classification is the measured intensities corresponding to the different

pixels (of the detector) that specify the dimension of the features. If directly working with all these spectral features
whose dimension is much higher (N=768 in this case) as compared to the size (53 in this case) of the training samples,
the classifier might suffer from the so called “curse of dimensionality” causing it to have poor generalization in
classification performance15. The use of PCA prior to ANN reduces the feature dimension by solving the “curse of
dimensionality” problem. This is evident from the observed improvements in the classification performance of the
diagnostic algorithm based on ANN for the diagnostically relevant PCs as compared to the full set of spectral features
leading to an increase of 3% in the sensitivity values for leave- one-out cross validation.

5. CONCLUSIONS
To conclude, an in- vitro study on N 2 laser excited autofluorescence spectroscopy of formalin fixed breast tissue samples
are reported. Significant spectral differences were observed between the cancerous and the surrounding uninvolved tissue
sites of formalin fixed breast tissue samples similar to that observed in the case of unfixed, fresh breast tissue samples.
Use of a diagnostic algorithm developed using PCA as the feature extractor and the ANN as the classifier could correctly
classify 30 out of 31 cancerous and 21 out 21 uninvolved breast tissue sites in the validation data set and 32 out of 32
cancerous and 21 out of 21 uninvolved breast tissue sites in the training set based on leave -one-out cross-validation. This
demonstrates the potential of the autofluorescence technique as an in- vitro diagnostic modality in clinical pathology
setting.
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