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Abstract

Raman spectroscopy has the potential to differentiate among the various stages leading to high-
grade cervical cancer such as normal, squamous metaplasia, and low-grade cancer. For Raman
spectroscopy to successfully differentiate among the stages, an applicable statistical method must
be developed. Algorithms like linear discriminant analysis (LDA) are incapable of differentiating
among three or more types of tissues. We developed a novel statistical method combining the
method of maximum representation and discrimination feature (MRDF) to extract diagnostic
information with sparse multinomial logistic regression (SMLR) to classify spectra based on
nonlinear features for multiclass analysis of Raman spectra. We found that high-grade spectra
classified correctly 95% of the time; low-grade data classified correctly 74% of the time,
improving sensitivity from 92 to 98% and specificity from 81 to 96% suggesting that MRDF with
SMLR is a more appropriate technique for categorizing Raman spectra. SMLR also outputs a
posterior probability to evaluate the algorithm’s accuracy. This combined method holds promise to
diagnose subtle changes leading to cervical cancer.
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Introduction

Raman spectroscopy has been used for many years to probe into the biochemistry of various
biological molecules.[1] It is a molecule-specific technique that can be used as a
biochemical tool to provide differential diagnosis of precancers and cancers. Several
biological molecules such as nucleic acids, proteins and lipids have distinctive Raman
features that yield molecule-specific structural and environmental information. Results
indicate that molecular and cellular changes that occur in precancerous tissues as well as in
benign abnormalities, such as inflammation, yield characteristic Raman features that allow
their differentiation. For example, one of the more prominent changes that occur with
cancerous and precancerous conditions is increased cellular nucleic acid content; extensive
DNA studies indicate that it may be possible to detect this change using Raman
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spectroscopy.[2] On the basis of these biochemical differences, several groups have studied
the potential of vibrational spectroscopy for cancer diagnosis in various organ sites.[1]
These studies have shown that features of the vibrational spectra can be related to molecular
and structural changes associated with neoplastic transformation. Accordingly, Raman
spectroscopy has been applied to in vitro detection of cancers of epithelial and mesenchymal
origin such as breast, colon, esophagus and gynecologic tissues.[3] While many challenges
have prevented the widespread application of Raman spectroscopy for disease detection,
recent developments in detector and source technologies have resulted in acquisition of
Raman spectra from tissue in 1-3 s. Several fiber optic probes have also been developed that
are capable of measuring Raman spectra in vivo, making it possible to apply this technique
in a clinical setting.[4] There have been an increased number of reports published on
applying Raman spectroscopy for detecting cancers in vivo, such as in the cervix, skin,
breast and the gastrointestinal (GI) tract with high sensitivities and specificities.[5-9]

In order to achieve such high sensitivities and specificities, appropriate statistical algorithms
must be used to tease out important information from the Raman data. A variety of statistical
methods have been developed to classify the tissue as normal or abnormal. For example,
many research groups have normalized peak intensities to the four common Raman bands
and then performed a Student’s t-test to identify the peak ratios corresponding to the most
significant difference between tissue types.[9,10] Logistic regression algorithms have also
been utilized to distinguish between cancerous and noncancerous tissue on the basis of
Raman spectra. This algorithm was developed by nonlinearly transforming the traditional
linear regression so that the outcome is only 0 (normal) or 1 (cancerous).[11] After
normalizing peak ratios, multiple analyses of variance (ANOVA) have sometimes been used
to identify the most diagnostically significant peaks.[12]

Other attempts to analyze data have included the use of principal component analysis (PCA)
to establish differences among and decrease data from Raman spectra.[7,12,13] Principal
components are a set of virtual spectra; the use of weighted linear combinations (scores)
results in the real, measured spectra with a specified percentage variance. The scores provide
information on how the spectra are correlated. Sometimes, this scoring is followed by other
statistical analyses such as probabilistic artificial neural networks, which can then be used to
train the input Raman spectra to correlate with known outputs or pathological categories;
this network can then be used to predict the pathology of a new input of Raman spectra.
Alternatively, after the spectra are broken down using PCA, linear discriminant analysis
(LDA) can be used to maximize differences between pathology groups and minimize
differences within groups.[14] Other approaches utilize Fisher discriminant analyses (FDA)
to classify the spectra following PCA to search for nonlinear correlations.[13] The majority
of these algorithms undergo cross-validation analysis using the leave-one-out method to
assess their validity.[13,14]

Cluster analysis is one method where similarities between genes are described
mathematically, by measuring the Euclidean distance, angle or dot products of two n-
dimensional vectors from a series of n measurements of genetic information.[15] This
algorithm can be similarly applied to determine subtle changes in Raman data. Another
process is decision tree learning with genetic algorithms to determine optimal subsets of
discriminatory features for pattern recognition.[16,17] A linear decision binary tree can be
used for binary and multiclass, such as Pap smear cell classification.[16] A few drawbacks
of these algorithms are that they require a significant amount of time to develop and, once
developed, they are only applicable to one type of data set.

The major limitation of these previous applications is that the discrimination algorithms are
binary, which are not capable of determining which class the tissue could belong to. Tissue
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is also not homogeneous-there could be multiple tissue types present in a single tissue
sample. Therefore, some of these algorithms are run a second and third time to further
classify the outcome.[11] More recently, Widjaja et al.,[18] have combined support vector
machines (SVM) with PCA to classify colonic tissues as normal, hyperplastic polyps, or
adenocarcinomas However, conventional SVM techniques are used to solve problems with
binary solutions. Their modified SVM is able to perform multiclass classification, but still
relies on initial binary classification with an incorporated one-against-one strategy to train
the model based on probabilities.

Here we present a multiclass approach algorithm based on novel nonlinear statistical
methods: maximum representation and discrimination feature (MRDF) combined with
sparse multinomial logistic regression (SMLR). We will demonstrate this multiclass method
in the case of cervical dysplasia. Cervical dysplasia is a problem in both the United States
and throughout the world. Cervical cancer is the second most common malignancy among
women worldwide, with more than 490 000 cases diagnosed and 274 000 deaths each year.
[19] In the United States alone, it is estimated that 3870 deaths will occur from this disease
in 2008 and 11 070 new cases of invasive cervical cancer will be diagnosed.[20] The
mortality rate in the US has been greatly reduced owing to effective screening using the Pap
smear and effective treatment of precancers (dysplasia).[21] Due to the complicated manner
in which the disease progresses and regresses (shown in Fig. 1), diagnosing the correct grade
and progress of cervical dysplasia is very important in treating the disease. Cervical
dysplasia is usually classified as one of two groups: (1) low-grade dysplasia which includes
human papillomavirus (HPV) and cervical squamous intraepithelial neoplasia 1 (CIN1) and
(2) high-grade dysplasia which includes CIN2, CIN3, and carcinoma in situ (CIS).

The progression of the disease is shown in Fig. 1; typically, low-grade dysplasia is followed
but not treated since approximately 80% of low-grade dysplasia regresses without treatment
and less than 1% will develop into cancer.[22] Conversely, 20% of high-grade dysplasia will
develop into cancer and only one-third will regress to a normal state without treatment.
[20,22] Therefore, an algorithm than can differentiate cervical tissue into at least three
categories is essential: (1) benign cervix, normal, metaplasia and inflammation, (2) low
grade, and (3) high grade. Metaplasia is often misclassified as dysplastic and therefore an
additional category that classifies metaplasia could be beneficial.

In this paper, we demonstrate that by combining Raman spectroscopy data with a more
sophisticated statistical method for classification will lead to an enhanced real-time
diagnostic tool for cervical dysplasia. First, we will show previous data analyzed with old
algorithms. Then, we will establish our new statistical method and use it on the data to show
an improvement in specificity and sensitivity. Finally, we will show that we can match or
improve classification by Raman versus colposcopy.

Data collection and instrumentation

A total of 90 patients participated in this study. Measurements were taken from either a
procedure that removed diseased cervical tissue or a hysterectomy. The same procedure was
followed for data collection regardless of the procedure being performed.

Thirty-three patients undergoing a colposcopy-guided biopsy or loop electrosurgical
excision procedure (LEEP) were recruited to participate in the study as approved by the
Vanderbilt and Copernicus Group Institutional Review Boards (IRBs). Informed consent
was obtained from each patient prior to the procedure. The cervix was exposed and visually
examined by the doctor. Acetic acid was applied to the cervix to turn abnormal areas white,
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followed by an application of iodine to clean the tissue and reveal the location of squamous
epithelium. Any abnormal tissue was removed and histopathology was performed. Raman
spectra were acquired after the application of acetic acid but before the application of iodine
and the removal of tissue. Spectra were measured from each visually abnormal area (one to
six measurements) and one visually normal area. The patient’s age, date of last period,
abnormal Pap smear result and menopausal status were noted upon chart review.

Additionally, 33 patients undergoing hysterectomy were recruited to participate in the study
as approved by Vanderbilt IRB. Informed consent was obtained from each patient prior to
the procedure. The cervix was then exposed and visually examined by the doctor. Acetic
acid was applied to the cervix to keep the procedure similar to that performed in dysplasia
patients. If the cervix was visually normal, spectra were measured from multiple normal
areas of tissue. Measured areas were marked, the hysterectomy then proceeded as required
and the removed tissue was subjected to histopathology.

Raman spectra were acquired using a portable Raman spectroscopy system consisting of a
785 nm diode laser (Process Instruments, Inc., Salt Lake City, UT), 7 (300 um) around 1
(400 pm) beam-steered fiber optic probe (Visionex Inc.), imaging spectrograph (Kaiser
Optical Systems, Inc., Ann Arbor, MI) and back-illuminated, deep-depletion, charge
coupled device (CCD) camera (Princeton Instruments, Princeton, NJ), all controlled with a
laptop computer. For this study, the fiber optic probe delivered 80 mW of incident light onto
the tissue and collected the scattered light for 5 s. In all cases, the overhead fluorescent
lights and colposcope light were turned off during the measurements. Any luminescent
lights were left on but turned away from the measurement site.

Data processing

The wavenumber axis was calibrated using a neon-argon lamp, acetaminophen and
naphthalene standards each day. The signal from the Raman spectrum was binned along the
vertical axis to create a single spectrum per measurement site. Prior to any signal processing,
the spectrum was truncated to include only the region from about 990 to 1850 cm™ to
eliminate the Raman peaks due to the silica present in the fiber optic probe. The spectrum
was then binned along the wavenumber axis in 3.5 cm™1 intervals and noise-smoothed with
a second-order Savitzky—Golay filter. Additionally, the fluorescence background was
removed using an automated, modified polynomial fitting method that utilizes a fifth degree
polynomial to fit the fluorescence baseline.[23] Once noise smoothing and fluorescence
subtraction were done, the spectra were normalized to their mean spectral intensity across all
Raman bands and were used for subsequent data analysis.

Statistical analysis

To compare and contrast the binary versus multinomial class techniques, two different
algorithms have been developed to classify cervical data. The first is a binary algorithm that
is based on peak ratios and logistic regression. The second is a multiclass probabilistic
algorithm that is based on machine support vectors and nonlinear logistic regression. Both
algorithms are described in detail below.

Statistical analysis — binary

The first step in using Raman spectra is to develop a basic algorithm to discriminate between
abnormal and normal tissues. First, the mean and standard deviation at each wavenumber of
the spectra within each pathology group was calculated to characterize the overall spectral
trends for each group. A Student’s t-test was performed at each wavenumber between
individual pairs of pathology groups to identify regions of spectral distinction between two
different pathologies. Any major peak that showed statistical differences at the level of p <
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0.01 between normal ectocervix spectra and high-grade dysplasia spectra was chosen as an
input for the algorithm. Thus, the inputs to the algorithm are the normalized intensity values
at 1006, 1055, 1244, 1305, 1324, 1450, 1550, and 1657 cm™L. The classification model was
constructed to automatically classify spectra into one of two categories (high-grade
dysplasia or benign cervix) using a two-tiered logistic regression model.[11] The first
algorithm was developed to distinguish normal pathology from all other pathologies
(metaplasia, high-grade dysplasia), and the second algorithm discriminated high-grade
dysplasia from other pathologies (metaplasia).

The first algorithm was trained using a training set to classify a spectrum as either normal
ectocervix (score = 0) or high-grade dysplasia (score = 1); the algorithm was then tested
using a separate validation set. The training and validation sets were randomly generated by
dividing the normal ectocervix and high-grade dysplasia data sets into a training set (two-
thirds of the patients) and a validation set (one-third of the patients). The training and
validation sets were divided by patients, not by individual spectra, such that all spectra from
one patient were either in the training set or the validation set, but not both.

The algorithm then outputs a score, which represents the likelihood that the input data
represents high-grade dysplasia. Data from squamous metaplasia were also included as part
of the validation set for the model even though no data from this category were included in
the training set to examine the possibility that a single algorithm could discriminate all
spectra of benign pathology from dysplasia spectra (See Section on Discussion). Since the
specificity of this single-algorithm model was less than satisfactory primarily because of
misclassifications of squamous metaplasia spectra, a second logistic regression algorithm
was developed to separate high-grade dysplasia from squamous metaplasia to increase the
specificity of the overall model.

Any spectra from the test set with a score > 0.5 from the first algorithm formed the test set
into the second algorithm (thus there were eight high-grade dysplasia, eight squamous
metaplasia, and four normal ectocervix spectra). The training set for the second algorithm
was formed using only the high-grade dysplasia spectra (29 spectra, score = 1) and
squamous metaplasia (29 spectra, score = 0) spectra, as there were not enough spectra to
create separate training and validation sets. The same Raman bands from the first algorithm
were also used as inputs in the second algorithm, but the output was a value (score) that
represents the probability that the spectra were measured from an area of high-grade
dysplasia when compared with squamous metaplasia. While the data did classify well using
these algorithms, it was clear that we were losing some information in the Raman spectra by
only looking at binary classification.

Statistical analysis — multiclass

MRDF combined with SMLR was used to develop a multiclass diagnostic algorithm.[24]
This algorithm is a two-step process: (1) extraction of diagnostic features from spectra using
nonlinear MRDF and (2) classification based on these nonlinear features into corresponding
tissue categories using SMLR. Figure 2 shows a flow chart of this algorithm.

MRDF is a method of feature extraction; it maximally extracts the diagnostic information
otherwise hidden in a set of measured spectral data by reducing its dimensionality through a
set of mathematical transforms. Given a set of input data comprised of spectra from different
classes with a given dimensionality, nonlinear MRDF determines a set of nonlinear
transformations of the input data that optimally discriminates between the different classes
in a reduced dimensionality space. It invokes nonlinear transforms (restricted order
polynomial mappings of the input data) in two successive stages. In the first stage, the input
spectral data x = [x1, X2, ... xy]T (intensities corresponding to Raman shifts of the spectra)
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from each tissue type are raised to the power p’ to produce the associated nonlinear input

vectors x,, =[x} x5 ..., x” ] These vectors are then subject to a transform @' such that y'y,

=y’ Xp' and are the first-stage output features in the nonlinear space of reduced

dimension M < N. In the second stage, the reduced M-dimensional output features y’y; for
each tissue type are further transformed nonlinearly to the power p to produce higher-order
features y'mp = [y1P, y2'P, ..., ym'?], and a second transform @y is computed so as to yield

the final output features y, =(I>f,yﬂ,p in the nonlinear space of dimension K (K < M).[25]

SMLR is a method of supervised classification. It is a probabilistic multiclass model based
on sparse Bayesian machine-learning framework of statistical pattern recognition. The
central idea of SMLR is to separate a set of labeled input data into its constituent classes by
predicting the posterior probabilities of their class membership. It computes the posterior
probabilities (from the equations shown in Fig. 2(b)) using a multinomial logistic regression
model and constructs a decision boundary that separates the data into its constituent classes
on the basis of the computed posterior probabilities following Bayes’ rule (i.e. a class is
assigned to a data for which its posterior probability is the highest).[25] Traditional
statistical methods have focused primarily on using binary classification. However, this
method is limited when looking at complicated diseases, like stages of cancer. A novel,
multiclass method is more suitable for such applications.

Using both algorithms, a total of 29 high-grade dysplasia (from 19 patients), six low-grade
dysplasia (from five patients), 29 squamous metaplasia (from 20 patients) and 100 normal
ectocervix (from 47 patients) were classified to compare the sensitivity and specificity of the
two algorithms.

First, the resulting spectra were correlated with the corresponding histopathologic diagnosis
to characterize the differences between various diagnostic categories. Figure 3 shows the
mean spectra for the full data set for each of the different categories. Peaks were found at
1006, 1058, 1086, 1244, 1270, 1324, 1450, 1550, and 1655 cm™1 in most spectra. Although
the peak shapes and locations are consistent across all pathology classifications, there are
small but significant differences in peak intensities between the different pathology
categories. Several spectral regions show statistically significant differences in comparing
precancer to the normal ectocervix. For example, in the low-grade spectra the 1324 cm™1
peak increases as compared to that in normal ectocervix, similar to the high-grade precancer/
normal ectocervix spectral comparison. But, the intensity of the 1272 and 1450 cm~1 peaks
in low-grade precancer spectra seems to remain similar to that seen in normal ectocervix,
unlike in the high-grade precancer spectra. These differences are very subtle, so there is a
need for statistical approaches.

A binary algorithm based on LDA was applied; using the output of this algorithm, we were
able to distinguish between high-grade precancer and benign areas of the cervix (normal
ectocervix and squamous metaplasia) with 89% of and 88% specificity. Due to insufficient
numbers, we did not include low-grade data in this analysis. The limitation of this particular
discrimination algorithm is that it is binary that does not allow for the multiple classes that
the tissue could belong to. In addition, the inputs for the algorithm were selected as
normalized peak intensities, thereby throwing away other potentially useful information
present in the spectra. To address these limitations, a second discrimination algorithm was
developed, which is based on novel nonlinear statistical methods: MRDF combined with
SMLR.
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In order to determine the effectiveness of a new discrimination algorithm as compared to the
one used previously, we used the same 66 patients as before and classified this data using an
algorithm based on MRDF and SMLR. The diagnostic algorithm using this method is
capable of simultaneously discriminating complete in vivo Raman spectra acquired from the
human cervix, into the different pathological categories. Unbiased performance estimates
were obtained using leave-one-patient-out cross-validation. The results indicate that Raman
spectroscopy can distinguish high-grade precancer from normal ectocervix and squamous
metaplasia with a higher sensitivity and specificity than the binary algorithm (sensitivity
92% and specificity 96%) as shown in Table 1. High-grade spectra were classified correctly
95% of the time, and only one was misclassified as normal. Low-grade data was never
classified as high grade and was misclassified as normal 29% of the time. Very few low-
grade spectra were included in the analysis but this method now has a similar sensitivity to
and much higher specificity than colposcopy-guided biopsy in expert hands (sensitivity of
87% and specificity of 72%).

In order to ensure that our algorithm applies also to low-grade cervical precancers, we added
27 patients, which increased the number of samples within each category with an emphasis
on low-grade lesions. Raman spectra from a total of 93 patients were analyzed using the
algorithm based on MRDF and SMLR with leave-one-patient-out cross-validation. The
performance of the model is reported as percentages that were classified correctly into each
category in Table 2. The result of SMLR is a set of predictive values (or posterior
probabilities) and these were obtained by using leave-one-patient-out cross-validation.
Figure 4 plots the predictive posterior probabilities of being classified as high-grade
dysplasia, low-grade dysplasia, squamous metaplasia and normal ectocervix for the
normalized Raman spectra of the corresponding cervical tissue sites. Even though emphasis
was placed on collecting low-grade spectra, only 22 low-grade spectra from 19 patients are
represented in this study, which may be a reason for the higher misclassification rate. Even
though we had some misclassifications with the low-grade data, overall, more than 88% of
the data from this set classified correctly. More clinical data from low-grade cervix is
needed to determine the full capability of this algorithm to differentiate between normal and
low grade.

Discussion

Raman spectroscopy has the power to optically identify subtle changes in tissue that can
lead to diseases such as cancer. Many statistical methods have been developed to tease out
important clinical parts of Raman spectra, allowing them to be correlated to specific
pathological conditions. Although binary methods have traditionally been used to classify
spectroscopy data, a more sophisticated method that is able to classify multiple classes at the
same time is necessary as Raman spectroscopy moves closer to the clinic. Raman
spectroscopy combined with a multiclass discrimination algorithm has great potential for
biological applications, especially within tissue. This paper demonstrates that when using
the multiclass algorithm, we can improve the sensitivity from 92% to 98% and the
specificity from 81% to 96%. Both methods (binary and multiclass) are an improvement
over the current method of diagnosis — colposcopy-guided biopsy in expert hands has a
sensitivity of 87% and a specificity of 72% — showing the capabilities of Raman
spectroscopy.

One major concern when taking in vivo measurements is that a certain sample volume may
have two different pathological classifications. The sample could be 75% metaplasia and
25% high-grade dysplasia. Therefore, a binary algorithm that separates between high grade
and metaplasia would classify this sample as metaplasia since the sample is dominated by
metaplasia. But with the multiclass algorithm, we may be able to show that this sample is

J Raman Spectrosc. Author manuscript; available in PMC 2011 June 17.



1duasnuey Joyiny vd-HIN 1duasnuey Joyiny vd-HIN

1duasnuey Joyiny vd-HIN

Kanter et al.

Page 8

mostly metaplasia but has spectral contributions from the high-grade dysplastic tissue. This
feature would prevent misdiagnosing the tissue as normal instead of metaplasia with some
high-grade regions. This is an important benefit of using the multiclass algorithm, even
though the implementation of it is more complicated than a binary algorithm.

The goal of this present study was to develop a multivariate statistical algorithm capable of
simultaneously classifying Raman spectral data acquired in vivo from human cervical tissues
into high-grade dysplasia, low-grade dysplasia, squamous metaplasia, and normal
ectocervix. The first task for the development of such an algorithm is the extraction of
diagnostically relevant features from the observed spectra by reducing the dimensionality of
the measured spectral variables. For good classification performance, the extracted features
should contain sufficient class-discriminatory information. Most of the published reports on
spectroscopic diagnostic algorithms have reported using standard linear techniques like PCA
and FDA to extract diagnostic features from the measured spectra of tissue.[26—29]
Although these linear techniques have the advantage of providing closed-form solutions,
which make them relatively easy to implement, they are limited because they extract
information only from the second-order correlation in the data and ignore higher-order
correlations that could be useful for improved discrimination. Use of nonlinear techniques is
required for this purpose.[30] There are several nonlinear methods that exist for feature
extraction in pattern recognition literature; most of them are iterative and often need a priori
selection of a number of parameters associated with the learning or the optimization
technique used.[30] They are also limited by problems with convergence.[30] One major
advantage of the nonlinear MRDF technique is that unlike the iterative nature of other
nonlinear feature extraction algorithms, it provides a closed-form expression of the
nonlinear transform for maximum discrimination.[31,32] Another advantage of using this
method to classify spectral data is that it has the ability to separate classes that are not
linearly separable. As spectral data tends to be nonsymmetric, using MRDF can lead to
spectral separations with higher accuracy.

This increased sensitivity makes Raman spectroscopy superior to other types of
spectroscopy and therefore ideal for detection of small changes in early dysplasia. Although
the number of low-grade spectra in this study is small, we are capable of distinguishing the
low-grade spectra 74% of the time. Once the diagnostic features are extracted from the
measured spectral data, the final task of the algorithm is to classify these extracted features
into respective tissue categories. The major advantage of using the SMLR approach for
classification is that since it is based on a Bayesian framework, it is able to predict the
posterior probability of class membership of the investigated tissue site. This idea is
demonstrated in Fig. 4, where the predicted posterior probabilities of the different cervical
tissue sites classified as high-grade dysplasia, low-grade dysplasia, squamous metaplasia
and normal ectocervix are plotted. One may also note that most of the dysplastic sites have
been classified with a posterior probability of greater than 80% into the corresponding tissue
categories. The probabilistic approach can offer an important advantage by making it
possible to further interrogate these sites, especially when the goal is to correctly identify all
abnormal sites for accurate screening of cervical dysplasia. An additional advantage of the
new algorithm is that it provides the posterior probability of samples belonging to the
different diagnostic categories. We expect this to be extremely useful in a clinical setting
because health providers could recheck samples having lower posterior probabilities of
belonging to one category by using a traditional biopsy method.

Other groups have suggested that optical technologies are capable of distinguishing high-
grade dysplasia or cancer from normal cervix, but have had little success at differentiating
low-grade dysplasia from normal or high grade. In this paper, we have demonstrated that by
using MRDF with SMLR, Raman spectroscopy is capable of picking out some of the subtle
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changes that occur during the early stages of dysplasia. Unfortunately, we were unable to
collect a large number of low-grade dysplasia data, and future studies need to be focused on
low-grade data collection. Also, these algorithms need to be usable in real-time clinical
settings, which will also be developed in the future.

Conclusions

The use of a probability-based robust diagnostic algorithm capable of simultaneously
discriminating in vivo Raman spectra acquired from human cervical tissues into various
pathological categories improves performance compared to the more traditional methods by
allowing for multiclass discrimination. The results indicate that Raman spectroscopy in
conjunction with the diagnostic algorithm can distinguish dysplasia from normal ectocervix
(including metaplasia) with a classification accuracy of 95%. One additional advantage of
the algorithm developed in this study is that it provides the posterior probability of samples
belonging to the different diagnostic categories. This is expected to be extremely useful in a
clinical setting, because clinicians could recheck any sample having a lower posterior
probability of belonging to one category with the conventional biopsy method. These
discrimination techniques are not only applicable to the cervix but also could be used in the
spectral data analysis of tissue types that require a multiclass diagnosis, like GI and skin
cancers.
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Figure 1.

A schematic of the progression of normal endocervix cells after squamous metaplasia
begins. The cells either transform into normal ectocervix or if infected with HPV may

become dysplastic. This figure is available in colour online at
www.interscience.wiley.com/journal/jrs.
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.

. Compute the probability that x belongs to class i

Figure 2.
Flow chart of the multiclass discrimination algorithm. This figure is available in colour
online at www.interscience.wiley.com/journal/jrs.
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Figure 3.

Average Raman spectra for normal ectocervix, low-grade dysplasia, high-grade dysplasia

and metaplasia.
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Figure 4.
Posterior probabilities of being classified as normal ectocervix, low-grade dysplasia, high-
grade dysplasia and metaplasia.
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Table 1
Classification using algorithm based on MRDF and SMLR

Classification Pathology

High Low
Raman algorithm grade grade Metaplasia Normal
High grade 20 0 0 0
Low grade 0 5 0 0
Metaplasia 0 0 20 3
Normal 1 2 1 66
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Classification using algorithm based on MRDF and SMLR with additional low-grade samples

Classification Pathology

High Low
Raman algorithm grade grade Metaplasia Normal
High grade 24 1 1 3
Low grade 0 18 0 3
Metaplasia 0 0 19 10
Normal 5 3 10 208
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