ABSTRACT
Background: Mathematical algorithms developed for a variety of unrelated
diagnostics can sift through empirical spectrometric data, extract best
spatial/spectral features & drive hardware to measure quantities of interest.
We analyzed CD microscopic images of normal and malignant human
colon derived from archival micro-array tissue sections to determine if
these algorithms can discriminate among cellular constituents of normal
and malignant populations.
Design: Images were acquired using liquid tunable filters, a novel,
spectrally agile light source that replaces a conventional halogen lamp on a
standard microscope. This source can emit white light of any desired color
temperature, single 10 nm wavelength bands ranging from 420-690 nm, or
any combination of wavelengths with individual intensity control. Both
tunable filter and spectral source were used with a gray scale camera. Scans
of selected H&E stained micro-array sections of normal and malignant
(adenocarcinoma) human colon tissue yielded images forming a “column”,
28 spectra thick, 1000 pixels/ side (total of 28x106 pixels). To analyze
spectral & spatial features, a training set of normal colon was established
by specific algorithmic analysis of from 1 to 4 x 4 pixel areas x 28 spectral
images, each, of normal gland nuclei, cytoplasm, and lamina propria cells.
A similar analysis of malignant colon images was compared to the training
set.
Results: Spectral analysis of normal colon discriminated among cell nuclei,
cytoplasm and lamina propria/lumens. Spatial analysis discriminated
between
normal and malignant nuclei but spectral data did not
discriminate between these two populations.
Conclusions: Spectral/spatial analysis with mathematical algorithms can
discriminate among cell populations. We are expanding the analytic
spectrum and applying the technique to cytologic preparations seeking
greater sensitivity and specificity in discriminating the populations under
study.
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Background:
With the development of spectral light sources of
increasingly broader ranges14 spectral analysis of tissue sections has
evolved from using image subtraction techniques with only 2 wavelengths12
to Raman microspectroscopic mapping in the near infrared8. These
technologic advances have given rise to attempts at diagnostic
spectroscopy, the discrimination of cell types and tissue patterns based on
differentiating spectral signals. Increased sensitivity has been achieved in
discriminating among multicolor chromophores in transmission and
fluorescence insitu hybridization (TRISH9, FISH13), immunohistochemistry10, endogenous pigments11 (melanin, heme, tattoo) and
discriminating between benign and malignant urothelial cells1 and vital
glioblastoma from necrotic tissue8.
We applied mathematical algorithms which were developed for a variety
of unrelated diagnostics4,5,6,15 to sift through empirical spectrometric data,
extract best spatial/spectral features & drive hardware to measure quantities
of interest.
We used these techniques to analyze CD microscopic images of normal
and malignant human colon derived from archival micro-array tissue
sections2 to determine if these algorithms can discriminate among cellular
constituents of normal and malignant populations.

2

Design: CD images were acquired using liquid tunable filters, a novel,
spectrally agile light source (CRI, Inc,)9,10,11 that replaces a conventional
halogen lamp on a standard microscope. This source can emit white light
of any desired color temperature, single 10 nm wavelength bands ranging
from 420-690 nm, or any combination of wavelengths with individual
intensity control. Both tunable filter and spectral source were used with a
gray scale camera.
40 selected H&E stained micro-array sections of normal and
malignant (adenocarcinoma) human colon tissue (18 sections contained
normal tissues, 2 sections contain both benign and malignant tissue, and 20
sections contain only malignant tissue) (Figure 1) each yielded CD images
forming a “column”, 28 spectra thick, 1024 by 1280 pixels. To analyze
spectral & spatial features, a training set was established from the 20
“normal” sections by specific algorithmic analysis of from 1 to 4 x 4 pixel
areas x 28 spectral images, each, of normal gland nuclei, gland cytoplasm,
lamina propria cells and lumens. A similar analysis of 20 malignant colon
images was compared to the training set. The data was organized as a set
of 40 data cubes of 1024 x 1280 pixels, each of which is a vector of 28
spectral frequencies, equally spaced between 420nm and 690nm. Each
point in the data cube has coordinates denoted by ( x , y , w ) with i running
from 1 to 1024, j from 1 to 1280, l from 1 to 28. To increase the size of
our data set, we divided each data cube into 4 smaller data cubes, each 512
x 590 x 28, obtaining 160 data cubes. Due to the quality of the images and
related normalization issues, only 120 data cubes were used for
training and prediction in the following analyses. The data was
preprocessed and normalized by forcing each spectrum above each pixel to
have zero mean.
A. Tissue Discrimination
The different tissue types in each section, normal gland nuclei,
cytoplasm, lamina propria and lumens, are classified based on spectral
information only. This classification is “supervised”; we collect and
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manually label about 2000 spectral samples of each of the 4 tissue classes
and then apply techniques based on wavelet-packets and the concept of
discriminant bases to find the linear coordinates { e ,..., e } that “best”
distinguish between the points belonging to the different classes. These
algorithms permit a search through a large library of orthonormal bases in
the 28 dimension spectral space for a base that maximizes a discrimination
enhancing criterion. Each of these coordinates is a linear combination of
wavelengths: e    w . Only the best discriminating coordinates e ,..., e are
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retained (a combination of fewer than 28 wavelengths suffices, in this case
8), allowing a first reduction of dimensionality of the dataset by rotating
and projecting the spectral vectors onto this lower dimensional subspace,
which, by construction, discriminates between the chosen classes. At this
point a set of images containing millions of spectra is transformed and
projected into these coordinates. A clustering algorithm (such as k-means,
nearest neighbor or support vector machines) classifies the spectral data
into the four desired classes (Figure 2).
B. Pattern Analysis
Geometric and pattern spatial information distinguish patches of
normal cells from patches of malignant cells. The goal of this analysis,
performed on the four-color pictures obtained after tissue discrimination,
(Figure 3), is to distinguish between normal and malignant characteristics.
We use a multi-scale approach incorporating statistics of image patches
at different scales. For each image, or patch in an image, we obtain a set of
statistics, which we view as a vector in a high dimensional “statistics”
space. We identify which spatial statistics are related to normal
morphology and which are related to malignant, cluster them in statistics
space, and perform an initial dimension reduction by finding the first few
most discriminating coordinates in statistics space. On the projection we
perform clustering by using support vector machines algorithm with
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radial kernels. Parameters are optimized according to their statistical
performance as measured by cross validation (Figure 4).
Results: Spectral analysis of normal colon discriminated among gland
nuclei, gland cytoplasm and lumens/lamina propria (Figures 2, 3) in both
normal and malignant cells but did not discriminate between normal and
malignant tissues.
However spatial analysis showed discrimination between nuclei of
normal and malignant tissue as shown in Figure 4, an example of clustering
with support vector machines, on a 2-dimensional (“best discriminating”)
projection in statistical space. Each point in is an ensemble of statistics of
the geometry of multiscale patches. Here we see the projection on the two
coordinates that best discriminates between statistics - normal (green) and
malignant (red) patches. While this discrimination applies to patches of
size 256x256 pixels, we attempt to use discriminating statistics on patches
of smaller size to detect the boundary of malignant tissue of size down to
16x16 pixels (Figure 5).
When we use support vector machines to find optimal decision
boundaries for sensitivity and diagnostic efficiency the following
classifications are obtained, based on 120 total samples, of which 76 normal
and 44 are malignant (Table 1).
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Conclusions:
Pattern recognition mathematical algorithms can optimize information in
the visible light spectrum, 460nm to 690nm, derived from combinations of
spectral and spatial analysis and yield optimal diagnostic efficiency of
86% and optimal specificity of 92%.
However our attempts to linearly discriminate only spectral signals from
normal and malignant nuclei have been unsuccessful. Preliminary analyses
(not reported) with non-linear maps do separate normal and malignant
nuclei but with an error rate of about 30% (Figure 6).
We anticipate that expansion of the analytic spectrum with use of new
technology7 and application of the algorithms to:
- Visible spectrum can normalize and quantify staining variables and
chromophores17 for objective grading and telepathology16;
- Near infrared spectrum can identify and quantify chemical
and molecular structures of cells/tissue (“spectral chemometry”)3,8,14.
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TABLE 1
Maximizing Sensitivity
Average cross-validation classification error 16.66%; s.d. 10.6230
Predicted class:
Malignant
Benign
37 (84.09%) (TP)
7 (15.91%) (FN)
13 (17.11%) (FP) 63 (82.89%) (TN)

True Malignant:
True Benign:
Sensitivity = 84%
Specificity = 83%
Predictive value of positive = 74%; False positive = 26%
Predictive value of negative = 90%; False negative = 10%
Diagnostic efficiency = 83.3%

Maximizing Efficiency
Average cross-validation classification error 14.167%; s.d. 8.1223.
Predicted class:
Malignant
Benign
33 (75.00%) (TP) 11 (25.00%) (FN)
6 ( 7.89%) (FP) 70 (92.11%) (TN)

True Malignant:
True Benign:
Sensitivity = 75%
Specificity = 92%
Predictive value of positive = 84.6%; False positive = 15.4%
Predictive value of negative = 85.4%; False negative = 14.6%
7

Diagnostic efficiency = 85.8%.
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Figure 1. Original picture at 500nm
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Sample of normal tissue, image at
wavelength 500nm

gure 2.

Sample of malignant tissue, image at
wavelength 500nm

This picture shows the various tissue types as spectrally classified with the supervised method as described above. The

dinates here are the first three disciminant vectors
nned by these three vectors.

e1 ,..., e3 and each point is the projection of a 28-dimensional spectrum onto the subspace
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gure 3. Spectral classification of tissue types. Each pixel is assigned to one of four classes, based on the spectral information associated to

his four-color pictures are what is fed into the second step of the algorithm that collects pattern information.
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gure 4.

Example of clustering with support vector networks, on a 2-dimensional (“best discriminating”) projection in statistical space.
h point in statistical space in an ensemble of statistics of the geometry of multiscale patches. Here we see the projection on the two coordinates
most discriminate between statistics of benign (green) and malignant (red) patches, and we use support vector machines to find optimal decision
ndaries.
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gure 5. Various discriminant statistics, at different scales, are combined in an attempt to predict portions of malignant tissue at a 16x16

h-size resolution.

gure 6. Healthy and cancerous nuclei spectra non-linearly transformed through
e Laplacian eigenvectors. Each data point was originally in 28 dimensions, and
e cloud of points is mapped to a lower dimensional (e.g. 6 dimensional) space,
hile almost preserving distances among points. This a three dimensional slice
ken along the parameters that most discriminate between the two classes.
eliminary experiments show that the cross-validation error on a random training
t is about 30%, the prediction error about 35%.
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