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Abstract

With the advent of digital pathology, imaging scientists have
begun to develop computerized image analysis algorithms for
making diagnostic (disease presence), prognostic (outcome
prediction), and theragnostic (choice of therapy) predictions
from high resolution images of digitized histopathology. One
of the caveats to developing image analysis algorithms for
digitized histopathology is the ability to deal with highly
dense, information rich datasets; datasets that would over-
whelm most computer vision and image processing algo-
rithms. Over the last decade, manifold learning and non-
linear dimensionality reduction schemes have emerged as
popular and powerful machine learning tools for pattern rec-
ognition problems. However, these techniques have thus far
been applied primarily to classification and analysis of com-
puter vision problems (e.g., face detection). In this paper, we
discuss recent work by a few groups in the application of
manifold learning methods to problems in computer aided
diagnosis, prognosis, and theragnosis of digitized histopa-
thology. In addition, we discuss some exciting recent devel-
opments in the application of these methods for multi-modal
data fusion and classification; specifically the building of
meta-classifiers by fusion of histological image and proteo-
mic signatures for prostate cancer outcome prediction.
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Introduction

Pathology laboratories generate vast amounts of data on a
regular basis. These data take many forms and have been
used for diagnostic analysis, prognostic analysis and thera-
gnostic (response to therapies) analysis. Some of these data
elements are discreet and easily integrated into computational
models to classify disease into diagnostic categories, prog-
nostic categories or theragnostic categories. Data generated
in pathology laboratories exists in many forms that vary in
size, dimension and scale.

Clinical laboratory data is frequently composed of discreet
data elements that are often numerical in value (sodium,
potassium, PSA, etc.). Other clinical laboratory data may
exist as more complex data, such as a molecular diagnostic
data which may reside as identifying a point mutation (dis-
creet data element, such as the presence or absence of a point
mutation) vs. more complex molecular data, such as a mul-
tiplexed in vitro diagnostic assay with 10 or more data ele-
ments for a single assay, or multicolor flow cytometric
analysis of leukemia or lymphoma (routinely done with six
or more simultaneous fluorochromes). Historically, these
more complex laboratory data sets are reduced to single dis-
creet values (a risk score in the case of a multiplexed assay
or a series of scatterplots in the case of flow cytometry). In
both of these cases, the data has been reduced as a stand-
alone assay, and often involves data reduction with human
intervention (flow cytometry scatterplots), a step which intro-
duces human bias into the generation of the interpreted data.
Some groups have been developing more sophisticated meth-
ods of analyzing some of these complex data sets. Finn et
al. (1, 2) have developed a statistical manifold to explore
multiplexed flow cytometry data which is based on non-par-
ametric embedding of high dimensional flow data into a low-
er dimensional space meant to preserve object adjacencies
that were present in the high dimensional space. Rogers et
al. have used a different pattern discovery algorithm termed
cytometric fingerprinting to analyze flow cytometry data (3).
These two approaches to data analysis illustrate a new par-
adigm in data exploration within laboratory medicine, an
approach that involves the use of computer computation to
learn or discern complex patterns within high dimensional
data sets. This analysis can occur with human intervention
(supervised analysis), or in a completely unsupervised
approach.

In anatomic pathology, diagnostic information has histor-
ically been generated in the form of textual data. As a result,
anatomic pathology results have been difficult to integrate
into data analysis that combines complex data types. Typi-
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Figure 1 Data acquisition paradigm.
Illustrates the method of data acquisition, feature extraction, feature selection, dimensionality reduction and classification.

cally, data from anatomic pathology have only been repre-
sented as a diagnostic type (prostate adenocarcinoma, breast
carcinoma, etc.) or more recently, with the increasing utili-
zation of synoptic tumor reporting, the addition of tumor
subtypes, tumor grade, tumor stage and other diagnostic or
prognostic variables have been abstracted from glass slide
review and placed into anatomic pathology reports. This data
can be used for clinical reporting as well as used in more
complex data analysis. However, all of these approaches in
anatomic pathology rely on expert analysis and data extrac-
tion, which introduces operator bias into the data extraction.
Numerous studies over time have shown the difficulty in
using this type of data due to poor inter-observer reliability
of the expert data extraction step as measured by kappa sta-
tistics (4–7).

The advent of more powerful computer and sophisticated
computational approaches now allows us to rethink our
approaches to data analysis in pathology and laboratory med-
icine. Advances in image analysis, whole slide scanners, flu-
orescent and multispectral scanners now allow feature
extraction of pathology images so that the resulting slide is not
reduced to a single or a series of discrete textual results, but
instead resides in a complex series of image features which
may be several thousand features in number and include both
primary and secondary image features and graph based fea-
tures. This review paper will discuss some of the computer
vision and non-linear dimensionality reduction (NLDR)
approaches which are changing how we think about and use
pathology imagery. These pattern recognition and machine
learning tools are ideally suited to dealing with high dimen-
sional data, such as digitized pathology, and help provide a
rich feature set of data derived from the original images. The
image analysis feature set derived from these feature extrac-
tion algorithms may also be integrated with non-imaging
based features including genomic, epigenomic and proteomic
analyses of the same tissue used for image based feature
extraction. The resulting data set from these two approaches
(image and omics) form the inputs of a high dimensional
data set that is characterized by multimode registered data.
The data sets are registered at the spatial level since they are
derived from the same areas of a pathology slide and are

multimode since the individual data elements are derived
from multiple modalities. This registered multimode data set
can then be used as inputs into a second set of analytic
approaches called machine learning, designed to discern
classes of information. There are numerous machine learning
approaches, the one we will describe in this manuscript is
called manifold learning. This approach is based on data
fusion and representation of high dimensional data into a
lower dimensional data space that preserves the relative dis-
tances of objects from each other from the high dimensional
space as it is projected into the lower dimensional space in
which the class differences being modeled can be visualized
along a manifold surface (Figure 1).

Feature extraction

Research on useful features for cancer classification and
diagnosis has often been inspired by grading features defined
by clinicians as particularly important for the diagnosis. The
vast majority of these features are nuclear features, and many
have been established as useful in analysis of both cyto-
pathology and histopathology imagery. Other features that
assume discriminatory importance include the margin and
boundary appearance of ductal, stromal, tubular and glan-
dular structures. While there is a compilation of features for
cytopathology imagery (8), there is relatively little such work
for histopathology imagery.

Human observers (pathologists) concept of the world is
inherently object-based, as opposed to the largely pixel-based
representation of computer vision. As such, pathology experts
describe and understand images in terms of such objects. For
pathologists, diagnosis criteria are inevitably described using
terms, such as ‘‘nucleus’’ and ‘‘cell’’ and relationship of
larger objects to each other and to benign adjacent tissue. It
is thus important to develop computer vision methods capa-
ble of such object-level analysis (Figure 2).

Spatially related features

Graphs are effective techniques to represent structural infor-
mation by defining a large set of topological features. Appli-
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Figure 2 Supervised extraction of histological features to describe tissue appearance of (A) benign epithelium, and (B) ductal carcinoma
in situ (DCIS). Feature images for the two tissue classes (benign epithelium, DCIS) corresponding to Gabor wavelet features (B, E) and
Haralick second order features (C, F) are shown.

Table 1 Summary of spatial-arrangement features used in histopathology image analysis.

Graph structure Features

Voronoi tesselation Number of nodes, number of edges, cyclomatic number, number of
triangles, number of k-walks, spectral radius, eigenexponent,
Randic index, area, roundness factor, area disorder, roundness factor homogeneity

Delaunay triangulation Number of nodes, edge length, degree, number of edges, cyclomatic
number, number of triangles, number of k-walks, spectral radius,
eigenexponent, Wiener index, eccentricity, Randic index, fractal dimension

Minimum spanning tree Number of nodes, edge length, degree, number of neighbors, Wiener
index, eccentricity, Randic index, Balaban index, fractal dimension

cation of graph theory to other problem domains is
impressive. Real-world graphs of varying types and scales
have been extensively investigated in technological, social
(9) and biological systems (10). In spite of their different
domains, such self-organizing structures unexpectedly exhib-
it common classes of descriptive spatial (topological) fea-
tures. These features are quantified by definition of comput-
able metrics (Table 1).

The use of spatial-relation features for quantifying cellular
arrangement was proposed in the early 1990s (11, 12), but
did not find applications in clinical imagery until recently.
Graphs have now been constructed for modeling different
tissue states and for distinguishing one state from another by
computing metrics on these graphs and classifying their val-
ues. Overall, however, the use of spatial arrangement of his-
tological entities (generally at low resolutions) is relatively
new, especially in comparison to the wealth of research on

nuclear features (at higher resolutions) that has occurred dur-
ing the same timeframe. Definitions for all graph structures
and features can be found in reference (13). The total number
of spatial-relation features extracted is approximately 150 for
all graph structures.

Graph theoretical metrics that can be defined and com-
puted on a cell-graph induce a rich set of descriptive features
that can be used for tissue classification. These features pro-
vide structural information to describe the tissue organiza-
tion, such as: (i) the distribution of local information around
a single cell cluster (e.g., degree, clustering coefficient, etc.),
(ii) the distribution of global information around a single cell
cluster (e.g., eccentricity, closeness, between-ness, etc.),
(iii) the global connectivity information of a graph (e.g., ratio
of the giant connected component over the graph size, per-
centage of the isolated and end data points in the graph, etc.),
(iv) the properties extracted from the spectral graph theory
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(e.g., spectral radius, eigenexponent, number of connected
components, sum of the eigenvalues in the spectrum, etc.).

The end result of these feature extraction algorithms is a
set of features that can be used for image classification. Prior
to classification, a pruning of the most relevant features must
be performed in a step termed feature selection.

Feature selection

While humans have innate abilities to process and understand
imagery, they tend not to excel at explaining how they reach
their decisions. As such, large feature sets are generated in
the hopes that some subset of features incorporates the infor-
mation used by the human expert for analysis. Therefore,
many of the generated features could be redundant or irrel-
evant. Actually, a large set of features may possibly be det-
rimental to classification performance, a phenomenon known
as ‘‘the curse of dimensionality.’’ Feature selection is a
means to select the relevant and important features from a
large set of features. This is an increasingly important area
of research now that automated quantitative image analysis
techniques are becoming more mainstream.

Feature selection in histopathological image analysis pro-
vides several benefits in addition to improving accuracy.
Since images tend to be relatively large, a smaller subset of
features needs to be calculated, reducing the computational
complexity of classification algorithms. In some applications,
it may be preferable to sacrifice the overall performance
slightly if this sacrifice greatly reduces the number of select-
ed features. A smaller number of features would also make
it easier to explain the underlying model and improve the
chances of generalization of the developed system. Addi-
tionally, in a multi-resolution framework, a set of features
proven useful at a given resolution may not be relevant at
another resolution, even within the same image. A feature
selection algorithm helps determine which features should be
used at a given resolution.

An optimal feature selection method would require an
exhaustive search, which is not practical for a large set of
features generated from a large dataset. Therefore, several
heuristic algorithms have been developed which use classi-
fication accuracy as the optimality criterion. Well-known
feature selection methods include the sequential search
methods, namely sequential forward selection (SFS) and
sequential backward selection (SBS) (14). SFS works by
sequentially adding the feature that most improves the clas-
sification performance; similarly, SBS begins with the entire
feature set and sequentially removes the feature that most
improves classification performance. Both SFS and SBS suf-
fer from the ‘‘nesting effect’’ whereby features that are
selected (SFS) or discarded (SBS) cannot be revisited in a
later step and are thus suboptimal (14). The use of floating
search methods, sequential floating forward search (SFFS)
and sequential floating backward search (SFBS), in which
previously selected or discarded features can be re-evaluated
at later steps avoids the nesting problem (15–17). While
these methods still cannot guarantee optimality of the select-

ed feature subset, they have been shown to perform very well
compared to other feature selection methods (18), and fur-
thermore, are much more computationally efficient. SFFS is
one of the most commonly encountered feature selection
methods in the pathology image analysis literature.

More recent feature selection research has focused on such
methods as genetic algorithms, simulated annealing, boosting
(19) and grafting (20). A taxonomy of feature selection algo-
rithms is presented by Jain and Zonker (18). Genetic algo-
rithms and simulated annealing are applications of traditional
optimization techniques to feature selection. Boosting basi-
cally acts as a greedy feature selection process. Grafting
(from ‘‘gradient feature testing’’) (20) is based on an elegant
formulation of the feature selection problem, whereby the
classification of the underlying data and the feature selection
process are not separated. Within the grafting framework, a
loss function is used that shows preference for classifiers that
separate the data with larger margins. Grafting also provides
an efficient framework for selection of relevant features. Fea-
ture selection based on a measure of discriminatory power
was proposed by Qureshi et al. (21). These authors compute
the discriminatory power of each of the wavelet packet sub-
bands (features) using a dissimilarity measure between
approximated probability density functions for different clas-
ses. Derived features are then sorted according to the dis-
criminatory power values associated with the corresponding
features.

Dimensionality reduction and manifold learning

While feature selection aims to select features (and reduce
the feature dimensionality) that best optimize some criterion
related to the class labels of the data (e.g., classification
performance), dimensionality reduction techniques aim to
reduce dimensionality based on some other criterion. Three
well-known and commonly used methods of linear dimen-
sionality reduction are principal component analysis (PCA),
independent component analysis (ICA), and linear discrimi-
nant analysis (LDA).

PCA (22) attempts to find a new orthogonal coordinate
system whereby the maximum variance of the data is incor-
porated in the first few dimensions. Projection of the data
onto the individual coordinates encompasses varying degrees
of variance; the first coordinate encompasses the largest var-
iance in the data, the second coordinate the next largest var-
iance, and so forth. Thus, by retaining only the first few
dimensions of the PCA transform, the sources of the largest
amount of variation in the data are maintained. PCA is based
on an eigenanalysis of the data, and thus can be computa-
tionally expensive. Ordering the eigenvectors according to their
associated eigenvalues provides the principal components.

ICA (23–26), in contrast, looks to find some mixing
matrix W such that the components of YsWX are statisti-
cally independent. This provides a stronger constraint on the
resulting components than PCA, which only requires that the
components be uncorrelated. ICA, however, provides no
ranking of the resulting independent components, as does
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PCA. There are a variety of methods for calculating the inde-
pendent components wrefer to (23–26)x, which are generally
very computationally intensive.

Recently, NLDR methods have become popular in learn-
ing applications. These methods overcome a major limitation
of linear dimensionality reduction methods, such as PCA and
LDA, which assume that geometrical structure of the high-
dimensional feature space is linearized. In reality, high-
dimensional feature spaces comprised of highly non-linear
structures and locality preserving dimensionality reduction
methods are highly sought after. Many manifold learning
algorithms have been constructed over the years to deal with
different types of data (27–33). Graph embedding is one
such algorithm that aims to non-linearly project high dimen-
sional data into a reduced dimensional space, while simul-
taneously preserving object adjacencies (34–37). The high
dimensional feature space F will be significantly reduced in
terms of number of dimensions to a lower dimensional eigen
feature vector X (where ±F±4±X± and ±F± is the cardinality of
set F). X now represents the low dimensional embedding
coordinates (or principal eigenvalues) of the original object
(e.g., a histology image), in turn representing the variance in
the data in F. Hence, if two objects (e.g., pathology images)
L1 and L2 are embedded close to each other in the lower
dimensional sub-space, then it suggests that they are similar
to each other wpotentially in terms of survival, or similarity
in spatial arrangement of breast cancer (BC) nucleix. NLDR
schemes differ from linear DR schemes, such as PCA in that
they attempt to preserve geodesic distances between objects
in the high dimensional space.

Classification

For histopathology imagery, unlike some other applications
of image analysis, one of the primary considerations in the
choice of a classifier is its ability to deal with large, highly
dense datasets. Also due to multiple image scales at which
relevant information may be extracted from histological
imagery, use of an ensemble of classifiers as opposed to a
single classifier has been proposed. Following feature extrac-
tion, selection and dimensionality reduction, different sche-
ma for classification may be applied to the histopathologic
images.

Multi-classifier ensemble schemes

Both theoretical and empirical results have established that,
in terms of accuracy, ensembles of classifiers generally out-
perform monolithic solutions. Learning ensembles or
multiple classifier systems are methods for improving classifi-
cation accuracy through aggregation of several similar clas-
sifiers’ predictions, and thereby reducing either the bias or
variance of the individual classifiers (38–40).

Support vector machines (SVM) SVMs project a set of
training data, E, representing two different classes into a
high-dimensional space by means of a kernel function K.
The algorithm then generates a discriminating hyper-plane to

separate out the classes in such a way to maximize a cost
function. Testing data is then projected into the high-dimen-
sional space via K, and the test data is classified based on
where it falls with respect to the hyper-plane. The kernel
function K defines the method in which data is projected
into the high-dimensional space. A commonly used kernel
known as the radial basis function has been employed to
distinguish between three different classes of prostate tissue
(41). Radial basis functions with a grid search for their para-
meters have also been used to differentiate colon adenocar-
cinoma histopathology images from benign histopathology
images (42), and to classify four different subtypes of menin-
gioma from their histopathology images (43).

Adaboost The AdaBoost algorithm is used to combine a
number of weak learners to generate a strong classifier. In
the study by Doyle et al. (44), a hierarchical boosted cascade
scheme for detecting suspicious areas on digitized prostate
histopathology, inspired by the work of Viola and Jones (45)
on face detection was presented. Efficient and accurate anal-
ysis is performed by first detecting those areas only found
to be suspicious at lower scales. Analysis at subsequent high-
er magnifications is limited to those regions deemed to be
suspicious at lower scales. Pixels classified as ‘‘non-tumor’’
at a lower magnification (scale) are discarded at the subse-
quent higher scale, reducing the number of pixels needed for
analysis at higher scales. The process is repeated using an
increasingly larger number of image features and an increas-
ing classification threshold at each iteration. Qualitative
results with a hierarchical boosted classifier at three different
image resolutions are shown in Figure 3.

Applications

Prostate cancer grading

The classification of histopathology imagery is often the ulti-
mate goal in image analysis, particularly in cancer applica-
tions. Features derived from segmented nuclei and glands
from histopathology are usually a pre-requisite to extracting
higher level information regarding the state of the disease.
For instance, the grading of prostate cancer by Jafari-Khou-
zani and Soltanian-Zadeh (46) yielded 97% accuracy for
Hematoxylin & Eosin (H&E) stained imagery based on fea-
tures derived from nuclear structures in histopathology. Weyn
et al. (47) reported 87.1%–96.8% accuracy in the correct
diagnosis (3 diagnoses) of Feulgen-stained lung cancer spec-
imens, 79.5%–92.3% accuracy in typing (3 types) malignant
mesothelioma, and 74.3%–82.9% accuracy in the prognosis
(3 classes of survival time) of malignant mesothelioma cases.
Analysis of Feulgen-stained breast tissue sections by van de
Wouwer et al. found 67.1% accuracy in classifying nuclei as
benign or malignant, but 100% classification on a patient
level. Tabesh et al. (48) found 96.7% accuracy in discrimi-
nating between prostate tissue slides with cancer and no can-
cer, and 81% accuracy in the discrimination between low
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Figure 3 Hierarchical boosting to identify prostate carcinoma in whole digitized pathology slides.
From left to right, (A) a digitized histopathology image, (B) cancer extent delineated in black by an expert pathologist, and cancer probability
images generated by an Adaboost classifier at (C) low-, (D) intermediate, and (E) high-image resolutions.

Figure 4 Non-linear dimensionality reduction used to classify prostate adenocarcinoma into Gleason grade 3 and grade 4 patterns.
(A) Low dimensional embedding of the high dimensional attribute space via locally linear embedding of 20 images representing prostate
cancer grades 3 (circles) and 4 (squares). Each image is displayed as a point in 3D eigenspace. The clustering clearly shows very good
discrimination between these two classes, which clinically is the most challenging problem in terms of Gleason grading. (B) Bar plots
reflecting the classification accuracy obtained via a supervised classifier in distinguishing between pairs of tissue classes – grade 3/4, grade
3 vs. benign epithelium, and grade 4 vs. benign epithelium via a SVM classifier. Note that in every case the classification accuracy is over
90%.

and high Gleason grades in the same imagery. Immunohis-
tochemically stained colon mucosa allowed for an accuracy
of 92% for classification of benign and malignant images by
Esgiar et al. (49, 50).

Figure 4A shows the low dimensional embedding of the
high dimensional attribute space via locally linear embedding
of 20 images representing prostate cancer grades 3 (green
circles) and 4 (blue squares). Each image is displayed as a
point in 3D eigenspace. The clustering clearly shows very
good discrimination between these two classes, which clin-
ically is the most challenging problem in terms of Gleason
grading. Figure 4B shows bar plots reflecting the classifi-
cation accuracy obtained via a supervised classifier in distin-
guishing between pairs of tissue classes – grade 3/4, grade
3 vs. benign epithelium, and grade 4 vs. benign epithelium
via a SVM classifier. Note that in every case the classifica-
tion accuracy is over 90%.

Quantifying extent of lymphocytic infiltration

on Her2H breast cancer imagery

Molecular changes in BC are sometimes accompanied by
corresponding changes in phenotype. Therefore, the identi-
fication of these phenotypic changes in BC histopathology
is of significant prognostic and theragnostic value. One such
phenotype is the presence of lymphocytic infiltration (LI), a
form of immune response often seen in high grade BC. The
presence of LI in BC histopathology has been shown to cor-
relate with tumor recurrence and nodal metastasis. To char-
acterize LI computationally, we presented a computer assisted
diagnosis (CAD) methodology to automatically detect and
quantitatively grade the extent of LI in high-grade, HER2q
BC histopathology images.

The lymphocyte CAD algorithm comprises three main
stages. First, we employ an automated lymphocyte detection
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Figure 5 Non-linear dimensionality reduction used to classify lymphocytic infiltration in Her2 positive breast carcinoma.
Visualization of HER2q breast cancer tissue samples with low-, to medium-, to high-levels of lymphocytic infiltration (LI) (52, 53) in the
meta-space. Graphs constructed on the LI allow for extraction of architectural features, resulting in a smooth manifold (obtained via CEmbed)
with clear separation b/w different LI levels.

scheme to identify lymphocyte nuclei from surrounding stro-
ma and cancer cell nuclei. A region-growing algorithm ini-
tially segments all candidate nuclei. Since many cancer cell
nuclei are also found, a Bayesian classifier is used in con-
junction with a Markov random field (MRF) to refine the
segmentation. The Bayesian classifier calculates features for
each candidate nucleus and uses the size and luminance
information to distinguish lymphocyte nuclei from cancer
cell nuclei. The MRF is an iterative algorithm that models
the infiltration phenomenon by incorporating the spatial
proximity of lymphocytes in a histopathology image.

Using the segmented lymphocytes, a total of 50 architec-
tural (i.e., graph-based and nuclear) features are extracted for
each image. We construct three graphs (Voronoi Diagram,
Delaunay Triangulation, and Minimum Spanning Tree) and
calculate 25 graph-based features for each image. The
remaining 25 features represent nuclear statistics, such as
lymphocyte density and nearest neighbor statistics.

For a dataset containing 41 images, we distinguish images
with high and low LI by reducing the architectural feature
set with NLDR and applying a SVM classifier. We compare
our method to two textural feature sets: the popular Varma-
Zisserman (VZ) texton-based features and global texture
features. While the architectural feature set achieves a clas-
sification accuracy of 92%, the texton-based and global tex-
ture feature sets perform at 60% and 50%, respectively (51).

Figure 5 shows that the low dimensional representation,
obtained by the application of Graph embedding on a set of
HER2q BC histopathology images from which Voronoi
graph based features were derived to quantitatively charac-
terize the extent, pattern, and density of LI (presence of lym-

phocytic nuclei), results in a smooth curvilinear manifold
with a continuous transition for low to intermediate to high
levels of LI (levels of LI have been clinically correlated to
disease outcome; high levels of LI result in better outcome/
survival) (54). By mapping new samples onto this manifold
and based on the location of the sample on the manifold, a
prediction of disease outcome could be made. The manifold
in the meta-space captures the biological transformation of
the disease in its transition from good to poor prognosis
cancer (51).

This study demonstrates the ability of a CAD algorithm
to automatically detect and quantitatively characterize the
nature of LI in breast histopathology. These tasks are of par-
ticular importance due to the connection between LI in BC
and patient outcome. Furthermore, since the methodology
proposed in this study is independent of the underlying biol-
ogy, it may also be applicable to the histopathology of other
diseases.

Generalized fusion framework

H&E stained prostate whole mount histology and corre-
sponding proteomic spectra from mass spectrometry can be
used to predict prostate cancer recurrence via a generalized
fusion framework (GFF). GFF provides seamless integration
of multiple modalities (in this case histology and proteomics)
while addressing issues with previous combination of deci-
sion (COD) and combination of interpretation (COI) strate-
gies. Owing to the disparity of the dimensionalities that the
two different modalities resides in, meta-space, a novel
knowledge representation framework is presented which
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Figure 6 A generalized fusion framework (GFF) is illustrated in
which data sources (proteomics and histology) are transformed into
a common meta-space prior to information fusion. The fused data
can then be classified to make a prediction for cancer recurrence.

involves first performing dimensionality reduction on the
individual modalities. The histological and proteomic fea-
tures are transformed into a uniform representation in the
meta-space. Data fusion and meta-classifier construction can
now take place in this reduced dimensional meta-space (see
Figure 6 below).

Data Si(x) is transformed into meta-space Ti where fusion
of disparate sources i is possible. The meta-space preserves
the discriminative properties of the original sources in a low-
er dimensional space, representing both in terms of eigen-
vector features of equal dimensionality and scale. The fused
data representation thus contains the discriminative power of
a joint feature space, but in low dimensionality, making it
more amenable to classification.

Concluding remarks

Together this pipeline for processing data provides a frame-
work for image data (whether it be from pathology images,
gene chips, proteomics, or other sources not discussed (flow
cytometry, radiology images) that allows for pattern discov-
ery in high dimensional data sets that describe complex
biologic systems. The exact algorithms for optimum feature
selection, feature extraction, data reduction, and classifica-
tion methodologies or pattern finding approaches will vary
depending upon the systems being analyzed and the distri-
bution of data. However, what is clear is that the ability to
classify and understand biologic systems in diagnostic med-
icine will get ever more complex and the need to describe
and model them will require the creation of complex high
dimensional data sets which will be analyzed with complex
algorithms. This analyzed data will then be vetted by domain
experts, medical diagnosticians that perhaps do not fall into
the classic categories of physicians we train today. They will
wear different hats (not radiology or pathology caps) and will
learn to be comfortable developing and interacting with
these complex data models. The logistics of how this will

evolve, the training that will be required, the rules that will
apply to training and credentialing will need to be developed
as we move from classic diagnostic into a new realm of
complex systems based approaches to understanding dis-
eases, diagnosing and prognosticating disease and develop-
ing tools to discover what the best therapeutic options are
for patients given their genetic makeup and how their spe-
cific disease interacts with their unique constitution.
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