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Abstract Pathological examination of a biopsy is the most reliable ad widely
used technique to diagnose bone cancer. However, it su ersdm both inter-
and intra- observer subjectivity. Techniques for automated tissue modeling and
classi cation can reduce this subjectivity and increases he accuracy of bone
cancer diagnosis. This paper presents a graph theoretical ethod, called extra-
cellular matrix (ECM)-aware cell-graph mining, that combi nes the ECM for-
mation with the distribution of cells in hematoxylin and eosin (H&E) stained
histopathological images of bone tissues samples. This ntetd can identify dif-
ferent types of cells that coexist in the same tissue as a refiwof its functional
state. Thus, it models the structure-function relationships more precisely and
classi es bone tissue samples accurately for cancer diagsis. The tissue im-
ages are segmented, using the eigenvalues of the hessian mgtto compute
spatial coordinates of cell nuclei as the nodes of correspding cell-graph.Upon
segmentation a color code is assigned to each node based ore tbompaosition
of its surrounding ECM. An edge is hypothesized (and establhed) between a
pair of nodes if the corresponding cell membranes are in phijal contact and
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(a) a normal bone tissue (b) a fractured tissue

&

(c) a cancerous tissue

Fig. 1 Microscopic images of tissue samples surgically removed fr om human bone tissues
and stained with hematoxylin and eosin.

if they share the same color. Hence, multiple cell-graphs @xist in a tissue
each modeling a di erent cell-type organization. Both topological and spec-
tral features of ECM-aware cell-graphs are computed to quatify the struc-

tural properties of tissue samples and classify their di eent functional states
as healthy, fractured, or cancerous using support vector machines. Classi ca-
tion accuracy comparison to related work shows that ECM-awae cell-graph
approach yields 90.0% whereas delaunay triangulation andimple cell-graph
approach achieves 75.0% and 81.1% accuracy, respectively.

Keywords Cancer Diagnosis Graph Mining Tissue Classi cation

1 Introduction

Osteosarcoma is the most common type of bone sarcoma, accduing for ap-
proximately 35% of bone tumors. Osteosarcoma develops in metissue of
growing bones and occurs most commonly in children or adolegsnts. Among
children under age 15, it is the & most frequently diagnosed cancer. Os-
teogenic sarcoma a ects 400 children under age 20 and 500 altks who are
mostly between the ages of 15-30 every year in the USA. Long tm survival
of osteosarcoma is 66%, leading to 300 deaths each year.

Pathological examination of a biopsy is the most reliable and widely used
technique to diagnose bone cancer in the current practice ofmedicine. Suc-
cessful biopsy requires knowledge of sarcomas and their tgment, and is best
performed by a surgical specialist, followed by examinatia of the sample by
an experienced pathologist. Biopsies can be performed as apen (surgical)
procedure or a closed (percutaneous) procedure (using a lge needle to re-
move the tissue). The biopsy must be performed properly suchthat enough
tissue is collected to obtain a diagnosis, while still alloving surgical treatment
of the tumor. In general, the preferred method is the least ivasive technique
that still allows the pathologist to give a de nitive diagno sis. The pathologist
examination of biopsy su ers from both inter- and intraobserver subjectivity
and thus techniques to reduce this subjectivity with quantitative measures for
cancer diagnosis are in great demand.



Several automated cancer diagnosis tools have been repodtén the liter-
ature. Depending on the feature set these tools use, they cae divided into
ve categories; morphological, textural, fractal, intensity based and topolog-
ical. Morphological features such as area, perimeter, andoundness of nuclei
are used in [10,14,15,20,23,27,28,31, 35, 37]. Texturabferes such as the an-
gular second moment, inverse di erence moment, dissimildty, and entropy
derived from the co-occurrence matrix are used for diagnosiin [10,33,15,19,
29,31, 35].

Complimentary to the morphological and textural features, colorimetric
features such as intensity, saturation, red, green, and bla components of pix-
els [14,37] and densitometric features such as the number tww optical density
pixels [33,19,29] have been reported. Fractals that desdye the similarity lev-
els of dierent structures found in a tissue image over a rang of scales are
proposed in [9,11]. Fractal dimensions are used as the feat set in these
studies.

Orientational features extracted by making use of Gabor Iters that re-
spond to contrast edges and line-like features of a speci crientation are used
in [32]. Other mathematical diagnosis tools rely on gene exgssion [2,13,16,
18] and mass spectroscopy [36] to detect a cancer tumor.

Using these features, automated cancer diagnosis tools Hdiclassi ers to
distinguish the healthy and cancerous tissues. Arti cial neural networks [29,
31,37], k-nearest neighborhood algorithm [33,11,14], syort vector machines
[15], linear programming [27], logistic regression [9,35]and fuzzy [23] and
genetic [28] algorithms have been used for cancer diagnosis

These techniques do not capture the structure-function rehtionship that is
encoded by the spatial distribution of the cells and organiation of the ECM in
a tissue sample. Initial approach in this direction is the castruction of Voronoi
graphs which aim to model spatial distribution of cell where each nucleus rep-
resents a vertex in the graph [34,26,24]. Graph propertiesuch as minimum
spanning trees computed over voronoi graphs to capture the teuctural or-
ganization of tissue samples [8]. However, there are two mailimitations of
Delaunay triangulation that cell-graphs successfully renedy. First, Delaunay
triangulations are restricted to planar graphs which are vey limited in their
structure and do not allow crossing of edges. There is no evahce to justify
such a limitation in a tissue's structural organization. Second, a Delaunay tri-
angulation is a single connected component (i.e., the tissis represented by
a connected graph) which may not be a valid assumption for spae tissues.

Recently, we proposed thecell-graph approach which remedies the short-
comings of Voronoi graphs and permits a more general and hypgbesis-driven
edge de nition between a pair of vertices. We successfully malyzed brain
[17] and breast tissues [3] using cell-graphs and demonsted its advantages
by comparing this method to related techniques. In this work we present a
paradigm shift in cell-graph mining by incorporating the ECM information
and allowing multiple cell-graphs, each modeling a di eren cell-type organi-
zation, coexist on the same tissue sample. We demonstrate ih method on
bone tissue samples that represent three di erent functioral state: healthy,



fracture, and cancerous. Figures 1(a), 1(b) and 1(c) illustate H&E stained
images of normal bone tissue, fractured bone tissue and caemus bone tissue.
The distinction between the healthy versus fractured and cacerous tissues is
obvious but the cancerous versus fractured tissue is not edg distinguishable.

Contributions:  This paper presents a new computational method (ECM-
aware cell-graphs) that can model the organization of di erent cell types co-
existing in the same tissue by considering the ECM niche suounding each
cell. We demonstrate the e ectiveness of this method on histpathological bone
tissue samples (provided by the pathology department of Hogital for Special
Surgery in NYC) for automated cancer diagnosis.

In ECM-aware cell-graph technique multiple graphs are consucted and
their both graph theoretical and spectral features are compted for the clas-
si cation problem by using an SVM with a radial kernel functi on. We com-
pare the accuracy of our new method to previous cell-graph ggroaches and
to the voronoi diagrams for automated cancer diagnosis. Theesults demon-
strate the importance of capturing the information encodedby the ECM niche
since ECM-aware cell-graphs outperform the related work gjni cantly. Fur-
thermore, we perform a feature selection procedure to detenine the discrim-
inative power of each feature.

Organization: The rest of the paper is organized as follows. In section 2
we explain our methodology for nuclei segmentation, graph gneration, metric
extraction from the graphs, and our learning algorithm. Sedion 2.3 explains in
detail the graph metrics and spectral metrics extracted fran cell-graphs. We
present our experiments and results in section 3, and conctle our discussion
in section 4.

2 Methodology

We propose to use ECM-aware cell-graphs that can capture thdéopological
structures as well as the extracellular structures for bondissue modeling and
classi cation. Our general methodology consists of segméimg nuclei in tissue
samples using the eigenvalues of the Hessian matrix, buildetl-graphs that
capture both the structural and extracellular properties, extract graph theo-
retical features from these graphs and use them to learn di eent states of the
tissues.

Multiple cell types can coexist in bone tissue samples i.e. ature bone
forming cells (osteocytes), their precursors (osteoblas), as well as osteoclasts,
adipocytes, etc. These cells are enclosed in an extracel&ul matrix (ECM)
that varies in composition and color when stained with typical histological
dyes such as hematoxylin and eosin. To di erentiate betweenthese cells in
our graphs, we encode color information to each nucleus. Demding on the
predominant R; G; B values of neighboring pixels, we cluster nuclei in 4 groups;
red, green, blue and white. We hypothesize a relationship beveen two nodes
if they have the same color and if the distance between them ismaller than a
threshold. In this setting, nuclei correspond to the vertices of our graph and the



relationship between the nuclei corresponds to the edges afur graph. After
forming ECM-aware graphs we extract a rich graph theoretica feature set
including spectral features. These features are then inputo kernel machines
for learning purposes. We use cross validation to report ouresults and other
machine learning techniques to select the most important ad distinguishing
features.

We implemented ECM-aware cell graphs using the ITK library [22] for
segmentation, Boost Graph Library(BGL) [30] for graph congruction and lib-
SVM library [5] for machine learning. We further discuss our methodology in
the following sections.

2.1 Image Segmentation

ECM-aware cell-graph mining technigue uses nuclei as the veex set when
generating graphs. Therefore, we start with nuclei detectbn in hematoxylin
and eosin stained images.

Let f be the intensity function of an image. A common approach to am-
lyzing the local behaviour of imagef is to consider the second order approxi-
mation of f (x) around xq given by the Taylor expansion in equation (1).

f(x)= f(Xo)+(x xo)'r fo+ %(x x0)Tr 2fo(Xx  Xo): 1)

In this expansionr fg andr ?f, denote the gradient vector and the Hessian
matrix at xo respectively. The gradient vector, given byr f = (fy;fy), isa 2D
vector composed of the partial derivatives inx and y directions. The partial
derivatives of the image are de ned asf, = & andf, = &

At any point the gradient vector points in the &irgest possible intensity

increase. The gradient magnitude, given byjr fj = (f2+ f?2), measures the

magnitude of this change. The gradient and the magnitude hae been used as
edge detectors in the literature. Using the gradient information second partial
deviates are calculated and the Hessian matrix is built as in(2).
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The eigenvalues of the Hessian matrix are of particular inteest as they en-
code shape information. Depending on the values of the eigealues ridge-like
membranes and blob-like nuclei can be segmented. Let; and » be the eigen-
values of the Hessian matrix ande; and e, be the corresponding eigenvectors
for pixel xo. These eigenvalues, 1., of the hessian matrix can be numerically
calculated as in (3).



Table 1 Local structures and their relations to eigenvalues

1 2 Structure
Low High- bright tubular
Low High+  dark tubular
High- High- bright blob
High+ High+ dark blob
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For 2D images, these eigenvalues can be used to detect ridtjike and blob-
like structures. The blob-like structures are given by negéive eigenvalues with
a high absolute values. More speci cally, bright blob strudures are given by

1 2 0 and likewise dark blob structures are given by ; 2 0.
Table 1 summarizes how the eigenvalues and the structures i tissue are
related to each other. Note that we are only interested in bld-like structures
as they represent nuclei in our tissue samples.

Frangi et al. introduced using a vesselness measure functidor 2D images
in [12]. This vessqelness measure takes into account th@g = -X ratio and

S = kr kg = i D JZ S is the Frobenius matrix norm and used to

di erentiate objects of interest from the background, whereasRg is a measure
to di erentiate between blob-like structures and ridge-like structures. S will
be low in background pixels as the eigenvalues for pixels laing contrast will
be small. In high contrast regions however, at least one of ta eigenvalues will
be high and S will be large.

A simple way of concluding the segmentation using these two masures is
to use them together to decide whether a pixel is background oforeground
as in equation (4).

| {e]

(1; if Re[p] TiandS[p] T

| =
seqlP] 0; otherwise.

4)

It should be noted that a perfect segmentation is not our mainconcern.
Considering the de ciencies of hematoxylin and eosin staimg and the resolu-
tion of the images we are using, a rough segmentation of the gsue is all we
need.

2.2 Cell-Graph Generation

In image segmentation, we identi ed the cells using eigenviaies of the Hessian
matrix. In the cell-graph generation step, we build our celtgraphs on these
cells.



Formally a graph is represented byG = (V;E) where V is the vertex set
and E is the edge set of the graph. Each cell constitutes a vertex iur cell-
graphs. We de ne two di erent ways to construct cell-graphs capturing the
pairwise distance relationship between the vertices, nanlg simple cell-graphs
and ECM-aware cell-graphs. We also compare these two modets Delaunay
triangulations method.

Simple cell-graphs and Delaunay triangulations are built wthout consider-
ing the ECM niche. That is, they capture only the structural p roperties of the
tissue, whereas ECM-aware cell graphs encode ECM into grapiormation and
therefore capture both the structural and extracellular properties of tissues.
The following subsections explain these models in detail.

2.2.1 Simple Cell-Graphs

Simple cell-graphs hypothesize that a relationship betwee two nodes exists if
these two nodes are touching or close to each other. Biologidly, this might
mean that these cells are communicating with each other.

We nd the center of mass for each cell and store theix-y coordinates. We
hypothesize a communication by setting a link between two ndes if the eu-
clidean distance between them is less than a threshold thatresures a physical
contact between the corresponding cell membranes. The Eudean distance
between two cells is simply given by equation (5)

q
d(u;v) = (ux w2+ (uy  w)?% (5)

whereuy and uy arex andy coordinates of nodeu respectively. The threshold
for communication is chosen by a 10-fold cross validation prcess.

2.2.2 ECM-Aware Cell-Graphs

Both simple cell-graph approach and Delaunay triangulations are limited to

modeling the spatial distribution of cells over a tissue sarple. Both of these
approaches segment the tissue samples and use graph theacal approaches
to link the cells and address the problems of diagnosis, clascation, etc.

However, these graphs ignore the composition (i.e., colorand distribution of

the extracellular matrix(ECM) surrounding the cells.

The ECM is composed of a complex network of proteins and oligeaccha-
rides that play important roles in cellular activities such as division, motility,
adhesion, and di erentiation [1] and therefore plays an important role in the
functional state of the tissue. ECM-aware cell-graphs try o embed this in-
formation as well as the structural properties between ceB for bone tissue
modeling and classi cation.

ECM-aware cell-graphs are built in three phases:

[1.] Image processing and segmentationwe segment the digital images of
histopathological tissue samples as explained in section 2to identify the cells.



(a) Original Image

(b) Simple Cell Graph
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(e) ECM-Aware Cell-Graph

Fig. 2 A fractured bone tissue example is shown in 2(a). Note the fra cture cells in the
middle of the original image. The simple-cell-graph repres entation, the Voronoi diagram
and the Delaunay triangulation for this sample tissue are de picted in 2(b), 2(c) and 2(d).
The corresponding ECM-aware cell-graph is drawn in 2(e). Th e interactions between fracture

cells are drawn with blue and the red cells with red color. Del

aunay triangulation represents

the tissue as a single connected component and does not allow crossing of edges. Simple-cell-
graphs relaxes these restrictions and allows the tissue to n on-planar graph and disconnected.

Likewise, ECM-aware cell-graphs do not put such restrictio
can capture the structural organization of di erent cells i
triangulations are xed representations whereas ECM-awar

with di erent linking thresholds.

n a tissue. Furthermore, Delaunay

ns on the tissue and moreover

e cell-graphs can be adjusted



[2.] Cell-based lItering: we assign a color to each cell, based on the RGB
values of its surrounding ECM. We nd the center of mass for ezh cell and
store the x-y coordinates of each nucleus. To incorporate the ECM compogon
information, for each nucleus center, we examine the neighboring pixels in
each direction, giving a square of 2+ 1 by 2 + 1 pixels including the center
of the mass for that nucleus. More speci cally, we consider ththe pixels in a
2 +1 pixels by 2 +1 square where the center of the square is the center of the
nucleus. We calculate the mearR; G; B values in this square and assign each
cell a color depending onR; G; B values of these (2 + 1) 2 neighboring pixels
1. Note that this step can be perceived as a new ltering techngue applied to
each nucleus (instead of a pixel).

[3.] Construction of colored cell-graphs:we cluster the cells into four color
groups (i.e., red, green, blue and white) based on the predomant color of
the ECM pixels. We then build four separate cell-graphs for @ch color group.
Having generated the ECM-aware cell-graphs, we calculate aset of global met-
rics from these graphs and use them as the feature set for maitte learning. In
these graphs, the assignment of a link between two nodes is emined by both
the distance between the nodes and the color of the ECM surrauding each
node. A link between two nodes is possible only if the distane between these
nodes is smaller than the threshold, and the color of the ECM srrounding
these nodes fall into the same color group i.e. red, green, i, white.

2.2.3 Voronoi Graphs and Delaunay Triangulation

We compare our ECM-aware cell-graph technique to simple ceébraph tech-
nigue and to the other well-known Voronoi diagram method. VVaronoi diagrams
and their Delaunay triangulations are proposed in [24,26,3]. On a tissue im-
age, the Voronoi diagram partitions the image into convex pdygons such that
each polygon contains exactly one cell (generating point) ad every point in a
given polygon is closer to its generating point than to any amther generating
point in the tissue. Each such polygon constitutes a Voronoicell. The dual
of Voronoi graphs are built by linking the generating points of neighboring
Voronoi cells. The Voronoi diagram of a sample tissue imageral its Delaunay
triangulation is illustrated in gure 2(c) and 2(d). We buil d Delaunay triangu-
lations on cells that are identi ed in the segmentation step. After triangulation
we follow the same steps as in other cell-graph learning tectiques. We cal-
culate the metric explained in section 2.3 and then use thesenetrics as the
feature set for our classi er.

1 We have examined di erent values for value ranging from 3 to 20 pixels. We chose a
value of 10 for in our computations after an exhaustive search. Please refe r to the results
and discussions section for further discussion.
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2.3 Metrics

After identifying the cells and forming cell-graphs on them, we extract a set of
topological and spectral features from these graphs. Theskeatures quantify
the dierent types of tissues and serve as the feature set forour learning
algorithm.

We start with the metrics we have used in simple cell-graphs 17] and
hierarchical cell-graphs [3]. These metrics proved to be wul for brain cancer
diagnosis and breast cancer diagnosis. In addition to thesenetrics, we also
included metrics derived from spectral properties of the ck-graph. Table 2
gives a summary of these metrics.

Our metrics can be crudely grouped in four categories, sim@ metrics, dis-
tance based metrics, connectedness metrics and spectral tries. The simplest
metrics are the number of nodes and number of edges presented in the
graph. The ratio of the number of edges to the number of nodessi called the
average degree . Although in some cases higher values of these metrics is an
indication of abnormality in the tissue, it is not always the case that the higher
these values the more likely that the tissue is cancerous.

In the next category we use various metrics that quantify the how far the
nodes are apart from each other. The shortest path between to nodes is
de ned as the minimum number of hops between those two nodedJsing the
shortest path distance, theeccentricity of a nodeu is given as the maximum
shortest path distance from nodeu to any of the nodes in the graph. After
the calculation of the eccentricities of each node, thediameter of the graph
is simply given by the maximum eccentricity. The minimum eccentricity is
de ned as the radius , and the nodes that have eccentricity values equal to
the radius are de ned ascentral points in the graph.

The clustering coe cient of a nodeu is the ratio of the number of edges
u's neighbors have in between, and the number of possible edgehat could
have existed between nodeu's neighbors. This metrics quanti es how well a
node's neighbors are connected to each other. The averagelua of the clus-
tering coe cients of a graph shows how close the graph is to be clique and
whether a node's neighbors are also neighbors of each othédther connectiv-
ity measures, such agjiant connected component ratio give information
about what percentage of the network that is connected. Isalted points are
the nodes that have degree 0 and end points are the ones that tia degree 1.

2.3.1 Spectral Graph Analysis

Apart from the graph metrics de ned above, we also performedspectral graph
analysis on our cell-graphs. The spectral analysis of graph[7] deal with the
eigenvalues of the adjacency matrix or other matrices derigd from the adja-
cency matrix.
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Table 2 Graph metrics, their de nitions and interpretations

Simple Metrics: Density of the tissue sample. Healthy tissu es contain fewer
cells and vyield to sparse graphs. Both fracture and cancerou s (dis)functional
state presents a dense cell population.

Number of Nodes Number of cells in the tissue.

Number of Edges Number of hypothesized interactions

Distance Based Metrics: These metrics measure how far away t he nodes are
from each other. Since uncontrolled cell divisions occur in  cancer tissues, the
nodes will be closer to each other and as a result distance bas ed metrics will

be smaller than that of the normal tissue samples.

Eccentricity of a Node Maximum value of the shortest path fro m a given
node to any other node.

Closeness of a Node Average value of the shortest path from a g iven
node to any other node.

Diameter Maximum eccentricity.

Radius Minimum eccentricity.

Number of Central Points Number of nodes that have eccentric ity equal to
radius.

Hop-plot Value For hop h, number of node pairs such that the
path length between these node pairsis  h hops.

Hop-plot Exponent Slope of the hop-plot values as a function of h in
log-log scale.

Connectedness and Cliquishness Measures: Typically a norm al bone tissue ex-
ample is less connected than a cancerous tissue example.

Average Degree Average value of number of neighbors a node ha s.

Clustering Coe cient of a Node The ratio of the links a node's neighbors have in
between to the total number that can possibly
exist.

Giant Connected Component Ratio  Ratio of the size of the larg est set of the nodes
that are reachable from each other to the number

of nodes.

Percentage of Isolated Points The ratio of number of nodes wi th degree equal
to zero, to the total number of nodes.

Percentage of End Points The ratio of number of nodes with deg ree equal

to one, to the total number of nodes.

Spectral Metrics: both adjacency matrix and its Laplacian p rovide features
about the structural organization. For example the number o f eigenvalues with
value O correspond to connected components.

Number of 0,1,2 eigenvalues Number of eigenvalues that have a value 0, 1 and
2 respectively.

Lower slope The slope of the line segment corresponding to
eigenvalues between 0 and 1.

Upper slope The slope of the line segment corresponding to
eigenvalues between 1 and 2.

Trace Sum of the eigenvalues

Energy Squared sum of the eigenvalues

The adjacency matrix A of a graph G(V; E) where V is the vertex set and
E is the edge set is de ned as in (6).

1, if(u;v)2 E

A(u;v) = .
(u:v) 0; otherwise

(6)
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The degree matrix D is constructed by D(u;u) = P vav A(u;v). More
speci cally, the degree matrix is a diagonal matrix that holds the degree of
nodei at (i;i) entry. The Laplacian matrix L is then given by the di erence
between the degree matrix and the adjacency matrixL = D A. Laplacian
matrix is strongly connected to the gradient of the graph, nevertheless we use
the normalized version of the Laplacian matrix given as (7).

8
51; ifi=jandd 60
l . - . . .
L(G) = 5 pd—_dJ if i andj are adjacent 7)
©0; otherwise

The spectral decomposition of the normalized Laplacian matix is given by
L= T where = diag( 1; 1::: jvj) with the eigenvalues as its elements
and with the eigenvectors as columns. The normalized Laplaciamatrix and
its spectral decomposition provide insight to the structural properties of the
graph. SincelL is a symmetric positive semi-de nite matrix the eigenvalues of
normalized Laplacian matrix are all between 0 and 2.

For normalized Laplacian matrices the number of zero eigeralues gives
the number of connected components in the graph. We includehte number of
zero eigenvalues, the number of eigenvalues equal to one,dithe number of
eigenvalues equal to two in our feature set. We sort and plot lhe eigenvalues
of the normalized Laplacian matrix in an increasing order. We t a line to
this plot in a least squares manner and calculate the slope ofhe line for
the eigenvalues that are between 0 and 1. We call this sloptower slope .
Likewise, we also calculate theupper slope that corresponds to the slope of
the eigenvalues between 1 and 2. The last two normalized Laptian matrix
features we include in our feature set are therace of tge normalized Laplacian
and energy of the normalized Laplacian dened as ;, j and , 2. It has
been reported that the eigenvalues of the normalized Lapldaan graph are
more distinguishing than that of the Laplacian or the adjacency matrices [7].
Nevertheless we also included the same set of measurements the adjacency
matrix and leave it to the feature selection method to decidewhich metrics
are more valuable to distinguish the tissues. For a tissue saple we calculate
all these features for the red graph, blue graph, white graphgreen graph and
represent the tissue with all these features.

2.4 Cell-Graph Mining

To learn the structural di erences between the di erent typ es of bone tissues,
we compute the graph metrics for each tissue sample as expfad in section
2.3 and build a classi er using these metrics. The range of thse metrics are
di erent from each other, i.e. the average clustering coe cient of a graph is a
number between 0 and 1, whereas the number of edges in a graph around
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a thousand. We uniformly scale each metric to the range [1;1] to improve
learning.

Support vector machines (SVMs) have been used successfullgr classi -
cation purposes [4]. The basic idea of SVM is to map the data ito a higher
dimension and then to create an optimal separating hyperplae between data
points such that the data points of di erent classes fall on the opposite sides
of this hyperplane. If there is no hyperplane that separatesthe classes (i.e.,
if the data is not linearly separable in this higher dimensia), this algorithm
creates a hyperplane that leads to the least error.

Let X1;X2;:::Xn be the training samples andy;;y2;:::yn be the corre-
sponding class labels. The decision boundary of a linear dai er is given by
w:x + b= 0 where w and b are parameters of the model.

In the case of a non-separable data set, slack variables;, are introduced
to minimize the error. Parameters of the optimal separating hyperplane are
derived by solving the quadratic programming optimization problem, given in
equation (8), with linear equality and inequality constrai nts. This optimization
problem maximizes the margins.

1 X
minimize: g(w; ) = ékwk2 +C i (8)
i=1
subjectto: yi(<w; (xj)>+b 1 ;
i 0i=1;2::m:

Equation (8) can be rewritten as (9),

_ X LR
min: W( )= it > yiyi i i k(xiix;) ©)
i=1 i=1 j=1

s.t.: yi i=0;8i:0 i C
i=1

where ; a Lagrange multiplier that corresponds to the samplex;. In this
dual representationk(.;.) is a kernel function that maps the input space to a
higher and more suitable feature space by (10)

k(xi;xj) =< (xi); (x)>: (10)

An important feature of support vector machines is the use ofkernel func-
tions. The kernel function transforms the input space to a nav space and allows
the algorithm to nd the optimal separating hyperplane in th is new space. The
use of nonlinear kernel functions allows using non-lineaty without explicitly
requiring a non-linear algorithm. We have used the radial bais kernel, also
called Gaussian kernel, de ned as in (11),



14

k(xi;yi) = e 0 ik (12)

With a careful choice of and C, a Gaussian kernel can indeed model
a linear kernel [25]. That is, linear kernels can be thought 6 as a subset of
Gaussian kernels. This is why Gaussian kernel is often timesonsidered to
be more useful than the linear kernel. However, Gaussian keel introduces
another parameter that e ects the accuracy of the SVM signi cantly. For
Gaussian kernels, along with C has to be decided carefully for a successful
classi cation.

The parameter selection step for Gaussian kernels is morertie consuming
as a result of the newly introduced parameter. We take the same approach
as in [21] to search the best parameters. The best parametergir (C ; ) is

there are only two parameters, the computational time by this grid-search is
not much more than that by other advanced methods for parameer selection.
After nding best values for these parameters, a ner searchis performed
within that neighborhood to ne-tune the parameters even further.

It should be noted that the original SVM is capable of binary classi cation,
where there are only two classes. In our case we have three stes, healthy,
fractured, and cancerous, that is we need multi-class SVMsTwo di erent
types of methods have been introduced for multi-class SVMs;ombining binary
classi ers to construct a multi-class SVM or considering al classes at once
and solving multi-class SVM in one step. We take the rst approach and
use the one-against-one method. In this approach foc classes,c(c2 1) binary
classi cation problems are de ned for each pair of these clases. These SVMs
are then merged using majority voting.

3 Experiments
3.1 Data Set Preparation

Histopathology slides of bone tissues, stained with hemataylin and eosin, are
randomly collected from the Hospital for Special Surgery inNY under the
direct supervision of Dr. Peter Bullough who is the head of the pathology
department. These slides are numerically coded, the patignidenti ers are

removed and the coded tally of individual cases are secured ithe pathologists
o ce. Digital photomicrographs are obtained in a standardi zed fashion with
regards to magni cation and illumination by Dr. Bullough.

In addition to healthy bone samples, two diagnostic groups dbone tissues
were collected for analysis by Dr. Bullough. The rst group was obtained from
patients with both simple and comminuted fractures requiring open reduc-
tion. The second group was from patients diagnosed as havingalignant bone
forming tumors (osteoscarcoma, osteogenic sarcomas). Eige from both of
these conditions may be cellular and produce varying types foECM including
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mineralized and unmineralized woven bone, hyaline cartilge and disorganized
collagen bundles. Generally, the damaged tissue (i.e. fragre callus) will have
a more homogeneous cell population than the sarcomatous ssie; the former
will on occasion have marked atypicality and mitotic activity whereas the
sarcomatous tissues may appear rather bland. Neverthelessan experienced
pathologist is generally able to distinguish these two condions based upon
certain patterns of organization which we hypothesize usig graph theory.

The nal data set contained 20 images of healthy bone tissugs39 fractured
tissues, and 75 diseased bone tissues.

3.2 Cross Validation and Feature Selection

We useK -fold cross validation to report our results. K -fold cross validation
partitions the dataset into K disjoint subsets called folds. Of theseK folds,
K 1 are used to train the model, and the remaining fold is used tatest
the model. This constitutes one iteration of the K -fold cross validation. This
process is repeateK times, each time leaving out one fold for validation and
using the other folds as the training set. The accuracy of edt run is then
averaged and reported as the cross validation accuracy. Thadvantage of this
method over repeated random sub-sampling is that all obsemtions are used
for both training and validation, and each observation is used for validation
exactly once. A common choice foK value is 10 and we used 10-fold validation.

Since there are more cancerous instances than fracture andehlthy in-
stances in our dataset, there is a chance that a given fold mayot contain any
fracture and even more probably no healthy tissue samples aall. To ensure
that this does not occur, we used strati ed K -fold cross-validation where each
fold contains roughly the same proportion of class labels am the original set
of samples.

For a tissue, each of the four di erent ECM-aware cell-grapts (red, blue,
green and white) has 34 features, including both the graph migics and spectral
metrics, making a total of 136 features to represent a tissueNot all features
have the same importance and some can be neglected. Indeeding too many
features can degrade the accuracy of the classi er due to theurse of the
dimensionality. We perform feature selection to nd the most important fea-
tures for classi cation. We used the F-score metric [6] to rank the importance
of features. The F-score for featurd is calculated as in (12),

€O xi2ret)
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wherex; is the average of feature in the whole data set and Iikewisexi“) ;xi( )

are the averages of thaé" feature, positive and negative data sets respectively.
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Table 3 Cell-Graph prediction results with varying threshold valu  es and values

Link Grid Size
Threshold 5 10 15
2 87.03 || 88.69 || 87.28
3 86.61 || 88.26 || 86.91
4 87.66 || 85.64 || 85.95
5 87.00 || 88.17 || 86.78
6 86.50 || 88.30 || 87.73

xj(;) ;xj(;i ) are the ith feature of thej " positive and negative instances respec-

tively. F-score gives the discriminative capability of eat feature, when feature
f is more discriminative, the associated F-scoré-q4 is larger.

3.3 Results and Interpretation

There are a couple of parameters to be set and ne-tuned. The rst parameter
is the number of pixels to use to decide on the color of the nodehat is the
value. For example, choosing a value of 5 for will de ne a grid entry of

1lpixels 11pixels and place the center of the nuclei to the center of this grid
entry. After this placement the color assignment can be carired on in this grid
as explained in the methodology. To decide on the value, we keep the link
threshold values (red link threshold, blue link threshold) constant and experi-
ment with di erent values of . The results of this search are given in table 3.
Clearly, choosing a very small value for will not de ne the surrounding ECM
fully and choosing a large value for will lead to considering other nuclei's
ECM. We see that = 10 gives the best prediction accuracy for all values of
link threshold except 4. We therefore use =10 in our calculations.

ECM-aware cell-graphs set a link between two nodes when theotor code
for those nodes are same and the distance between them is laksn a thresh-
old. For each tissue, there are four di erent ECM-aware celtgraphs, red, green,
blue, and white and therefore four di erent thresholds to be decided. However,
in almost all tissue samples, the number of white cells and nober of green
cells are far less than that of the red and blue cells. That isred cell-graphs and
blue cell-graphs are more important than the others. Nonetleless, we include
the white and the green cell-graphs for the sake of completerss. However, to
reduce the parameter search space we only tune the parametethat are going
to e ect the results, which in this case is the red threshold and blue threshold.
The results of this search is given in table 4. We see that ECMaware cell-
graphs obtain the best accuracy of 90% with a blue link threslold of 4 and
red link threshold of 2. During this search, the green threslold and the white
threshold are set to 4. Note again that the number of green andvhite vertices
are far less than that of the blue and red vertices and therefre changing the
threshold value for green and white will not change the over# graph structure
and therefore the results will not be e ected signi cantly.
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Table 4 ECM-Aware Cell-Graph results with varying red and blue link thresholds

Thrlzlsﬁold Red Threshold
2 3 4 5 6
2 88.33 || 84.33 || 83.67 || 82.67 || 83.67
3 89.67 || 83.67 || 84.67 || 84.00 || 87.33
4 90.00 || 86.00 || 84.67 || 83.00 || 82.67
5 87.00 || 88.33 || 86.67 || 83.33 || 84.67
6 86.33 || 88.33 || 87.67 || 82.67 || 83.00

Using these ne-tuned parameters, we give the comparison dhe prediction
accuracies of the Delaunay-based approach, Simple cellaph method, and
ECM-aware cell-graph method in table 5. In this table Hea. Fra. Can. and
Act. stands for healthy, fracture, cancerous and actual clas respectively. This
table shows the ratios of the predicted classes to the actuatlasses. Simple
cell-graphs obtain an overall accuracy of 81.5% and yet obfa better learning
ratios for each tissue type than the Delaunay triangulation technique. With
the ECM-aware cell-graphs the learning ratio increases fuher to 90%. We
see that the ECM-aware cell-graph approach not only gives tk best overall
performance, but also for each of the individual tissue clases gives comparable
classi cation ratios, if not better than the rest of the meth ods.

Due to the sparseness of healthy bone tissues, it is not surf@ing that all
of the methods are nearly 100% accurate. Since healthy bon@amsples are easy
to classify, the real problem is how well a method can di ereriiate between
fractured and cancerous tissues. With this in mind we see theECM-aware
cell-graphs are better than both Simple cell-graph and the launay triangu-
lation methods. The Delaunay triangulation especially proves unreliable for
the fractured versus cancerous tissue classi cation as it lotains only 25.6%
accuracy.

There are several reasons why ECM-aware cell-graphs perfor better on
bone tissue modeling and classi cation than the simple cellgraphs and De-
launay triangulation. Delaunay triangulations result in p lanar graphs, which
can be embedded in a plane. More specially, the edges of the Ranay trian-
gulation do not cross each other and intersect only at the endpoints. There
is no evidence to justify such a limitation in tissue organiation. Second, in
Delaunay triangulations all the nodes are reachable from egh other, meaning
that the giant connected component ratio is one. This assumpion might hold
for some of the cancerous tissue samples but is especiallytna@lid for healthy
tissue samples, as the healthy graphs are sparse in nature.

Simple cell-graphs on the other hand overcomes the limitabns of the
Delaunay triangulations, but still is restricted compared to ECM-aware cell
graphs. ECM-aware cell-graphs model relationships betweethe same type of
cells rather than blindly assuming a relationship exists béwveen two nodes if
the distance is smaller than a threshold. For each node, theniensity prop-
erties of the ECM around that node is incorporated into the modeling step
which results in higher accuracies for classi cation.
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Table 5 Detailed Comparison of Simple cell-graphs, ECM-aware cell -graphs and Delaunay
triangulation

Simple Delaunay ECM-aware
Prediction Prediction Prediction

Act ||[Hea |Frac |Can ||Hea |Frac |Can |Hea |Frac |Can
Hea |98.8 0 1.2 ||100 0 0 100 | O 0
Fra 0 [79.3 (20.7 0 [88.7 [10.3 0 ([87.1 (129
Can || 1.8 [22.4 [75.7 |[10.3 |64.1 [25.6 0 6.5 [93.5

Table 6 F-scores for the features that yielded the best prediction r esults

Green Giant Connected Ratio 1.43

White Clustering Coe cient 111

White Giant Connected Ratio 1.07

White Percentage of Isolated Points 1.07
Red Clustering Coe cient 0.98

Number of 2s in Red Normalized Laplacian 0.93
Blue Clustering Coe cient 0.89
Number of 1s in Red Normalized Laplacian 0.89
Red Normalized Laplacian Energy 0.87
Red Percentage of Isolated Points 0.82
Blue Percentage of Isolated Points 0.81

Table 7 F-scores for the features that yielded the best prediction r esults for cancerous vs
fractured

Red Clustering Coe cient 1.07
Red Normalized Laplacian Energy 0.94
Red Percentage of Isolated Points 0.81

Red Normalize Laplacian Trace 0.77
Red Average Eccentricity 90 0.76
Red Average Degree 0.71

Blue Giant Connected Ratio 0.67

Blue Clustering Coe cient 0.66
Blue Percentage of Isolated Points 0.61
Blue Percentage of Central Points 0.61

In our calculations, we calculate a rich set of features to beused in the
classi cation. These features are possibly correlated to &h other and more-
over some of these features might be better suited for bone dsue structure
representation. Since using too many features can degradén¢ accuracy due
to the curse of the dimensionality we perform feature seleébn on our dataset.
Table 6 gives the f-scores of the most important features. Wenly used these
features to report our cross validation results.

Table 7 gives the f-score values of the most distinguishing etrics for frac-
tured versus cancerous classi cation. From red cell-graph, average clustering
coe cient, normalized Laplacian energy, normalized Laplacian trace, percent-
age of isolated points, average eccentricity 90, average geee are the most
distinguishing features and the list continues with giant connected compo-
nent ratio, average clustering coe cient, and percentage d central point of
blue graphs. It is not surprising to see that the most discrininative features
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are from the red and the blue graphs as these graphs are the modominant
structures in our fractured and cancerous tissue examples.

4 Conclusion

Bone tissue usually contains multiple cell types, i.e. matwe bone forming
cells (osteocytes) and their precursors (osteoblasts), asell as osteoclasts,
adipocytes, etc. These cells are surrounded by an extracelar matrix (ECM)
that varies in composition and color. It is often di cult to i dentify meaningful
(i.e., diagnostic) relationships between cells and their grrounding ECM in
histopathological sections. In this paper we present ECM-ware cell-graphs
that distinguish between dierent types of cells by incorporating the ECM
niche into the topological organization of the cells. We sha that ECM-aware
cell-graph approach can model and classify bone tissue sames in di erent
(dis)functional states such as healthy, fracture and canceous.

ECM-aware cell-graph approach is a paradigm shift in our preious work
on cell-graph mining method used to model and classify brairtissue samples
and breast tissue samples. Cancerous brain tissue samplesve a di usive
structure and best represented by simple cell-graphs [17] aereas breast have
lobular structures and therefore best represented by hierechical cell-graphs
[3]. Although these techniques achieved comparatively gadbresults, they con-
sider the cells in perfect isolation from the surrounding EQM. In this work we
extended our previous results on brain and breast tissue saptes to bone tis-
sue modeling by incorporating the ECM information. Our technique achieved
90.0% prediction rate whereas Delaunay triangulation acheéved 75.8 and our
simple cell-graph technique achieves 81.4%.

ECM-aware cell-graph approach has several components: inge segmenta-
tion for identi cation of nodes, ECM-aware labeling of each node, establishing
edges between labeled nodes, graph theoretical feature eattion, and nally
supervised learning with SVM over feature sets. Our image prcessing is based
on the eigenvalues of the hessian matrix to capture the shapmformation. For
2D images, these eigenvalues can be used to detect ridgediland blob-like
structures to segment the cells in a given tissue. To incorpate the ECM
information to each cell, we considered thek neighborhood of every cell and
encode a color code to it depending on the predominant colorraund that cell.
We hypothesize a relationship between two cells when the cot code for those
cells are same and the distance between them is smaller than threshold to
ensure that there is a physical contact between the membrarge Considering
the cells as the vertex set and the relations between the callas the edge set,
we model a given tissue with ECM-aware cell-graphs. We caldate a rich set
of features for these graphs. We also include spectral graphnalysis in our
calculations. These quantitative features represent a tisue. We used support
vector machines for healthy, cancerous and fracture tissigeclassi cation. We
report our results using 10-fold cross validation and conelde with nding the
most important features for bone tissue modeling and classtation. A com-



20

putational comparison of our approach to the related work in the literature
shows that ECM-aware cell-graphs are more discriminative bthe functional
states of bone tissues. However, we believe that accuracy mebe improved
further by increasing our limited data size and a more accurége segmentation
of ECM.
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