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Prostate cancer (PCa) is a pervasive condition that is manifested in a wide range of histologic
patterns in biopsy samples. Given the importance of identifying abnormal prostate tissue to im-
prove prognosis, many computerized methodologies aimed at assisting pathologists in diagnosis have
been developed. It is often argued that improved diagnosis of a tissue region can be obtained by
considering measurements that can take into account several properties of its surroundings, there-
fore providing a more robust context for the analysis. Here we propose a novel methodology that
can be used for systematically defining contextual features regarding prostate glands. This is done
by defining a Gland Context Network (GCN), a representation of the prostate sample containing
information about the spatial relationship between glands as well as the similarity between their
appearance. We show that such a network can be used for establishing contextual features at any
spatial scale, therefore providing information that is not easily obtained from traditional shape and
textural features. Furthermore, it is shown that even basic features derived from a GCN can lead
to state-of-the-art classification performance regarding PCa. All in all, GCNs can assist in defining
more effective approaches for PCa grading.

I. INTRODUCTION

Prostate cancer (PCa) is one of the most common
types of cancer in men, representing one of the leading
causes of cancer related deaths worldwide [1]. Early de-
tection of PCa can improve prognosis and significantly
reduce the risk of death [2]. Common approaches for PCa
screening include rectal examination, prostate-specific
antigen (PSA) testing and MRI [3–5]. If PCa is sus-
pected, a biopsy of the prostate can be performed to con-
firm the diagnosis [6]. Prostate samples extracted from
the biopsy can be used for PCa grading and prognosis
using the Gleason Grading System (GGS), a methodol-
ogy developed by Donald Gleason [7] that has been re-
fined by the International Society of Urological Pathology
(ISUP) [8–11].

The GGS provides a set of patterns regarding the
prostate tissue that a pathologist can use as reference
for PCa prognosis. The patterns are usually related to
how well-differentiated the prostate glands are. Non-
differentiated glands are usually associated with PCa and
thus with higher GGS scores. Currently, GGS scores are
evaluated visually by pathologists, which may lead to
varying scores between different pathologists, misdiagno-
sis and can also be time-consuming. Recently, there have
been many efforts aimed at providing systematic and un-
biased computerized segmentation and classification of
prostate tissues for aiding in PCa analysis [12–17].

When identifying PCa in prostate tissue, context can
be particularly important. A well-differentiated gland
surrounded by non-differentiated glands is probably still
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associated with PCa. Thus, it is usual to define prop-
erties that are associated with the context of a given
gland or tissue region. For instance Nguyen et al. [18]
considered not only the shapes of the glands for classi-
fication, but also the similarity between the shapes of
nearby glands. Doyle et al. [19] defined architectural fea-

tures based on graphs constructed from cell nuclei as
well as gland centroids. The features included average
edge length, edge length variability, as well as Haralick’s
texture features [20]. Despite their graph construction
methodology being similar to our approach, the graphs
were not used for providing context for individual gland
features, but for defining additional features related only
to connectivity. Monaco et al. [21] used Markov random
fields for propagating the labeling of cancerous glands in
order to identify cancerous regions.

The definition of ad hoc contextual features may ne-
glect important information for tissue classification. For
instance, if elongated glands tended to appear together in
PCa tissue, but gland elongation was measured only indi-
vidually, their proximity could not be considered for clas-
sifying the tissue samples. Defining specific contextual
features can be avoided by using, for instance, end-to-end
Convolutional Neural Networks (CNN) [12, 15]. How-
ever, the results obtained by CNNs are usually more dif-
ficult to interpret than those obtained using handcrafted
features.

In the current work we describe a methodology for
systematically assigning context to any feature used for
prostate tissue characterization. The context is defined
using what we call a gland context network (GCN), a
weighted graph representing prostate glands and the re-
lationship between their features. We show that many
properties calculated based on the generated networks
lead to tissue characterization that is not captured by
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FIG. 1. Glandular structure. (a) A region of prostate tissue
and respective glands. For one of the glands, the (b) nuclei,
(c) cytoplasm (d) lumen and (e) whole gland are shown.

traditional properties adopted in the literature. Thus,
GCNs can be used not only for automated identification
of PCa, but also for identifying novel features associated
with PCa that may be useful for future revisions of the
GGS. To show the potential of the methodology, we cre-
ate and characterize GCNs for five whole-mount prostate
samples and use the generated structures to identify can-
cerous regions. For the considered case study, we identify
that altered glands can be detected with high accuracy
even by using only a simple network feature, the degree
of the nodes.

The remainder of the article is organized as follows. In
Section II we present the main features commonly used
for PCa classification as well as some basic concepts re-
garding network theory. The motivation and definition
of GCNs is presented in Section III. Section IV contains
examples and a discussion about important parameters
of GCNs as well as a case study of PCa classification for
whole-mount prostate samples. In Section V we present
the conclusions.

II. BASIC CONCEPTS

A. Characterizing Gland Shape

The images considered in our analysis were obtained
from staining models with hematoxylin and eosin (H&E)
from prostate tissues. The main structures to be ana-
lyzed in the images are the several glands in the prostate
tissue, which contain three main components: nuclei, cy-
toplasm and lumen. Figure 1 illustrates these structures.
Figure 1(a) shows a H&E stained prostate tissue image
with one gland highlighted. The nuclei (figure 1(b)) tends
to be the darkest structure inside the gland, while the lu-
men (figure 1(c)) is usually close to the white color. The
cytoplasm (figure 1(d)) tends to be stained in a light
pink color. The gland is mainly the union of these three
structures (figure 1(e)).

The grading system described by Gleason [7] and mod-
ified and accepted by the ISUP considers, among other
characteristics, the shape and size of the glands to iden-

tify the architectural growth patterns [8, 10, 11]. In the
revisions of the GGS made by the ISUP in 2014 and
2019, the shape is mentioned as a predictor for several
of the scores. For instance, benign patterns tend to have
large circular and oval glands, while Gleason grade 3 pat-
terns usually have smaller and more circular glands when
compared to benign patterns. Furthermore, irregular
glandular structures can be observed on Gleason grade
4 patterns since some glands are undifferentiated, fused
with other glands, or contain many small holes (cribri-
form patterns) [10, 17].

The GGS provides a comprehensive reference for the
many different patterns that can be observed in prostate
tissues. Still, the scores are evaluated qualitatively.
Thus, it is relevant to define quantitative values for the
shape characteristics considered by the specialists in PCa
prognosis. Many shape features were used in previous au-
tomated PCa prognosis studies [17, 18, 22, 23]. In order
to show the potential of the GCC methodology, a set of
shape features identified as relevant for PCa prognosis in
the aforementioned studies was selected. The considered
features and the respective definitions used in this work
are:

Area: quantifies the size of the gland. It is calculated
as the number of pixels representing the gland. The area
is considered an important feature in automated PCa
prognosis since it tends to change as the cancer grows [10,
11, 18].

Perimeter: it is associated with the size, and thus
with the area, of a gland, but it provides complementary
information since two shapes having similar areas can
have very distinct perimeters. It is calculated as the arc
length of the parametric contour of the gland [24].

Solidity: quantifies how close the shape of the gland is
to a convex polygon. It is calculated as the ratio between
the area of the gland and the area of the convex hull of
the gland [24]. Glands having irregular contours tend to
have low solidity.

Eccentricity: represents the elongation of a gland.
In this work it is calculated as the ratio between the
eigenvalues of the covariance matrix calculated from the
positions of the pixels representing the shape [24]. Inter-
estingly, patterns with a score of 5 in the GGS tend to
contain glands having cylindrical shapes [10]. The cross-
section of such glands can appear as elongated shapes in
tissue samples.

Diameter: quantifies the maximum distance between
any two points in the contour of a gland.

B. Complex Networks

In the past 20 years complex networks became an im-
portant tool for analyzing interconnected systems such as
protein-protein interactions [25, 26], social networks [27]
and cities [28]. A network or graph can be understood
as a topological abstraction of the system in which the
elements are represented by nodes [29, 30], with are in-
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terconnected by edges if they are related according to
some criterion. Such an abstraction provides a common
representation for many distinct systems, allowing the re-
spective application of methodologies from network the-
ory for characterizing and modeling their dynamics. For
the purpose of defining context networks, two main as-
pects need to be considered. They are the methodology
used for building the network and the properties used for
characterizing their nodes. Those aspects are presented
and discussed below.

1. Defining Connectivity

A network can be mathematically represented as G =
(V,E), where V is the set of nodes and E the set of
edges, reflecting the connectivity between pairs of nodes.
Therefore, two nodes a, b of V are said to be adjacent, or
connected, if (a, b) ∈ E. A network can also be weighted,
in which case a value is associated to each of its edges.
Usually, the weight is associated with the degree of rela-
tionship between the nodes, quantified by some similarity
or dissimilarity metric. Networks can also be categorized
as being spatial or non-spatial. In spatial networks, each
node has a specific position in some metric space, usually
the Euclidean space, and the distance between pairs of
nodes influences their connectivity. In the case of non-
spatial networks, other methodologies for connecting the
nodes are considered. The most common approaches in-
clude connecting the nodes randomly [31], with prefer-
ence to large-degree nodes [32] or according to a fixed
sequence of the number of connections made by each
node [33]. In the following, we only consider spatial net-
works. Still, we will show that GCN can greatly benefit
from defining connectivity from both the spatial distance
and the shape and texture similarity of the glands they
represent.

Many different approaches can be used for taking into
account the distance between nodes when deciding if
they should be connected or not. In the experiments
we only consider the Geometric Graph criterion [34], ex-
plained below, but relevant alternatives are: i) connect-
ing nodes according to a probability that decays exponen-
tially with the distance between the nodes, known as the
Waxman criterion [35]; ii) connecting nodes having adja-
cent Voronoi cells [36]; and iii) connecting pairs of nodes
only if a disk that is centered at the midpoint of the two
nodes and have a diameter equal to the distance between
the nodes do not contain any other node [37]. We will
show that the methodology used for defining connectivity
can be easily changed when generating context graphs.

For creating a geometric graph, nodes are connected
by an edge if they are separated by a distance less than
2r, where r is a parameter of the model. Therefore, each
node can be seen as having a region of influence, given
by a disk of radius r centered at the node. Two nodes
are connected if their corresponding disks overlap. Pa-
rameter k has a large impact on many properties of the

FIG. 2. Illustration of the different scales that can be con-
sidered for characterizing a network node, which is shown in
red. The green region indicates immediate neighbors of the
reference node. The purple and yellow regions contain nodes
that are, respectively, second and third neighborhoods of the
reference node.

generated network. Particularly, the expected number of
connections of a node is proportional do r.

2. Network Properties

Given a network, it is relevant to characterize the nodes
according to the respective topology, that is, the pattern
of connections made by the nodes. In order to do so, we
first define two key concepts. The shortest path length

between two nodes Vi and Vj is calculated as the number
of edges in the smallest path between the two nodes,
where a path is defined as a sequence of edges in the
network. The k-th neighborhood of a given node Vi is
defined as the set of nodes that can be reached from node
Vi using paths with length smaller than or equal to k.

When characterizing the connectivity of nodes, not
only the immediate connections of the node need to be
considered. For instance, it might be interesting to mea-
sure the number of connections among the neighbors of
a node, or among the neighbors of the neighbors of that
node. If only nodes in the first neighborhood of a node
are considered, the respective characterization will be
very local, that is, it will concern only nodes directly
associated with the reference node (see green region in
Figure 2). Contrariwise, if a large neighborhood is con-
sidered, nodes indirectly associated with the reference
node will be also taken into account (see yellow region
in Figure 2). This will be a key concept in Context Net-
works, since the neighborhood used for characterizing the
node will set the desired context.

Many topological features can be used for characteriz-
ing the connectivity of a network [38]. In the following,
we describe some basic features that will be considered
for evaluating the potential of GCNs.

Degree: The number of connections made by a node.
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FIG. 3. Example of network properties: (a) node degree; (b)
edge weight (in red) and node strength; and (c) betweenness
centrality, red nodes have large betweenness.

It is usually associated with the importance, or centrality,
of a node since nodes with large degrees are associated
with many other nodes in the network. The probability
distribution of the node degrees, known as the degree
distribution, can reveal many important properties about
the network [38]. An illustration of this property is shown
in Figure 3(a).

Strength: Defined for weighted networks, it is calcu-
lated as the sum of weights of the edges connected to a
node. It can be considered as the degree counterpart for
weighted networks. Thus, it can also be interpreted as a
measure of importance of a node [38]. Figure 3(b) shows
a weighted network and the corresponding edge weights
and node strengths.

Betweenness centrality: The shortest path length
between two nodes is of great importance since it under-
lies the concept of proximity for nodes in a network. The
betweenness centrality of a node Vi is associated with the
number of shortest paths between any two nodes in the
network that pass through node Vi [38]. Nodes with large
betweenness can usually be seen as “bridges” between dif-
ferent groups of nodes in the network. Figure 3(c) shows
an example of nodes with large betweenness.

III. GLAND CONTEXT NETWORKS

As presented in Section II A, glands can be charac-
terized using shape and texture features. However, in
the GGS it is stated that gland appearance should not
be considered isolatedly [11, 18, 39], that is, the context
of the gland is also important. For instance, a single
gland having an appearance that might be associated

with healthy glands, if surrounded by undifferentiated
glands, will still be associated with a high Gleason score.
For such reasons, some methodologies for defining con-
text have been developed [18, 19, 21]. Yet, the context
is usually not taken into account in a systematic fashion,
or it is only considered for specific properties.

Here we define a systematic approach for setting the
context of a gland using what we call a Context Network.
Glands are represented as nodes, and connections indi-
cate some relationship between glands. This relationship
can be spatial, in the sense that the distances between
the glands are used when defining the connectivity, may
consider only the shape or texture of the glands, that
is, similar glands tend to be connected, or it can be a
mixture of both aspects. The obtained network can then
be characterized using complex network properties [38],
which are used as additional features for PCa prognosis.

Let S represent the set of glands in a sample, where
the i-th gland is referred as si. Suppose m shape and
texture features f i

1
, f i

2
, . . . , f i

m have been measured for
each gland si. These features can be represented by a

vector ~f i. Each gland also has a position ~pi = (pi
1
, pi

2
).

In the following, we consider that the position is given
by the centroid of the gland.

The spatial distance between two glands i and j is
calculated as

dsij =

√

√

√

√

2
∑

k=1

(p̃ik − p̃
j
k)

2 (1)

where p̃ik is the standard score of the k-th coordinate of
gland i, that is,

p̃ik =
pik − µk

σk

(2)

where µk and σk are, respectively, the average and stan-
dard deviation of the k-th coordinate of all the glands.
The purpose of the normalization is to allow the defi-
nition of a general distance involving both the spatial
coordinates of the glands and their shape and texture
features.

The difference between the features of two glands is
calculated as

d
f
ij =

√

√

√

√

m
∑

k=1

(f̃ i
k − f̃

j
k)

2 (3)

where f̃ i
k represents the standard score of f i

k, defined us-
ing the same approach describe above.

A combination of the distance between the glands and
their shape and texture similarity is then calculated as

hij =

√

α
(

dsij
)2

+ (1− α)
(

d
f
ij

)2

, (4)
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where α ∈ [0, 1].
The weight of the connection between glands i and j

is then given by

wij = e−hij . (5)

Parameter α sets the relative importance between the
spatial distance and the feature similarity between the
glands. When α = 1, only the spatial distance is taken
into account, while α = 0 creates a context network in
which edge weights are defined using only the appearance
of the glands. It is important to note that the context
network can be created for all features or using only a
subset of them. For instance, it is possible to create an
area context network, considering only this feature of the
glands.

A GCN can be created using different combinations

of distances dsij and d
f
ij . For instance, it is possible to

use one value of α for defining the connectivity between
nodes and another value for defining edge weights. Here
we consider an approach for generating a network that is
easy to visualize and interpret. The connections between
nodes are defined using the geometric graph approach,
presented in Section II B 1. Thus, the connectivity is de-
fined using α = 1 and a given radius r that is a pa-
rameter of the method. Next, edge weights are defined
using α = 0, that is, only considering shape and texture
features of the glands. This generates a network where
only the distances between the glands define the exis-
tence or absence of edges and the weights of the edges
depends only on the similarity between the appearance
of the glands. Still, it is important to keep in mind that
GCNs allow alternative approaches for building the net-
work.

Having obtained the network, the nodes can be char-
acterized using the properties discussed in Section II B 2.
Therefore, the original feature vectors used for classifying
glands or samples into healthy or unhealthy can be sys-
tematically enhanced by considering the context of the
glands. Figure 4 illustrates the advantage of using GCNs
for adding context for PCa analysis. The usual steps ap-
plied for PCa classification or GGS assessment are repre-
sented in green. GCNs can be added to the analysis for
augmenting the original shape and texture features.

It is important to note that GCNs cannot be used for
characterizing latter stages of PCa since the glands be-
come undifferentiated. Thus, GCNs are aimed at provid-
ing early prognosis and also in revealing novel properties
for tissues containing differentiated or partially differen-
tiated glands.

IV. EXPERIMENTS

In the following we provide examples of GCNs created
using prostate tissue samples. We describe important
properties that can be obtained from the generated net-
works and also provide an example of identifying PCa.

A. Dataset

The dataset used in the examples consists of sections
from five whole-mount prostate samples. The slides were
imaged by a brightfield automatic microscope, which was
configured to scan over the whole specimen and form a
large mosaic picture composed of 40 to 50 individual im-
ages. Figure 5 shows one of the images in the dataset.
The original sample is shown in Figure 5(a). A specialist
analyzed the sample and identified two regions evaluated
at a score of 3+3 in the GGS for PCa, which are indicated
in red in the image. Figure 5(b) shows a binary image
containing manually segmented glands. We note that
the focus of the methodology is on classifying individ-
ual glands. The five samples together contain 9491 gland
units, which was deemed enough for assessing the poten-
tial of GCNs in representing and characterizing prostate
glands.

B. Gland Context Network Creation

Following the procedure described in Section III, GCNs
were created based on manual segmentations of the
glands in whole-mount prostate samples. Figure 6 shows
an example of GCN visualized without considering edges
weights, only the connectivity between glands. The con-
nectivity alone can already reveal many interesting facts
about the glands and their context. First, it is clear
that glands tend to organize into clusters, defining sub-
graphs containing nodes that are more connected be-
tween themselves than with nodes that are not in the
subgraph. Such clusters are commonly called commu-

nities in network theory [40]. Communities tend to be
associated with components of a system that carry out
similar functions. Many community detection methods
have been developed in the literature [40] and could be
used for identifying clusters of glands. This procedure
could bring additional insights regarding gland organi-
zation when compared to the identification of connected
components. The latter has been used for defining con-
text in prostate tissues [18].

The generated GCNs are also very heterogeneous.
Some regions contain a large number of connections while
others contain many nodes having small degree. Exam-
ples of two highly distinct regions can be seen in Fig-
ures 6(a) and (b). It is important to note that variations
on edge density tend to be the most noticeable charac-
teristic when visualizing GCNs, but these networks may
contain many other important information that is not im-
mediately identified by visual inspection. For instance,
the clustering coefficient [38], which, roughly speaking,
is associated to the number of triangles connected to a
node, varies throughout the network.

Besides connectivity, GCNs can also represent simi-
larity between glands. Figure 7 shows two regions of a
weighted GCN created using the method presented in
Section III. Thicker edges are associated to edges having
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FIG. 4. Usual procedure for characterizing prostate glands, augmented by a context network. Given an input sample, the
nuclei and lumina of the glands are segmented and then combined to define a binary image containing the detected glands. A
number of shape, texture and ad hoc context features can then be calculated and used for classifying the tissue into healthy
or unhealthy or, alternatively, the features can be used for identifying the Gleason Score of the sample. The Gland Context
Network can be used for improving this procedure. From the constructed network, additional context features (indicated in
blue) can be derived from the shape and texture features, and may lead to better PCa prognosis.

FIG. 5. Example of images used in the analysis. (a) Original whole mount prostate sample with 3+3 graded regions, according
to the GGS, marked in red. (b) Binary image showing manually segmented glands.

larger weight, and thus to glands having similar shapes.
In this case, all shape properties described in Section II A
were used for defining the weights according to Equa-
tion 5. Among other properties, the GCN reveals clusters
of glands that are close to each other and have similar
shapes.

As mentioned before, GCNs can be created using any
set of gland properties. The main purpose being to allow
a systematic incorporation of context to the considered
properties. The context is created by calculating com-
plex networks features based on the generated GCN. For
instance, the degree of a node incorporates a local con-

text regarding neighboring glands. Figure 8 shows the
degrees of the nodes in the GCN created from the sam-
ple in Figure 5. Interestingly, larger degree nodes tend to
be located inside or near the region demarcated by the
specialist (shown in Figure 5), suggesting a relationship
between node degree and PCa.

The degree can reveal local context, but other network
measurements could be used for augmenting glands prop-
erties at medium, global, or even specific scales [41]. Such
measurements may reveal additional information about
gland properties that are not easily quantifiable using
traditional methods. As a consequence, GCN derived
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FIG. 6. (a) Geometric network generated from the sample shown in Figure 5. Red points indicate the centroids of glands.
Zoomed in views of the network are shown in (a) and (b). A radius of r = 350 pixels was used for generating the network.
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FIG. 7. Visualization of representative regions of the Gland Context Network generated from the sample shown in Figure 5. All
gland shape properties described in Section II.A.1 were used for defining edges weights. Notice that thicker edges correspond
to glands that have similar shapes.

properties may improve the accuracy of PCa identifica-
tion and also of automated Gleason score assignment.

C. A case study: Gland Classification Using

Context Networks

As an example of the potential of using GCNs for iden-
tifying PCa, we employed GCN properties for classifying
glands into healthy and unhealthy (GGS score of 3+3,
as indicated by the specialist). The classification, done

at the individual gland level, can then be used for iden-
tifying abnormal tissue regions. Different sets of prop-
erties were obtained and used for classification: i) shape
features (SF), ii) network features (NF), iii) all features
(AF), and iv) only the degree feature (DF).

In order to quantify the performance of the method,
we measured the precision, recall, specificity and accu-
racy of the classification [42]. Glands belonging to the
region demarcated by the specialist and that were clas-
sified as unhealthy defined the true positive (TP) sam-
ples. The FN, TN and FP samples were defined accord-
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FIG. 8. Visualization of the degrees of the nodes in the Gland Context Network. Each gland is colored according to the
degree of its respective node. Notice that the majority of high-degree glands are located inside the cancer region delimitated
in Figure 5.

ingly. For classifying the glands, we considered the K-
nearest neighbors, Support Vector Machine (SVM) and
Multilayer Perceptron classifiers. Each method was ap-
plied using 5-fold cross-validation. Each fold of the cross-
validation contained the same number of healthy and un-
healthy glands. A grid search of the methods parameters
was applied for searching their respective optimal config-
urations. The three methods provided similar classifica-
tion performance. Thus, in the following we present only
the results obtained for the K-nearest neighbors classifier
with K = 5.

Figure 9 shows a typical result obtained from the cross-
validation using the whole set of features. The colors
differentiate between TP, FN, TN and FP glands. It
is clear that the vast majority of glands are correctly
classified. Interestingly, most of the incorrectly classified
glands are near the border of the region demarcated by
the specialist, indicating that these glands might already
have been affected by PCa.

The performance metrics of gland classification were
measured for five whole-mount samples and the four sets
of properties described above. The average value ob-
tained for each metric is shown in Figure 10. It is clear
that features derived from the GCNs improved the clas-
sification when compared to using the gland shape fea-
tures alone. The average accuracy obtained when using
the network feature set was around 93%±2.5%, which is
better or equivalent to state-of-the-art results obtained
by other approaches such as 91.9% by Nir et al. [13],

85.4% by Doyle et al. [19], 95.14% by Naik et al. [22],
and 79% by Nguyen et al. [18]. However, it is important
to note that, with the exception of Naik et al., the other
approaches used automatically segmented glands in the
classification.

Figure 10 also shows that the degree alone led to a
good classification performance. The degree tends to
be higher in regions containing small glands in large
numbers. Thus, the GCN methodology revealed, in a
straightforward fashion, that these two properties were
important for identifying tissue regions affected by PCa
in the analyzed samples.

Segmenting glands is a hard task. Changes in the seg-
mentation might influence the generation of the GCN,
which in turn will influence the performance of classifi-
cation tasks. In order to verify the impact that changes
in the segmentation can have in the gland classification,
four types of perturbations were applied to the manual
annotations of the glands: i) binary erosion; ii) binary di-
lation; iii) binary dilation while avoiding mergings of the
glands and iv) random removal of glands. The erosion
and dilation procedures represent situations where the
segmented glands are smaller or larger than they should
be. Procedure ii) tends to generate very large connected
components due to the dilation procedure, which is un-
realistic in real situations. On the other hand, procedure
iii) leads to dilated glands but the number of glands do
not change. The random removal of glands represents
situations where glands are missed either by an expert
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FIG. 9. Results of gland classification into the healthy and unhealthy categories using network context features. Glands are
colored based on correct or incorrect classifications. Blue: true negatives, red: true positives, yellow: false positives, green:
false negatives.

FIG. 10. Average gland classification precision, recall, specificity and accuracy when using different sets of features for charac-
terizing the glands. Vertical lines indicate the standard deviation of the performance metrics.

annotator or by automated segmentation procedures.

Figure 11 shows the performance metrics obtained for
different amounts of erosion, dilation and gland removal
iterations applied to the segmented glands. For the ero-
sion and dilation, the performance is measured as a func-
tion of the radius of the structuring element used in the

respective morphological operation. Regarding the ero-
sion (Figure 11(a)), the method is robust to erosions of
up to a radius of 13 pixels. We observed that, for this
radius, the segmented glands are much smaller than the
actual glands in the image. This can be verified by the
disappearance of many glands for radii larger than 13
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pixels, as seen in the plot. For instance, for a radius of
15 pixels roughly 15% of the glands disappear. Given
that the method shows good performance even when the
segmentation of the glands has low quality (e.g., for a
a radius of 13 pixels), we consider that the method is
robust to the erosion perturbation.

Regarding the robustness of the method with respect
to the dilation operation (Figure 11(b)), it is clear that
small amounts of dilation can significantly decrease the
performance of the classification. In particular, the pre-
cision becomes much lower after only 5 dilations. On the
other hand, as explained above, since the glands are very
close to each other, the dilation procedure leads to large
connected components covering almost the whole sample,
which do not realistically represent glands or possible er-
rors in manual annotations. This can be seen by the
rapid decrease in gland number as the dilation becomes
larger. Figure 11(c) shows the result for the dilation pro-
cedure while avoiding gland merges. In this case, there is
almost no change in the classification performance. This
happens because, as mentioned before, features related to
the spatial distribution of the glands tended to be more
relevant for classification than those associated with their
shapes. Since the dilation without gland merges does not
change the spatial distribution of the glands, the perfor-
mance remains high.

The results obtained for the random removal of glands
are shown in Figure 11(d). Surprisingly, a good perfor-
mance is obtained even when around 60% of the glands
are removed. This is so because when glands are ran-
domly removed with uniform probability, their overall
spatial distribution does not change. For instance, af-
ter the removal, regions having a high density of glands
will still have relatively large density when compared to
other regions in the sample. The information regarding
the spatial distribution of the remaining glands is enough
to correctly classify them.

The results of the perturbation analysis indicate that,
at least for the considered data, GCNs are robust with
respect to the considered changes in the shape of the
glands as well as to situations where some glands are not
correctly segmented.

A challenging aspect for quantifying the performance
of tumor detection methodologies is that it is not
straightforward to define precise boundaries of a tumor.
This can be a source of variation on the ground truth
gland classes used for measuring the performance of the
method. In order to verify to which extent the manual
annotation of the tumor regions influenced our results,
an intra-expert evaluation procedure was employed. The
results of the methodology were shown to the specialist
that originally identified the tumor regions in our sam-
ples. The annotations were re-evaluated by the specialist
considering the TP, FN, TN and FP glands identified
by our analysis. The specialist’s assessment was that
TP and TN glands were indeed correctly classified. In-
terestingly, the specialist found that the majority of FN
glands, that is, glands inside the delimited tumor region

but that were classified by our method as being normal
(green glands in Figure 9), were indeed normal glands.
Those glands should be considered normal because, de-
spite being inside or close to the tumor region, they had
a more disperse spatial distribution and still had basal
cells. Furthermore, many glands that were close to, but
outside, the cancerous region and were classified as being
abnormal by the method (yellow glands in Figure 9) were
suspicious of being tumor acini (atypical acini), given
their small sizes and small distances to each other. An
absence of basal cells on these glands was also observed.
Thus, the method successfully identified abnormal glands
that were previously not included in the tumor region.

V. CONCLUSIONS

The automated or semi-automated characterization of
prostate tissue can provide important support for pathol-
ogists to identify abnormal tissues. Furthermore, analyz-
ing prostate images at a large scale, using whole-mount
samples, may reveal important factors for grading PCa
that have not been accounted for in the most up-to-
date revision of the ISUP guidelines [8]. As a conse-
quence, some automated methods have been developed
for segmenting, characterizing and classifying prostate
tissue [12–15, 17]. Since the developed methods tend to
have an automated segmentation as a first step, the re-
maining analyses becomes highly dependent on the qual-
ity of the segmentation. For instance, it may be difficult
to identify if a poor performance on identifying abnormal
tissue was due to inadequate features or if it was caused
by tissue not being correctly segmented.

In this work we assumed that the glands have already
been correctly segmented, either manually or automat-
ically, and focused on a methodology for characterizing
the identified glands. The concept of a Gland Context
Network (GCN), a weighted graph describing the spa-
tial and visual relationship between the glands, was pre-
sented. We argued that one of the main benefits of using
GCNs is that the vast literature regarding complex net-
works characterization becomes immediately available for
augmenting individual gland measurements.

The proposed methodology can be used for a more
comprehensive characterization of tissues by integrating
information from varying spatial scales. As an illustra-
tion, we created GCNs for whole-mount samples and
showed that heterogeneous networks with many inter-
esting properties are created and can be further inves-
tigated. In particular, clusters of glands are revealed
and might be identified using community detection algo-
rithms. Furthermore, we showed that even in a straight-
forward gland classification procedure, using an off-the-
shelf classifier, GCN properties led to the identification
of the vast majority of abnormal glands. The classifica-
tion performance was verified to be high even when the
glands are not correctly segmented.

For future analyses, GCNs could be defined and ap-
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(a) (b)

(c) (d)

FIG. 11. Performance of the gland classification task as a function of the amount of perturbation applied to manual gland
segmentations. The perturbations were: (a) erosion, (b) dilation, (c) dilation without gland merges, and (d) random removal
of glands. The dashed line indicates the number of glands after the perturbation divided by the number of glands when no
perturbation was applied to the images.

plied for a large prostate tissue dataset for the identifi-
cation of novel contextual properties associated to differ-
ent Gleason scores. Furthermore, GCNs could be used
for further improving the classification of the glands us-
ing a two step classification scheme, applied as follows.
As can be seen in Figure 9, glands that were incorrectly
classified are usually surrounded by correctly classified
glands. Thus, one could apply a consensus formation
dynamics, such as opinion spreading [27, 43], to propa-
gate gland categories throughout the GCN, which would
correct most of the misclassifications. The methodology
could also be applied to other types of tissues, provided

that appropriate features are used for building the GCN.
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