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ABSTRACT

Nuclear architecture or the spatial arrangement of individual cancer nuclei on histopathology images has been
shown to be associated with different grades and differential risk for a number of solid tumors such as breast,
prostate, and oropharyngeal. Graph-based representations of individual nuclei (nuclei representing the graph
nodes) allows for mining of quantitative metrics to describe tumor morphology. These graph features can
be broadly categorized into global and local depending on the type of graph construction method. While a
number of local graph (e.g. Cell Cluster Graphs) and global graph (e.g. Voronoi, Delaunay Triangulation,
Minimum Spanning Tree) features have been shown to associated with cancer grade, risk, and outcome for
different cancer types, the sensitivity of the preceding segmentation algorithms in identifying individual nuclei
can have a significant bearing on the discriminability of the resultant features. This therefore begs the question
as to which features while being discriminative of cancer grade and aggressiveness are also the most resilient to
the segmentation errors. These properties are particularly desirable in the context of digital pathology images,
where the method of slide preparation, staining, and type of nuclear segmentation algorithm employed can all
dramatically affect the quality of the nuclear graphs and corresponding features. In this paper we evaluated the
trade off between discriminability and stability of both global and local graph-based features in conjunction with a
few different segmentation algorithms and in the context of two different histopathology image datasets of breast
cancer from whole-slide images (WSI) and tissue microarrays (TMA). Specifically in this paper we investigate
a few different performance measures including stability, discriminability and stability vs discriminability trade
off, all of which are based on p-values from the Kruskal-Wallis one-way analysis of variance for local and global
graph features. Apart from identifying the set of local and global features that satisfied the trade off between
stability and discriminability, our most interesting finding was that a simple segmentation method was sufficient
to identify the most discriminant features for invasive tumour detection in TMAs, whereas for tumour grading
in WSI, the graph based features were more sensitive to the accuracy of the segmentation algorithm employed.
Keywords: Graph-based representation, Cell Cluster Graphs, Voronoi, Delaunay, Minimum Spanning Tree,
Histopathology Imaging, Breast Cancer, Feature Analysis, Stability, Discriminability, Digital Pathology.

1. MOTIVATION AND PURPOSE
Graph based approaches have recently been investigated by a number of groups1–5 as a means of quantitatively
characterizing tumor morphology on digitized histopathology images to assess cancer presence, grade, risk, and
outcome. Most, if not all graph based approaches involve identifying the spatial location of individual nuclei
and then constructing a graph as a connected set of nuclear vertices. A number of quantitative descriptors can
then be mined from these graphs that characterize the nuclear density, proximity, and spatial arrangement of
individual nuclei with respect to each other.1–3 Broadly speaking, nuclear graph representations comprise either
global or local graphs. Global graphs (e.g. Voronoi Diagram, Delaunay Triangulation, and Minimum Spanning
Tree) tend to look at the nuclear architecture of all nuclei in the image, the assumption being that the global
nuclear architecture is significantly different for different cancer grades. On the other hand, local graphs such as
cell cluster graphs tend to look at nuclear architecture within local neighborhoods and focus on arrangement of
nuclei within local clumps. Distribution of quantitative metrics of nuclear arrangement within these local clumps
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have been shown to be significantly different between prostate and oropharyngeal cancers which have better and
worse outcome.4, 5
One important preliminary step for any graph construction method is vertex identification or more precisely
nuclear segmentation. While both nuclear segmentation6, 7 and graph construction1–5 approaches in the context
of digital pathology are active research areas, a comprehensive study of the influence of segmentation accuracy
on the fidelity of the resulting graph features has not been done. This is pertinent since the quality of the vertex
identification step will have important implications on the quality and hence discriminability of the resultant
graph based metrics. In this work we focus on the interplay between nuclear segmentation approaches and its
influence on the resulting graph based measures in terms of their ability to predict cancer presence and grade
on digital pathology images. Specifically, we seek to identify for different cancer diagnosis problems as to which
set of global or local graph based features best capture the trade off between discriminability and stability (i.e.
resilience to errors in the preceding nuclear segmentation step).
The organization of the rest of this paper is as follows. Section 2 describes the methodology for nuclei
segmentation methods and graph construction algorithms. Section 3 defines the performance measures for
stability and discriminability and their trade-off for individual graph features. Section 4 presents the experimental
design and description of histopathology datasets. Section 5 presents the experimental results and discussion.
Section 6 presents concluding remarks.

2. DESCRIPTION OF SEGMENTATION AND FEATURE EXTRACTION
METHODS
2.1 Nuclei segmentation methods
We evaluated two different segmentation methods based on the blue-ratio colour transformation8 and watershed
transformation.4
Blue-ratio automatic thresholding (S1): This method starts from the blue-ratio colour transformation,8
which assigns higher values to the pixels with a high blue intensity relative to its red and green components.
This transformation is able to highlights the nuclei regions successfully (Fig. 1B). A well known automatic global
image thresholding method is then applied, i.e. Otsu’s method,9 to obtain the binary image (Fig. 1C). This
method has been previously successfully applied for nuclei segmentation and mitosis detection.10
Blue-ratio automatic thresholding with watershed (S2): To address the issue of nuclear overlap resolution we also considered a variant of the blue-ratio thresholding method that involves a watershed transformation
approach employed on the resulting binary image to split occluding nuclei (Fig. 1D).11

2.2 Global graph-based features
We used three different methods to build global graphs: Voronoi Diagram (VD), Delaunay Triangulation (DT),
and Minimum Spanning Tree (MST).1–3 Examples of each graph built into TMA images of Breast cancer are
shown in Figures 2 (B,F,C,G,D,H). The VD involves building a polygon around each nucleus such that each
pixel in the image falls into the polygon associated with the nearest nucleus (Fig. 2-B,F). The DT is simply
the dual graph of the VD and it is constructed in a way such that two nuclei are connected by an edge if their
associated polygons share an edge in the VD (Fig. 2-C,G). The MST involves connecting all nuclei in the image
while minimizing the total length of all edges (Fig. 2-D,H).
Once each graph is built, we extracted a set of quantitative features to represent each graph. Table 1 details
the set of features per each graph and an additional set of 25 nuclear features calculated from individual nuclei
to quantify nearest neighbour and global density statistics.

2.3 Local graph-based features
Cell cluster graph (CCG) is one example of a local graph, constructed by defining cell clusters as nodes in order
to extract local topological properties.4, 5 Examples of the graphs built into TMA images of BCa are shown in
Figures 2 (A and E). The individual nuclei are segmented with different approaches listed in Subsection 2.1.

Figure 1. Nuclear segmentation examples for a region of interest from the DCIS dataset (A), with its blue-ratio colour
transformation (B) that highlights the hematoxylin stain of individual nuclei, and the result obtained via the Otsu
thresholding method (C), Panel (D) reveals the result of applying the watershed segmentation scheme on top of the Otsu
thresholding result obtained in (C).

Table 1. Global graph-based features from VD, DT, MST and nuclear features (NF).
Type

VD

DT

Id

Feature

1

Area Std. Dev.

2

Area Avg.

3

Area Min. - Max.

4

Type

Id

Feature

21

Edge Length Avg.

22

Edge Length Std. Dev.

23

Edge Length Min. - Max.

Area Disorder

24

Edge Length Disorder

5

Perimeter Std. Dev.

25

Area of polygons

6

Perimeter Avg.

26

Number of nuclei

7

Perimeter Min. - Max.

27

Density of Nuclei

8

Perimeter Disorder

9

Chord Std. Dev.

10

MST

28-30

Avg. distance to k-NN, k ∈ {3, 5, 7}

31-33

Std. Dev. distance to k-NN, k ∈ {3, 5, 7}

Chord Avg.

34-36

Disorder of distance to k-NN, k ∈ {3, 5, 7}

11

Chord Min. - Max.

37-41

Avg. NN in a k Pixel Radius, k ∈ {10, 20, 30, 40, 50}

12

Chord Disorder

42-46

Std. Dev. NN in a k Pixel Radius, k ∈ {10, 20, 30, 40, 50}

13

Side Length Min. - Max.

47-51

Disorder of NN in a k Pixel Radius, k ∈ {10, 20, 30, 40, 50}

14

Side Length Std. Dev.

15

Side Length Avg.

Avg.: Average

16

Side Length Disorder

Std. Dev.: Standard Deviation

17

Triangle Area Min. - Max.

NN: Nearest Neighbors

18

Triangle Area Std. Dev.

Min. :Minimum

19

Triangle Area Avg.

Max.: Maximum

20

Triangle Area Disorder

NF

Table 2. Local graph-based features from Cell Cluster Graph (CCG).
Id

Feature

Id

Feature

1

Number of Nodes

14

Number of connected components

2

Number of edges

15

Giant connected component ratio

3

Average Degree

16

Average Connected Component Size

4

Average eccentricity

17

Number of Isolated Nodes

5

Diameter

18

Percentage of Isolated Nodes

6

Radius

19

Number of End points

7

Average Eccentricity 90%

20

Percentage of End points

8

Diameter 90%

21

Number of Central points

9

Radius 90%

22

Percentage of Central points

10

Average Path Length

23-26

Edge length statistics k, k ∈ {1, 2, 3, 4}

11-13

Clustering Coefficient C, D, E

Figure 2. Example of both local graph (A,E) and global graphs (B-D,F-H) built into a TMA image of BCa which was
previously segmented by automatic thresholding into blue ratio colour space for nuclei detection. Cell Cluster Graphs (A
and E), VD (B and F), DT (C and G), and MST (D and H). First row shows the graphs over TMA image (A-D) and
second row details only the graphs (E-H). Note that all graphs were built using the same nuclei segmentation method
based on blue-ratio automatic thresholding with watershed (S2).

Subsequently the segmented nuclei are aggregated into clusters and replaced with a cluster node. These nodal
centers then represent the vertices of the CCG.
CCG construction comprises the following steps. 1) To distinguish nuclei from the background. 2) To identify
nuclear clusters for node assignment. 3) The link between nodes is then established, where the pairwise spatial
relation between the nodes is translated to the edges (links) of CCG with a certain probability. 4) A set of
features (graph metrics) from CCG are then extracted to quantify tumor morphology. These features are listed
in Table 2.

3. PERFORMANCE MEASURES
3.1 Kruskal-Wallis one-way analysis of variance
Kruskal-Wallis analysis is a non-parametric method to determine whether two set of samples are generated by
the same probability distribution.12 Note that this is opposed to ANOVA which is a parametric method which

assumes a Gaussian distribution of samples. In our case, each set or group of samples correspond to a particular
category or class of the dataset, such as invasive cancer or tumour grade. Thus, similar to the t-test we have:
• H0 : The populations represented by the k conditions (groups, samples) have the same distribution of scores
on the quantitative response variable.
• To reject H0 : The population distributions must be different in some way, center, spread and/or shape.
When the forms of the distributions are similar, then rejecting H0 is interpreted to mean that the populations have some pattern of larger and smaller scores (or have some median difference) between them.
In our case, when H0 is rejected, it means that the corresponding graph-based feature has the discriminability
to distinguish between classes because that feature has significantly separable class distributions. Thus, we can
say whether the null hypothesis is rejected or not and the corresponding feature discriminant capability can be
stated as follows:
• Highly discriminant: if p ≤ 0.01 then there is very strong presumption against null hypothesis.
• Discriminant: if 0.01 < p ≤ 0.05, then there is a strong presumption against null hypothesis
• Poor discriminant: if 0.05 < p ≤ 0.1, then there is a low presumption against null hypothesis
• No discrimination: if p > 0.1, then there is not presumption against the null hypothesis

3.2 Discriminability
Discriminability is a desirable property in a feature for purposes of classification. This measure establishes
whether a sample belongs either to a particular class or another. We define discriminability of a feature via its
discriminant capability (i.e. p-value) across different N data sets and S different nuclear segmentation algorithms.
Formally, we define discriminability (df ) of a graph-based feature (f ) as follows:

df = µpf =

N S
1 XX
pf (s, n),
N + S n=1s=1

(1)

where pf (s, n) is the p-value of the feature f when a nuclei segmentation algorithm s, is used given a dataset
n, and µpf is the mean of p-values for feature f across all S segmentation methods and N datasets.

3.3 Stability
We define the stability of a graph-based feature as the variance in discriminability of the feature across N data
sets and S nuclear segmentation algorithms. We formally define the stability (sf ) of a graph-based feature (f )
as the standard deviation of p-value coming from a Kruskal–Wallis test of the feature f among different data
sets and nuclei segmentation algorithms as follows:

sf = σpf

v
u
u
=t

N S
2
1 XX
pf (s, n) − µpf ,
N + S n=1s=1

(2)

where pf (s, n) is the p-value of the feature f when a nuclei segmentation algorithm s is used given a dataset
n, µpf and σpf are the mean and standard deviation of p-values for feature f across all S segmentation methods
and N datasets respectively.

3.4 Combined stability and discriminability measure
We define stability vs discriminability trade off as a measure that captures the trade off between, stability (sf )
and discriminability (df ) of a given feature. The measure is given as,
SDf = 1 −

sf + df
,
2

(3)

Higher values of SDf represent features which are optimized for stability and discriminability compared to
lower values.

4. EXPERIMENTAL DESIGN
4.1 Histopathology datasets
Invasive Ductal Carcinoma BCa (D1): This dataset comprises 103 tissue micro arrays (TMA) cores of BCa
from Yale University, 57 presented with invasive ductal carcinoma (IDC) and 46 did not. IDC is the most common phenotypic subtype of BCa which comprises nearly 80% of all BCa. For this particular use case, our goal was
to identify the set of features that could best distinguish between the two categories, i.e. IDC and non-IDC cases.
Ductal Carcinoma In Situ BCa (D2): This dataset comprises 23 whole-slide images (cases) of Ductal
Carcinoma In Situ (DCIS) with Oncotype recurrence score (RS) (16 low, 5 intermediate, 2 high). DCIS has
been suggested to be a pre-malignant condition for breast cancer and some DCIS are associated with a higher
risk of IDC progression whereas others are not. Oncotype recurrence score is a gene expression panel that has
been used to identify the risk of progression of DCIS to IDC. The goal of this use case was to evaluate whether
image features on WSI images can allow for predicting IDC progression risk of DCIS in a manner analogous
to Oncotype DX. The whole-slide images were digitalized by a slide scanner Aperio at 40X magnification. The
ground-truth manual annotations were done by expert pathologists who delineated the regions of interest (ROI).
This yielded a total of 53 ROIs from 23 cases. Our goal for this use case was to classify each ROI per WSI into
the high versus low/intermediate Oncotype DX risk categories.

4.2 Experimental Setup
In order to evaluate the graph-based features, both global or local, we extracted the same features for each
dataset (D1, D2) described in Tables 1, 2 using different nuclei segmentation methods (S1, S2).
Experiment 1: Evaluating most discriminating global and local graph features. We applied the
Kruskal-Wallis analysis over each feature per class and across the different segmentation methods and datasets.
The quantitative results are presented according the p-value obtained from Kruskal-Wallis analysis where the
discriminative features are categorized as either highly discriminative, medium discrimination, and poorly discriminative if p ≤ 0.01, 0.01 < p ≤ 0.05, or 0.05 < p ≤ 0.1, respectively. Non discriminating features are those
with p > 0.1.
Experiment 2: Identifying graph based features with the best tradeoff between stability and
discriminability. This experiment uses our new performance measures (see Equations 1-3) that allow for
assessing each global or local feature across all combinations of datasets and nuclei segmentation methods. For
this experiment, we use a scatter plot of global and local graph features where each axis represents the newly
presented discriminability and stability measures (see Figure 4). Finally, the set of features with the best trade
off between discriminability and stability are identified as those with SDf > 0.9.

5. RESULTS AND DISCUSSION
Figure 1 shows some example images resulting from two different segmentation methods. We can see how
depending on the segmentation method used, the accuracy of nuclear detection can dramatically vary. Ideally,
a good segmentation method must be able to isolate only the nuclear regions. However, this is still an open
problem in histopathology image analysis due to the high variability of nuclear appearance in different tissues

Figure 3. (Experiment 2) Discriminant capability comparison between global graph-based features (left) and CCG features
(right) for each combination of dataset (D1, D2) and nuclei segmentation method (S1, S2). The green lines are the
threshold where the median (red line into box plot) of p-values rejects the null hypothesis with p ≤ 0.1 (discriminant) or
not with p > 0.1 (not discriminant) for each combination of dataset and segmentation method.

and acquisition processes. Hence, we evaluated the sensitivity of each segmentation method to nuclei detection
and subsequently extracting each graph-based feature to assess changes in discriminability.
Experiment 1: Global features are more discriminant than local features. Table 3 summarizes
the number of discriminant features for each type of graph, each combination of nuclear segmentation method
(S1, S2) and each data set (D1, D2). For both global and local graph based features, generated from the S2
method, 14/37 from global and 3/23 CCG graph-based features for IDC detection dataset (D1) were identified.
This appeares to suggest that for the IDC detection problem, global graph based measures as opposed to local
features are probably more relevant.
Experiment 2: Identification and analysis of discriminability and stability for graph features.
Figure 3 depicts a summary of the discriminant capability, for both global and local (CCG) graph-based features,
for each dataset (D1, D2) and nuclear segmentation method (S1, S2). The green line in Figure 3 enables the
identification of p-value threshold to determine if the median p-value value of the features (red line within the
boxplot in Figure 3) are discriminative or not (i.e. below is discriminant, above is not). Figure 3 suggests that
the watershed (S2) segmentation scheme is important for its nuclear separation capabilities and results in better
discriminating global and local graph features for the DCIS dataset. Interestingly the original thresholding
algorithm (S1) appears to result in more discriminating features for the IDC detection problem compared to S2,
for both classes of graph based features. In fact S1 appears to significantly improve the discriminability of the
CCG features, even though the stability of the features is greater with segmentation method S1.
These results are actually intuitive. For instance it is well known that nuclear architecture, pleomorphism are
determining factors in grading DCIS and hence it makes sense that the more careful segmentation approach via
watershed yields more discriminating features for assessing risk of progression to IDC. On the other hand, the
blue-ratio Otsu thresholding scheme (S1) yields clumps of nuclei, as opposed to individual nuclear boundaries
which enables for improved construction of CCG and hence better CCG features. Additionally the CCG features
are able to use the architectural arrangement of the nuclear clumps to distinguish between true IDC and nonIDC studies (nuclear density and packing being a strong predictor of presence of IDC). Interestingly, the higher
stability (i.e. lower standard deviation) is obtained when S2 is applied for nuclei detection in IDC classification
dataset (D1) for both global and local graph features.
Figure 4 shows the visualization of stability vs discriminability for the different features for each global (red)
and local CCG (blue) graph-based features. As previously mentioned, lower values represent better performance

Figure 4. (Experiment 2) Scatter plot of graph features visualizing Stability (X-axis) vs Discriminability (Y-axis) trade off
of each global (red) and local CCG (blue) graph-based features among both datasets (D1, D2) and nuclear segmentation
methods (S1, S2) (A), and the corresponding detailed plot of the most discriminant graph features identified (i.e. SDf ≥
0.9) (B). Most of the discriminant features are global graph-based features (12/51) and only few are local graph-based
features (3/26).

Table 3. (Experiment 1) Number of features for each type of graph algorithm (local and global) across the 2 datasets and
segmentation algorithms that were identified in each of the 5 categories of trade-off between stability and discriminability
(very, medium, low, yes, no).

Discriminant
High
Medium
Low
Yes
No
Discriminant
High
Medium
Low
Yes
No

Global
p-value range
D1+S1 D2+S1
p ≤ 0.01
2
6
0.01 < p ≤ 0.05
13
11
0.05 < p ≤ 0.1
12
7
p ≤ 0.1
27
24
p > 0.1
24
27
Local (CCG)
p-value range
D1+S1 D2+S1
p ≤ 0.01
0
0
0.01 < p ≤ 0.05
11
4
0.05 < p ≤ 0.1
6
5
p ≤ 0.1
17
9
p > 0.1
9
17

D1+S2
0
6
8
14
37

D2+S2
23
9
3
35
16

D1+S2
0
0
3
3
23

D2+S2
12
2
1
15
11

for the individual features in terms of their trade off between discriminability and stability. Only values smaller
than 0.1 are associated with stable and discriminant features. Figure 4A illustrates the fact that only a small
number of features are both stable and discriminant, most of these being global graph-based features. The
detailed visualization of these relevant features with SDf ≥ 0.9 (Eq. 3) is shown in Figure 4B. Only three (3/26)
local CCG features are sufficiently stable and discriminating for both data sets (D1, D2) and nuclear segmentation
methods (S1, S2). As previously mentioned, these features are mainly associated with global nuclear architecture
and hence are able to capture differences between IDC and non-IDC tissue. Interestingly, of the 12 global graph
features found to be highly discriminating, only 6 were found to optimize the trade-off between stability and
discriminability (sf ≤ 0.05 and df ≤ 0.05). Note that each type of global graph (VD, DT, MST) and nuclear
shape features (NF) contribute at least one discriminating feature. Interestingly, these features are associated
with nuclear morphology and variance of nuclear distance, features that have been previously well documented
in diagnosing both cancer presence and grade.

6. CONCLUDING REMARKS
In this work we attempted to present a limited, yet rigorous evaluation of graph-based features for diagnosing and
grading of DCIS and IDC from tissue microarray and whole-slide images. Specifically we attempted to evaluate
the sensitivity of the graph-based features (global and local) in terms of the discriminability and stability of
nuclear segmentation methods applied to each of the two datasets.
Our experimental evaluation was done in a systematic way for both graph-based features by applying two different nuclear segmentation methods over the two datasets. For the IDC dataset, the objective was to distinguish
between those slide images that had or did not have IDC on it (diagnosis) while for the DCIS dataset, our objective was to identify the set of features that could distinguish between cases with high versus low/intermediate
Oncoptype DX scores. In order to evaluate the quality and robustness of global and local graph-based features, we
introduced a set of performance measures: stability (sf ), discriminability (df ) and combined stability vs discriminability measure SDf . All these measures were evaluated via p-values from the non-parametric Kruskal-Wallis
one-way analysis of variance.
The most interesting findings from this limited study were that (a) a lower quality segmentation algorithm
(one that does not involve overlap resolution) is sufficient to produce sufficiently discriminable graph based
features for the problem of cancer detection, while (b) more accurate nuclear segmentation methods are required
if the goal is disease grading. Future work will involve independently validating the findings from this study in a
separate test cohort and expanding the feature analysis described in this study to involve other types of image
features and use cases.
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