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Human cancers exhibit phenotypic diversity that medical imaging can precisely and

non-invasively detect. Multiple factors underlying innovations and progresses in the

medical imaging field exert diagnostic and therapeutic impacts. The emerging field

of radiomics has shown unprecedented ability to use imaging information in guiding

clinical decisions. To achieve clinical assessment that exploits radiomic knowledge

sources, integration between diverse data types is required. A current gap is the

accuracy with which radiomics aligns with clinical endpoints. We propose a novel

methodological approach that synergizes data volumes (images), tissue-contextualized

information breadth, and network-driven resolution depth. Following the Precision

Medicine paradigm, disease monitoring and prognostic assessment are tackled at

the individual level by examining medical images acquired from two patients affected

by intracranial ependymoma (with and without relapse). The challenge of spatially

characterizing intratumor heterogeneity is tackled by a network approach that presents

two main advantages: (a) Increased detection in the image domain power from

high spatial resolution, (b) Superior accuracy in generating hypotheses underlying

clinical decisions.
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INTRODUCTION

Background
Modern medical imaging methods are increasingly used in the clinical practice to visualize
rich hierarchies of anatomic details in a variety of tissues and organs. By combining contrast
agents and dynamic acquisitions, maps of images can show the complex interdependence of
pathophysiological processes characterizing various diseases. This is especially important in
oncology. Many factors influence tumor progression, namely hemodynamic, metabolism, pH,
shape, etc. (1–4). These factors deliver information useful for planning treatment and follow-up
processes. The quality of the results of such processes depends on an efficient use of standard clinical
imaging scanners like MRI (magnetic resonance imaging), PET (positron emission tomography),
and CT (computer tomography).
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probability that two neighbors of a node are themselves neighbors
(therefore, nodes in image regions uniformly characterized like
tumor or normal tissue have the same importance); (b) High-
degree nodes are authorities, and hubs assemble multi-connected
authorities (image dense spots); (c) High-betweenness nodes,
namely the extent to which nodes lie on the path between
other nodes, when combined with low-degree properties identify
bridges that are relevant for network intra-communication.

In general, each node is to some extent informative about
radiomic phenotypes summarized by features, and the key
part is establishing associations between nodes that might
be possible target. For instance, nodes with feature values
characteristic of tissues displaying tumor growth or invasion,
and of course integrating these features with genomic ones
would allow to explore phenotypically enriched gene signatures
(radiogenomics) (22–24).

Apart from the information that nodes deliver, edges too can
be classified based on their properties. Through the edge length,
the distance between nodes is defined (Euclidean distance):

D = 1− COR

Here, strong/weak interaction corresponds to short/long
distance, respectively. More importantly, given a destination
node, we can infer predictability based on the path length
concatenating edges that end at such node. Here, the geodesic
distance (shortest path between two nodes) becomes relevant
because two nodes can be strong interactors also indirectly
(mediated by neighboring nodes). Figure 2 sketches our
approach, and Figure 3 displays the computed adjacency matrix.
Note that the network-to-image back-projection step implies
the possibility to assess the clinical response after therapeutic or
surgical interventions or otherwise to monitor patient follow-up.

RESULTS

Complex Network
A network (Figure 4, top panel) was built for the first patient
from the 21 MRI features and consisting of 46 nodes (size
proportional to degree) and 209 edges (length proportional to
COR). After normalizing the values of the measures defined
in Figure 1, we determined the network hierarchy mapped in
Figure 4 (bottom panel). For the first patient, a first subnetwork

FIGURE 2 | Flowchart. It shows the analysis performed in both image and network domains. Starting from MRI acquisitions, we extracted a dataset of N = 21

features that have been used to group the voxels into clusters and, based on their correlation, to build the complex network. By the means of centrality (nodes

classification) and connectivity (edges classification) we have classified nodes and identified subnetworks. Finally, network topology has been back-projected on initial

anatomical images.
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FIGURE 3 | Adjacency matrix. It represents the cross-correlation coefficients between the clusters. The cross-correlation coefficients measure similarity between

clusters by varying within a 0–1 range (i.e., from no correlation or no features similarity to strong correlation and identical feature distribution).

appears densely connected with a cluster structure (green) in
which all nodes show high CC value (>0.75).

a. A second subnetwork depicted in red without the presence
of clusters.

b. A group of bridges is depicted in blue and have high
betweenness (>0.80) and low degree (<0.20), while
connecting the two subnetworks.

Note that the above thresholds are determined based on the
available data, following the general principles of limiting
network redundancy and maximizing interpretability.

Tissue Identification
According to the color, network nodes of Figure 4 have been
back-projected on the T2-weighted image in order to find their

anatomical position in the brain. Figure 5 shows that most red
nodes fill quite well the bulk tumor while few more spots are
localized out of it. The green nodes are located in the healthy
part of the brain. Surprisingly, the blue nodes that represent
the bridges in the network appear in the images as surrounding
the red regions, thus acting at the interface between tumor and
healthy tissues.

For the second patient, the analysis confirmed the presence
of two subnetworks (highlighted in red and green) that copy
well with tumor extension and healthy surrounding tissue,
respectively (Figures 6b,c). Only a single node (depicted in blue)
bridges between the subnetworks. The back-projection onto
the anatomical image shows that the corresponding region is
smaller and is not overlaying the whole lesion. At present, the
small red spot spread in the healthy area can be questioned.
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FIGURE 4 | (Top) Network created from acquired MRI features (Table 1). The node dimension (and color gradient) is proportional to the degree. (Bottom) Network

configuration determined by the centrality metric. We have spotted regions with high clustering coefficient and showed them in green and in red. The two are

connected together by the means of a set of bridges showed in blue.

These spots could reflect image aberrations, clustering errors
or signs of tumor presence. The uncertainty remains based
on the physiological features that were measured, indicating
presence of tumor. However, there is no clinical evidence that
they already represent secondary tumor localizations. They
can possibly turn into tumorigenic tissue, although targeted
histological examination would be needed, at least in principle.

Tumor Heterogeneity
Evaluating the node hierarchy in the presence of tumor allowed
to stratify the nodes in four groups depending on their degree and
then back-project their corresponding voxels onto the T2-weight
image (Figures 6d,e). Notably, the tissue identified inside the
tumor can be explained by the network topology, showing that
the differentiation is possibly reflecting the tissue heterogeneity
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FIGURE 5 | (Top) T2-weighted MRI acquisitions showing anatomical details of tumor at time of diagnosis. (Center) Overlay of the network classification results, with

the red subnetwork covering the tumor and some other external areas. The cluster subnetwork depicted in green identifies the surrounded brain. Finally, the blue

bridges linking together the two subnetworks surround the red regions and act as interface between tumor and brain. (Bottom) T2-weighted MRI acquired 3 years

after surgical and proton therapy treatment highlights the presence of recurrence (red arrow at leftmost plot) and post-surgery cavity (tumor bed, orange arrow at both

leftmost and central plots).

visible at the anatomical image level (Figure 6a). Especially low-
degree nodes cover diffusively the area of the lesion, while high-
degree nodes appear at restricted sites. When this happens at the
tumor interface, high connectivity could be consequence of well-
established phenotypes such as proliferation and invasiveness.
Alternatively, this might be considered a mark of increased
activity at the tumor microenvironment level.

Network Identification
As in most of clustering procedures, the exact number of clusters
is not known a priori and must be estimated. However, we
consider this clustering only a pre-processing step in voxel
domain, and the control over the clustering quality can be

done by iteratively (a) incrementing the number of clusters and
(b) visualizing the respective network configurations. Figure 7
displays a sequence of increasing clusters/nodes number clearly
showing that already 20 clusters/nodes make the network
structured, and then further detailed with 30 and 50 clusters.
In principle, increasing the resolution limit means considering
smaller and smaller voxel groups, at clear risk of overfitting
(limited representativeness of physiological features). Because
of such information gap, 100 clusters indicate edges that are
artificially present as no longer robust and mainly dominated by
the law typical of a random process.We have estimated such limit
to be reached at around 60 clusters, and thus used 50 clusters
as stopping criterion. In conclusion, the clustering classification’s
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FIGURE 6 | Hierarchical segmentation of intra-tumoral tissue heterogeneity. The extension of the ependymoma is shown in (a) the T2-weighted image. (b) The

complex network obtained from the acquired MRI features by the means of two subnetworks and one bridge node. (c) Back-projection onto the anatomical image.

(d) Hierarchical analysis performed over the tumor subnetworks, with highlighted nodes according to the degree values (from yellow low-degree to violet high-degree).

(e) Segmentation of intra-tumoral tissues by node hierarchies.

aim is to identify voxels with similar features, or that belong to the
same kind of tissue. Clusters are then formed from similar voxels
and represented as network nodes. Importantly, this mapping
preserves the original spatial resolution.

DISCUSSION

Role of Networks
Biomedical data are rich in structure (modular) and
systematically organized. A natural question is whether
hierarchies are identifiable according to specific relationships
between data attributes. Networks include such hierarchies,
and the higher elements (hubs and central nodes) are the ones
influencing the overall behavior (25, 26). When considering
tumor’s behavior, two categories of nodes have high importance:
(a) Bridges or sub-network connectors; (b) Authorities or large-
scale node aggregators. In the latter case, even if located in the
middle of the pyramid, authorities regulate a large tissue part,
and thus act as global influencers or regulators. In principle,
from a clinical point of view, bridges and authorities could be
considered the main targets for therapy due to their role in
connecting and controlling tumor tissues.

We reported specifically on the application of complex
networks for tumor characterization with two main outcomes:
(a) Identification of the interface between tumor and healthy

surrounded tissue, and (b) Segmentation of intra-tumoral tissue
heterogeneity based on node hierarchies. By focusing on response
to therapy (relapse or not of ependymoma) we showed clearly
identifiable back-projection effects from the observed network
hierarchy. The anatomical images have clearly identified (red
region) the extension of the tumor location separated from
the healthy brain (green region). However, as smaller regions
(blue ring) surrounded the identified tumor regions (red spots),
a match was established between these spots and network
bridges (27).

In general, no clear conclusions hold for the small regions
located in the apparently healthy brain. Based on images readouts
such regions show similar features and behave similarly to tumor.
Whether this is sufficient to hypothesize a likely relapse deserves
further investigation and probably richer sequence of data. The
availability of more patients would facilitate the goal of designing
targeted risk tools. However, PM data present nowadays so
many dimensions at the individual patient scale that their
integration has become a need. Such aggregate would involve all
the features spanning multiple domains (environmental, genetic,
clinical, therapeutic, follow-up and lifestyle, nutrition etc.) and
informing on disease phenotypes. For instance, observation of
intra-heterogeneity occurring along the disease course might
reveal molecular target expression levels objectively limited in
the ability to guide treatment (what are suitable cutoffs for
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FIGURE 7 | Dependence of networks’ structure on clusters’ number. It is possible to visualize different levels of the network by incrementing the number of clusters.

Equivalently, an increase of network’s complexity allows better definition of the number of tissues and their connections. When the number of nodes exceeds the

informative content provide by our features, the network is overfitting and the links between nodes follow a random process.
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assessing the presence of targets? How is characterized the target
expression at time of recurrence?).

These knowledge gaps call for more precise prevention,
detection and treatment, and in turn requires a clinically-focused
effort by computational oncologists. Some key challenges have
been identified in multiple data modalities, insufficient data,
model interpretability and learningmethods (28). In this work we
have addressed mainly the second and third of these challenges,
given the availability of images and the centrality assigned to
network inference.

Role of Cancer
We have selected two cases ad hoc and showed the utility of
retrieving features that can be put in relationships by a simple
network metric. Then we have assessed the validity of such
features in view of the patient history, i.e., whether or not a
recurrence occurred years after the surgical and proton treatment
(Figure 5).

Concerning model interpretability, a limiting factor is how
to measure the effects of therapy at the image level. The
anatomical changes due to the surgical resection prevent from
an exact localization of the recurrence in the diagnostic images.
Nevertheless, we identified such region as the part of brain
in contact with the superior right part of the primary tumor
that moved down after tumor removal (Figure 5, central panel).
Based on the anatomical images, such regions seem located in
the healthy tissue. By contrast, the network assigns it to the
red spots associated with the primary tumor. This means that
although at the time of diagnosis the risk of recurrence is hard
to predict, networks can be highly informative for treatment
planning and follow-up.

Our results are also relevant to tumor microenvironment.
First, an interface between tumor and healthy tissue is
clearly identified by network bridges. Second, highly complex
interactions between tumor and host tissue occur exactly here,
something relevant for clinical decisions and intervention. From
a tumor perspective there is the need to degrade the extracellular
matrix and change pH to promote cellular infiltration, while
from the host there is the urgency to promote immune response
to block expansion and inoculate lymphocytes into the tumor
(29, 30). The success of chemo- and radiation therapy strongly
relies on the extension and vascularization of such interface. As
a matter of fact, any systemically administered drug needs to
cross such interface to reach the tumor. Furthermore, a good
oxygen perfusion, which is necessary for the radiation therapy
to be effective, is determined by the vascularization of such
interface (31). On the other hand, the same factors helping tumor
treatment may also increase the probability for tumor cells to
detach and enter the blood flow, which translates into an increase
of metastatic potential.

Methodological Choices
We applied a (non-deep) network approach. MR imaging
features have been used to establish attributes and dimension of
network nodes (or voxel clusters) with reference to ependymoma
patients monitored for response to proton therapy and subject
or not to relapse. For the challenge of image classification, the

standard practice is to adopt DL methods to dissect images and
define class characteristics. DL has been widely used in brain
studies, especially with MRI. The idea is to learn sequentially,
from local patches to representations and then labels. However, a
limitation is a certain lack of contextual information required for
some task. This needs further testing and makes DL suboptimal
for a content-based image retrieval task. Also, in some cancers
large datasets are missing and class imbalance may bias the
results. In particular, the size variation of target object within
the image is very relevant to our scopes. DL training with
multiscale input data followed by output data fusion is currently
non-sufficiently informative about robustness to size variation.

In our network approach to images, node connectivity could
be of high importance in clinical perspective. Let us consider
spatio-temporal aspects. For example, let us consider two tissues
apparently disconnected, namely an inner region of the tumor
and a portion of healthy tissue far from it. Even if they are
not in contact, or spatially contiguous, these two regions can
still strongly interact through vessels. In principle, estimating
the distances between nodes along the entire network allow to
discriminate between short- vs. long distance processes, which
are represented by tumor infiltration and metastases formation,
respectively. Temporality is a key factor, as for instance relapse
has been documented in one of the examined cases. Explicit
consideration of this factor supported by quantitative assessment
and visual interpretability of results adds value to the arguments
of those emphasizing the need to investigate longitudinal
heterogeneity, possibly therapy-driven along disease course.
Accounting for follow-up information means covering with the
analysis multiple timepoints and capture dynamic aspects of
cancer phenotypes.

CONCLUDING REMARKS

Challenges
The integration of medical imaging data is traditionally a
complex task. Each set of data is a measure of the activity of
multiple biological and physiological processes. This means that
a synthesis between two images is not necessarily informative
by itself, i.e., by simply joining component images. Without
integrating the unitary components, the synthesis would be
incomplete and the image fusion not accomplished. Aware
of such limitation, we proposed a biomedical imaging model
centered necessarily on voxels as the unitary components. The
strategy of integration is inspired by network inference through a
few landmark points:

a) Cancer data are extremely heterogeneous. This is visible from
both the data generating sources, which in turn calls for
different (complementary or not) techniques to treat them
(32, 33). Networks can work with a blend of underlying
machine learning algorithms, data fusion methods and
statistical principles.

b) Voxels acquire meaning when connected with each other. It
is expected that tissue characteristics are reflected by the
voxels and they clusters, but the picture is far more blurred
with cancer microenvironment. Therefore, voxels and their
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clusters inform of tissue characteristics more or less distinctly
depending on how similar they are to each other.

c) Images can be represented by sets of highly specific features.
For instance, physiological processes cover different
spatio-temporal scales, and require many parameters to
be accounted for by models. Metabolism-driven images
refer metabolic processes taking place at the molecular
level. Instead, blood perfusion takes place at the cellular
level. Biological processes are interrelated and organized
sequentially or hierarchically (34). In all such cases features
have different properties that need to be harmonized, and
networks offer scaffolds suitable to do so.

d) Stochasticity and Dynamics must be accounted for. This
translates into the need of considering the effects of small-to-
big interactive perturbations that may induce drastic changes
and propagate their influence in complex non-linear systems
(35, 36).

Precision in Radiomics
While DL has been applied to a myriad of biomedical imaging
contexts, including onco-radiomics, complex networks have
been employed to a much lesser extent in medical imaging
applications, despite they can cope quite well with most of
the previously described hurdles. This gap is due to several
factors. For classification, reconstruction, recognition and
similar tasks DL is now a gold standard. The problems with
DL, together with overfitting, are mainly interpretability
and transparency, both dependent on the “black box”
learning paradigm.

At the other end, networks are composed of nodes bound
together by edges. Such simple geometrical representation
offers properties that fit most needs, such as (i) Leveraging a
hierarchical structure (ii) Allowing a multi-layer architecture
describing different spatial scales (iii) Offering a template
use for modeling external perturbations aimed at simulation
of treatments and interventions and (iv) Providing built-in
integration between image data and other molecular, genetic,
clinical data. Network topological properties highly stimulate our
aim of demonstrating both principled and practical applicability
of network inference to medical images together with their
radiomic integrability.

Radiomics elaborates the informative contents of big data
associated to medical images and obtained in relation with
physiological, clinical, biological, genomic evidences. This
merge necessarily generates a series of novel tasks in the
clinical practice and in the scientific research designed to
support clinical decisions. Quantitative imaging has many
tools and methods available to bring added value from
the translational medicine standpoint. The expected gain is
that data (including images) volume and variety may lead
to superior accuracy in measurements and more objective
data interpretation.

Precision radiotherapy is the associated field that may receive
immediate benefits from the availability of imaging-integrated
diagnostic tools useful for therapy selection and response
assessment (37). Method standardization is a requirement for

applications across multiple centers and in prospective clinical
trials so to establish the essential role of novel imaging
biomarkers. Networks present good properties in such regards,
as they are easily scalable and generalizable to various data
types integrable with medical images. Theranostics is another
promising area of research in which network-guided inference
may find application, especially for an understanding of the
efficacy of newly delivered drug classes (38).

Limitations of the Approach
A few bottlenecks emerged from our work. First, the need of
understanding better physiological vs. pathological implications
of network nodes. This calls for further research into data
knowledge assimilation and representation involving several
features, from images and other data types that might be
assessed as integrated node attributes. Second, the need of newly
conceptualized designs of therapy simulations, which might find
in our approach a natural application ground and an efficient
computational framework. A third direction that needs further
work involves theoretical developments in complex networks
potentially inspiring knowledge integration and modeling
from data outsourced by medical multimodal imaging and
radiomics. In all such directions, our work is continuing with
applications over larger patient cohorts and generalization
across cancers.
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