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Abstract. Pathologies like autism and schizophrenia are a broad set
of disorders with multiple etiologies in the same diagnostic category.
This paper presents a method for unsupervised cluster analysis using
multi-edge similarity graphs that combine information from different
modalities. The method alleviates the issues with traditional supervised
classification methods that use diagnostic labels and are therefore unable
to exploit or elucidate the underlying heterogeneity of the dataset under
analysis. The framework introduced in this paper has the ability to em-
ploy diverse features that define different aspects of pathology obtained
from different modalities to create a multi-edged graph on which cluster-
ing is performed. The weights on the multiple edges are optimized using a
novel concept of ‘holding power’ that describes the certainty with which
a subject belongs to a cluster. We apply the technique to two separate
clinical populations of autism spectrum disorder (ASD) and schizophre-
nia (SCZ), where the multi-edged graph for each population is created
by combining information from structural networks and cognitive scores.
For the ASD-control population the method clusters the data into two
classes and the SCZ-control population is clustered into four. The two
classes in ASD agree with underlying diagnostic labels with 92% accuracy
and the SCZ clustering agrees with 78% accuracy, indicating a greater
heterogeneity in the SCZ population.

1 Introduction

Classifying subjects based on their underlying pathology, brain structure, behav-
ior and cognition is an important step towards creating biomarkers. However,
pathologies like ASD and other neuropsychiatric disorders are defined over a
spectrum and the severity of the disease may vary within a population thus
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making the data highly heterogeneous. Different modalities, like imaging, neu-
rocognitive scores etc., may characterize different aspects of this heterogeneity
to different degrees. This paper presents a method for unsupervised cluster anal-
ysis of populations using multi-edge similarity graphs that combine information
of population heterogeneity from different modalities, producing classes that are
more representative of population variability.

Traditional superivised classification methods, utilize predefined diagnostic
labels for the subjects for training [1], [2], and hence new subjects can only be
classified into one of these diagnostic categories, thereby overlooking the under-
lying heterogeneity of the pathology. These also require a large sample size to
capture all the variability.

Unsupervised classification or clustering are powerful techniques for
self-organized categorization of the underlying data [3] without the use of di-
agnostic labels. Earlier studies have used various clustering algorithms in clas-
sifying tissue types or segmenting lesions in brain images [4]. However, with
diseases now being grouped into a variety of classes, population analysis using
such unsupervised methods is gaining interest in the neuroimaging community
[5]. Recently, one study by Filipovych et al. performed semi-supervised clustering
on datasets [6]. The method was limited to use information from single imaging
modality and thus overlooked other components of the pathology.

Ideally, for precisely grouping a subject into a certain category, information
from diverse imaging modalities, psychological scores, demographics as well as
genetic information can be combined together and clustered without utilizing
clinical diagnostic information. Such a technique will thus provide a comprehen-
sive grouping and aid in understanding the underlying patterns of pathology.

With such an aim, in this paper we present a novel method that employs unsu-
pervised clustering on multiple features to better understand the underlying data
structure and to identify coherent subpopulations if any. We define each subject
by its structural networks computed from DTI data and a battery of cognitive
scores. The nodes of the structural network are clustered and similarity between
subjects is computed using the variance of information metric between these
clusters. For the cognitive battery, the similarity is computed using Euclidean
distance. Thus we get a dual-edged similarity graph, in which subjects represent
the nodes and the similarities represent the edges. We then perform unsuper-
vised spectral clustering on the linear combination of these similarity graphs.
The optimal linear combination is defined via the concept of ‘holding power’
that provides a basis of certainty with which a subject belongs to a particular
cluster. The weights on the individual similarity graph quantify the participation
of that feature in the clustering process. We apply this method to two datasets,
with autism and schizophrenia pathologies, respectively, to determine the ability
of our method in identifying homogeneous subpopulations.

2 Methods

Here we describe the method of clustering on multi-edge graphs created on the
population with the edges defining inter-subject similarity based on different
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Fig. 1. This diagram depicts the technique used to create a multi-edge graph. Diverse
features (F1, ..., Fk) are extracted for each subject that may include information from
connectivity matrices, image intensity values, genomic data or cognitive scores. The
similarity matrices (S1, .., Sk) are then computed over all the subjects for each feature.
Together these matrices form the multi-edge graph which defines various facets of
similarity (edges) between the nodes (subjects).

modalities such as imaging and cognitive scores and define the concept of holding
power of each node in the multi-edge graph, which represents the power with
which the subject (represented by a node) belongs to a cluster.

2.1 Unsupervised Clustering on Multi-edge Graphs

Consider a similarity graph S = (V,E), created over a population where the sub-
jects are represented by the nodes V and the similarities based on the modalities
are defined by the edges E. Each edge e in the graph represents the connection
(similarity in our case) between two nodes with a weight w (w ∈ R). For a
multi-edge graph, with k number of linkages (each representing a modality) the
edges between any two nodes can be described by w ∈ Rk.

The goal of unsupervised clustering on such a graph is to partition the graph,
utilizing information from all possible linkages/modalities, such that nodes with
tighter connections (with high similarity) cluster together while nodes with loose
connections (low similarity) are placed in different clusters.

Clustering a multi-edge graph is a challenging problem as each edge type con-
veys different information and thus can cause the subjects to cluster differently.
We address this challenge by flattening the graph into a single edged graph by
employing a linear function where f =

∑
αiSi where i = (1, 2, ..k) and αi is

the weight on all the edges of Si. Our focus here is to obtain good clustering by
using information from all the available features. Therefore the problem trans-
lates to finding values of α that optimize the clustering quality. To quantify the
quality of clustering, we use the concept of pull and holding power as proposed
by Rocklin et al. [7].

We begin with flattening the multi-edge graph where the αi are chosen ran-
domly under the condition

∑
αi = 1. Unsupervised clustering is then applied
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to this linear combination (α1S1 + α2S2+, .., αkSk). Any type of unsupervised
clustering method can be applied (e.g. affinity clustering, graph clustering etc).
Since our goal here is to demonstrate the importance of multi-edge graph, we use
a standard spectral clustering algorithm [8] that clusters the nodes in M clus-
ters. For each node v ∈ V , the ‘pull’ to each cluster Cm in C = (C1, C2, . . . , CM )
is then defined as the average weights of edges between node v and the nodes
categorized in cluster Cm. Therefore, for a given set of coefficients α, the pull
on node v is defined by equation 1 where x is the number of nodes categorized
in cluster Cm.

Pα(v, Cm) =
1

x

∑

w=(u,v)∈E,u∈Cm

w(α) (1)

The holding power Hα(v) for each node, is then defined as the pull of the cluster
to which the node belongs minus the next largest pull among other clusters.
Thus, for a node v in cluster Cm, the holding power is defined by equation 2.

Hα(v) = P (v, Cm)− max
Ci∈C,Ci �=Cm

P (v, Ci) (2)

If the holding power is positive, then we can say that the node is held in the right
cluster. Thus, to achieve superior clustering that justifies the position of each
node in that cluster, we can maximize the holding power as well as the number of
nodes with positive holding power. For easier implementation of holding power
in optimization routines, the function can be smoothed by using atan(Hα(v)).

2.2 Multi-edge Graphs from Structural Networks and Cognitive
Scores

In our study the two edge weights that we use are computed from the full brain
structural connectivity networks the cognitive scores of each subject.

The structural network is a n∗n connectivity matrix where n regions of interest
(ROI’s) in gray matter are defined and the edge computation between two nodes
is based on the density of white matter fibers between these nodes. Here, we
explain the similarity between the structural networks of two subjects via the
similarity between the community structures of the structural networks for the
two subjects. Obtaining communities in the structural network is essentially
equivalent to performing clustering on the nodes of the structural network. Here,
we use a standard unsupervised spectral clustering algorithm for obtaining the
community structure for each subject [8]. We then compute the distance between
two subjects or two clusterings by using a variation of information (VI) metric
[9] which is based on the mutual information between two clustering’s [9].

Consider Ci = (C1
i , C

2
i , ..., C

K
i ) to be a clustering on subject i and Cj =

(C1
j , C

2
j , ..., C

K‘
j ) to be the clustering on subject j and let n be the total number

of nodes. Then P (C, k) =
|Ck|
n is the probability that the node is in cluster Ck in

a clustering Ci and in clustering Cj is P (Ci, Cj , k, l) =
|Ck

i ∩Cl
j|

n . The entropy of
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information in Ci is defined by equation 3, while the mutual information shared
by Ci and Cj is given by equation 4.

H(Ci) = −
K∑

k=1

P (Ci, k) logP (Ci, k) (3)

I(Ci, Cj) =
K∑

k=1

K‘∑

l=1

P (Ci, Cj , k, l) logP (Ci, Cj , k, l) (4)

The variation of information metric that describes the distance between two
clusterings is then defined by equation 5.

dV I(Ci, Cj) = H(Ci) +H(Cj)− 2I(Ci, Cj) (5)

The similarity between the battery of cognitive scores creates the second edge
of the multi-edge graph. The edge ij of the similarity matrix is the Euclidean
distance between the cognitive scores of subject i and subject j. For a vector of
length r the Euclidean distance is computed by equation 6.

d(cogi, cogj) =

√
√
√
√

r∑

l=1

(cogil − cogjl)
2

(6)

To convert the variation of information distance matrix as well as the distance
matrix of cognitive test scores, to similarity matrices, we use the negative ex-
ponential of the distance as proposed by Shepard [10]. Thus, we now have a
multi-edge similarity graph on which unsupervised spectral clustering can be
performed. For optimizing the holding power, optimizers such as gradient de-
scent can be applied. However, in our case, since it’s only a dual-edged graph,
a simple grid search performs reasonably. We then apply the weights computed
at the maximum holding power to obtain the final clustering on the population.

The clustering is then validated against the ground truth diagnosis. The val-
idation enables us to understand the performance of the technique as well as
provides insight into the heterogeneity of the dataset.

3 Results

3.1 Simulated Data

We consider a population of 8 subjects, described by 3 modalities. We simu-
lated three 8∗8 similarity matrices (S1, S2, S3) each representing the similarities
described by a specific modality. As can be seen from Fig 2, S1 and S3 were
designed to impose a clustering (with modality S3 characterizing the first 5 sub-
jects better and modality S1 characterizing the last 3 subjects better), while
S2 was diffuse. We then combined these matrices to create a 3 edged graph (as
described in section 2.1). The weights (α) on these similarity matrices were op-
timized using a grid search method, to maximize the total holding power and
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Fig. 2. Figure shows the simulated similarity matrices (S1, S2 and S3) which form the
multi-edge graph. S is the linear combination of S1, S2 and S3 with maximum holding
power and the 2 clusters in S are evident.

minimize the number of nodes (subjects) with negative holding power, that is,
nodes that are mis-clustered. The maximum holding power was achieved at 0.4
for S1 and 0.6 for S3, while the weight on S2 was zero since it did not add
anything to maximize the holding power, thereby establishing the feasibility of
the holding power concept. The optimization implicitly puts more weight on the
matrices with stronger connections, thus choosing S1 and S3 and removing S2.
Spectral clustering on the final similarity matrix S caused it to cluster into 2
classes with the first five nodes in one cluster and last three in other cluster
which matches the underlying clustering of the data.

3.2 Real Data

Two separate datasets were used in the unsupervised clustering:

– The SCZ dataset consisted of 29 female controls (CNT) and 23 female age
matched patients with schizophrenia. The DWI images were acquired on
Siemens 3T scanner with b=1000 s/mm2 and 64 gradient directions. Neu-
rocognitive testing was carried out on all the subjects and the speed and
accuracy of memory, emotion, reasoning, and executive functioning were
recorded.

– The ASD dataset consisted of 33 participants with ASD and 21 age matched
typically developing controls (TD’s). The DWI images were acquired on
Siemens 3T scanner with b=1000 s/mm2 and 30 gradient directions. The
cognitive and psychological tests included verbal IQ, Social Responsiveness
Scale (SRS), Social communication questionnaire (SCQ), Clinical evalua-
tion of language fundamentals (CELF), Full scale IQ and Autism diagnostic
observation schedule (ADOS) and perceptual reasoning index (PRI).

Computing the Structural Network. Cortical parcellation and sub-cortical
segmentation of all the subjects was obtained using Freesurfer [11] on structural
T1 images, and a total of 78 ROI’s were extracted to represent the nodes of the
structural network. These labels were then transferred to the diffusion space via
intrasubject affine transformation. Probabilistic fiber tracking [12] was employed
to determine the percentage of streamlines that exit ROI i and enter ROI j.
The conditional probability is given by pij =

Si→j

Si
, where Si→j denotes the

number of fibers reaching j, and Si is the number of streamlines seeded in i.
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We normalize pij by the active surface area Ri of the ROI i to get connectivity
measure Pij , which accounts for different sizes of the active seed region. This
measure quantifies connectivity such that Pij ≈ Pji which upon averaging, gives
an undirected weighted connectivity matrix.

We then perform clustering on the computed structural networks. We apply
spectral clustering to each subject and then compute the VI matrix (Section 2.2,
equation 5) for the two datasets. The similarity matrix from the cognitive scores
is computed using the Euclidean distance as described in Section 2.2. Figure
3 shows the similarity matrices for the two datasets. The red lines divide the
matrix to reveal patients and controls. The cognitive score of the ASD produces
a ‘visual clustering’ in the matrix (d), however the psychological testing scores
for SCZ (b), do not produce such a distinctive difference as is evident in the
color coding of the matrix. The structural connectivity similarity matrices, do
not impose such acute clustering.

Unsupervised Clustering on Multi-edge Graph. We performed spectral
clustering on the multi-edge graphs for both the datasets, such that the holding
power is maximized with minimum number of subjects having negative holding
power. The weights at maximum holding power for SCZ data were 0.55 for
structural network and 0.45 for the psychological scores, suggesting that the
combination of information aided in the clustering process. The entire dataset
was clustered into 4 groups with two clusters representing the SCZ patients and
2 clusters representing the controls with 78% accuracy.

For ASD data, the maximum holding power was achieved with a weight of 0.2
for structural and 0.8 for psychological scores. The spectral clustering on this
linear combination split the data into two clusters: one with ASD and other with
TD with 92% accuracy. This suggested that although DTI did not add much, the
combination of information was important to maximize the hold of each subject
in that cluster. When only psychological scores were used, the data was split
into 3 clusters, where the third cluster consisted 4 subjects (2 ASD and 2 TD).

(a) (b) (c) (d)

Fig. 3. (a) Similarity matrix computed from structural connectivity network for SCZ
(b) similarity matrix computed from cognitive scores in SCZ (c) Similarity matrix com-
puted from structural networks in ASD (d) Similarity matrix computed from cognitive
scores in ASD. The horizontal and vertical red lines show the control-patient division
in the group.
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4 Conclusion

In this paper, we have created a novel technique for unsupervised clustering
that creates population based multi-edged graphs using different modalities and
features. Spectral clustering on these graphs in conjunction with maximizing
the holding power of each subject in a cluster was used to identify population
subgroups. The method was validated on simulated data and then applied to
datasets with ASD and schizophrenia. We found two inherent clusters in the
ASD data while schizophrenia data was more heterogeneous with four inher-
ent clusters. A direct interpretation of such clusters is non-trivial, but it is our
working hypothesis that relevant features found using this methodology will map
onto the clinical space of cognitive scores. In future, we plan on expanding this
idea for defining the heterogeneity index over a patient population in a spectrum
disorder like ASD.
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