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Abstract

The reciprocal connectivity between the cerebral cortex
and the thalamus in a human brain is involved in conscious-
ness and related to various brain disorders, thus, in-vivo
analysis of this connectivity is critically important for brain
diagnosis and surgery planning. While existing work ei-
ther focuses on fiber tracking analysis or on thalamic nu-
clei segmentation, to our best knowledge, no techniques
yet exist for performing in-vivo analysis of thalamo-cortico-
thalamic connectivity. In this paper, (i) we propose a new
partitioning paradigm, called coclustering, to model this
problem. In contrast to the traditional clustering paradigm,
a coclustering procedure not only simultaneously partitions
cortical voxels and thalamic voxels into groups, but also
identifies the corresponding strong connectivities between
the two classes of groups; (ii) we develop the first coclus-
tering algorithm, Genetic Coclustering Algorithm (GCA),
to solve the coclustering problem; and (iii) we apply GCA
to perform in-vivo analysis of the thalamo-cortico-thalamic
connectivity and produce a strikingly clear 3-D visualiza-
tion of the seven thalamic nuclei groups as well as their
connectivities to the corresponding cortical regions of a hu-
man brain.

1 Introduction

The reciprocal connectivity between the cerebral cor-
tex and the thalamus in a human brain is involved in
human consciousness and related to various brain disor-
ders [13, 10, 1, 2]. Served as the “gate to consciousness”,
each thalamus is subdivided into different neuronal aggre-
gations or functionally specific clusters that are referred to
as thalamic nuclei [16]. Each nuclei is in contact with differ-
ent portions of the cerebrum, which transmits to the cerebral
cortex all the impulses in order to enter human awareness.
Since the insight to this connectivity is of importance for

understanding the mechanisms of brain functionalities and
various brain disorders, in-vivo analysis of such connectiv-
ity is crucial for neuroscience in general and brain diagnosis
and brain surgery planning in particular.

Cortical voxels Thalamic  voxels
C1

C2

C3

T 1

T 2

T 3

Strong connectivity between a thalamic nuclei
and its corresponding cortical region

Unfortunately, to our best knowledge, no techniques yet
exist for performing in-vivo analysis of the thalamo-cortico-
thalamic connectivity. On one hand, existing brain analysis
techniques either focuses on fiber tracking, which groups
fibers into bundles [5, 17, 4, 3], or thalamus nuclei seg-
mentation [11, 6, 12, 16]. On the other hand, traditional
clustering algorithms are not applicable to this problem. As
illustrated in Figure 1, each thalamic nuclei is strongly con-
nected to a particular region of the cortex. For example,
most voxels in thalamic nuclei T2 are connected to voxels
of cortical region C2, with only few connections to other
cortical regions, and vice versa. Therefore, in order to per-
form an accurate in-vivo analysis of the thalamo-cortico-
thalamic connectivity, a partitioning procedure is required
that not only simultaneously partitions cortical voxels and
thalamic voxels into groups, but also identifies the corre-
sponding strong connectivities between the two classes of
groups. However, traditional clustering algorithms, such as
K-means [8], hierarchical clustering [9], and SVM [7], can
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only perform partitioning on one class of objects, either on
cortical voxels, on fibers, or on thalamic voxels, without
the consideration of the above anatomical connectivity con-
straints. As a result, they will fail to identify accurately the
corresponding strong connectivity between a thalamic nu-
clei and its corresponding cortical region.

The main contributions of this paper are:

1. We propose a new partitioning paradigm, called co-
clustering, to model the thalamo-cortico-thalamic con-
nectivity analysis problem. In contrast to the tradi-
tional clustering paradigm, a coclustering procedure
not only simultaneously partitions cortical voxels and
thalamic voxels into groups, but also identifies the
corresponding strong connectivities between the two
classes of groups.

2. We develop the first coclustering algorithm, Genetic
Coclustering Algorithm (GCA), to solve the cocluster-
ing problem.

3. We apply GCA to perform in-vivo analysis of the
thalamo-cortico-thalamic connectivity and produce a
strikingly clear 3-D visualization of the seven thala-
mic nuclei groups as well as their connectivities to the
corresponding cortical regions of a human brain. To
our best knowledge, this is the first technique for the
in-vivo analysis of the thalamo-cortico-thalamic con-
nectivity.

Organization. The rest of the paper is organized as fol-
lows: Section 2 formalizes the coclustering model for the
thalamo-cortico-thalamic connectivity analysis. Section 3
proposes our first coclustering algorithm, Genetic Coclus-
tering Algorithm (GCA), to solve the coclustering problem.
Section 4 presents sample pictures of the 3-D visualization
of the analysis results. Finally, Section 5 concludes the pa-
per and comments on future directions of this research.

2 The Coclustering Model

In this section, we present our coclustering model, which
models the thalamo-cortico-thalamic analysis problem. In
this model, the structure of the cortex and thalamus is rep-
resented as a bipartite graph G = (C, T, F ) as illustrated
in Figure 1, where C is a set of cortical voxels, T is a
set of thalamic voxels, and F is the set of fibers connect-
ing C and T . Although not required by our model, the
working hypothesis is that most thalamic voxels within one
thalamic nuclei usually connect to a specific cortical region,
and the connectivities to other cortical regions are relatively
weaker, and vice versa. The goal of a coclustering proce-
dure is to group the two classes of objects simultaneously
while minimizing the cross-connectivity cost between them.

More specifically, a coclustering procedure will partition
both classes of objects into K groups so that (1) for each
class, similar objects are within the same group, while dis-
similar objects are in different groups, (2) there is a one-to-
one correspondence between the clusters in the first class
(Class of Cortical voxels) and the second class (Class of
Thalamic voxels); the corresponding cluster to a cluster is
called its spouse cluster, and (3) the total cross-connectivity
cost which results from those edges between a cluster in
one class and a non-spouse cluster in the other class is min-
imized.

To achieve the above goals, we define several notions.
First, we define the centroid of a cluster and its Within-
Cluster Variation (WCV ) to quantify the similarity of ob-
jects within one cluster.

The centroid of a cortical cluster CK is defined as:

−→µK =

∑
−→
Xn∈CK

−→
Xn

|CK |
where |CK | represents the number of cortical voxels in

cluster CK . Similarly, the centroid of a thalamic cluster
TK is defined as:

−→νK =

∑
−→
Yn∈TK

−→
Yn

|TK |
where |TK | represents the number of thalamic voxels in

cluster TK .
The Within-Cluster Variation of cortical cluster CK is

defined as:

WCV (CK) =
∑

−→
Xn∈CK

d(
−→
Xn,−→µK)

where d(
−→
Xn,−→µK) is the Euclidean distance between the

cortical voxel
−→
Xn and the centroid −→µK of cortical cluster

CK . Similarly, the Within-Cluster Variation of thalamic
cluster TK is defined as:

WCV (TK) =
∑

−→
Yn∈TK

d(
−→
Yn,−→νK)

where d(
−→
Yn,−→νK) is the Euclidean distance between the

thalamic voxel
−→
Yn and the centroid −→νK of the Kth thalamic

cluster.
Second, we define the Total Within-Cluster Variation to

quantify the quantity of a particular partitioning. The To-
tal Within-Cluster Variation (TWCV) of a cortical partition
(C1,· · ·, CK) is defined as

TWCV (C1, · · · , CK)

=

K∑

k=1

WCV (Ck)

=
K∑

k=1

∑

−→
Xn∈Ck

D∑

d=1

(Xnd − µkd)2
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=
K∑

k=1

D∑

d=1

Xnd

2 −
K∑

k=1

1

|Ck|
D∑

d=1

(SCFkd)2

where SCFkd
is the sum of the dth feature of all voxels

in Ck. Similarly, the Total Within-Cluster Variation of a
thalamic partition (T1, · · · ,TK) is defined as

TWCV (T1, · · · , TK)

=

K∑

k=1

D∑

d=1

Ynd

2 −
K∑

k=1

1

|Tk|
D∑

d=1

(STFkd)2

where STFkd
is the sum of the dth feature of all voxels in

Tk.
Third, in order to minimize the cross-connectivity cost,

for each thalamic cluster, we define the set of cortical vox-
els that are connected to it as its shaded thalamic cluster.
More formally, given a thalamic partition (T1, · · · , TK ), the
shaded cortical cluster C ′

K (k = 1, · · · ,K) is defined as:

C′
K = {c|c ∈ C, ∃t ∈ TK , (c, t) ∈ F}

A shaded thalamic cluster can be defined similarly.
For example, in Figure 2, all the cortical voxels that are

connected to voxels in thalamic cluster T1 forms the shaded
cortical cluster C ′

1, while all thalamic voxels that are con-
nected to the voxles in cortical cluster C1 forms the shaded
thalamic cluster T ′

1. In an ideal coclustering, as C ′
2 and

T ′
2, a shaded cluster should coincide with the corresponding

spouse cluster. However, this is not always the case in gen-
eral. The cross-connectivity cost can be characterized by
the disagreement between shaded clusters and spouse clus-
ters and quantified by the total within cluster variance of
shaded clusters with respect to their corresponding spouse
clusters, called STWCV, that is defined as follows.

 Cortical c lusters Thalamic  c lusters
C1 T1

T2

T1'C1'

C2

C2'
T2'

Shaded cortical and thalamic clusters

The Shaded Within-Cluster Variation(SWCV) of cortical
cluster C ′

K is defined as:

SWCV (C′
K) =

∑

−→
X′

n∈C′
K

d(
−→
X ′

n,−→µK)

Note that, instead of using the centroid of C ′
K , the cen-

troid of the CK is used to calculate SWCV (C ′
K). The in-

tuition is that, in an ideal partitioning, the shaded partition
C ′

1 · · · C ′
K should mostly coincide with C1 · · · CK .

Similarly to the shaded thalamic partition, the centroid
of the TK is used to calculate SWCV (T ′

K) for finding the
optimal solution. The SWCV of thalamic cluster T ′

K is
defined as:

SWCV (T ′
K) =

∑

−→
Y ′

n∈T ′
K

d(
−→
Y ′

n,−→νK)

The Shaded Total Within-Cluster Variation (STWCV )
of cortical partition (C ′

1, · · · , C ′
K ) is defined as:

STWCV (C′
1, · · · , C′

K) =

K∑

k=1

SWCV (C′
k)

=
K∑

k=1

∑

−→
X′

n∈C′
k

D∑

d=1

(X ′
nd

− µkd)
2

Similarly, the Shaded Total Within-Cluster Variation of
thalamic partition (T ′

1, · · ·, T ′
K ) is defined as:

STWCV (T ′
1, · · · , T ′

K) =

K∑

k=1

SWCV (T ′
k)

=
K∑

k=1

∑

−→
Y ′

n∈T ′
k

D∑

d=1

(Y ′
nd

− νkd)
2

Statement of the problem. Finally, the coclustering
problem can be formally stated as follows: given a cluster
number K, a bipartite G = (C, T, F ), and a distance met-
ric d for nodes in C and T , partition (C, T ) into K cluster
pairs (C1,T1), (C2,T2),···, (CK ,TK), such that the following
objective function OTWCV is minimized:

OTWCV = TWCV (C1, · · ·, CK) + TWCV (T1, · · ·, TK)

+STWCV (C′
1, · · ·, C′

K) + STWCV (T ′
1, · · ·, T ′

K)

3 Our Proposed GCA Algorithm

In this section, we propose the first coclustering algo-
rithm, Genetic Coclustering Algorithm (GCA), to solve the
coclustering problem. It is based on the genetic algorithm
approach [15] by working on a coding of the solution space
over which the search has to be performed. These encoded
solutions are called chromosomes and the objective function
value OTWCV can be calculated for each solution accord-
ing to its definition in Section 2. Each solution is encoded
by a string of symbols and GCA evolves solutions over gen-
erations. During each generation, GCA produces a new
population from the current population by applying genetic
operators viz., selection, mutation, and K-means operator.
Each solution in the population is associated with a figure
of merit (fitness value) depending on OTWCV . The selec-
tion operator selects a solution from the current population
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for the next population with a probability proportional to its
fitness value. The mutation operator toggles each position
in a string with a probability, called the mutation proba-
bility (MP). Finally the K-means operator is introduced to
speed up GCA’s convergence to the global optimum. The
rationale that we use a genetic algorithm approach is that
it has been shown that genetic algorithms maintaining the
best discovered solution either before or after the selection
operator asymptotically converge to the global optimum.

More specifically, GCA maintains a population (set) of
Z coded solutions, where Z is a parameter specified by the
user. Each solution is coded by a string (c1 · · · cN , t1 · · · tN )
for N cortical voxels and N thalamic voxels, where each ci

or ti, called an allele, denotes a cortical voxel or a corre-
sponding thalamic voxel. Each allele takes a value from
1, · · · ,K, representing the cluster number to which the
voxel belongs.

GCA starts with the initialization phase, which generates
the initial population P0, and then run the selection oper-
ator, the mutation operator, and the K-means operator se-
quentially on the current population Pi to obtain the next
generation Pi+1 This sequence of operators are run itera-
tively to produce one generation after another until a termi-
nation condition is reached.

During evolution, some solutions in which some cortical
clusters or thalamic clusters are empty might be produced.
These solutions are called illegal solutions. To deal with il-
legal solutions, we define the notion of legality ratio. Given
a solution Sz that is encoded by (c1 · · · cN , t1 · · · tN ), let k1

be the number of nonempty cortical clusters and k2 be the
number of nonempty thalamic clusters in Sz , the legality
ratio of Sz is defined as:

e(Sz) = (k1 + k2)/2 ∗ K

A solution Sz is legal if e(Sz) = 1 and illegal otherwise.
Although illegal solutions are not needed eventually, they
are helpful for GCA’s convergence to the global optimum.

3.1 Phase 1: Initialization Operator

GCA starts with the initialization phase, which randomly
generates the initial population P0 of Z solutions, where Z
is a parameter specified by the user. Each allele ci in a so-
lution (c1 · · · cN , t1 · · · tN ) is initialized to a cluster number
randomly selected from the uniform distribution over the set
{1, 2, · · ·K}; ci is initialized to a value equal to its corre-
sponding ti.

Illegal solutions are permitted but are considered as the
most undesirable solutions by defining their OTWCVs as
+∞ and assigning them with low fitness values (will be de-
fined in the next subsection). With a low fitness value, an
illegal solution will have a lower probability for survival.

This flexibility of allowing illegal solutions in the evolu-
tion process not only avoids the overhead of illegal solution
elimination and thus improves the time performance of the
algorithm, but also provides the chances for illegal solutions
to mutate to legal solutions during the mutation phase.

3.2 Phase 2: the Selection Operator

We use proportional selection for the selection oper-
ator in which, the population of the next generation is
determined by Z independent random experiments. Each
experiment randomly selects a solution from the current
population (S1, S2, · · ·, Sz) according to the probability
distribution (p1, p2, · · ·, pZ) defined by

pz =
F (Sz)∑Z

z=1 F (Sz)
where F (Sz) denotes the fitness value of solution Sz with
respect to the current population and is defined as follows.

F (Sz) = (OTWCVmax − OTWCVSz
) ∗ e(Sz)

where OTWCVmax is the maximal value of OTWCV that
has been encountered till the present generation.

The intuition behind this fitness function is that each so-
lution will have a probability to survive by being assigned
with a positive fitness value, but a solution with a smaller
OTWCV has a greater fitness value and hence has a higher
probability to survive. Illegal solutions are also allowed to
survive but with lower fitness values than all legal solutions
in the current population. Finally, illegal strings that have
more empty clusters are assigned with smaller fitness val-
ues and hence have lower probabilities for survival.

3.3 Phase 3: the Mutation Operator

The mutation operator is very useful for GCA to reach
better solutions based on the evolutional theory that off-
springs produced by mutations might be superior to their
parents. More importantly, the mutation operator performs
the functionality of shaking the algorithm out of a local op-
timum and of moving it towards the global optimum [14].

Given a solution Sz = (c1 · · · cN , t1 · · · tN ), the muta-
tion operator mutates each allele ci or ti to new values k1

and k2 simultaneously (might be equal to citi), where k1

and k2 are numbers randomly selected from (1, 2, · · · ,K)
with probability MP respectively and independently where
0 < MP < 1 is a parameter called the mutation probability
that is specified by the user. To define the probability mass
function of mutation, we first define the similarity measure-
ment for both cortical voxels and thalamic voxels.

The similarity measurement between cortical elements is
defined as:

CS(
−→
Xn,

−−→
Ck1) =

K
max
k=1

{d(
−→
Xn,

−→
Ck)} − d(

−→
Xn,

−−→
Ck1)
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where d(
−→
Xn,

−−→
Ck1) is the Euclidean distance between corti-

cal voxel
−→
Xn and the centroid

−−→
Ck1 of the k1th cortical clus-

ter.
The similarity measurement between thalamic elements

is defined as:

TS(
−→
Yn,

−→
Tk2) =

K
max
k=1

{d(
−→
Yn,

−→
Tk)} − d(

−→
Yn,

−→
Tk2)

where d(
−→
Yn,

−→
Tk2) is the Euclidean distance between thala-

mic voxel
−→
Yn and the centroid

−→
Tk2 of the k2th cluster on

thalamus.
During mutation, we replace each allele citi by k1k2

for i = (1, · · · , N) simultaneously where k1 and k2 are
selected from (1, · · · ,K) with the probability distribution
(p11, p12, · · · , pk1k2 , · · · , pKK) in which

pk1k2 =

CS(
−→
Xn,

−−→
Ck1 )+CS(

−→
Xn,

−−→
Ck2 )+TS(

−→
Yn,

−−→
Tk2 )+TS(

−→
Yn,

−−→
Tk1 )

∑K
k1=1

∑K
k2=1(CS(

−→
Xn,

−−→
Ck1 )+CS(

−→
Xn,

−−→
Ck2 )+TS(

−→
Yn,

−−→
Tk2 )+TS(

−→
Yn,

−−→
Tk1 ))

The distance between a voxel and an empty cluster is de-
fined to be 0 to increase the chance of converting an illegal
solution to a legal one. The above mutation operator is de-
fined such that (1)

−→
Xn and

−→
Yn might be reassigned randomly

to each cluster with a positive probability; (2) the probabil-
ity of changing allele value citi to a cluster number k1k2 is
greater if

−→
Xn and

−→
Yn are closer to the centroid of the k1th

cortical cluster and the k2th thalamic cluster. The first prop-
erty ensures that an arbitrary solution, including the global
optimum, might be generated by the mutation from the cur-
rent solution with a positive probability; the second prop-
erty encourages that each

−→
Xn and

−→
Yn are moving towards a

closer cluster with a higher probability.

3.4 Phase 4: the K-means Operator

In order to speed up the convergence process, we intro-
duce the following K-means operator based on the idea of
the classical K-means algorithm [8]. We treat illegal solu-
tions and legal solutions separately.

For an illegal solution Sz = (c1 · · · cN , t1 · · · tN ), we
replace each citi by new values k1k2 for i = 1, · · · , N si-
multaneously, where k1 and k2 are numbers selected from
(1, 2, · · ·,K) such that the value returned by the following
τ function is minimized.

τ(k1, k2) = d(
−→
Xn,

−−→
Ck1) + d(

−→
X ′

n,
−−→
Ck2)

+d(
−→
Yn,

−→
Tk2) + d(

−→
Y ′

n,
−→
Tk1)

The distance between a voxel and an empty cluster cen-
troid is defined to be 0 with the effort to convert an il-
legal solution to a legal one. For a legal solution Sz =
(c1 · · · cN , t1 · · · tN ), we replace each citi by new values

kk for i = 1, · · · , N simultaneously, where k is a number
selected from (1, 2, · · ·,K) such that the value returned by
the following λ function is minimized.

λ(k) = d(
−→
Xn,

−→
Ck) + d(

−→
X ′

n,
−→
Ck)

+d(
−→
Yn,

−→
Tk) + d(

−→
Y ′

n,
−→
Tk)

Here, we replace citi to the same new cluster number to
reduce cross-connectivity cost.

4 3-D Visualization of the GCA results

By virtue of DTI techniques, our GCA results can be
visualized and analyzed in different levels of details: Fig-
ure 3-(a) shows the clustered thalamic voxels and cortical
voxels; two local views show the specific thalamo-cortico-
thalamic clusters as well as their fiber tracts, as shown in
Figure 3-(b) and (c). The global view, in Figure 3-(d),
presents the whole picture of all the connectivity between
cortical and thalamic voxels. From our visualized results,

(a) (b)

(c) (d)

(a) Clustered thalamic voxels and cortical vox-
els; (b)A specific thalamo-cortico-thalamic cluster; (c) Four
thalamo-cortico-thalamic clusters; (d) Global view of clus-
tered thalamo-cortico-thalamic connectivity

each spouse cluster is defined by one color, so there are to-
tally seven colored clusters on both the thalamus and cor-
tex. Each voxel within one cluster is rendered by its be-
longing cluster’s color. As shown in Figure 3-(b) and (c),
The groups of tiny colorful points with varied colors repre-
sent the voxels in different clusters with respect to their 3D
space position. We use the same color to render the fibers
if their starting voxels on thalamus and ending voxels on
cortex belong to one spouse cluster. For example, in Figure

Sixth IEEE International Conference on Data Mining - Workshops (ICDMW'06)
0-7695-2702-7/06 $20.00  © 2006



3-(b), yellow fibers connect the yellow thalamic voxels and
their yellow spouse cluster on cortex.

The visualized results show that totally 2301 connections
linked the cortical areas with 7 thalamic nuclei. Each thala-
mic nuclei contains the varied number of connectional as-
sociations - fiber tracts, from the highest 545 to the lowest
110. Furthermore, our results have shed light on the gross
connectional organization of thalamo-cortico-thalamic con-
nectivity and localization of the “place” of individual struc-
tures with the overall scheme.

5 Conclusions and Future Work

In this paper, we defined our coclustering problem and
we applied our first coclustering algorithm, Generic Co-
clustering Algorithm, to the in-vivo analysis of the thalamo-
cortico-thalamic connectivity.

Our visualized results show that our algorithm can not
only segment the thalamic voxels into seven nuclei groups,
but also their anatomic connectivity to their seven corre-
sponding regions on the surface of the brain. Our ability to
identify cortico-thalamocortical connectivity by DTI nonin-
vasive imaging makes it possible to perform a more compre-
hensive quantitative analysis of thalamo-cortico-thalamic
connections, a more accurate neurosurgical planning, and
an improved anatomical localization of functional activa-
tion.

Although the coclustering problem is motivated by the
need of thalamo-cortico-thalamic connectivity analysis, we
expect that it will have a wide range of applications. In the
future, we will apply our GCA to social science to analyze
the interactions between male and female communities and
to bioinformatics to analyze the relationships between tran-
scription factors and their binding sites.
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