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Abstract. Recent studies on functional neuroimaging (e.g. fMRI)
attempt to model the brain as a network. A conventional functional
connectivity approach for defining nodes in the network is grouping sim-
ilar voxels together, a method known as functional parcellation. The
majority of previous work on human brain parcellation employs a group-
level analysis by collapsing data from the entire population. However,
these methods ignore the large amount of inter-individual variability and
uniqueness in connectivity. This is particularly relevant for patient stud-
ies or even developmental studies where a single functional atlas may
not be appropriate for all individuals or conditions. To account for the
individual differences, we developed an approach to individualized par-
cellation. The algorithm starts with an initial group-level parcellation
and forms the individualized ones using a local exemplar-based submod-
ular clustering method. The utility of individualized parcellations is fur-
ther demonstrated through improvement in the accuracy of a predictive
model that predicts IQ using functional connectome.
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1 Introduction

Functional connectivity analysis, as derived from BOLD fMRI, has shown
promising role in establishing a better understanding of the functional organiza-
tion of the human brain. Recent studies have shown that functional connectivity
patterns of individuals are unique with large inter-subject variability [4]. How-
ever, to date, the majority of previous work has ignored this inter-subject vari-
ability and created functional parcellations that are “on average” optimal for a
group of subjects, rather than for any individual subject [2,10]. Such approaches
have three key limitations. First, they require the usage of the entire dataset to
construct an atlas, resulting in significant computational needs in the case of
large datasets. Second, in the case when a new parcellation is created for the
subjects at hand, there may not be known correspondence between the nodes
in the new parcellations and previous ones, making it difficult to replicate and
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validate results across populations. Finally, they do not capture individual differ-
ences in the functional organization for each subject. This is particularly relevant
for interventions that are focused on improvements in single patient, rather than
group-level effects. Creating functional parcellation that accounts for an indi-
vidual’s functional organization while retaining explicit node correspondence to
previously validated models remains a need for personalized applications.

Here, we propose a novel method to individualize the whole-brain functional
parcellations consisting of hundreds of nodes (or parcels). This approach starts
with a generic group parcellation and morphs it to account for the individ-
ual’s functional organization. To individualize an existing parcellation, we use
exemplar-based clustering and identify local exemplars for each node in the par-
cellation by optimizing a monotone submodular function using greedy algorithm.
By starting with a group-level parcellation and the usage of exemplars, we retain
known correspondence between nodes across individuals and across other stud-
ies. The individualization is applied to each subject independently, providing an
online algorithm that uses only one individual data in a streaming fashion.

The remainder of the manuscript is organized as follows. First, we review
previous group-level and individual-level parcellation approaches. Second, we
formally introduce our proposed submodular approach. Third, we evaluate our
approach against a non-individualized group-level parcellation using internal
clustering evaluation measures and behavior prediction of IQ. Last, we offer
concluding remarks.

2 Previous Work

Delineating functional boundaries either at the network-level (∼5–20 clusters)
or the node-level (∼100–500 clusters) is a rich area of research with many pro-
posed solutions. A non-exhaustive list of previous methods include k-means [12],
hierarchical clustering [6], spectral clustering [2,10], and boundary mapping [5].
However, most of these approaches include one of the weaknesses stated above.
Conceptually, the most similar previously published approach to our proposed
work is the individualized network parcellation algorithm proposed in Wang
et al. [12]. This approach uses a k-means algorithm to individualize an existing
network-level parcellation of 18 clusters.

Although k-means algorithms yield satisfactory results for problems with a
small number of clusters, such as 18 networks, they generally suffer from sensi-
tivity to the initialization and are more likely to converge to local optima. Thus,
they may not be generalizable to problems with a large number of clusters such
as individualization of a 200 − 500 node functional parcellation. In contrast, our
submodular exemplar-based approach restricts the selection of the exemplars to
the actual observed data points. By doing so, instead of minimizing a continuous
loss function, we maximize a discrete submodular function for which the classical
greedy algorithm provides the best approximation to the optimal solution. This
approach is empirically more robust to noise and outliers than k-means methods.



480 M. Salehi et al.

3 Proposed Submodular Approach

Our proposed algorithm is comprised of three steps, illustrated in Fig. 1. In the
first step, an already defined group-level parcellation is warped to the individual’s
data, while accounting for the individual-specific gray-matter masks. Thus, every
voxel in the individual’s brain is assigned to one of the N parcels defined by the
group. In the second step, an exemplar is identified for each parcel by employing
a submodular function optimization applied locally to each individual. In the
third step, each voxel is assigned to the closest exemplar, where the closeness
can be defined using any nonnegative similarity measure.

Fig. 1. Individualized parcellation pipeline. Step 1: Registration of group-level
parcellation to the individual space. Step 2: Identification of local exemplars for every
node in individual brain. Step 3: Assignment of every voxel in individual brain to one
of the exemplars spanning the entire brain.

3.1 Exemplar-Based Clustering

Exemplar-based clustering is a method of data-summarization through identify-
ing the most representative elements in the massive data, known as exemplars
[8]. One classic approach for identifying such exemplars is solving the k-medoids
problem, by minimizing the following loss function:

L(S) =
1

|V |
∑

v∈V

min
e∈S

d(v, e), (1)

where, d : V × V → R defines the pair-wise dissimilarities between the elements
of the ground set V . L(S) measures how much information is lost by representing
the entire dataset with its exemplars, i.e., the subset S. Except for special cases,
the k-medoids problems are NP-hard. By introducing an appropriate auxiliary
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element v0, the minimization of (1) can be turned into the maximization of a
monotone submodular function f , as follows:

f(S) = L(v0) − L(S ∪ v0), (2)

for which general greedy algorithms provide an efficient 1 − 1/e ≈ 0.63 approx-
imation of the optimal solution. For the choice of auxiliary element, any vector
v0 whose distance to every data point is greater than the pairwise distances
between the data points, can serve the purpose. In the sequel, a formal defini-
tion of submodularity, and greedy algorithms are covered.

3.2 Submodular Functions

A function f : 2V → R is submodular if for every A ⊆ B ⊆ V and e ∈ V \ B
it holds that f(A ∪ {e}) − f(A) ≥ f(B ∪ {e}) − f(B). In words, adding an
element e to a set A increases the utility more than (or equal to) adding it to
A’s superset, B, suggesting a natural diminishing returns. An important subclass
of submodular functions (used in the proposed algorithm) are those which are
non-negative and monotone. A function f : 2V → R is monotone if for every
A ⊆ B ⊆ V, f(A) ≤ f(B).

3.3 The Greedy Algorithm for Optimization of the Submodular
Function

Maximizing a non-negative monotone submodular function subject to a cardi-
nality constraint, i.e.,

max
S⊆V

f(S) s.t. |S| ≤ K, (3)

is NP-hard [3]. However, Nemhauser et al. proved that a simple greedy algorithm
provides the best approximation [9]. The greedy algorithm starts with an empty
set S0 = ∅, and at each iteration i, it adds the element {e∗

i } ∈ V such that the
marginal gain is maximized, i.e.,

e∗
i = arg max

e∈V
Δf(e|Si−1) := arg max

e∈V
f(Si−1 ∪ {e}) − f(Si−1), (4)

Si = Si−1 ∪ {e∗
i }. (5)

The algorithm continues until the cardinality constraint is reached, i.e., |S| = K.
Herein, we attempt to represent each predefined parcel by one exemplar, thus
K = 1. Note that by increasing the number of exemplars per parcel, one
can derive a finer-grained parcellation scheme. Similarly, by skipping some of
the parcels in the exemplar identification, one would derive a coarser parcel-
lation, yielding to identification of functional networks (rather than nodes).
Local exemplar-search algorithm (i.e., searching for exemplars over each par-
cel independently, rather than the entire brain) can have global interpretations
by defining a local dissimilarity measure such that for every node vi ∈ clusteri,
the dissimilarity is defined as:
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{
d(vi, vj) = ∞, d(vj , vi) = 0 for vi ∈ clusteri and vj /∈ clusteri,
d(vi, v́i) = ‖vi − v́i‖2 for vi ∈ clusteri and v́i ∈ clusteri.

(6)

This rich choice of dissimilarity measure is possible for exemplar-based methods
(unlike many other classical algorithms). Dissimilarity measures only need to
be nonnegative and do not require symmetry or triangle inequality properties.
Finally, every voxel in the brain is assigned to the closest exemplar, yielding
to an individualized parcellation with the same number of nodes as the initial
group-level atlas (in this case, N = 268). Of note, the multi-step exemplar-based
parcellation algorithm preserves a straightforward mapping between the parcel-
lation of individuals to each other and to the group, as each node is represented
by an exemplar derived from the same node in the group. Thus, we do not have
to run another algorithm to retrieve the correspondences. This facilitates direct
comparison of individuals with each other and with the group. Moreover, the
greedy algorithm starts from an empty set and gradually adds elements, thus,
there is no stochastic initialization process to affect the results. Herein, we used
an accelerated version of the greedy algorithm, called lazy greedy [7].

4 Methods

Dataset. For evaluation, we used a set of 200 randomly selected subjects (106
females, age 22–35) obtained from the Human Connectome Project (HCP) S900
release [11]. Resting-state fMRI scans obtained on day 1 using the left-right
phase-encoding direction were used. All data were preprocessed with the HCP
minimal preprocessing pipeline. For calculating parcellation schemes, we further
employed a Gaussian smoothing kernel with FWHM = 12 mm to each individual
data. However, the rest of the analyses (i.e., forming the functional connectivity
and the evaluation) were performed over the non-smoothed data. To relate these
parcellations to individual behavior, we used fluid intelligence (IQ) as assessed
using a form of Raven’s progressive matrices with 24 items [1] (PMAT24 A CR,
mean = 16.28, s.d. = 5.01, range = 4–24). Two subjects were excluded from eval-
uation involving behavior due to the missing IQ data.

Evaluation. We used the Shen functional parcellation [4,10] as the starting par-
cellation for our individualization approach and evaluated our approach against
this parcellation. Note that here we are testing whether an individualized parcel-
lation is better than the original group-level parcellation, supporting the utility
of our approach. We do not aim to quantify which initial atlas results in the
best individualized parcellation. We expect an individualized parcellation start-
ing from any generic group-level parcellation to do better than the group-level
parcellation, and that our results using the Shen parcellation will generalize to
others.

We used two independent techniques for evaluation. First, the clustering
quality was validated using two internal validation measures: Homogeneity and
Davies-Bouldin index (DB). Second, we investigated whether the individualized
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parcellation increased the performance accuracy of predictive models derived
from functional connectivity matrices.

Internal clustering validation. An ideal parcellation algorithm defines func-
tionally homogenous nodes by grouping voxels with similar timecourses. Here,
we assessed the homogeneity by calculating the average cross-correlations within
each node, and averaging over all the nodes in the parcellated brain. We also
calculated the DB index to assess the clustering ability in maximizing the intra-
node compactness and the inter-node separation.

Predicting IQ. Functional connectivity matrices were computed using the pro-
posed individualized parcellation scheme and the group-level parcellation, using
standard connectivity methods. After preprocessing, the average of the time-
courses within each node was calculated, and the correlation between the aver-
aged timecourses was computed, yielding to a N × N connectivity matrix for
each subject, where N = 268 for both parcellations. We employed the predic-
tion framework used in Finn et al. [4] to build a predictive model of IQ based on
n−1 subjects (training set). The model was then tested over the left-out-subject
(testing set) by predicting the IQ score. To assess the performance of the pre-
dictive model, we reported the Pearson correlation and the root mean squared
error (RMSE) between the predicted scores and the observed IQ values.

Inter-subject variability. We further investigated to what extent the proposed
individualized parcellation accounts for the inter-subject variability. We quanti-
fied this variation using normalized Hamming distance between each individual
and the group parcellation.

5 Results

Internal clustering validation. Figure 2A displays the homogeneity scores
(Left) and DB indices (Right) derived from both parcellation methods. The

Fig. 2. Quantitative results for assessing the quality of parcellations. (A)
Homogeneity (Left) and DB index (Right) comparison between the two parcellation
methods. ** p < 2.3e− 5, *** p < 2.2e− 16, two-tailed t-test. (B) Comparing the pre-
dicted and observed IQ scores (gF) (n = 198 subjects) for the proposed individualized
parcellation (Left), and Shen parcellation (Right). p < 1e − 15, Hotelling’s t-squared
test.
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individualized parcellations have significantly higher level of homogeneity (two-
tailed t = 4.29, p < 2.3e − 5), and significantly lower level of DB index (two-
tailed t = 12.5, p < 2.2e−16), both of which indicate a higher clustering quality.
These results suggest that nodes derived from individualized parcellations are
functionally more coherent, and, hence, can better capture individual differences
in the functional organization of the brain.

Predicting IQ. Predicted IQ scores are plotted versus the observed IQ values in
Fig. 2B. Despite the trend towards significance, the group-level parcellation does
not predict the IQ scores (r = 0.15, p < 1.1e − 01,RMSE = 5.07). However, the
individualized parcellations significantly predicts the IQ scores (r = 0.29, p <
2e − 3,RMSE = 4.76). The increased predictive power of the individualized
parcellation is significant (Hotelling’s t = 6.0, p < 1e − 15, comparison of two
overlapping correlations based on dependent groups), indicating that our method
preserves inter-subject variability and better accounts for individual’s behavior.

Inter-subject variability. The average Hamming distance (normalized)
between the individualized parcellations and the initial group parcellation is
d̄ = 0.45 (s.d. = 0.03). Since the Hamming distance captures the number of
mismatches between the voxel-to-node assignment vectors, this result suggests
that the proposed method on average changes ∼ 45% of the initial group-level
parcellation to account for the individual-specific functional node organization.

6 Conclusion

We developed a novel approach to the individualized whole-brain functional par-
cellation, starting from a generic population-level atlas. Our approach translates
from the group to the individual by identifying local exemplars, or voxels, within
each node, that best represent the timecourses of the remaining voxels in that
node. The local exemplars are efficiently determined by optimizing a submodular
utility function with greedy algorithm. After defining the local exemplars, the
remaining voxels are assigned to the closest exemplar, yielding to a personalized
parcellation that retains the explicit node correspondence to the population-level
parcellation.

We showed that our proposed individualized parcellation yields a more
homogenous node definition, and improves the predictive power of the resulting
functional connectivities. Together, these findings highlight the need for more
personalized parcellations, even at the node-level.

Future work will include further evaluation of our proposed approach includ-
ing testing other existing group-level functional parcellations. We expect that
our results using the Shen parcellation will generalize to parcellations created
by other methods. Though it is possible that different parcellations with dif-
ferent number of nodes may see greater or lesser improvements with individu-
alizations. Finally, our evaluations only included healthy controls. We will also
begin to apply this approach to clinical populations, where we expect a different
group-level functional organization than controls, and hence, such personalized
approaches may show even greater improvements.
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