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 i g  h  l  i g  h  t  s

A  novel  application  of  the  robust  unsupervised  learning  approach  is  proposed  in the  current  study.  Robust  growing  neural  gas  (RGNG)  algorithm  was
fed into  fMRI  data  and  compared  with  growing  neural  gas  (GNG)  algorithm,  which  has  not  been  used  for this  purpose  or any other  medical  application.
Learning  algorithms  proposed  in  the  current  study  are  fed  with  real  and  free  auditory  fMRI  datasets.
Another  comparison  was  conducted  with the  model-based  (hypothesis)  data  analysis  approach  using  the  statistical  parametric  mapping  (SPM)  package,
which  is  based  on  the  general  linear  model.
The  fMRI  result  obtained  by  running  RGNG  was  within  the  expected  outcome  and  is similar  to those  found  with the  hypothesis  method  in  detecting
active  areas  within  the  expected  auditory  cortices.
Results  show that  the  fMRI  application  of the presented  RGNG  approach  is  clearly  superior  to other  approaches  in  terms  of its  insensitivity  to  different
initializations  and  the  presence  of  outliers,  as  well  as  its  ability  to determine  the actual  number  of clusters  successfully,  as  indicated  by its  performance
measured  by  minimum  description  length  (MDL)  and  receiver  operating  characteristic  (ROC)  analysis.
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a  b  s  t  r  a  c  t

Background:  Clustering  approaches  used  in functional  magnetic  resonance  imaging  (fMRI)  research  use
brain activity  to divide  the brain  into  various  parcels  with  some  degree  of homogeneous  characteristics,
but  choosing  the  appropriate  clustering  algorithms  remains  a problem.
New  method:  A  novel  application  of  the robust  unsupervised  learning  approach  is  proposed  in  the  current
study.  Robust  growing  neural  gas  (RGNG)  algorithm  was  fed  into  fMRI  data  and compared  with  growing
neural  gas  (GNG)  algorithm,  which  has  not  been  used  for  this  purpose  or any  other  medical  application.
Learning  algorithms  proposed  in the  current  study  are  fed  with  real  and  free  auditory  fMRI  datasets.
Results:  The  fMRI  result  obtained  by running  RGNG  was  within  the expected  outcome  and  is similar  to
those  found  with  the hypothesis  method  in  detecting  active  areas  within  the expected  auditory  cortices.
Comparison  with  existing  method(s):  The  fMRI  application  of  the  presented  RGNG  approach  is  clearly
superior  to other  approaches  in terms  of  its  insensitivity  to different  initializations  and  the  presence  of
outliers,  as  well  as  its  ability  to determine  the actual  number  of  clusters  successfully,  as  indicated  by

its  performance  measured  by  minimum  description  length  (MDL)  and  receiver  operating  characteristic
(ROC)  analysis.
Conclusions:  The  RGNG  can  detect  the  active  zones  in  the  brain, analyze  brain  function,  and  determine
the  optimal  number  of  underlying  clusters  in  fMRI  datasets.  This  algorithm  can  define  the  positions  of

the center  of  an  output  cluster

∗ Corresponding author at: Biomedical Engineering Department, College of Engi-
eering, Al-Nahrain University, Baghdad, Iraq.
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 corresponding  to the  minimal  MDL  value.
© 2018  Elsevier  B.V.  All  rights  reserved.

1. Introduction
Functional magnetic resonance imaging (fMRI) is a powerful tool
used by neuroscientists to examine brain activity by calculating the
levels of oxygen in the blood. Blood oxygenation level dependent
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BOLD) signal represents the ratio of oxygenated to deoxygenated
emoglobin measurements in the blood and is closely related to
eural activity. FMRI considers metabolic function in measuring
eural activity because it determines the hemodynamic response

unction (HRF) or metabolic demands (oxygen consumption) in the
rain or spinal cord (Aljobouri et al., 2015).

FMRI is used to understand neuronal mechanisms behind many
isorders, such as bipolar disorder, schizophrenia, Parkinson’s dis-
ase, autism spectrum disorders, and Alzheimer’s disease.

The fMRI dataset is acquired from a scanner machine in the
orm of raw data as sequences of 3D images because of the
ariations of voxel intensities over time. With different exper-
mental conditions, the acquired fMRI data are formed as a
ombination of BOLD signal changes and noises or artifacts. These
rtifacts are attributed to hardware systems (the MRI  scanner
tself), individuals themselves (e.g., head motion), or physiological
ffects.

Clustering techniques in fMRI research are considered model-
ree or exploratory data analysis approaches. These techniques
an define the active zones and find structures in the brain and
MRI data competently without the need for prior knowledge
bout activation patterns or experiments. However, choosing the
ppropriate clustering algorithms remains a problem. Independent
omponent analysis (ICA) and principal component analysis (PCA)
lgorithms are regarded as fine methods to separate fMRI signals
nto a group of defined components. These algorithms cannot eas-
ly predict occurrences during acquisition and have limitations in
erms of independence and orthogonality, respectively (Korczak,
012). Various clustering algorithms are applied in fMRI for data
ining instead of the previous classical methods, which cannot eas-

ly predict occurrences during acquisition. The classical methods
nclude K-means, fuzzy classification, hierarchical classifications,
inde–Buzo–Gray (LBG), clustering using representatives (CURE),
eural models Kohonen’s self-organizing map  (SOM), neural gas
NG), and Fritzke’s growing neural gas (GNG) algorithms. However,
ne of the main problems of fMRI clustering algorithms is decid-
ng the number of clusters as an input (Dimitriadou et al., 2004;

ismuller et al., 2004). Results with a high level of interpretation
ere obtained using clustering approaches, but these approaches

re associated with high cost in terms of computing time and mem-
ry space (Bock and Diday, 2000; Lindquist, 2008; Goutte et al.,
999; Baumgartner et al., 1998; Liao et al., 2008; Katwal, 2011;
ereira et al., 2009).

The GNG algorithm exhibits the best clustering performance
nd produce robustness; however, this algorithm has limitations
ssociated with the sensitivity for initialization (choosing a set of
euron vectors), the order of input vectors, and the existence of
any outliers (Qin and Suganthan, 2004). Therefore, a novel appli-

ation, which relies on using the robust growing neural gas (RGNG)
lgorithm with fMRI datasets, is proposed to detect the active zones
n the brain. This algorithm was compared with the GNG algorithm,

hich has not yet been used for this purpose.
RGNG was proposed to identify activated regions in the brain

f various fMRI datasets with different and important features
nlike other clustering approaches. Different robustness proper-
ies are associated with the RGNG network because it is insensitive
o initialization, input sequence ordering, and outliers, determines
he optimal number of underlying clusters during different growth
tages, and deals with multimodal datasets effectively.

The approach of using RGNG with fMRI dataset is the first
ttempt in the literature. The current study is organized as fol-
ows: Section 2 provides the most important packages used with

MRI data analysis in comparison with the clustering and especially
he proposed RGNG approach. Section 3 describes the proposed
ork and algorithms using simple flowcharts and tables. Section

 describes the preprocessing and performance measures. Section
ience Methods 299 (2018) 45–54

5 presents the experimental output results. Finally, Section 6 con-
cludes the paper and introduces future research directions.

2. fMRI data analysis techniques

FMRI data analysis methods can be divided mainly into two  cat-
egories, namely, model-driven or model-based (hypothesis) and
data-driven or model-free (exploratory) approaches. The model-
driven methods deal with definite activation patterns, response
functions, or experiments. These models require previous knowl-
edge and statistically test the analyzed data on the presence or
absence of a response. The methods related to this category dif-
fer either by statistical method or signal estimation procedure in
performing the activation. An example is the commonly used gen-
eral linear model (GLM), which is the most fundamental and basic
approach used for fMRI data analysis with statistical parametric
mapping (SPM) (SPM, 1991).

Data-driven methods, in contrast, have the ability to count all of
the voxels simultaneously, define the active zones and find struc-
tures in the brain and fMRI data competently without previous
knowledge about activation patterns or experimental paradigms.
These methods can be divided mainly into two  groups, namely,
blind source separation (BSS) and clustering approach.

BSS attempts to find unobserved signals or “sources” from sev-
eral observed mixtures and generate a model of the data. Various
methods are used for BSS: PCA (Friston et al., 1993; Friston et al.,
1996), ICA (Hyvarinen et al., 2001; McKeown et al., 1998; Calhoun
et al., 2001; Mckeown, 2000), and canonical correlation analysis
(CCA) (Friman et al., 2002) methods are used to separate these mix-
tures to obtain source signals. The FMRIB Software Library (FSL)
package (The Analysis Group, 2012) uses melodic ICA, which is
a data-driven (model-free) approach, but is insufficient for most
fMRI datasets because ICA has some limitations. ICA attempts to
find maximally independent maps and split the wide activation
areas into a number of maps, which have a strong correlation
between time courses (TCs) of different components. The indepen-
dent components (ICs) from ICA decomposition are unordered, that
is, this feature is associated with the model order selection for linear
model-based region extraction, which remains an open problem.
Thus, determining whether or not ICs are correlated with nonlinear
activation is difficult.

Clustering (Chen et al., 2006; Seghier et al., 2007) analysis is
based on group voxels according to their TC signals in a similar HDR
(Hemodynamic response) over time. The advantages presented
for the proposed clustering RGNG algorithm will be explained.
This approach is mainly a data-driven or model-free (exploratory)
approach. Table 1 compares statistical, transformation and cluster-
ing methods.

Clustering analysis is widely used for fMRI data processing to
detect the brain active area effectively. In the following paragraph,
the data mining idea is identified based on the GNG network.

Lachiche et al. (2005) introduced a new interactive data mining
approach to fMRI images, which has not been used for the purpose
of the current study, and showed that GNG successfully recog-
nized the active areas in the fMRI images of the brain (Lachiche
et al., 2005). The idea of defining a distance between voxels of fMRI
images was  argued, and this distance is proposed to be based on
the signal only.

Korczak (2007) introduced a new interactive data mining tech-
nique to fMRI images to observe cerebral activity; this technique is
based on a data-driven approach (Korczak, 2007). Different unsu-

pervised clustering algorithms were presented, developed, and
tested on sequences of fMRI images. Five clustering algorithms
(GNG, SOM, LBG, K-means, and CURE) were applied to synthetic
and real data. The experimental results showed that the perfor-
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Table  1
Comparison among statistical, transformation and clustering.

Based Approach fMRI Analysis Methods Approach Properties

Statistical method Model-Driven/Model-Based/Hypothesis
Used with SPM package and based on GLM

The most fundamental, basic and commonly used approach for fMRI
data analysis, but it needs previous knowledge about activation
patterns or experiments.

Transformation method Data-Driven/Model Free/Exploratory
Used with FSL package and based on melodic IC analysis

It is based on linear mixing and is unordered. Thus, it must deal with
independent data.
It can define active zones and identify structures in the brain and fMRI
data competently without the need for previous knowledge about
activation patterns or experiments.
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Clustering method Data-Driven/Model Free/Exploratory
RGNG is an example which were used in this study

ance of the GNG algorithm was the best among all other clustering
ethods, with acceptable robustness.
Heydar et al. (2009) developed the algorithm of the GNG net-

ork, which can run the optimal number of clusters automatically
Heydar et al., 2009). The experimental results used artificial and
eal fMRI datasets with the proposed algorithm, which is an
mproved version of the GNG algorithm. They compared the Jaccard
oefficient of the proposed algorithm with some well-known clus-
ering algorithms, such as K-means, NG, GNG, and fuzzy C-means
FCM); the results showed that the proposed algorithm outper-
ormed the other algorithms.

The GNG originates from the NG algorithm by Fritzke (Fritzke,
995; Fritzke, 1997), and the RGNG algorithm was introduced by
in and Suganthan (2004) within the GNG structure. The work pre-

ented in this paper using RGNG with fMRI data will be the first
ttempt in the literature. The current study presented how to feed
GNG with real and free auditory fMRI datasets.

GNG and RGNG, both artificial neural network approaches based
n unsupervised clustering for fMRI analysis, are compared in
able 2. This table presents the researchers who introduced these
pproaches, the researchers who used these approaches in fMRI
esearch, and the advantages and limitations of each approach
AlJobouri et al., 2017).

. Methodology and proposed work

The GNG algorithm is reviewed before introducing the pro-
osed RGNG algorithm for feeding with fMRI data. The GNG and
GNG algorithms are extensive and complex. Thus, flowcharts and

 mathematical model were developed for convenience and easier
riting of the related codes.

.1. GNG algorithm

The GNG algorithm was developed by Fritzke (1995, 1997); he
roposed changing the unit numbers (mostly increased) in a SOM
etwork with a variable topological structure. The GNG is a growing
oft competitive learning algorithm, which combines the topology
ormation rules of the competitive Hebbian learning (Martinetz and
chulten, 1991) with the growing cell structures (Fritzke, 1994) into

 new model.
Before feeding the GNG algorithm, the following parameters

ust be defined:

In the subsequent experiments, the parameter settings are fixed
or each algorithm, with typical values proposed in the literature.
he GNG algorithm was set with typical values as in (Fritzke, 1997):

b = 0.05, εn = 0.006, �max = 100,  ̌ = 0.0005, and � = 300.

Fig. 1 presents the flowchart of the GNG algorithm and shows
hat the inactive neurons that do not win during a long time inter-
al may  be detected through the GNG algorithm by tracing the

Fig. 1. Flowchart design of the GNG algorithm.
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hanges of an age variable associated with each edge. The proposed
owchart can be summarized in the following steps:

The GNG starts with a minimal network size, and a few num-
ers of new neurons and connections are inserted into a growing
tructure using vector quantization until the desired quality of the
odel is achieved (e.g., net size, time limit, predefined numbers of

eurons inserted, or some performance measure).

.2. Robust growing neural gas (RGNG) algorithm

The “dead node” problem occurs in the GNG algorithm because
f the growth scheme associated with the GNG algorithm. Dead
ode problems occur because of inappropriate initializations,
hich cause some prototypes to never win through the training
rocess. Even with the initialization insensitive clustering meth-
ds, good clustering results may  not be obtained if the order of the
nput sequence is not chosen properly.

Aside from problems related to the sensitivity for initialization
nd the order of input vector sorting, other problems related to the
resence and position of various outliers occur. Thus, the GNG net-
ork may  fail to differentiate the outliers from the inliers through

he original prototype updating rule when various outliers exist in
 dataset.
A novel RGNG was presented because of the limitations of the
NG algorithm (Qin and Suganthan, 2004) within the GNG struc-

ure. The robustness of RGNG toward initialization, input vector
orting, and the existence and position of various outliers improved,

able 2
omparison between Two Artificial Neural Network Approaches based on the Unsupervis

Methods GNG 

Introduced by • Fritzke (1995) 

Used with fMRI • Qin and Suganthan (2004) 

Advantages • Its ability to modify the network topology by removing
edges with its age variable

• The neighborhood sorting step is unnecessary
• It can find a network size and structure automatically,

continue learning, and add units and connections until a
performance criterion is fulfilled

• The number of classes is not fixed in advance as in most
clustering algorithms

Limitations Its sensitivity for:
•  Initialization
•  The order of input vectors
• Existence of many outliers
as well as its ability to find the optimal number of neurons during
runtime dynamically.

Fig. 2 presents the flowchart of the RGNG algorithm. The pro-
posed flowchart can be summarized in the following steps:

Before feeding the RGNG algorithm, the following parameters

must be defined:

ed Clustering for fMRI Analysis.

RGNG

• Lachiche et al. (2005)
• Korczak (2007)
• Heydar et al. (2009)

It was not previously proposed

• Insensitive to initialization, input sequence ordering, and
the presence of outliers during different growth stages

•  Can automatically determine the optimal number of clusters
•  Deals with multimodal datasets effectively

Undetected limitations yet
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by searching the extreme minimum value of the MDL  measure
through the network-growing process. The RGNG approach has the
smallest MDL  value recorded with respect to the GNG combined
with the MDL  principle, as explained in the results. Thus, the RGNG
Fig. 2. Flowchart design of the RGNG algorithm.
ience Methods 299 (2018) 45–54 49

In the subsequent experiments, the parameter settings were
fixed for each algorithm, with typical values proposed in the lit-
erature. The RGNG algorithm was  set with typical values as in [12]:
εbi = 0.1, εbf = 0.01, εni = 0.005, εnf = 0.0005, �max = 100, k = 1.3, and
� = 1 × 10−4.

For each reference vector wi, i = 1, 2, . . .,  c, a series of edges
emerged from its location to a joint with its direct topological
neighbors. Similar to the GNG, the RGNG algorithm starts in step
1 with the initialization of a few prototype vectors (usually two),
W = {w1, w2}.

In fMRI, W represents the TC of the fMRI dataset (see Fig. 3),
wi denotes the TC of exemplar i, and wc is the TC of the closest
exemplar c. Prototype vectors w1, w2 are randomly chosen with
reference vectors from the TC of all voxels P (x),  and a data voxel
x is generated as an input signal from the fMRI dataset used for
training, X = {x1, x2, . . .,  xN}.

The maximum number of neurons to grow is defined as
prenumnode and the maximum predefined training epoch is defined
as Max  iter during each growth stage with a certain prototype
number. The initial or current training epoch number is set as m = 0.

The iteration point in the training epoch (task periods) m, t = 0.
Thus, the full iteration step iter over each growth step is expressed
as:

iter = m · N + t, , (1)

where N is the length of the fMRI TC.
Clustering algorithms attempt to classify the TC signals of the

voxels into different groups according to the similarity among the
groups. The temporal information is ordered in clusters and is inde-
pendent of its spatial neighborhood. These clusters are described
by an average TC or a cluster center obtained by averaging all of the
TCs of the cluster. The fMRI data are transformed into a TC of voxel
intensity variations proportional to its average, as follows:

Ix
av = 1

N

∑
Ix
i , (2)

where Ix
av is the average intensity of voxel a of a series of N

images;

Wi = Ix
av − Ix

i . (3)

The distances between two  fMRI signals Wa and Wb may be
computed as a Euclidian distance:

dE =
√

(Wai − Wbi)
2. (4)

The activity level of the dataset is generally based on the distance
between input vectors x compared with all of the exemplar TCs Wi.
In RGNG, the smallest Euclidean distance x − wi can be made to
define the best matching node.

The RGNG algorithm used the principle of the MDL value as the
clustering validity index (to find the optimal number of clusters and
their center positions) corresponding to the smallest MDL  value.
Thus, the optimal number of clusters is determined automatically
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information theory evaluation measures, which has been used as
ig. 3. Proposed data mining system architecture. (a) Main block diagram. (b) Exper-
mental paradigm “silence” and “talk”.

pproach can find the optimal number of clusters and their center
ositions corresponding to the smallest MDL  value.

. Simulation design
The block diagram shows the process of brain function data
nalysis, which is performed in the current study. The process is
omposed of five stages (see Fig. 3B):
ience Methods 299 (2018) 45–54

• preprocessing of the raw data;
• clustering voxels together based on the similarity of their inten-

sity profile in the TCs of the image;
• overlay with the structural image;
• visual fMRI image;
• validation.

4.1. Image spatial preprocessing

The experiments in the present work were performed in MAT-
LAB 2016a and SPM12 package for the preprocessing stage. Various
noise factors interfere with the fMRI signals of interest. The subject
is typically never completely motionless. Thus, the preprocessing
steps must be adapted to each identified artifact before the cluster-
ing phase. The present work used SPM for the auditory fMRI data
spatial preprocessing stages. The fMRI dataset is preprocessed by
applying the following steps:

• Realignment;
• Coregistration;
• Segmentation;
• Normalize;
• Smoothing using FWHM=6.

The functional images were reoriented to MNI  space, which
is standard brain formed by using a large series of MRI  scans on
normal controls developed at the Montreal Neurological Institute.
Then the functional raw data were realigned to correct for the head
movements. The high-resolution anatomical T1 images were coreg-
istered with the realigned functional images to enable anatomical
localization of the activations. Segmentation process is not manda-
tory. SPM12 uses MNI  template image, which are the most common
templates used for fMRI spatial normalization. In this step, the
anatomical and functional images were spatially normalized into
MNI  space. Finally, the functional raw data were spatially smoothed
with a Gaussian smoothing kernel of 6.

4.2. FMRI dataset

Quantitative performance assessment uses an auditory fMRI
dataset. Auditory data is composed of entire brain BOLD/EPI images
acquired on a modified 2T Siemens MAGNETOM Vision system
(John et al., 2013). Each acquisition consists of 64 contiguous slices
(64 × 64 × 64 3 × 3 × 3 mm voxels). Acquisition took 6.05 s, with a
scan to scan repetition time (TR) set arbitrarily to 7 s. A total of 96
acquisitions were made from a single subject in blocks of 6 scans
(acquired during the same condition as a stimulant or rest), yielding
16 blocks and each block for 42 s.

The experimental paradigm for successive blocks alternated
between rest and auditory stimulation, starting with rest (see
Fig. 3B). The functional data start at acquisition 4, functional image
(fM4). Auditory stimulation was composed of bisyllabic words (e.g.,
“mother,” “house,” “weather,” and “movie”) presented binaurally at
a rate of 60/min. The first few scans must be discarded (“dummy”
lead did not exist in scans) because of T1 effects.

4.3. Performance measure

A novel application of the RGNG algorithm was compared with
GNG and SPM using two  performance measures, namely, the MDL
value and receiver operating characteristic (ROC) analysis.

In the RGNG algorithm, the MDL  value is one of the well-known
the clustering validity index (Rissanen, 1983). The average MDL  val-
ues during the growth stages have been plotted versus the length
of fMRI TC (N). Fig. 4 shows the curves for the RGNG and GNG



H.K. Aljobouri et al. / Journal of Neuroscience Methods 299 (2018) 45–54 51

Fig. 4. MDL  values versus N.
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regard to the output results obtained by running the three unsuper-
Fig. 5. ROC curves analyses of the auditory fMRI dataset.

pproaches combined with the MDL  criterion; the length of the
MRI TC is selected randomly as N = 16. Each detected cluster num-
er corresponded to the MDL  value. The RGNG approach has the
mallest MDL  value recorded with respect to GNG combined with
he MDL  principle; thus, it can successfully determine the actual
umber of clusters.

The ROC analysis is another index of the performance of RGNG
n comparison with SPM (Skudlarski et al., 1999). The ROC is well-
nown in medical imaging and machine learning applications; the
OC space consists of the false positive ratio (FPR) on the x-axis
nd the true positive ratio (TPR) on the y-axis (Sun and Xu, 2014).
he good classifier space is indicated by a high TPR and a low FPR,
hereas the bad classifier space is indicated by a low TPR and a
igh FPR.

The curves in Fig. 5, generally indicated that the two methods
ork as good classifiers with a high TPR and a low FPR. The RGNG
ethod can detect real activations under the same FPR ratio.
In fMRI, the FPR is calculated by dividing the number of misclas-
ified inactivated voxels by the total number of voxels considered,
hereas the TPR is calculated by dividing the number of correct

lassifications of activated voxels by the total number of voxels con-
Fig. 6. Active areas in the brain auditory cortex area within the SPM package.

sidered (Lange et al., 1999). In the same situation, the ROC curves
for the RGNG and SPM methods are compared, as shown in Fig. 5.

5. fMRI results

The principles behind the prototype-based clustering algo-
rithms were introduced in this work. The validity of the
performance of the RGNG was  analyzed and verified with fMRI
experiments. FMRI analysis involves known areas and functions
of the brain. Thus, the common and expected results must be used
in the experiments. One of these areas is the auditory cortex. Real
auditory fMRI data, which are freely available for education and
evaluation purposes, were used in the experiments [http://www.
fil.ion.ucl.ac.uk/spm/data/auditory/]. These data were utilized by
previous works (Lachiche et al., 2005; Korczak, 2007; Heydar et al.,
2009).

One of the decisive advantages of fMRI is that fMRI studies do
not require the analysis of a group of volunteers, but can produce
valuable results at the level of single individuals. The analysis of
single volunteers is crucial in analyzing small structures, which
exhibit strong interindividual variation (Campain and Minckler,
1976; Francesco et al., 2003), similar to the auditory cortex, as
shown in Fig. 6.

5.1. Comparing auditory data running RGNG with that of GNG

A block design experiment was conducted using auditory stim-
ulus. Figs. 7 and 8 A and B show the active areas in the auditory
cortex of the entire brain when running the GNG, and RGNG algo-
rithms. Although auditory cortex regions were found by GNG and
RGNG algorithms, in GNG other areas are also activated outside this
cortex. In RGNG, these areas are less or approximately disappeared
under the same experiment and the auditory stimulus of the whole
brain.

Fig. 7 shows the clusters in a transparent or glass brain image
which is a more flexible approach by specifying a real RGB (red-
green-blue) color value for every voxel in the image. Fig. 8A and B
show the alignment of the obtained clusters into a structural space
of the brain when running the GNG and RGNG, respectively. With
vised clustering algorithms, spatial information is visualized as fine
clusters in the auditory cortex area. The GNG algorithm was  used in
previous works (Lachiche et al., 2005; Korczak, 2007; Heydar et al.,
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Fig. 7. Clusters in a transparent brain image when running the (a) GNG and (b)
RGNG clustering techniques.
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the positions of the center of an output cluster corresponding to the
ig. 8. Clusters overlaid onto the anatomical image when running the (a) GNG (b)
GNG and (c) SPM.

009). The ROI obtained within the auditory cortex when running
he GNG algorithm (Fig. 8A) is similar to that obtained by the same
pproach in the literature. In general, a cluster corresponds to a
roup of voxels with a similar HDR over a TC.

The block design experiment was conducted by running the pro-

osed RGNG approach using auditory data. The activation shown

n Fig. 8B is located in the temporal lobe. The spatial information
hows that the areas of activation obtained are similar to those
ience Methods 299 (2018) 45–54

expected from the auditory cortex experiments, which are detected
as variations of voxel intensity over time. In the current study, the
data obtained by the RGNG approach was  separated according to
the TC signals of voxel intensity variations relative to its average.
Similar to all clustering algorithms, the RGNG attempted to portion
homogeneous areas of activation in the brain that were compara-
ble to those areas located using other approaches and found in the
recognized cortices related to the experiment. These areas or clus-
ters are described by an average TC or a cluster center obtained by
averaging all of the TCs of the cluster.

The novel application of RGNG output clustering results can be
recognized as the best with respect to the GNG approach because
the cluster results defined the specific auditory cortex area. More-
over, the fMRI output results obtained by running the RGNG was
the same as the outcome obtained by running the SPM using the
same dataset and the same paradigm, as will be discussed in the
next subsection.

5.2. Comparing auditory data running RGNG with that of SPM

The paradigm of the block design experiment alternates two
conditions, namely, without the stimulus and with auditory stim-
uli, which consist of repetitions of two-syllable words, such as
“mother,” “house,” “weather,” and “movie”. Fig. 8B shows the ability
of the RGNG clustering technique to identify winner nodes, deter-
mine the optimal number of underlying clusters, and produce a
TC for activation detection in an auditory dataset. Fig. 8C shows the
area of activation in the auditory cortex of whole brain running SPM
with f-contrast test results with family-wise error (FWE) threshold,
with no masking, the FWE-corrected p value = 0.05.

The results of SPM based on GLM using the paradigm as a ref-
erence signal introduced bias in the experiment. By contrast, the
RGNG approach did not use the paradigm as the reference signal
because it works as a model-free method. In summary, the RGNG
results were within the expected outputs and have similar results to
those found with the hypothesis method in detecting active areas
within the expected auditory cortices. The RGNG signal changes
over a TC in auditory fMRI datasets which can be calculated by label-
ing the pixels of the same cluster (membership TC) or by plotting
the distance of the TCs to a given cluster center (distance TC).

Novel and extensive simulation studies on real fMRI datasets
were conducted using the RGNG unsupervised clustering algo-
rithm. A potential problem associated with GLM model is the
requirement of an accurate estimate of the fMRI paradigm design.
In different cases, it is difficult to provide precise model designs;
either the problem from the subjects who did the task incorrectly
(also the same subject may  give a different response for the same
paradigm at a different time) or different subjects may still give dif-
ferent BOLD signals during the same paradigm. The result in Fig. 8B
shows that this method can complement the model-based method
to cope with the difficulties and challenges in fMRI data analysis.
The findings can improve the recognition of the nature of the fMRI
data and the underlying mechanisms.

6. Conclusions

The major objective of this study is to detect and classify the
activated areas of the brain using a robust and efficient algorithm.
This type of study has not yet been conducted, and the current
study, which uses RGNG with fMRI, is the first attempt to do so.

In conclusion, the RGNG can detect the active zones in the
brain, analyze brain function, and determine the optimal number
of underlying clusters in fMRI datasets. This algorithm can define
minimal MDL  value. The validity of the performance of the RGNG
algorithm was  tested using real auditory fMRI data, which are based
on the stimulation of the auditory cortex.
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Some difficulties were addressed by using the conventional clus-
ering algorithms. For example, the number of clusters must be
efined earlier and the cluster detection problem has different
imensions within the same dataset. The RGNG merges the GNG
tructure with robust properties and uses MDL  to define the prob-
ems of optimal network representations and parameters, which

ade the RGNG insensitive to the initializations, input sequence
rdering, and outliers and more robust toward noisy input data.
uring the network-growing process, the RGNG can effectively
etermine the optimal number of clusters and their correspond-

ng positions, which are closer to the actual cluster centers (with
he smallest MDL  value) with minimal influence from the outliers.

The experimental output results showed the superior perfor-
ance of the RGNG over model-based approaches and one of the

rototype-based clustering algorithms on real fMRI datasets as
evealed by their performance measured by MDL  and ROC anal-
sis. This work proposed novel and powerful methods for fMRI
ata analysis, which integrate the advantages of the hypothesis and
xploratory analysis methods.

Two types of fMRI analysis methods were compared, namely,
LM and data-driven analyses using machine learning classifiers.
he GLM is the most common method for fMRI data analysis but
s based heavily on a priori BOLD model design. In some cases,
he GLM cannot be used for brain activation detection when pre-
ious information about the data is unavailable. An example is

 research involving mental subject or during daydreaming and
ind-wandering (default mode of brain function) (Yongnan, 2010).

hus, effective alternative approaches using data-driven analysis
ere introduced to detect brain activity based on the data struc-

ure. The proposed application of RGNG on a real fMRI dataset was
eviewed on a single-subject auditory fMRI data. This method can
e also extended to multi-subject data-driven analysis (multiple
ubject data) of fMRI dataset. RGNG approach may  be preferable
or multiple subject studies instead of analyses data from single-
ubject as the used auditory data.

The paradigm of the auditory dataset used in the experiment
as a block-type data design. For future, this work can be extended

oward experiments with event-related data design.
The RGNG can deal well with fMRI, which is composed of mul-

imodal datasets. Thus, the approach can be applied to other real
ultimodal datasets, such as MRI  image segmentation in the brain

nd other regions of the body. Thus, clusters of different organ
hapes in the body can be detected using other distance metrics
ecause the Euclidean distance metric used with the RGNG can
etect the clusters of the brain, which is an approximately spher-

cal or ellipsoidal region with minimal differences in the variance
n each dimension (Frigui and Krishnapuram, 1999).

In future studies, cluster validity measures other than the
DL  criterion can be used with RGNG. Minimum message length,

ayesian information criterion, and Akaike’s information criterion
an be applied to tackle the use of the common MDL  validity index
sed in this work. The findings from this work can help address the
arious difficulties that neurologists and psychologists encounter
uring analysis to improve the interpretation of fMRI data.
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