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Abstract

The aim of this work is to compare the efficiency and power of several cluster

analysis techniques on fully artificial (mathematical) and synthesized (hybrid)

fMRI data sets. The clustering algorithms used are hierarchical, crisp (neu-

ral gas, self-organizing maps, hard competitive learning, k-means, maximin-

distance, CLARA) and fuzzy (c-means, fuzzy competitive learning). To com-

pare these methods we use two performance measures, namely the correlation

coefficient and the weighted Jaccard coefficient. Both performance coefficients

clearly show that the neural gas and the k-means algorithm perform signifi-

cantly better than all the other methods using our setup. For the hierarchical

methods the ward linkage algorithm performs best under our simulation de-

sign. In conclusion, the neural gas method seems to be the best choice for

fMRI cluster analysis, given its correct classification of activated pixels (TP)

whilst minimizing the misclassification of inactivated pixels (FP scores), and

in the stability of the results achieved.

Key words: Clustering Algorithms, fMRI analysis, validation, comparative

study, performance coefficients
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1 Introduction

Functional Magnetic Resonance Imaging (fMRI) based on Blood Oxygenation

Level Dependent (BOLD) signal changes allows assessment of brain activity

via local hemodynamic variations over time [37]. fMRI provides one of the

optimum combined spatial and temporal resolution methods presently avail-

able for non-invasive functional brain mapping. In a typical fMRI experiment

external stimuli are presented at intervals of several seconds, causing a change

in voxel-signal intensity, delayed and blurred by the hemodynamic response.

These data sets can be analyzed in a pixel-by-pixel fashion using model-based

statistical methods with estimated Hemodynamic Response Functions (HRF).

However, neither are the basic mechanisms such as the coupling between neu-

ronal activation and hemodynamic response exactly known, nor can a number

of artifacts be predicted or controlled.

In this context Exploratory Data Analysis (EDA), as a data-driven analysis, is

useful as an unbiased analysis method for fMRI data. By using EDA methods

it is easier to identify artifacts (such as movement, drifts, or spikes) which

can potentially degrade data quality and frustrate further analysis [47]. EDA

is also used to estimate brain responses which are either unexpected [48] or

where common biophysical models, needed to further classify functional acti-

vation, are too complex [5]. This is possible as EDA methods do not need a

priory information, i.e. exact knowledge of stimulation paradigm, individual
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hemodynamic response, or noise distribution; they rather search for groups of

time courses which are “different” and, therefore, potentially interesting.

Cluster analysis is an important exploratory data analysis tool that has been

used to identify regions with similar patterns of activation [31, 41, 34, 10, 11,

9, 17, 35, 8, 7, 3, 4]. The general motivation for clustering fMRI data is that

in general not a single pixel will be activated by a task, rather groups of tens

to hundreds of pixels. Although some studies compared single exploratory and

non-exploratory methods [9, 10, 11, 22, 8, 28], no comprehensive performance

comparison among cluster algorithms has been performed to date.

For our simulation study we chose those algorithms described in the literature

which are broadly used and representative of the main clustering algorithmic

categories, and, in addition, which are often used for the fMRI analysis (see for

example, [17, 21, 36, 33, 22, 13, 7]). Data analysis was performed using these

methods on several data sets similar to those encountered in many studies,

with different spatial patterns and data distributions, as well as noise charac-

teristics. The stability and reliability of the clustering results was established

by performing repeated (50) runs for each simulation.

In order to estimate and validate the performance of all methods we used

two performance coefficients (PCs). These PCs were chosen to match the re-

quirements of fMRI. In fMRI the correct detection and classification of the

activation cluster is crucial, meaning that in addition to identify all truly ac-
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tivated pixels it is also very important to achieve the minimum possible rate

of false positives (misclassification of non-activated pixels) so that fMRI acti-

vation cluster(s) can be identified by the researcher. The first coefficient used,

the correlation coefficient, is a common and intuitive measure which reveals

the quality of the cluster by calculating the correlation of the activation cluster

center with the reference time course (the mean vector of the truly activated

data time courses). A more rigid measure is the Jaccard coefficient (JC), which

takes into account absolute scores of the correctly classified activated pixels

(true positives; TP), false positives (FP), and false negatives (FN) found in an

activation cluster, and thus represents a quantitative measure of the quality

of the cluster. To account for the rather small number of TPs compared to

the total number of pixels in fMRI, we weighted the scores according to the

frequency of a score, which leads to the weighted Jaccard coefficient (wJC).

This paper is organized as follows. In section 2 a description of the generation

of the data sets is given, as well as an analytical description of the clustering

methods used. Section 2.3 explains the simulation design of the experiments,

the preprocessing of the data, and the parameter initialization. Section 3 de-

scribes the results and, finally, in section 4 results are discussed and conclusions

are drawn.
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2 Materials and Methods

2.1 fMRI Data Sets

Quantitative performance assessment was done using two data sets, one sim-

ulated and one hybrid. The simulated set was a fully artificially constructed

mathematical fMRI phantom with activation introduced [45]. It consisted of a

time series (35 instances) of a transversal brain slice (128× 128 pixels) with a

time invariant texture of 4809 pixels (gray/white matter, ventricles) and three

regions of activation (49 pixels, see Figure 1(a)), where the signal intensity in-

creases during “activation” in a box-car-like pattern (5 instances off, 5 on,

etc). The relative signal increase upon “activation” in all activated pixels was

6%, 5%, and 4% with 3% baseline Gaussian noise of zero mean value added,

resulting in three simulated fMRI data sets with functional CNR (contrast-

to-noise ratio) of 2, 1.66, and 1.33 respectively, common values in fMRI of the

human brain.

The hybrid (synthesized) data sets were constructed using a baseline in vivo

MRI data set with activation added artificially. It consisted of a time series of

140 images with a matrix size of 64×64 pixels. Data acquisition was performed

on a 3 Tesla whole-body MR scanner (MedSpec S300, Bruker Biospin, Ettlin-

gen, Germany) using single-shot gradient echo–planar imaging (TR of 1000

s, effective TE of 35 ms, slice thickness 4 mm, field-of-view of 23 × 23 cm2).
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The slice chosen was overlaid with 25 pixels of activation (a square of 5 × 5,

see Figure 1(b)), where the signal intensity increases during “activation” in

a box-car-like pattern (20 instances off, 20 on, etc) with a contrast-to-noise

ratio of 2, 1.66, and 1.33, where the noise was calculated inside a region within

the brain. As the baseline data were sampled in vivo the noise characteristics

is different from the simulated data set, because in vivo noise is known to

contain correlated, non-white noise components.

Note that abbreviated names used for the data sets in the tables and figures

are t6, t5, and t4 for the 3 different CNR levels of the artificial data sets,

and h6, h5, and h4 for the hybrid data respectively. All data sets used for the

simulations are available at

http://www.ci.tuwien.ac.at/research/oenb/oenb data.html.

2.2 Algorithms

In the following analytical description of the algorithms the names of the

methods are written in boldface, and the abbreviations used in the text, and

in all tables and figures appear in italics 3 .

All our experiments were performed in R [24], a system for statistical com-

3 Note, that variants of some of the methods used in our simulation study exist that
are modified specifically to ensure very fast computing times (i.e. very large data
sets) or to perform better under several circumstances (i.e. noise characteristics of
the data). However, it was our concern to perform a fair comparison of the original
algorithms. Once a method has been chosen, it is up to the researcher to use any
modifications according to the of requirements her/his study
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putation and graphics, which conform to well-known and award-winning S-

language for statistics (“GNU S”). R runs under a variety of Unix platforms

(such as Linux) and under Windows95/98/ME/2000/NT. It is available freely

via CRAN, the Comprehensive R Archive Network, whose master site is at

http://www.R-project.org. All the clustering algorithms used for the simu-

lation design can be found in R in the base, or in the cclust [12], e1071 [14],

cluster [40], and GeneSOM [49] packages.

2.2.1 Hierarchical Clustering

These methods perform an hierarchical cluster analysis [1] using a set of dis-

similarities for the N objects being clustered. Initially, each object is assigned

to its own cluster and the algorithm proceeds iteratively, joining the two most

similar clusters at each stage and continuing until a single cluster remains.

At each stage distances between clusters are computed by the Lance-Williams

dissimilarity update formula according to the particular clustering method

being used. Given a set of N items to be clustered, and an NxN distance

(or dissimilarity) matrix, the basic process of Johnson’s (1967) hierarchical

clustering is:

(1) Start by assigning each data item (data point) to its own cluster, so that

if N items are being considered there are N clusters, each containing just

one item. Let the distances (similarities) between the clusters equal the

distances (dissimilarities) between the items they contain.

8



(2) Find the closest (most similar) pair of clusters and merge them into a

single cluster, reducing the number of clusters by one.

(3) Compute distances between the new cluster and each of the old clusters.

(4) Repeat steps 2 and 3 until all items are clustered into a single cluster of

size N .

Step 3 can be achieved in different ways, distinguishing single-linkage from

complete-linkage and other linkage methods. In single-linkage clustering

(also called the connectedness or minimum method), we consider the distance

between clusters to be equal to the shortest distance from any member of one

cluster to any member of the other cluster. In complete-linkage (complete)

clustering (also called the diameter or maximum method), we consider the dis-

tance between clusters to be equal to the greatest distance from any member of

one cluster to any member of the other cluster. The complete linkage method

finds similar clusters. Ward’s minimum variance method (ward) aims at

finding compact, spherical clusters. Here, those two clusters are merged which

give the minimum increase in total within group error sum of squares, calcu-

lated from the distance between each data point in a cluster k and the cluster

center.

2.2.2 Crisp Clustering

Maximin-Distance (maximin): The maximin-distance algorithm [44] is a

simple heuristic procedure based on the euclidean distance concept. It is some-
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times used as a cluster center initialization for other algorithms such as c-

means (e.g. used by Evident(TM) [25, 42, 39]) to assure stability of the result

and to avoid random initialization.

The procedure to create the clusters is:

(1) Initialize the set C to contain k (k << N) units cj: C = {c1, c2, . . . , ck}

with only one center vector wcj
∈ Rd chosen randomly from the data set

and compute the distance between this point and all others in the set.

(2) Determine the farthest point to be the next cluster center.

(3) Compute the distance from each remaining data point to the centers

already found. For every pair of these computations, save the minimum

distance and select the maximum of these minimum distances. If this

distance is greater than a predefined threshold (for example, at least one

half of the distance between the 2 centers initially selected) then that

point becomes a new center.

(4) Repeat until the new maximum distance at a particular step fails to

satisfy the condition for the creation of the new cluster, or until the

desired number of clusters is reached.

k-Means (kmeans): The k-means algorithm [29, 19] is one of the classic statis-

tical clustering methods. As opposed to the competitive learning variants, this

is an off-line method, i.e., the center updates are based on the entire training

sample:
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(1) Initialize the set C to contain k (k << N) units (centers) cj: C =

{c1, c2, . . . , ck} with center vectors wcj
∈ Rd chosen randomly from the

data set and assign the data to the clusters with the corresponding ini-

tialized centers.

(2) Compute the centers of all current clusters.

(3) Generate a new partition of the data set by assigning each data item to

the closest cluster center.

(4) If the partition changes compared to the last iteration, go to step 2, else

stop.

CLARA (clara): The clustering of a set of data points is carried out in two

steps. First, a sample is drawn from the data and is clustered into k clusters

using the k-medoid method (PAM) [26] , which gives k representative points

(medoids) of the data set. Then each data point which does not belong to the

sample is assigned to the nearest representative. This yields a partition of the

whole data set. A quality measure of this partition is obtained by calculating

the average distance between each data point of the data set and its center

(medoid). After all the samples have been drawn and clustered, the one with

the lowest average distance is obtained. The clustering for the samples takes

place in two phases (PAM algorithm). At first, an initial clustering is obtained

by the successive selection of representative points until a number of k ones

has been found:

(1) Take a point xi (not yet selected).
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(2) Consider a non-selected xj point and calculate the difference between its

dissimilarity Dj with the most similar previously selected one, and its

dissimilarity d(i, j) with the point xi.

(3) If the difference is positive, then xj contributes to the decision to select

xi. Cij = max(Dj − d(j, i), 0)

(4) The total gain by selecting xi is:
∑

j Cji

(5) Choose xi (not yet selected) which maximizes maxi

∑
j Cji

In the second phase, the set of representative points is improved by consider-

ing all pairs of points (xi, xl) for which point xi has been selected and point

xl has not. Thus, this is the effect on the value of clustering when a swap

takes place (for more details see [26]). If we consider the euclidean distance

as the dissimilarity measure, this step provides the main difference between

the known k-means algorithm and PAM. An advantage of the algorithm is

that it can be used for large data sets using sampling, reducing data storage

requirements and the number of calculations. The storage requirement of clara

computation (for small k) is about O(n ∗ p) + O(j2) where j = sample size,

and (n, p) = dim(x). The CPU computing time (again neglecting small k) is

about O(n ∗ p ∗ j2 ∗N), where N is the number of samples.

Hard Competitive Learning (hardcl): Hard competitive learning is a well-

known online stochastic gradient descent algorithm for minimization of the

average distance of a given set of data to its closest center. See, e.g., reference

[19] for a survey on competitive learning methods. hardcl is the simplest on-
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line clustering algorithm, where only one output unit (the cluster center) is

the winner (the closest to the data point) for each given data point, and the

vector of the winner moves toward the vector of the given point. For hardcl,

the set of cluster centers C = {c1, c2, . . . , ck} are seen as output units of a

neural network, which adapt every time a new data point is presented.

(1) Initialize the set C to contain k (k << N) units cj: C = {c1, c2, . . . , ck},

with center vectors wcj
∈ Rd chosen randomly from the data set. Set the

iteration counter t to zero.

(2) Draw a pattern xi from the data set.

(3) Determine the winner s(xi): s(xi) = arg mincεC ||xi − wc||

(4) Move the center vector of the winner along the gradient of ||xi − ws(xi)||

toward xi. In the case of the Euclidean norm this is ∆ws(xi) = εt(xi −

ws(xi)), where εt is a suitable chosen learning rate.

(5) Set t := t + 1; if t < tmax, return to step 2.

Neural Gas (ngas): The neural gas algorithm [30] is an example of a soft

competitive learning algorithm, i.e., not only the winner unit is adapted after

the presentation of an input data item, but also some, or all, of the remaining

units. In contrast to the som algorithm, no topology of a fixed dimensionality

is imposed on the network. The neural gas algorithm sorts for every input

item (data point) the units of the network to a rank order according to the

distance of the center vectors to the input point. After sorting all units are

adapted according to their rank order.
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We present pseudo-code of the algorithm:

(1) Initialize the set C to contain N units cj

C = {c1, c2, . . . , ck}

with center vectors wcj
∈ Rd chosen randomly from the data set.

Set the iteration counter t to zero.

(2) Draw an item xi from the data set.

(3) Order all elements of C according to their distance to xi, i.e., find the

sequence of indices (l0, l1, . . . , lk−1) so that the center vector wl0 is closest

to the pattern, wl1 the second closest and etc. We denote the number

associated with wl as ml(xi, C).

(4) Adapt the center vectors according to

∆wl = εthλ(ml(xi, C))∇||(xi − wl)||

where

λt = λini(λfin/λini)
(t/tmax)

εt = εini(εfin/εini)
(t/tmax)

hλ(m) = exp(−m/λt).

and ∇||(xi − wl)|| denotes the gradient of the distance function, cf. the

description of the hardcl algorithm.

(5) Set t := t + 1; if t < tmax continue with step 2.

Suitable initial values (λini, εini) and final values (λfin, εfin) have to be chosen
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for the iteration-dependent parameters λt and εt.

Self Organizing Maps (som): The SOM algorithm [27] is a soft-competitive

learning algorithm where an additional neighborhood structure is imposed on

the cluster centers. For this method we have a network of a fixed dimensionality

d which has to be chosen in advance. One advantage of a fixed network di-

mensionality is that such a network defines a mapping from the n-dimensional

input space to the d dimensional structure. This makes it possible to get a low-

dimensional representation of the data, which may be used for visualization

purposes. We give a short pseudo-code description of the algorithm:

(1) Initialize the set C to contain k (k << N) units cj.

(2) Define a neighborhood relation on the cluster centers. Usually this neigh-

borhood relation is a rectangular grid. Set the iteration counter t to zero.

(3) Draw an item xi from the data set.

(4) Determine the winner s(xi) :

s(xi) = arg min
cεC

||xi − wc||

(5) Adapt the center vectors according to

∆wl = εtφ(l, s(xi))(xi − wl)

where εt is the learning rate and φ(l, s(xi)) is a neighborhood function.

Due to this neighborhood function, not only the winning center vector
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learns, but also center vectors in its topological neighborhood, whose size

decreases during the learning process.

(6) Set t := t + 1; if t < tmax continue with step 3.

2.2.3 Fuzzy Clustering

C-Means (cmeans): The c-means algorithm (or fuzzy k-means [38]) is one of

the classic fuzzy clustering methods. As opposed to its competitive learning

variants, this is an off-line method, i.e., the center updates are based on the

whole training sample:

(1) Fix the number of clusters k, 2 ≤ k < N where N is the number of data

points. Fix q, 1 < q < ∞, where q is the defuzzification parameter.

(2) Set the iteration counter t to zero and initialize the cluster centers vi.

(3) Calculate the fuzzy k-partition U from

Ut+1 = uij, t+1 =

 k∑
l=1

(
||xi − vj,t||
||xi − vl,t||

) 2
q−1

−1

and update the cluster centers according to

Vt+1 = vt+1 =

∑N
i=1 (uij, t+1)

qxi∑N
i=1 (uij, t+1)

q

where 1 ≤ i ≤ N and 1 ≤ j ≤ k.

(4) If ||Ut − Ut−1|| ≤ ε then stop, else t = t + 1.

Unsupervised Fuzzy Competitive Learning (ufcl): This is the on-line

version of the fuzzy c-means algorithm [38]. Every time a new point is chosen
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from the data set the membership value for this point is calculated and the

centers are updated according to

vj,t = vj,t−1 + αtu
q
ij, t[xi − vj,t−1]

where αt = α0(1− t/T ).

2.3 Simulation Design

Preprocessing as well as parameter initializations were chosen identically for

all data sets used. At the preprocessing stage the design matrix consisted of a

2-dimensional array of the time series of every pixel (object), where the time is

discrete and handled as the feature space of the pixels. Preprocessing included

thresholding of the data to segment the brain. For the 3 simulated data sets

(t4, t5, t6) this resulted in 4809 pixels (49 true positives) over 35 time points,

and in 1212 (25 true positives) pixels over 140 time points for the 3 hybrid

data sets (h4, h5, h6). To remove the influence of different intensity levels,

which are not relevant for detection of activation, the median for every pixel

over the time was subtracted. For the som, the data had to be normalized to

mean 0 and variance 1.

For all clustering methods several parameter values are needed during initial-

ization. The hyperparameter tuning of the i.e. defuzzification parameter (for

the fuzzy methods of value 1.1), or learning rate (for the on-line methods)
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is based on previous fMRI experience and other benchmarking experiments.

The euclidean distance was used as the dissimilarity measure between the

pixels. The learning rate used, was not constant, but rather time-dependent

(iteration-dependent). The number of clusters has to be defined a priori for

all the methods and we chose 5, 10, and 20. Hierarchical methods do not need

any cluster initialization; here the number of clusters was defined at the end

of the run, when the appropriate cut was made according to the number of

clusters desired.

For all clustering methods except for clara each simulation run consisted of

50 repetitions of the algorithm. For clara 20 repetitions were made, using 5

to 30 samples. The “bubble” neighborhood function type was chosen for the

som method. For a direct comparison with the other methods (concerning the

initial number of clusters (INC)), the initialized grid contained 2×2 units, 3×3

units, and 5× 4 units, resulting in 4, 9 and 20 centers, respectively (compared

to the 5, 10, and 20 used for the other methods). For the initialization of

the map a random data sample was used. Note that for all methods data

were randomly mixed before entering the clustering procedures. We define the

activation cluster as the one for which the maximum absolute number of true

positive pixels was found by the algorithm. For the fuzzy clustering methods

a defuzzyfication had to be performed first, assigning a crisp membership of

a pixel to a cluster (a value of 1) to pixels with membership greater or equal

than 0.5, and of 0 for those remaining (i.e. membership smaller than 0.5).
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2.4 Performance Coefficients

For all repeated runs of the algorithms two association coefficients were used

to validate and compare the performance of the methods. A natural and in-

tuitively appealing approach in choosing those coefficients is to use a measure

revealing the time course similarity between the cluster of interest of the clus-

tering result (partition result) and the reference class (the class including only

all truly activated pixels).

2.4.1 Correlation Coefficient (CC)

We calculate the correlation between the center of the activation cluster iden-

tified and the center of the reference activation class (the arithmetic mean of

all the activated pixels):

CC =

∑
(ci − c̄)(c∗i − c̄∗)√∑

(ci − c̄)2
∑

(c∗i − c̄∗)2
,

where c is the center (vector) of the activation cluster identified and c∗ the

reference center.

The correlation coefficient should exhibit the quality of the cluster represented

by its center towards that of the reference.

Another approach to assessing the similarity between 2 cluster results is simply

to count the total number of relevant matches between the partitions. We
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describe the case where a clustering partition is presented by a binary vector,

where the class/cluster labeled 1 represents the activation class/cluster, and

0 all remaining ones. Two factors are important: first, it would be logical not

to allow TN (true negatives) to contribute to the association measure, since

the true negatives (correct classifications of the non-activated pixels) do not

necessarily explain and characterize the quality of an activation cluster (they

can be activated pixels not in the activation but in any remaining cluster, and

thus assigned with the 0 label of no activation); second, to weight matches and

mismatches according to the importance and the occurrence of the class in the

data. The desire that rare classes receive extra weight appears frequently in

the biological literature. To achieve this it seems logical to assign each class a

weight which is a function of the frequency with which the class occurs in the

data set. If n is the number of data (pixels) in the data set and ni the number

of data (pixels) in the ith class, then the probability that a randomly chosen

data falls in the class i is ni/n. The probability for two randomly chosen data

would be Pii = (ni/n)2 and the probability 4 that one falls in i and the other

in j is Pij = (2ninj)/n
2. Thus, the probability of any pair of classes occurring

can be calculated. Because this probability of rare classes is usually low in

fMRI, any inverse function of it can be used as a suitable weight.

4 The factor of 2 reflects the fact that the first data unit may fall in either of the
two classes so that there are two ways for the event to occur.
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2.4.2 Weighted Jaccard Coefficient (wJC)

We used the weighted Jaccard coefficient (wJC) [1], taking the Jaccard coeffi-

cient [2] (JC = a/(a + b + c)) and adding to a, b, and c weights which are the

inverse functions of the probabilities of a TP, FN, and FP respectively, under

the hypothesis that each pixel has the same probability arising in a cluster or

of belonging to the activation/non-activation class.

wJC =
a + 1

P(a)

(a + 1
P(a)

+ b + 1
P(b)

+ c + 1
P(c)

)
,

where a is the number of TPs, b the number of FNs, and c the number of FPs,

and their probabilities P(a) = (a + c) ∗ (a + b)/n2, P(b) = (b + d) ∗ (a + b)/n2,

and P(c) = (a + c) ∗ (c + d)/n2, respectively, for d TN pixels and n pixels in

the data set.

The weighted Jaccard coefficient should thus provide a quantitative measure

of the quality of the activation cluster because it emphasizes the scores of the

TPs.

3 Results

The results of the simulation study and the performance of the algorithms are

presented by:

(1) ranking the methods according to their performance evaluated by the 2
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coefficients (see Tables 1, 2, 3, 4, 5).

(2) displaying box-and-whisker plots for both performance coefficients (wJC

and CC) averaged over all runs and CNRs (see Figures 2, and 3).

(3) displaying box-and-whisker plots for the TP and FP in the activation

cluster for all the repeated runs (see Figures 4, 5, 6, 7, 8, and 9)

Tables 1, 2, 3, and 4 show the value of the performance coefficients and the cor-

responding rank (in parentheses) within each column for the non-hierarchical

methods, i.e. the best overall performance over data sets (varying noise charac-

teristics and CNR) and number of INCs, and Table 5 for the non-hierarchical

methods averaged over the different INCs, as they cannot be initialized in this

way. Each coefficient value in every table cell corresponds to the median of

the 50 coefficient values (for the 50 repetitions of the methods). Within each

table the methods are ranked in descending order according to the mean PC

values over each row.

For the non-hierarchical methods the tables with the CC values clearly show

that two clustering methods, namely ngas and kmeans, have high CC values

and stable performance for both the different levels of noise characteristics

and CNR values. These two methods perform excellently as long as the INCs

is sufficiently large (i.e. 20 clusters). hardcl performs similarly well for the arti-

ficial data sets. Looking at wJC ranks for the non-hierarchical methods, again

ngas and kmeans are within the top performing methods, underperforming

maximin for the artificial data sets only; however, maximin performs worst
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on the hybrid data. As expected PC values decrease with decreasing CNR

level. It can also be seen that, in general, PC values increase with increasing

INCs. However, the best performing methods show very high PCs even on

data sets with a very low CNR of 1.33. The performance of the methods over

the two levels of noise characteristics is quite heterogeneous. In general, PCs

are higher for the artificial data set - especially for maximin and hardcl - but

some methods perform comparably (som, clara) and some even better for the

hybrid data sets in both PC values and ranks (ufcl, cmeans).

The overall best performing method for the hierarchical methods is ward link-

age. Complete linkage performs similarly for the artificial data set, but not for

the hybrid data, and single linkage fails almost completely. The best hierar-

chical method (ward) shows a similar or even better performance compared to

best performing non-hierarchical method; however, one should keep in mind

that hierarchical methods are very demanding on memory and the computa-

tion of the dissimilarity matrix can be expensive and unfeasible for large data

sets.

The box-and-whisker plots in Figures 2, and 3 give an overview of the vari-

ance over the runs and, thus, of the stability of the various algorithms. Box-

and-whisker plots have been used due to their intuitive and powerful visual

representation of typical characteristics of the data 5 . They highlight few, but

5 In a box-and-whisker plot, the median is shown (as full dot), the box ends at
the first Q1 and third Q3 quartiles, the whiskers are extended until 3/2 times the
interquartile ranges of Q1 and Q3, and outliers are shown as open dots.
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important features of the data, which makes it easy to present data - inde-

pendent of the number of data values - in an organized way. From these plots

it is clear that an INC value of 5 gives relatively small variance but accom-

panied by a low median PC, whereas an INC of 10 gives high variance in

general, especially for the hybrid data. An INC of 20 gives very low variance

for the best performing methods (ngas, kmeans), followed by som which show

relatively good stability and high PC values; other methods (clara, maximin,

hardcl, ufcl) prove to be unstable in general.

Figures 4, 5, 6, 7, 8, and 9 show a very detailed view of the results. These plots

show the median and the dispersion of the classification results (TPs and FPs)

over the 50 runs for each data set. maximin-initialized results (used by Evident

(TM) [25, 42, 39]) are indicated with an asterisk (“∗”) for comparison reasons

with the random initialized results. In many cases, this kind of initialization

performs superiorly to the median of the randomized approach. These plots

also show that maximin achieves high wJC values for the artificial data only,

due to the very low number of FPs, while the FP variability over the 50 runs

is higher for the other methods. Also here ngas has the lowest dispersion of

the TP and FP scores over the repetitions of the methods, whilst conserving

a high number of TPs and a low number of FPs.
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4 Discussion

To our knowledge this is the first study which extensively examines the per-

formance of most common clustering algorithms on fMRI data sets based on

association measures (PCs) using a broad simulation design. We have varied

several important design factors such as noise characteristics, CNR level, and

initial number of clusters to compare and validate the simulation results. 50

runs (repetitions) were performed for all 11 clustering methods and for all com-

binations of design factors. This enables the stability and average performance

to be estimated. Single runs would be biased by the random initialization.

A good performance of a cluster analysis method in fMRI requires correct clas-

sification of the activation cluster. For a critical validation and mutual compar-

ison of the performance of clustering methods it is necessary to use measures

which reflect the ability of the algorithm to detect the “ground truth”. After

the clusters are identified by the algorithm, the researcher has to select the

activation cluster(s) and other rather “interesting” clusters (those contain-

ing artifacts or other useful information) based on knowledge of the stimu-

lation paradigm. An important and necessary requirement for EDA methods

is, therefore, that fMRI-typical activation cluster(s) are represented relatively

“cleanly” and “unspoiled”. The interpretation of clustering results is depen-

dent on the numbers of TPs and FPs in a cluster, which have an important

impact as FPs “spoil” the average time course of a cluster (cluster center)
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used to classify the cluster e.g., as activated. To obtain a reasonable perfor-

mance comparison of the different algorithms we have to find appropriate

performance measures which consider these requirements. We therefore use a

qualitative and a quantitative association measure to assess the performance

of the methods and validate the quality of the clustering partitions. General

considerations and conclusions on the methods applied on several data sets

can be drawn, but a decision as to the best performing algorithm might be a

question of the preferred condition/criterion to be satisfied.

Although clustering proves to be a flexible tool for fMRI analysis there are

several drawbacks to these methods. Firstly, most clustering approaches make

assumptions about cluster shape and size so that the algorithms might arti-

ficially induce a topology which deviates from the real structure of the data.

This might lead to misinterpretations of the analysis results [32, 23, 46, 15, 16].

The optimization techniques applied by the algorithms [33, 50], the metric

[20, 22, 43], as well as the random initializations of the methods [18, 23, 32, 6],

may constitute other drawbacks, resulting in local minima and instable results.

The random mixing of the data points, as well as the random initialization of

the cluster centers prevent the algorithm from reaching the global minimum

of its error function, often resulting in local minima. We therefore performed

simulations using many (50) runs and varying parameters such as the initial

number of clusters and data set features such as noise characteristics and CNR

ratio.
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Our results suggest that it is important to use the most suitable algorithms,

as otherwise the quality of clustering results might be poor. In our study, it

emerges that ngas is an appropriate and flexible method for the fMRI data

segmentation. ngas performs very stably over runs and relatively indepen-

dently of data set characteristics. In general, the ngas methodology - due to

its on-line, soft competitive centers update - decreases the dependency on ran-

dom initializations, being able to emerge from poor local minimum, where it

was probably initialized. It is also obvious that the performance of the fuzzy

algorithms is deteriorated in the case of the artificial data sets. This is due

to the fact that they have a “smoother” noise profile, which seems to favor

non-fuzzy decisions. However, for the hybrid data sets the fuzzy membership

assigned to the pixels returns a better classification, especially for the ufcl

method. Most methods impose a topology of rather compact and spherical

clusters which seems to be the appropriate structure for the activation class

which may explain their good performance. This is to be expected as we have

to deal with a relative small and concentrated number of activated pixels,

which can be adequately represented by the compact and spherical clusters

generated by most methods. For the hierarchical methods, the joining of the

clusters based on the shortest distance between their members (single linkage)

proves to be an inadequate criterion for fMRI analysis, as the large number

of inactivated pixels bias the clusters. For the same reason, complete linkage

returns better results, whilst the ward method, based on the concept of the

within-sum-of-squares error (like kmeans), performs better on average.
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In conclusion, ngas seems to be the best choice when looking for the optimal al-

gorithm for unsupervised non-hierarchical fMRI cluster analysis. It performed

best in both TP and FP scores and, in addition, it behaved stably. When

data sets are reasonably small and the usage of hierarchical algorithms is fea-

sible ward linkage seems to be the most appropriate choice. Since the purpose

of this study is to focus on algorithm performance we did not use possibly

distorting features such as merging [15], voting [16], or special initialization

[42, 25, 39]. Once the most suitable algorithms are used these features can be

added to further improve analysis performance.
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Figure Captions

Figure 1. Activation of the Simulation Data Sets

Figure 2. weighted Jaccard Coefficient (wJC) and Correlation Coefficient (CC)

for Artificial Data Sets

Figure 3. weighted Jaccard Coefficient wJC and Correlation Coefficient (CC)

for Hybrid Data Sets

Figure 4. True and False Positives for t6

Figure 5. True and False Positives for t5

Figure 6. True and False Positives for t4

Figure 7. True and False Positives for h6

Figure 8. True and False Positives for h5

Figure 9. True and False Positives for h4
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