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Abstract—There are many issues to be considered in the
design of distance-based fuzzy semi-supervised clustering (FSSC)
algorithms. To identify these issues, we compare the performance
of four such algorithms. We describe the properties of these
algorithms, highlighting their key differences, and then experi-
mentally compare their performance on common datasets. Several
experimental conditions are investigated. Firstly, two forms of
initialisation of the membership values of unlabelled patterns are
used; 1/𝑐 and 0. Secondly, the algorithms are run with varying
proportions of labelled patterns in the datasets, ranging from
2% to 40%. We find that no algorithm outperforms the others
in all the datasets. We also observe that small modifications in
similar objective functions can improve clustering, and that most
of the algorithms perform slightly better with zero initialisation
of unlabelled patterns. An interesting observation is that the
increase in labelled patterns does not always improve clustering.
From these results, we conclude that the number and scale
of dimensions in the data set, initial partition matrix, distance
metrics and objective functions, together, affect clustering results.
In addition, we conclude that not all initially labelled patterns
are good candidates for supervision.

I. INTRODUCTION

Clustering organises similar unlabelled patterns into clusters
and is an unsupervised form of learning. In classification,
however, labelled patterns are required to teach the algorithm
the characteristics of classes, which is used to organise and
tag unlabelled patterns. Thus, classification is supervised.
Both techniques are widely applied in pattern recognition and
data mining, often for investigation or decision-making. Good
reviews of both techniques, particularly covering approaches
and design issues, can be found in [1] and [2].

In fuzzy clustering [3], [4] and classification [5], member-
ship values are assigned to patterns to indicate the degree of
belongness each pattern has to clusters or classes respectively.
These give a more realistic representation of patterns, as
compared to a binary-valued approach.

In reality, labelled patterns are often scarce because they
are difficult or expensive to record. To increase accuracy,
clustering algorithms can take advantage of available labelled
patterns as examples to learn from. These algorithms that
make use of unlabelled data and available labelled patterns
are termed semi-supervised clustering algorithms. There are
three main types of fuzzy semi-supervised clustering (FSSC)
algorithms; constraint-based [6], distance-based [7], [8], [9]
and hybrids [10]. Distance-based FSSC algorithms are found
to be popular and are approached using different techniques
such as RBF mapping [11], evolutionary clustering [12] and
adaptive metrics [13].

Different FSSC algorithms have previously been evaluated
on different datasets using various ranges of labelled pat-
terns, which makes fair comparison difficult. This motivated
our study into a comparison of four distance-based semi-
supervised Fuzzy c-Means (FCM) algorithms proposed by
Pedrycz and Waletzky [14], Zhang et al. [15], Li et al.
[16] and Endo et al. [17]. These were chosen because we
found them to be simple in operation and they have been
shown to produce good results. Our objectives are to (i)
compare their performances with varying quantities of la-
belled patterns, and (ii) explore how issues that are common
to fuzzy semi-supervised clustering, such as the number of
dimensions, choice of datasets, initial membership values,
objective functions, distance metrics and labelled patterns
affect their clustering performance. Some of these issues have
already been discussed in [18] in an investigation into different
distance metrics of similar objective functions. We, however,
compared algorithms with different objective functions that use
three different distance metrics, and algorithms with similar
objective functions that employed different forms of balance
between supervised and unsupervised learning. In addition, we
compared experimental results from two forms of initialisation
for the cluster membership of unlabelled patterns; 1/𝑐 and 0.

One way of comparison is by using cluster validity indices,
such as those discussed in [19] and particularly in FSSC
algorithms [18]. In this preliminary work, however, we use
classification rate to compare clustering performance among
the algorithms, as was used in [14], [15], [16], [17]. We assume
that algorithms that perform well are those that achieve a high
percentage of correct classifications with a low percentage of
labelled patterns.

II. SEMI-SUPERVISED FCM CLUSTERING ALGORITHMS

FCM was introduced by Dunn [20] and formalised by
Bezdek [4]. Gustafson and Kessel [21] introduced fuzzy co-
variance to generalise the distance metric, which represents
patterns in a more natural manner. Early semi-supervised
fuzzy clustering algorithms [22], [23], [14] adopted these
techniques and produced good clustering results. Today, many
FSSC algorithms [24], [13], [10], [16], [17], [15], [8] exhibit
new ways to exploit FCM. Further developments of FSSC
clustering are found in [25], where Pedrycz discussed the
idea of fuzzy semi-supervised clustering as a knowledge-based
guidance mechanism to provide additional hints about data
sets. Information can be represented in different levels of
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granularity, allowing it to represent heterogeneous data in both
parametric and non-parametric models.

A. The Selected Algorithms

Tables I, II, III and IV illustrate the components in the semi-
supervised FCM algorithms selected for study in this paper;
Pedrycz-97 [14], Li-08 [16], Zhang-04 [15] and Endo-09 [17],
respectively. The notation used is as follows: 𝑁 , 𝑐, 𝑈 and 𝐿
denote the number of patterns, the number of clusters, the par-
tition matrix and the number of labelled patterns, respectively.
𝑣𝑖, 𝑢𝑖𝑘, 𝑓𝑖𝑘 (𝑢𝑙

𝑖𝑘 and 𝑢̄𝑖𝑘) and 𝑑𝑖𝑘 indicate, respectively, the
prototype of cluster 𝑖, the membership value for pattern 𝑘 in
cluster 𝑖, the membership value of labelled pattern 𝑘 in cluster
𝑖, and the distance between pattern 𝑘 and prototype of cluster 𝑖.
The equations for calculating the centroid and partition matrix
are found in these tables. They are derived using a standard
optimization technique called the Lagrange multipliers, the

derivations are found in their respective papers and will not be
discussed here. A semi-supervised FCM clustering algorithm
iterates a series of steps to minimize the objective function
until a termination criterion is satisfied. These steps are as
follows:

1) Initialise 𝑐, 𝑈 with known memberships and matrix 𝐹
containing membership values of labelled patterns.

2) Calculate the centroids (prototypes of the clusters), 𝑣𝑖.
3) Calculate the similarities between clusters and patterns,

𝑑𝑖𝑘 using a chosen distance metric.
4) Update partition matrix 𝑈 .
5) If ∣∣𝑈 − 𝑈 ′∣∣ < 𝜖 (𝜖 being a threshold value), stop. Else

go to step 2.

B. Differences

Both Pedrycz-97 and Li-08 use Mahalonobis distance to
update their partition matrix. In the objective function of



Pedrycz-97, all patterns participate in unsupervised and super-
vised learning with parameter 𝛼 to maintain a balance between
the two types of learning. Li-08 is an improvement to avoid
the redundant unsupervised learning of all labelled patterns in
Pedrycz-97. Instead, it takes all unlabelled patterns and 1−𝑎 of
labelled patterns to participate in unsupervised learning, and 𝑎
of labelled patterns to undergo supervised learning. Though
presented separately for labelled and unlabelled patterns in
Li-08, the equation to update the partition matrix is similar
to Pedrycz-97 except for their balance parameters, 𝑎 and 𝛼,
respectively. Unlabelled patterns are not used in the calculation
of Li-09’s centroids, unlike the other algorithms. Like Pedrycz-
97, the objective function of Endo-09 trains both labelled and
unlabelled patterns in both unsupervised and supervised fash-
ion, but using the Euclidean distance metric. The supervised
training function, however, is entropy-regularised. Zhang et
al. retained the objective function from the original FCM but
replaced the Euclidean distance metric with a Gaussian kernel-
based one. Unlike Pedrycz-97 and Li-08, in Zhang-04 only
unlabelled patterns undergo supervised learning. This means
that labelled patterns never gets updated or improved. As the
unlabelled patterns do not contribute to the initial centroid, the
labelled patterns act as seeds to form initial clusters, applied
in FSSC learning [26] and non-fuzzy semi-supervised learning
[27]. The trouble with using membership values of labelled
patterns in both the calculation of centroids and the partition
matrix, is that it makes the algorithm highly dependent on
the initial membership values of labelled patterns, which can
negatively impact the clustering results if they contain errors.
This highlights the importance of balance parameters like 𝛼
and 𝑎. In Endo-09’s partition matrix equation, the membership
values of labelled patterns themselves, denoted by 𝑢̄𝑖𝑘, are both
learning components and balance parameters. In doing so, the
reliance on initial membership values of labelled patterns is
higher than the other three algorithms.

C. Summary

Three distance metrics are used by the four algorithms;
Mahalanobis distance by Pedrycz-97 and Li-08, kernel-based
distance by Zhang-04 and Euclidean distance by Endo-09.
Pedrycz-97, Li-08 and Endo-09 algorithms use different ap-
proaches to incorporate the supervised learning element into
the objective function of the original unsupervised FCM algo-
rithm. We can observe this element in the second component
of Pedrycz-97’s and Endo-09’s objective functions, and third
component in Li-08’s. The extended objective functions are
then used to derive calculations of centroids and the partition
matrix. Rather than using this extension in the objective
function, Zhang-04 incorporated supervised learning during
the calculation of the centroids. Thus, variations of both
unsupervised and supervised learning components feature in
these algorithms.

III. EXPERIMENTS

Each algorithm, written in R, was run on ten datasets taken
from non-linearly separable datasets Iris, Wine, XOR, Wiscon-
sin Original Breast Cancer (WOBC), Pima Indians Diabetes

dataset N n c
Iris-2 150 2 3
Iris-4 150 4 3
Wine-2 178 2 3
Wine-13 178 13 3
XOR-2 200 2 4
WOBC-8 699 8 2
WOBC-2 699 2 2
PID-8 768 8 2
PID-2 768 2 2
WDBC-30 569 30 2

TABLE V
DATASETS USED IN THE EXPERIMENTS, WHERE 𝑁 , 𝑛 AND 𝑐 ARE THE

NUMBER OF PATTERNS, FEATURES AND CLUSTERS RESPECTIVELY.

(PID) and Wisconsin Diagnostic Breast Cancer (WDBC). Note
that in Iris, the first class is linearly separable but the other
two are not. The specifications of the datasets are shown in
Table V. Apart from the XOR dataset which is manually
built, all datasets are obtained from the UCI Machine Learning
Repository [28]. For each dataset, experiments were repeated
with different percentages of labelled patterns, 2%, 4%, 6%,
8%, 10%, 15%, 20%, 25%, 30% and 40%. Using the semi-
supervised FCM algorithms, we can perform classification by
having the labels replaced with numerals and the labelled
patterns ordered such that the clusters and the numerically
labelled classes will match. In this way, the unlabelled patterns
after clustering can be matched with the numerically labelled
classes from the datasets to verify correctness before counting
the number of correctly matched patterns.

The following settings and modifications were made:

∙ Zhang et al. [15] used initial membership values of
1’s and 0’s to represent labelled and unlabelled patterns
respectively. The assignment of initial membership values
are not mentioned in the other algorithms. Like [18],
however, we assume unlabelled patterns to hold equal
initial memberships of all the clusters, having membership
values of 1/𝑐 (where 𝑐 is the number of clusters). The
idea here is to improve learning using not only labelled
patterns, but also unlabelled patterns.

∙ The membership value of each arbitrarily chosen labelled
pattern belonging to a cluster is 0.9, with 0.1 membership
divided among the other clusters. This is applied for the
initial partition matrix of all datasets.

∙ From the Iris, Wine, WOBC and PID datasets, we created
2-dimensional datasets from these to observe the effects
of number of attributes in datasets on clustering. We did
not do this for WDBC because we felt that arbitrarily
reducing a 30-dimensional image dataset to 2 dimensions
was unlikely to improve clustering.

∙ Dimensions with missing values in the WOBC datasets
were removed.

∙ The boolean matrix in Pedrycz-97 was removed since
labelled and unlabelled patterns can be detected from the
𝐹 matrix.

∙ We modified Endo-09 to compute prototypes from the ini-
tial partition matrix, like Pedrycz-97, rather than manually



initialising them as the original algorithm did.
∙ Endo-09 ran into an infinity problem with datasets Wine-

13, PID-8, PID-2 and WDBC-30. This will be discussed
in the next section. We modified these datasets to Wine-
10, PID-6, PID-2* and WDBC-23. The modified PID-2
contains two attributes that are different from the previous
version.

∙ The stopping criterion used in all four algorithms is
taken from Pedrycz-97 [14] as follows: ∣∣𝑈 ′ − 𝑈 ∣∣ =∑𝑐

𝑖=1

∑𝑁
𝑘=1(𝑢

′
𝑖𝑘 − 𝑢𝑖𝑘)

2, where the threshold value is
set to 0.01.

∙ In Pedrycz-97, 𝛼 is calculated by 𝑁/𝐿 while 𝑎 in Li-08 is
calculated by 1−𝐿/𝑁 , where 𝐿 is the number of labelled
patterns and 𝑁 is the total number of patterns.

∙ Following the original algorithms, 𝑝 in Pedrycz-97 and 𝑚
in Zhang-04 and Li-08 are set to 2 and 𝜆 in Endo-09 is
set to 1.

∙ At least 𝑐 labelled patterns, each an example of a different
cluster, is required for the clustering to run properly
(although semi-supervised algorithms for incomplete la-
belled patterns already exist [27]).

∙ Separate experiments were conducted on all algorithms
and datasets with zero membership values for unlabelled
patterns.

∙ Separate experiments with manual initialisation of Endo-
09 prototypes were conducted.

IV. RESULTS AND DISCUSSION

Table VI and Figure 1 show the percentage of correct classi-
fications produced by each algorithm on different datasets. The
symbol ∗ in this table indicates that the algorithm runs into an
infinity problem. Overall, Li-08 performs better than the other
algorithms, achieving more than 80% correct classifications
in seven out of ten datasets with 4% of labelled patterns.
With 4% of labelled patterns, it produces similar results to
Pedrycz-97 in the Wine dataset and Zhang-04 in the WOBC
dataset but, outperformed all in the XOR dataset. With 40%
labelled data, it produces nearly 100% correct classification
in six out of ten datasets. Pedrycz-97 achieves more than
80% correct classification in six out of ten datasets with
6% labelled patterns, while Zhang-04 achieves this with 15%
labelled patterns and Endo-09 with 30% labelled patterns. We
observe that Li-08 performs slightly better than Pedrycz-97
with its modified objective function.

The results of Pedrycz-97 and Li-08 are based on a Maha-
lanobis distance metric, which measures similarity using the
sum of squared errors and the correlation with the membership
values of the patterns. The presence of the inverse covariance
matrix helps to normalise dimensions of different scales,
preventing dominance from dimensions with greater scales.
This may give a more realistic representation of the patterns.
Zhang et al. replaced the Euclidean distance metric in FCM
with a Gaussian kernel-induced distance metric. The Gaussian
kernel measures similarity by 𝐾(𝑥, 𝑦) = 𝑒𝑥𝑝(−∣∣𝑥−𝑦∣∣2/𝜎2),
with the kernel width defined by the variance 𝜎2. This variance
keeps the kernel value of patterns normalised. The idea behind

kernel methods are their ability to solve non-linear problems
by mapping the input space into higher dimensional space (the
‘kernel trick’ [29]), which is applied to distances [30]. We see
this applied in Zhang-04 with prior information of data space
computed in the variance. Both Mahalanobis and kernel-based
distance metrics are competitive, each doing better than the
other in different datasets with 2% of labelled patterns.

The ‘curse of dimensionality’ problem is apparent in the
results produced by Endo-09. The Euclidean distance metric
does not reflect scale differences among dimensions in high-
dimensional datasets. Dimensions with smaller scales will have
less influence on the distance in the presence of dimensions
with larger scales. This results in biased distance values that
decrease accuracy in classification. With increasing number
of dimensions, distance increases exponentially. This makes
Euclidean distance tricky to use in an exponential function,
derived from the Endo-09 objective function. Large distance
values yield a zero value in the exponential function of Endo-
09 partition matrix update equation, which in turn returns
infinity. Hence, the infinity problem arises in datasets with
high dimensions, large scale differences in dimensions and/or
large scales in dimensions such as Wine-13, PID-8, PID-6 and
WDBC-30. When we removed three dimensions (those with
higher scales) from the Wine dataset, the results improved
drastically. Du and Urahama tackled this problem using a
parameter 𝛿, which is computed by the inverse sum of average
distances with its nearest neighbours and average distances
with its furthest neighbours [11].

The algorithms do not always produce better classifications
using datasets that have more dimensions. For example, as
can be seen in Figure 1, Pedrycz-97, Li-08 and Zhang-04
produce better results for WOBC-2 than for WOBC-8. This
is because some features have higher discrimination power
compared to others. Those that have low discrimination power
add more computational cost and can deteriorate clustering
results [2]. Through the selection of a subset of features, those
that have high discrimination power can be retained while
others discarded. Kong et al. [8] incorporated feature selection
with fuzzy semi-supervised learning using a feature weight
variable in its objective function.

All algorithms were able to cluster most of the non-
linearly separable datasets, achieving more than 80% correct
classifications with at most 30% labelled patterns. Zhang-04
and Endo-09 achieve less in the XOR dataset and none of the
algorithms could achieve more than 80% classification with
40% labelled patterns in the PID datasets except Pedrycz-97.
According to [31], the two classes in the PID dataset are not
well separated, which makes it a challenge for the algorithms.

Interestingly and unexpectedly, increases in the number of
labelled patterns do not always improve classification, indi-
cated by the troughs in the graphs of Figure 1. This observation
holds for all algorithms except Pedrycz-97 in Wine-2 dataset
with 8% to 10% labelled patterns. Having said this, there
is still a general trend of increasing correct classifications
with increase in labelled patterns. This may suggest that not
all labelled patterns are good candidates to guide clustering.



(a) Pedrycz-97 (b) Li-08

(c) Zhang-04 (d) Endo-09

Fig. 1. Graph of percentage of correct classification against proportion of labelled patterns with 1/𝑐 initialisation.



With initial membership of 1/𝑐 With initial membership of zero
% labelled

dataset 2 4 6 8 10 20 2 4 6 8 10 20
Results produced by Pedrycz-97

Iris-4 77.3 81.3 82.0 86.0 84.0 90.0 78.7 96.7 98.0 98.0 98.0 98.0
Iris-2 62.0 75.3 74.0 77.3 79.3 85.3 65.3 93.3 92.7 93.3 93.3 96.7
Wine-13 55.1 65.2 71.9 71.9 78.7 84.3 93.3 93.3 74.2 84.3 88.8 91.0
Wine-2 80.3 80.9 81.5 80.9 81.5 82.6 80.3 82.0 81.5 82.0 83.1 86.5
XOR-2 56.0 74.5 84.0 93.0 86.5 91.5 70.5 99.5 99.5 99.5 99.5 99.5
WOBC-8 79.5 84.1 87.8 88.7 87.6 91.0 79.3 80.3 80.5 81.1 81.7 89.7
WOBC-2 89.8 95.0 94.8 94.6 94.8 96.1 92.7 93.6 93.6 93.6 94.0 95.4
PID-8 54.2 60.0 66.4 65.5 70.1 75.9 44.3 59.1 50.8 54.4 56.6 73.7
PID-2 51.3 53.3 54.2 54.4 54.8 57.6 44.4 47.3 48.7 50.9 53.0 62.1
WDBC-30 80.7 73.6 81.9 83.5 88.2 91.6 * 85.4 88.8 87.0 89.3 90.9

Results produced by Li-08
Iris-4 94.7 95.3 98.0 98.0 98.0 98.0 40.0 48.7 65.3 70.7 84.7 98.7
Iris-2 64.7 94.0 94.0 94.0 94.0 96.7 46.7 84.7 86.7 94.0 94.0 96.7
Wine-13 60.1 61.8 66.9 87.1 89.9 89.3 38.2 47.8 43.3 44.4 48.9 75.3
Wine-2 68.5 80.9 81.5 83.1 82.6 86.5 68.0 70.8 80.3 82.0 85.4 83.7
XOR-2 50.0 99.5 99.5 99.5 99.5 99.5 54.5 97.0 98.0 98.5 98.5 99.5
WOBC-8 88.3 88.7 80.5 81.0 81.5 90.0 67.1 87.4 92.4 90.8 91.6 92.7
WOBC-2 92.8 93.6 93.6 93.7 94.0 95.4 93.6 94.1 94.3 94.3 93.4 95.4
PID-8 43.2 47.9 50.4 53.8 56.5 70.3 46.2 62.8 66.4 70.2 73.6 75.9
PID-2 44.1 47.3 48.6 50.9 52.3 61.2 53.4 62.6 62.4 57.4 63.8 70.2
WDBC-30 85.6 92.8 90.9 90.7 89.8 93.7 * 92.8 93.1 93.3 93.1 93.7

Results produced by Zhang-04
Iris-4 66.7 72.0 72.0 74.0 75.3 85.3 76.7 90.7 92.0 90.7 90.7 91.3
Iris-2 68.0 72.7 73.3 76.0 76.7 84.7 70.7 86.7 88.0 89.3 89.3 90.0
Wine-13 55.6 56.2 56.2 57.3 74.2 76.4 73.0 72.5 72.5 72.5 73.6 77.0
Wine-2 29.2 75.3 76.4 81.5 80.9 84.3 68.0 77.0 79.8 81.5 80.9 83.7
XOR-2 48.5 60.5 54.0 60.5 63.0 66.5 51.5 64.5 62.0 63.5 66.0 68.5
WOBC-8 87.6 89.4 90.3 91.6 92.1 96.1 96.7 63.4 96.9 95.9 96.6 97.1
WOBC-2 92.6 92.6 92.7 93.1 93.4 94.1 62.4 66.1 68.1 94.8 94.7 95.1
PID-8 55.6 57.2 57.6 58.2 59.4 64.7 54.4 52.0 56.0 56.6 57.7 62.5
PID-2 56.1 57.8 58.7 59.0 60.3 64.8 58.1 58.7 59.8 60.0 61.2 65.5
WDBC-30 87.2 87.9 88.4 88.6 88.8 89.5 81.4 83.8 91.4 91.7 91.0 91.7

Results produced by Endo-09
Iris-4 67.3 69.3 74.0 74.0 74.0 78.7 90.0 90.7 90.7 92.7 94.0 96.7
Iris-2 66.7 68.7 70.0 72.7 74.0 76.7 88.0 88.7 88.7 88.7 89.3 92.0
Wine-10 87.6 89.9 91.0 86.5 89.3 91.6 87.1 87.1 87.1 87.6 87.1 90.4
Wine-2 50.6 71.3 79.2 82.6 82.0 83.7 40.4 80.3 80.3 80.3 80.3 83.1
XOR-2 26.5 28.0 29.5 31.0 32.5 40.0 49.5 57.5 56.5 57.5 60.5 67.5
WOBC-8 66.2 67.5 68.4 69.8 70.8 76.5 95.4 95.9 95.9 95.9 96.0 97.1
WOBC-2 66.2 67.5 68.4 69.8 70.8 76.5 93.0 93.8 94.0 94.1 94.6 96.4
PID-6 * 64.2 64.7 65.6 66.0 66.9 70.3
PID-2* 65.4 66.0 66.9 67.4 68.6 71.6 64.2 64.7 65.6 66.0 66.9 70.3
WDBC-23 63.3 64.5 65.7 67.0 68.0 71.9 51.7 52.5 53.3 54.7 55.5 60.5

TABLE VI
TABLE SHOWING RESULTS FROM RUNNING THE ALGORITHMS USING 1/𝑐 AND ZERO INITIAL MEMBERSHIP VALUES FOR UNLABELLED PATTERNS.

The choice of suitable labelled patterns, prior to clustering,
lies in their features, their initial membership values and the
objective function of the algorithm. The presence of labelled
patterns that do not strongly belong to one class but have high
membership values will hinder the clustering process, reducing
accuracy. The objective function of the algorithm must have
some corrective property to handle such patterns, such as in
[24]. The authors extended the objective function to include the
relationship between classes and clusters, and parameterised
the confidence in the accuracy of data labels. The presence of
labelled patterns with strong features of a cluster helps give
a solid definition of a class. The idea of choosing unlabelled
patterns to label before they are used to supervise clustering
has been previously used in FSSC learning [6].

Two other separate experiments were conducted; one with

zero membership values for unlabelled patterns and another on
Endo-09 with manual initialisation of prototypes as performed
in the original work. The results using zero membership values
for unlabelled patterns are shown in the right half of Table VI.
The key observations are as follows:

∙ In contrast to the previous experiment, Endo-09 achieves
more than 80% correct classification in six out of nine
datasets with 4% of labelled patterns. We observe that this
algorithm is more sensitive to initial partition matrix for
supervision than the other algorithms. Thus, unlabelled
patterns with 1/𝑐 membership values may confuse pro-
totypes and hinder good clustering results. This causes
restricted learning and is not favourable in situations
when there are weak labelled patterns. Pedrycz-97, Li-
08 and Zhang-04 perform slightly better with zero initial



membership values for unlabelled patterns in six, three
and seven out of nine datasets, respectively.

∙ With manually initialised prototypes, the original Endo-
09 produced final prototypes that are slightly different
from those produced by the modified version, and so the
results produced by these two versions are different. The
dataset used in this experiment is provided in the original
paper [17], which is too small to deduce which of the two
produced better results. Manually initialising prototypes
of datasets with large dimensions will be impractical and
can make the clustering highly inaccurate.

V. CONCLUSION

As preliminary work in fuzzy semi-supervised clustering,
this study is aimed at investigating some existing distance-
based semi-supervised fuzzy c-means algorithms running on
popular datasets. We compared the clustering results of four
such algorithms, testing them on two forms of initialisation
of unlabelled patterns membership values; 1/𝑐 and zero. In
most cases, results were more favourable when using zero
membership for unlabelled patterns rather than using 1/𝑐. We
observed that issues such as scale differences of dimensions
in the data set, distance metrics, objective functions and
quality of labelled patterns affect clustering results. From our
experimental results, we observe that Mahalanobis distance
provides slightly better performance than Gaussian kernel-
based distance, and that the Euclidean distance metric performs
least well, on the selected data sets.

We recognise that algorithms that can achieve very high
percentage of correct classifications with few labelled patterns
are desirable. Also, the percentage of correct classifications
should increase with increasing percentage of labelled patterns
since more examples are available to guide the clustering.
However, some labelled patterns with poor discriminating
power, when used in some algorithms, can negatively impact
on clustering results. Research into algorithms that can filter
out ‘poorly’ labelled patterns or identify ‘good’ unlabelled
patterns to label prior to the clustering process is of interest to
us. It would also be interesting to incorporate such features
into existing dimensionality reduction algorithms and run
comparative performance tests.
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