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ABSTRACT
Data mining is one of the most significant and developing trends in computer science world. It includes several concepts such as
classification and clustering. In the current research we focus on the clustering methods. In this paper, we introduces a new enhanced
Kprototypes algorithm (EKP) with three enhancements. The first is the centroids initialization methods, the second is the convergence
condition which is connected to the distance between the new and old centroids, while the third is vectorization process which minimize the
time complexity of KP significantly. We also modified the FCM algorithm to make the distance computation step more effective. We applied
our test on two dataset (Adult and CoverType) which are large mixed dataset and one of them included missed values which treated by two
different ways. In the experiments, we defined the best clustering algorithm, compare our results with traditional algorithms and the
international studies. The results showed that EKP achieved 4.769s only to converge and 68±4% clustering accuracy. The results showed that
EKP was better than EKP at CoverType dataset. The best initialization method was the space attribute-splitting with minimum time and
maximum accuracy. We compared our research with the previous ones and found that our research achieved the best time and accuracy
clustering.
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I.

INTRODUCTION

Data mining is one of the computer science trends and it
takes the importance of researchers due to its benefits and
importance in many applications like analysing big dataset to
investigate acknowledge about weather prediction, military
application, statistics of study centers, educational concepts
etc.
With the presence of large amounts of data stored in
databases and data stores, the need to develop powerful tools
for analyzing data and extracting information and knowledge
has increased. Hence, data mining has emerged as a technique
aimed at extracting knowledge from vast amounts of data. But
although these techniques have led to good knowledge and
useful databases, they are time-consuming in the exploration
process, making their effectiveness limited.
Our goal in the current research is to minimize the
clustering time and improve the performance in order to make
the data mining process more effective and robust.

II. RELATED WORK
There are many studies in the field of clustering of big data.
Kolen et al. [1], modified FCM to make it depending on linear
complexity approach. They minimized the time complexity
from O(NC2p) into O(NCP). The algorithm took 90.67s for
each iteration instead of 745s. However, their algorithm added
a new time complexity and didn't minimize time effectively as
they said.
Sun et al. [2], used the FCM and a series of integer indexes
to generate the initial centroids. His algorithm minimize time
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but didn't add any performance accuracy enhancement. The
time minimized by 48% off the original algorithm. The used
dataset in both Kolen and Sun studies were very small (no
more than 500 data points).
Liu [3], in 2008, applied FCM and partitioning of the data
points space to enhance the initial centroids generation. The
accuracy of clustering improved in case of little datasets only.
Chen et al [4] at 2011 used the Landmark-based Spectral
Clustering using random sampling to select landmarks (LSCR). They applied their experiments on CoverType dataset.
They got only 24.75% clustering accuracy and 134.71s as
average converge time.
Celebi [5] at 2013, modified FCM in order to generate
initial centroids based on the idea of that each data point is a
centre of other neighbours. They could define K number of
clusters for dataset. Their method lack the application on real
datasets.
Steteco et al [6], in 2015, used an improved FCM to
minimize the iteration of FCM. They reduced the iterations of
FCM by Factor 2.1 off the original FCM. They used very
small dataset.
In 2014, Cheung [7] used the Kprototypes algorithm. He
achieved a medium clustering time and high performance on
adult dataset. He got 61.45% ± 1.4% accuracy and 15s
average time.
Kim [8] at 2017 used the speed Kprototypes to minimize
the calculations of distances. He minimized time significantly
but on the other hand the accuracy degraded. The one iteration
took 5.8 seconds.
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Jang [9], at 2018, used the Efficient Grid-Based KPrototypes for clustering a randomized 10000 data points. He
achieved a time improvement against Kim's method where the
iteration took only 3.5s and less.
All the previous studies lacks many important research
points such as some of them depended only on one type of
datasets. Other studies processed the time or the accuracy. A
very little studies focused on them both. Very little studies
treated the problem of detecting the best ways of centroids
initialization methods. Some other studies [10,11,12,1314]
used the classification concepts which are another different
type of data mining.
In the current study we try to deal with all that points
together to make a robust clustering system which is effective
in both time and accuracy.

III.

Figure 1. The Suggested Modified KP algorithm
The modifications are with color red on figure 1.
We propose three different initialization approaches.
Figure2 shows them.

MATERIALS AND METHODS

In this study, we used and improved two different data mining
algorithms which are Kprototypes (KP) and Fuzzy C-Means
(FCM).
A. The New Enhanced Kprototypes (EKP)
We modified three stages of the original KP [15]. First, we
replaced the traditional random centroids initialization with a
new approaches which could initialize centroids with more fit
values and improve the performance.
The second modification is about how the algorithm
converge and stop iteration. In the original KP, there was a
number of iteration to perform clustering. In our method, we
related the convergence of KP with the difference between the
old and new centroids.
The third enhancement we made is the speedup of the
algorithm by applying the vectorization process on the KP
stages. Figure 1 illustrates the modified KP block diagram.

A.

B.
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C.
Figure 2. The Iniial Centroid Generation: A) the
randomized Euclidean distance way, B) the randomized
Euclidean distance based on space splitting way, C) the
randomized Euclidean distance based on space attributesplitting way.
The vectorization process is performed on KP algorithm to
minimize the time complexity of KP which is O(N*M*K*I)
[13] where N is the total number of data points, M is the
number of attributes, k is the number of clusters and I is the
number of iterations. The time complexity is minimized by Z
factor which is defined by Amdal's Law [16].
OnewKP=O(N*M*K*I)/Z; 𝑧=1/((1−𝐹)+𝐹 /𝑆)
(1)
Figure 3 shows a simple example of the vectorization
process.

Figure 3. Example of vectorization process on KP
algorithm.
B. The Modified FCM algorithm
We modified the original FCM algorithm [17] through two
modifications. The first was the preparing of data which
included the suntituion of missed values and the normaliztion
of data points. The second modification was the way to
compute the new distances from all centroids by the equation
(2) which achieved more cluster separation.
mfnew=1./(1+expo.^(U))
(2)
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Figure 4. The Modified FCM Algorithm
C. The Used datasets:
In the current research, we used two different datasets. The
first is the Adult dataset [18] which includes 8 numerical
attributes and 6 categorical attributes. It also includes a missed
values. Its Prediction task is to determine whether a person
makes over 50K a year.
The second dataset is the CoverType dataset [19] which
consists of 581012 records and 12 attributes. It is used to
predict the cover type of Roosevelt National Forest of
northern Colorado.
Table 1 includes detailed information about both datasets.
Table 1. Statistics of the used mixed data sets.
Dataset
Instances
Attributes
Class
30162
8 (cat) + 6 2
Adult
(num)
581012
2 (cat) + 10
CoverType
(num)
D. Performance Metrics:
We used some evaluation metrics for the Kprototypes and
fuzzy clustering techniques.
Equation 3 shows how can we compute the clustering
accuracy while equation 2 explains the Rand_Index metric
[20].
(3)
Where N is the number of data points, Ci is the cluster
number which the data point belong to, map(li) is the cluster
number in which the data points classified, and 𝜹 is a number
with two conditions (1 in case of matching between the
classified and original cluster number, 0 otherwise).
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Second, we used the Rand Index metric. Given a set of n
elements S={o{1},… ,o{n}} and two partitions of S to
compare, X={X{1},… ,X{r}}}, a partition of S into r subsets,
and Y={Y{1},… ,Y{s}}} a partition of S into s subsets, define
the following [21]:
𝑹=(𝒂+𝒃)/(𝒂+𝒃+𝒄+𝒅)
(4)
Where a is the number of pairs of elements in S that are in
the same subset in X and in the same subset in Y, b is the
number of pairs of elements in S that are in different subsets
in X and in different subsets in Y, c is the number of pairs of
elements in S that are in the same subset in X and in different
subsets in Y and d is the number of pairs of elements in S that
are in different subsets in X and in the same subset in Y.
Third, we used the following fuzzy metrics [22,23,24,25]:
Partition coefficient: which compute the intersection
between clusters.

E. Test Scenarios:
For the test step, we suggested many scenarios which include
comparatives between traditional and modified algorithms
besides the comparatives between our algorithms and the
other ones at the same datasets.
The test scenarios includes the following:
i.
Compare EKP with traditional one.
ii.
Compare the suggested initialization approaches and
define the best one.
iii.
Compare the missed values approaches.
iv.
Evaluate FCM on adult dataset based on the fuzzy
performance metrics.
v.
Evaluate EKP on CoverType dataset under different
iterations.
vi.
Evaluate FCM on CoverType dataset using fuzzy
performance metrics.
vii.
Compare EKP and FCM.
viii.
Compare our algorithms with the recent published
research on both adult and CoverType datasets.

(5)
where Ui,j is the membership matrix.
Coefficient entropy: compute the fuzziness of the
clustering.

IV.

Where 𝑋 ̅^𝑃 is the mean value of the all data.
Outer Scattering: computes the distance between clusters.
It is given by equation 10.

(10)
Where Dmin, Dmax are the minimum and the maximum
distances between centroids of clusters z and k.
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Where Xkp is the data point of P column and K raw in
dataset. Vip is the centre of ith cluster while ni is the number of
clusters.
The inner variance is gives as follows:

Enhanced KP (EKP)
(With Vectorization)

(7)
Where nc is the number of clusters.
The cluster variance is defined as follows:

Original
KP

(6)
Inner Scattering: compute the degree of correlation of
data points inside the cluster.

RESULTS

The results were carried out on a laptop with Intel core i5
processor and 4 GB of RAM.
A. Adult dataset results:
Here, we applied the first four test scenarios. Table 2
includes the result of applying KP on adult dataset before and
after the suggested modification. We used the number 10 as a
maximum iteration for KP.
Table 2. KP Time Comparative before and after The
Suggested Enhancement.

4.76
9

8.99
8

>20 Minutes

The enhanced KP algorithm achieved 68.33% clustering
precision compared to 64.9% for Kmeans.
We needed only 4.769 seconds until KP converges.
The next scenarios were to define the best initialization
algorithm for the initial centroids generation process.
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Figure 5 shows the difference between the four suggested
approaches on Adult dataset.

Clustering Performance without Missed
Values Substitution

Mean Values

80
70
60
50
40
30
20
10
0
Space AttributesSplitting

With Distance

Clustering Accuracy

Non-Similarity

Clustering Time

Rand Index

Centroids Initialization Methods
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a.
Clustering Performance without Missed
Values Substitution
100
Clustering
Accuracy
Clustering
Time
0
Rand Index

Mean Value

Figure 5. A Comparison between Initial Centroids
Generation Suggested Approaches on Adult Dataset.
In other point of view, the time comparison between that
four initialization approaches shows that the non-similarity
approach is the most expensive approach with mean-time
equals to 9.517 s, while the space splitting is the least one with
mean-time equals to 0.78 s.
If we discuss these two results, we find that the splitting
way which depends on the attributes similarity to portioning
the space is the best way from time and accuracy point of
view.
The last scenario of the KP algorithm on the adult data set
is to define the nature of missed values of this dataset and the
best way to treat them. We suggest to use two principles; the
first lets them missing while the second substitute them with
the ways introduced by our previous research on the same
dataset [26]. The second way replace the numerical values
with the mean value of all attribute values, and the categorical
values with the most frequently value through them. Some of
the missed values is inferred by other attributes values. The
"Education" missing values are replaced by the
"Education_num" attribute values and vice versa. The
"Relationship" missed valued are substituted by means of
"Material_status" attribute values and vice versa. Figure 6
shows the accuracy of enhanced KP algorithm under the two
approaches of missed value processing.

Centroid Initialization Method

b.
Figure 6. Accuracy of Enhanced KP Algorithm under The
Two Approaches of Missed Value Processing (a): Without
any way, (B) with the suggested substitution method.
The results shows that the type of Adult dataset is "Missing
completely at random (MCAR)" and the "Missing at random
(MAR)" because some missed values can be inferred from the
others while other missed values should be substituted with
other way (mean, mode,…).
The results also illustrates that the accuracy didn't change
significantly.
For the modified FCM clustering algorithm, we find that
the clustering spends 2.449 seconds to converge after 50
iterations. Table 3 includes the performance evaluation of
modified FCM on adult dataset. While table 4 shows a
comparison between KP and FCM on adult dataset.
Table 3. The performance evaluation of modified FCM on
adult dataset.
Attributes
Number Clustering Performance
of
Time
Metrics
Clusters
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2

2.449 s

Partition
coefficient
(similarity)
PC: 0.1844
Coefficient
Entropy (CE):
-0.2091
(max=0.3)
Inner
Scattering:
0.7533
Outer
Scattering:
3.6731
Clustering
Precision:
55.09 %
The KP algorithm achieves accuracy 65.83% with
clustering time 3.65 s, while FCM gets 55.09%, 3,74s at
iteration 75 for accuracy and time respectively.

b.
Figure 7. EKP performance on CoverType dataset: (a)
Clustering Accuracy, (B) Clustering Time.
B. CoverType Dataset Scenarios:
For the CoverType dataset, we introduces many scenarios
of KP and FCM. Figure 7 (a,b) show the EKP time and
accuracy results on CoverType dataset. On the other hand,
figure 8(a,b) includes the modified FCM clustering results.
It can be noticed that the average accuracy time is linear and
not exponential which approve that our enhancement
minimize the accuracy time.

ACCURACY
50
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Accuracy
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NativeCountry

30
20
10

EKP Clusering Accuracy on CoverType
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0

30
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a.

5
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Iter1 Iter2 Iter3 Iter4 Iter7 Iter10 Iter15
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EKP Clustering Time on CoverType Dataset
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Figure 8. Modified FCM performance on CoverType dataset:
(a) Clustering Accuracy, (B) Clustering Time.
Figure 9 shows the clustering result on CoverType dataset
after 75 iterations of modified FCM.

Number of Iterations
Time
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[7]
Current
Research

32465

5s

1.4%

1.129
s

68.33% ±
4%

64.9%

Table 5. A Comparison between our Algorithms and the
Previous Ones in Clustering on CoverType Dataset.
Research
Clustering
Accuracy (%)
Time (S)
181006.17
44.24
Chen )Spectral
Clustering) [4]
Figure 9. The clustering result on CoverType dataset after 75
iterations of modified FCM.
If we compare EKP and FCM clustering results on CoverType
dataset, we can define that EKP has a better performance and
this is due to the fact that KP is better than FCM with large
data processing. Figure 10 shows that difference.
Comparison between EKP and FCM on
CoverType Dataset

50
45
40
35
30

Yan (KASP) [27]
Shinnou (CSC) [28]
Chen )Nystrom) [4]
Chen (LSC-R) [4]
Chen (LSC-K( [4]
Li (SeqSC(200) [29]
Li (SeqSC(400) [29]
Li (SeqSC(600) [28]
Li (SeqSC(800) [28]
Current Research
(EKP)

360.07
402.14
258.25
134.71
615.84
980
620
420
230
85.55

22.42
21.65
22.31
24.75
25.5
28.5
27.8
27.2
27
28.14

Current Research
(FCM)

254.3

40.1

25
20

V. CONCLUSIONS

15

In this paper, we introduced a new Kprototypes algorithm
with three enhancements. The first is the centroids
initialization methods, the second is the convergence
condition which is connected to the distance between the new
and old centroids, while the third is vectorization process
which minimize the time complexity of KP significantly.
We also modified the FCM in order to make more
separation between clusters. We applied tests on two different
large datasets (Adult and CoverType). Experimental tests
shows that the new EKP is better than the original KP from
time and accuracy point of view. The new EKP is also better
than FCM for the CoverType dataset clustering. The
initialization process which depends on the splitting of data
space and the Euclidean Distance between data points is the
best initialization method. The adult dataset includes missed
values which is treated by our algorithms using two ways. The
tests shows that no significant accuracy or time enhancement
is achieved using the substitution methods for both numerical
and categorical values (i.e. the adult dataset missed values are
from the types MAR and MCAR).
The comparative study shows that our algorithms exceeded
the previous studies in case of accuracy and time enhancement.
The future work can be done on more time enhancement using
other parallel processing techniques and the fusion of our
algorithms with the evolutionary ones in order to make more
accuracy enhancement.

10
5
0
Iter1

Iter2

Iter3

Iter4

FKprototypes

iter7

iter10

iter15

Kprototypes

Figure 10. A Comparison between EKP and FCM on
CoverType Dataset.
C. The Comparative Study with The International
Researches.
The last step in our test scenarios is a comparison between
our algorithms and the previous ones in the field of data
mining and clustering. Table 4,5 include two comparatives
between our algorithms and the previous studies on Adult and
CoverType datasets.
Table 4. A Comparison between our Algorithms and the
Previous Ones in Clustering on Adult Dataset.
Research

Number
of
Records

Cluste
ring
Time

Accuracy
(EKP)

Accura
cy
(Kmean
s)

Cheung

32162

15.279

61.45% ±

61.31%
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