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Abstract. In this paper we present a clustering technique called DenClust that produces high quality initial seeds through a deterministic
process without requiring an user input on the number of clusters k and
the radius of the clusters r. The high quality seeds are given input to
K-Means as the set of initial seeds to produce the final clusters. DenClust
uses a density based approach for initial seed selection. It calculates the
density of each record, where the density of a record is the number of
records that have the minimum distances with the record. This approach
is expected to produce high quality initial seeds for K-Means resulting
in high quality clusters from a dataset. The performance of DenClust is
compared with five (5) existing techniques namely CRUDAW, AGCUK,
Simple K-means (SK), Basic Farthest Point Heuristic (BFPH) and New
Farthest Point Heuristic (NFPH) in terms of three (3) external cluster
evaluation criteria namely F-Measure, Entropy, Purity and two (2) internal cluster evaluation criteria namely Xie-Beni Index (XB) and Sum
of Square Error (SSE). We use three (3) natural datasets that we obtain
from the UCI machine learning repository. DenClust performs better
than all five existing techniques in terms of all five evaluation criteria for
all three datasets used in this study.
Keywords: Clustering, Cluster Evaluation, K-Means, Data Mining.
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Introduction

Clustering groups similar records in a cluster and dissimilar records in different
clusters. It extracts hidden patterns, from enormous amount of data, that help
in various decision making processes. Therefore, it is crucial to produce good
quality clusters from a dataset.
K-Means is a widely used clustering technique, where the number of clusters
(k) needs to be provided by a user even before the clustering process starts [1]
[2] [3] [4]. Based on a user defined number of clusters, K-Means first randomly
selects k number of records as the initial seeds. It then goes through the clustering
processes and finally identifies k cluster centers, where each center represents a
set of records that belong to the cluster.
?
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An drawback of K-Means is its requirement of the user input on k. It can
be difficult for a user (data miner) to estimate the correct value for k [5] [6].
Another drawback is the possibility of selecting poor quality initial seeds due to
the random seed selection criteria of K-Means. A set of poor quality initial seeds
may lead to a poor quality clustering result [1] [7] [8].
An existing clustering technique called CRUDAW [9] obtains the initial seeds
and the number of clusters automatically through a deterministic process. The
deterministic process of CRUDAW requires a user defined radius r (of a cluster),
which is then used for producing the number of clusters and the initial seeds.
However, it can be difficult for a user to guess a useful value of r especially when
the user does not have good understanding on the dataset.
In this study, we propose a novel clustering technique called DenClust, which
produces the number of clusters k and the high quality initial seeds through a
deterministic process without requiring a user input on any parameters such as k
and r. For the selection of initial seeds from a dataset, DenClust first calculates
the density (score) of each record. The score of a record Ri the number of records
for which Ri is the nearest neighbor. The record Rj that has the highest score
is considered as the first seed S1 . The first seed S1 and all records for which
S1 is the closest neighbor are then removed from the dataset in order to select
the other seeds. For the remaining records of the dataset, DenClust repeats the
same process to select the subsequent seeds. The seed selection process continues
while the number of the remaining records is greater than a threshold (T ) that
has a default value. The value of T can be adjusted if necessary.
Since the initial seeds selected by DenClust are the centers of a dense region
they are expected to represent the natural clusters. Therefore, the initial seeds
are expected to be of high quality. Our empirical analysis to evaluate the quality
of initial seeds (presented in Section 4) also supports this expectation. The initial
seeds are then given input to K-Means to produce the final clusters of a dataset.
High quality initial seeds are expected to produce high quality clusters. Our
experimental results also indicate the superiority of DenClust.
To evaluate the performance of DenClust, we implement DenClust and a few
other existing clustering techniques namely CRUDAW [9], AGCUK [10], Simple K-Means (SK) [2] [3], Basic Farthest Point Heuristic (BFPH) [11], and New
Farthest Point Heuristic (NFPH) [11]. Three external cluster evaluation criteria
(F-measure, Entropy and Purity) and two internal cluster evaluation criteria
(Xie-Beni Index (XB) and Sum of Square Error (SSE)) [2] [9] [12] are used. We
use three natural datasets that we obtain from the UCI Machine learning repository [13]. Our experimental results indicate that the performance of DenClust
is better than the existing techniques in terms of all the evaluation criteria. We
also compare the computational time of the techniques.
The structure of the paper is as follows. In Section 2, we present some existing clustering techniques. Our proposed clustering technique is presented in
Section 3. An analysis of the quality of the initial seeds is presented in Section 4.
The experimental results and discussions are presented in Section 5. Finally we
give some concluding remarks in Section 6.
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3

Background Study

We consider a dataset D having n records D={R1 ,R2 ,. . . ,Rn }, and m attributes
A={A1 ,A2 ,. . . ,Am }. The attributes of a dataset can be categorical and/or numerical. We present a toy dataset in Table 1. The dataset has 10 records and
4 attributes (Age, Marital-Status, Qualification, and Occupation), where Age
is a numerical attribute and others are categorical attributes. The domain of
Age is [30, 65]. The domain values of Marital-Status, Qualification and Occupation are {Single, Married}, {PhD, Master, Bachelor} and {Academic, Engineer,
Physician}, respectively.
Table 1: A toy dataset
Record
R1
R2
R3
R4
R5
R6
R7
R8
R9
R10

Age Marital-Status Qualification Occupation
65
Married
PhD
Academic
30
Single
Master
Engineer
45
Married
Master
Engineer
30
Single
Bachelor
Physician
55
Married
PhD
Academic
35
Single
Bachelor
Physician
60
Married
PhD
Academic
45
Single
Bachelor
Physician
35
Single
Master
Engineer
42
Married
Master
Engineer

Simple K-Means requires a user to input the number of clusters k. It then
randomly selects k records as the initial seeds from a data set [2] [3]. All other
records are assigned to the nearest seeds to form the initial set of clusters. Based
on the records in each cluster, Simple K-Means re-calculates the seed of each
cluster [2] [14]. All records of the dataset are assigned again to different clusters
in such a way that a record is assigned to the cluster, the seed of which has the
minimum distance with the record. The process continues until one of the termination conditions (user defined number of iterations and a minimum difference
between the values of the objective function in two consecutive iterations) are
satisfied.
Basic Farthest Point Heuristic (BFPH) [11] also requires the number of clusters/seeds as a user input. It then randomly selects a record as the first initial
seed. However, unlike Simple K-Means, the other seeds are selected deterministically. The record having the maximum distance with the first seed is selected
as the second seed. For the selection of the third seed, the distance between a
record and its nearest seed is used. The record having the maximum distance
(with its nearest seed) is considered as the third seed. The seed selection process
continues until BFPH produces the user defined number of initial seeds or runs
out of records. The initial seeds are given to Simple K-means to produce the
final clusters.
New Farthest Point Heuristic (NFPH) [11] also requires the number of clusters as an input. However, it selects all seeds (including the first seed) deter-
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ministically. It first calculates the score of each record based on the frequency
of each attribute value of the record. The frequencies of the attribute values
appearing in a record are added together to obtain the score of the record. The
record having the highest score is considered as the first seed. The other seeds
are selected by using the same approach of BFPH, where the record having the
maximum distance with the first seed is selected as the second seed and so on.
NFPH works on a dataset that has only categorical attributes. In this paper
for the experiment of NFPH, if a dataset has a numerical attribute we then
categorize values of the numerical attribute to calculate score for each record.
The number of categories of a numerical attribute is computed by the square
root of the domain size of the numerical attribute.

3

DenClust: A Novel Cluestering Technique

In this study we propose a clustering technique called DenClust, which automatically computes the number of initial seeds without requiring a user input
on the parameters such as the number of clusters k and the radius r. It uses
a deterministic process to produce the initial seeds that represent the densest
regions of a dataset. The initial seeds are then fed into K-Means to produce the
final clusters of the dataset. The initial seeds are conceptually similar to the
cluster centers since each seed represents a dense region and no duplicate seeds
are chosen from the same region. Therefore, the initial seeds selected by DenClust are expected to be of high quality and good clustering results are expected
when the high quality initial seeds are given input to K-Means. The main steps
of DenClust are as follows (see Algorithm 1).
Step 1: Automatic selection of high quality initial seeds.
Step 2: Initial Seeds are fed into K-Means to produce final clusters.
Step 1: Automatic selection of high quality initial seeds.
We consider that out of all attributes A = {A1 , A2 , . . . Am } of a dataset
some can be numerical while the others can be categorical. Let us assume that
there are p numerical attributes An = {A1 , A2 , . . . Ap } and (m − p) categorical
attributes Ac = {Ap+1 , Ap+2 , . . . Am }. DenClust first normalizes each numerical
attribute in the range between 0 to 1 in order to give equal emphasis to each
numerical attribute while calculating the distance between two records. If the
ath numerical attribute Aa has the domain [l, u], where l is the lower and u is the
upper limit of the domain and Ri,a is the ath attribute value of the ith record,
Ri,a −l
.
then the normalized value of Ri,a is n(Ri,a ) = u−l
Let, a categorical attribute Ap+b = {ab1 , ab2 . . . abq } has q domain values.
DenClust computes the similarity of each pair of values (abi , abj ), sim(abi , abj ); ∀i, j
using an existing technique [15]. However, DenClust is not limited to the technique [15] and any other suitable technique can be used. The similarity of a
value pair varies between 0 and 1, where 0 means no similarity and 1 means a
complete similarity. The distance between two values of an attribute σ(abi , abj )
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is calculated as σ(abi , abj ) = 1 − sim(abi , abj ). Therefore, σ(abi , abj ) also varies
between 0 and 1, where a lower value means a smaller distance. While many
existing techniques [3] [16] consider the distance between two categorical values
to be either 0 or 1 (and nothing in between), Denclust considers them to be anything between 0 and 1 - based on the similarity between the values. DenClust
then calculates distance between all pair of records using Equation 1 as follows.
|Ap |

δ(Ri , Rj ) =

X
a=1

|n(Ri,a ) − n(Rj,a )| +

m
X

σ(Ri,b , Rj,b )

(1)

b=|Ap |+1

Algorithm 1: DenClust
Input : A dataset D, a threshold T (default 0.5%), the number of
iterations N for K-Means and a threshold  for K-Means
Output: A set of clusters C
Set S ← φ /*S is a set of initial seeds. Initially S is set to null*/
/*Step 1: Automatic selection of initial seeds*/
D0 ← N ormalize(D) /*Numerical attributes of D are normalized*/
count = 0
while |D0 | ≥ T do
Score ← CalculateScore(D0 )/*Score contains density of each record*/
R ← FindMax(Score)/*the record R has the maximum density*/
count = count + 1
if Score(R) ≥ T OR count ≤ 2 then
d ← Neighbor(D0 , R)/*d is the set of neighbors of R */
S ← S ∪ R/*add R in the set S */
D0 ← D0 − d
else
break
/*Step 2: Feed the Initial Seeds to K-Means to produce the final clusters*/
Set Ocur ←0, Oprev ←0
for t ← 1 to N do
C ← PartitionRecord(D0 , S)/*Partitions the records into clusters */
S ← CalculateSeed(C)/*Seed calculation */
Ocur ← SSE(D0 , S)/* SSE is the K-Means objective function */
if ( t > 1 and | Ocur -Oprev | ≤  ) then
Break;
Oprev ← Ocur
C ← PartitionRecord(D0 , S) /*Produce the final clusters*/
C ← Denormalize(C, D) /*The records in C are denormalized*/
return C

Based on the record to record distances, DenClust calculates the density
(score) of each record. The score of a record Ri is the number of records that
have the minimum distances with Ri . The record Ri having the highest score is
selected as the first seed. From the dataset, DenClust next removes the first seed
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Ri and all other records for which Ri is the nearest neighbor. From the remaining
records of the dataset, the record having the highest score is considered as the
second seed. The second seed and all records having their minimum distance
with the second seed are removed. DenClust continues the seed selection process
while the number of remaining records in the dataset is greater than or equal
to T , where we use the default value of T to be 0.5% of the total number of
records. Additionally, it only accepts a seed if the seed has at least T records for
whom it is the nearest neighbor (See Algorithm 1). However, DenClust choses
at least two seeds even if they do not have at least T records associated with
them. A justification of the default value of T is provided in Section 4. DenClust
also allows a user to input any other value for T if he/she wants to do so.
CRUDAW [9] requires a user defined radius r since it selects the record Ri
as a seed, where Ri has the maximum number of records within its r radius.
However, DenClust does not require an input on r since it selects a record Ri
as a seed, where Ri has the maximum number of records for whom Ri is the
nearest neighbor. To identify the nearest neighbor of a record we do not need r.
Step 2: Initial Seeds are fed into K-Means to produce final clusters.
The initial seeds are input to K-Means to produce the final clusters. With
high quality initial seeds K-Means is expected to produce high quality clusters [9]
[14]. The DenClust algorithm is presented in Algorithm 1.

4

An Analysis of the Quality of the initial seeds and the
default T value

Before we present our experimental results in Section 5, we now perform an
empirical analysis for the following two purposes; 1. in order to evaluate the
quality of the initial seeds that are chosen by the approach taken by DenClust
and 2. in order to explore a suitable value for T . For the first purpose, we
compare the DenClust seeds with the seeds that are randomly selected according
to the approach of Simple K-Means [2]. Two natural datasets called PID and
CMC (avaialble from the UCI machine learning repository [13]) are used in this
empirical analysis.
Additionally, for the second purpose we use different T values (2%, 1%, 0.5%
and 0.05%) and thereby produce different sets of DenClust seeds from a dataset.
The records of the dataset are divided among the seeds (that are selected for a
T value) where each record is assigned to its nearest seed. The records assigned
to the same seed are considered a cluster. We then evaluate the quality of the
clusters by XB index [12] and SSE [2] as presented in Table 2.
For each T value, we also select n seeds randomly where n is the number of
seeds that are selected by the DenClust approach for a particular T value. That
is, if we get 5 DenClust seeds for T =2% then we consider n=5 and randomly
select 5 seeds. The records are assigned in the same way to the seeds and thereby
clusters are formed. The quality of the clusters is again evaluated. For each n
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Table 2: The quality of the initial seeds
Dataset

T

2%
1%
0.5%
0.05%
2%
CMC
1%
0.5%
0.05%
PID

k XB(lower the better) SSE(lower the better)
DenClust’s Random DenClust’s Random
Seed
Seed
Seed
Seed
5 0.7687
0.8960
72.7507
73.4431
5 0.7687
0.8960
72.7507
73.4431
7 0.4899
0.8048
69.8585
70.4048
7 0.4899
0.8048
69.8585
70.4048
5 0.9066
1.0942
42.4171
45.0816
5 0.9066
1.0942
42.4171
45.0816
7 0.2590
0.5947
37.3593
39.8319
8 0.4938
1.6867
36.5858
40.5535

value, we select the seeds 10 times to minimize the randomness effect in the
results. Table 2 presents the average cluster quality of the 10 runs.
The results shown in Table 2 clearly indicate that DenClust seeds are of
higher quality than the seeds that are chosen randomly. Moreover, the results
also indicate that T =0.5% gives the best result for the PID and CMC datasets.
Therefore, in this study we consider 0.5% as the default value of T . In future
we will run extensive experiments using a big number of datasets (of different
types) in order to get a better understanding on the best default value for T .
Since a drawback of DenClust is its sensitivity to a suitable T value, in Fig 1 we
show the impact of two different T values (T =1.5% and T =1.0%) on an example
dataset (synthetic) having 200 records and 2 attributes x and y.

Fig. 1: A two dimensional dataset and its clusters for T =1.5% and T =1%

5

Experimental Results and Discussion

We evaluate DenClust by comparing it with five (5) existing (high quality) clustering techniques namely CRUDAW [9], AGCUK [10], Simple K-Means (SK) [2]
[3], Basic Farthest Point Heuristic (BFPH) [11] and New Farthest Point Heuristic (NFPH) [11]. We compare the performance of the techniques in terms of three
external cluster evaluation criteria namely F-measure, Entropy and Purity; and
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two internal evaluation criteria namely Xie-Beni Index (XB) and Sum of Square
Error (SSE) [2] [9]. Note that higher F-measure and Purity values indicate better clustering results, whereas lower Entropy, XB and SSE values indicate the
better results.
We use three natural datasets namely Contraceptive Method Choice (CMC),
Image Segmentation (IS) and Pima Indian Diabetes (PID) that we obtain from
the UCI machine learning repository [13]. We provide a brief introduction to the
datasets in Table 3. The CMC dataset has 1473 records and 9 attributes (where
2 of them are numerical and 7 of them are categorical attributes) excluding the
class attribute. The class size of the CMC dataset is 3 meaning that the domain
size of the class attribute is 3.
Table 3: A brief introduction to the datasets
Dataset

Records

Contraceptive Method Choice (CMC)
Image Segmentation (IS)
Pima Indian Diabetes (PID)

1473
2310
768

No. of
No. of Class
categorical numerical size
attributes attributes
7
2
3
0
18
7
0
8
2

Note that we remove the class attribute from a dataset before applying any
clustering technique on it, since typically the datasets on which clustering techniques are applied do not have the class attribute i.e. labels for the records.
The class attribute values are again used for cluster evaluation purposes using
different evaluation criteria such as F-measure, Entropy and Purity [2].
In the experiments, the number of iterations for DenClust, CRUDAW, SK,
BFPH and NFPH are considered to be 50 and the threshold T =0.5% and  =
0.005. In the experiments on SK, BFPH, and NFPH we consider the distance between to categorical values of an attribute to be either 0 (if two values are same)
or 1(if two values are not same) as suggested by some existing techniques [3] [14].
The original SK, BFPH and NFPH papers only consider numerical values and
are unable to handle categorical values.
In the experiments on AGCUK, the number of chromosomes in the initial
population and the number of generations are considered 20 and 50, respectively
as suggested in the study [10]. The values of rmax and rmin are considered 1
and 0, respectively based on recommendation of the study [10]. For CRUDAW,
the value of T is 1% of all records of a dataset and fuzzy coefficient β=2.2 as
recommended in the paper [9].
As mentioned above in the experiments we consider the maximum number of
iterations of K-Means (Imax ) to be 50 as a termination condition. We perform
an empirical analysis to justify the selection of Imax = 50. We run K-Means
on the PID dataset 50 times with just one termination condition  = 0.005.
From the 50 runs we aim to find out the number of iterations required by KMeans. We find that typically K-Means terminates in less than 50 iterations
when it only uses  as the termination condition. We consider  as the natural
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termination condition and therefore prefer to choose an Imax value that will let
the K-Means to terminate based on the value of , but will take care of unusual
situations where  fails to terminate even for a large number of iterations. In
Fig 2 we present the number of times (i.e. the frequency) K-Means terminates
in a particular number of iterations, out of the 50 runs of K-Means. K-Means
terminates 7 times in the 20th iteration. The maximum number of iterations
required by K-Means is 45. Therefore, we find that Imax = 50 is a suitable
option.

Fig. 2: The frequency versus iteration of K-Means to the PID dataset

We now evaluate DenClust by comparing its clustering results with the results of the five existing techniques as shown in Table 4. For T = 0.5% of the
total number of records, DenClust produces 7 clusters from the PID dataset. The
initial number of records associated with the 7 best seeds are 362, 177, 65, 51,
46, 30 and 20, respectively. We also produce 7 clusters by SK, BFPH and NFPH
to facilitate a fair comparison of the techniques. Additionally, for CRUDAW and
AGCUK we use the results where the techniques also produce 7 clusters from
the PID dataset. The clustering result obtained by a technique is then evaluated
using the evaluation criteria as shown in Table 4.
Table 4: The evaluation of the clusters on the PID dataset
Number of Cluster (k)=7; T =0.5%
Evaluation Criteria
DenClust CRUDAW AGCUK
F-measure(higher the better) 0.7612
0.7059
0.6855
Entropy(lower the better)
0.7612
0.8098
0.8601
Purity (higher the better)
0.7135
0.6953
0.6849
XB(lower the better)
0.3259
1.1486
5.8921
SSE(lower the better)
63.1986 63.3682 73.6601

SK
0.7008
0.8203
0.6823
2.0707
68.4794

BFPH
0.7143
0.8338
0.6698
2.4154
71.6003

NFPH
0.6752
0.7807
0.6810
2.4694
70.4184

Due to the random selection of initial seeds, SK and BFPH may produce
different clustering results in different runs. Therefore, in this study we run SK
and BFPH 10 times. For every run we compute the evaluation criteria values for
the set of clusters obtained in the run. Finally, we present the average value of an
evaluation criterion over the 10 runs. The results presented in Table 4 indicate
that DenClust performs the best on the PID dataset for all evaluation criteria.
We also run similar experiments on the IS and CMC datasets (see Table 5
and Table 6). For both datasets, DenClust produces 7 clusters and therefore
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Table 5: The evaluation of the clusters on the IS dataset
Number of Cluster (k)=7; T =0.5%
Evaluation Criteria
DenClust CRUDAW AGCUK
SK
F-measure(higher the better) 0.6006
0.5699
0.3878 0.5743
Entropy(lower the better)
1.5890
1.7694
2.2157 1.6265
Purity (higher the better)
0.4879
0.4268
0.2857 0.4602
XBeni(lower the better)
0.3384
0.3627
0.4242 0.7370
SSE(lower the better)
173.3157 192.8314 245.5020 180.8747

BFPH
0.2504
2.7893
0.1496
0.9369
327.7292

NFPH
0.2504
2.7900
0.1494
0.9871
327.8184

we produce 7 clusters by SK, BFPH and NFPH. We run Sk and BFPH 10
times and present the average results of the 10 runs. For the CMC dataset
CRDAW also produces 7 clusters, however for the IS dataset CRUDAW and
AGCUk produce 4 and 9 clusters, respectively. Since CMC has both numerical
and categorical attributes and AGCUK is unable to handle a dataset that has
categorical attribute/s AGCUK is not applied on the CMC dataset (see Table 6).
It is clear from the tables that DenClust performs better than the five (5) existing
techniques in terms of all five evaluation criteria used in this study for all three
datasets. That is a very strong result in favor of DenClust in terms of the quality
of clusters that it produces.
We now present the execution time required by a technique in Table 7. The
configuration of the machine used for the experiments is Intel (R) Core (TM) i5
CPU M430 @ 2.27GHZ and 4 GB of RAM. AGCUK requires the highest execution time, whereas SK requires the least execution time. DenClust requires less
execution time than AGCUK, but higher than the other techniques. However,
DenClust also achieves better clustering results than all techniques in terms of
all evaluation criteria for all datasets used in this study. The complexity of DenClust and CRUDAW is O(n2 ), whereas the complexity of AGCUK, SK, BFPH
and NFPH is O(n) [10], [11].
Table 6: The evaluation of the clusters on the CMC dataset
Number of Cluster (k)=7; T =0.5%
Evaluation Criteria
DenClust CRUDAW SK
F-measure(higher the better) 0.4666
0.4652 0.4637
Entropy(lower the better)
1.4469
1.451 1.4782
Purity(higher the better)
0.4691
0.4645 0.4587
XB(lower the better)
0.2919
0.4156 0.5825
SSE(lower the better)
33.2266 33.3159 34.505

BFPH
0.4581
1.4778
0.4549
0.4720
34.1787

NFPH
0.4515
1.4755
0.4576
0.4358
34.0617

Table 7: The execution time (in seconds) of the techniques
Datasets
PID
IS
CMC

DenClust CRUDAW AGCUK SK BFPH
38.243
8.464 507.5302 1.613 3.535
926.977 78.0258 962.768 21.2165 52.625
243.632
10.575
NA
1.899 2.9184

NFPH
4.688
57.891
4.373
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Conclusion

In this paper we propose a clustering technique called DenClust that uses a
deterministic process for the selection of initial seeds automatically without requiring any user input on the number of clusters and/or the radius of the cluster
seeds. DenClust is expected to get high quality initial seeds. An early empirical
analysis also indicates the high quality of the seeds selected by DenClust. High
quality seeds are then fed into K-Means as the set of initial seeds with an expectation of high quality final clusters. Our experimental results also support
the expectation as we find that DenClust performs better than all five existing
techniques used in this study in terms of all five evaluation criteria for all three
datasets.
In this study we also carry out some early empirical analysis on default values
for T and Imax . We plan to carry out extensive experiments on them using many
datasets in order to find suitable default values for them. The time complexity of
DenClust is currently higher than other techniques except AGCUK. Therefore,
DenClust is suitable for the applications where a better quality of clustering
result is appreciated even if it takes a longer time. For example, a scenario
where medical research is carried out on patient datasets in order to discover
treatment/prevention strategies and disease pattern. A better clustering result
can be appreciated as it is more likely to get better decision/conclusion even if
it takes more time.
However, our future research plans include further improvement of the time
complexity for DenClust. Out of the three main tasks (1. record to record distance calculation, 2. initial seed selection, and 3. K-Means) of DenClust, Task 2
requires the maximum time. For example, the execution times required by Task
1, Task 2 and Task 3 in the PID dataset are 5.805 sec, 29.894 sec and 2.558 sec,
respectively. The trend is similar in the other two datasets as well. We can reduce
the time complexity of Task 2 by using some existing techniques. For example,
we plan to explore existing techniques [17], [18], [19] for finding the nearest
neighbors with the O(nlogn) time complexity. Additionally, we also plan to use
the existing techniques [20], [21] for sorting the records in terms of their scores
(i.e. densities) where the techniques have the time complexity of O(nlogn). This
way we aim to reduce the execution time of the propsed technique. However,
the main goal of this paper is to analyse the ability of DenClust to get better
quality clustering results. The experimental results clearly support this goal.
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