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INTRODUCTION

Electronic product sales have become an integral part of the modern
industry today. In this digital era, customers have easy access to various
electronic products such as smartphones, computers, tablets, and other
electronic devices. In a store, there are many electronic products sold in large
numbers, making it difficult for business managers to understand sales trends
and customer behavior as a whole.

To overcome this problem, clustering can be used as a method for
analyzing and understanding electronic product sales trends. Clustering is a
data analysis method used to group similar data into homogeneous groups or
clusters. In clustering, data is grouped into clusters that have similarities in
certain characteristics, such as product attributes or features. The clustering
method can help business managers understand customer behavior, sales
trends, and consumption patterns.

However, conventional clustering algorithms often produce low
performance, especially when applied to complex and high-dimensional data.
Therefore, the Fuzzy C-Means (FCM) algorithm can be a better choice for
clustering electronic product sales data. The FCM algorithm can overcome
inconsistency and ambiguity in data and can produce more complex groups.

Previous research has been conducted to optimize -clustering
performance using the FCM algorithm. One related study is conducted by
Zhang et al. (2019) entitled "An optimized FCM algorithm based on artificial
bee colony and grey wolf optimization for image segmentation." This study
used an optimized FCM algorithm with artificial bee colony and grey wolf
optimization to perform image segmentation. The results showed that the
optimized FCM algorithm produced better performance than the conventional
FCM algorithm.

Furthermore, a study conducted by Jain et al. (2018) entitled "Fuzzy C-
Means Clustering Based Segmentation of Brain MRI Images using Improved
Fuzzy Entropy with Inverse Weightage Factor" also used the FCM algorithm for
brain MRI image segmentation. This study developed a method to improve
FCM algorithm performance using the inverse weightage factor of fuzzy
entropy. The results showed that the proposed method could improve the
accuracy of brain MRI image segmentation.

The proposed study will implement the FCM algorithm with optimized
parameter grid for clustering electronic product sales. The parameter grid is a
technique used to find optimal parameters in the FCM algorithm. By using this
technique, more optimal and accurate clustering results will be obtained. The
aim of this study is to analyze electronic product sales trends and customer
behavior based on the clustering results.

This research will be conducted using electronic product sales data from
an electronic store. The data will be analyzed using the FCM algorithm
implemented with an optimized parameter grid. The clustering results will be
analyzed to identify electronic product sales trends and customer behavior. In
addition, a comparison of the clustering results between the FCM algorithm
with an optimized parameter grid and the conventional FCM algorithm will be
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conducted to show the advantages of implementing the FCM algorithm with an
optimized parameter grid in clustering electronic product sales data.

The purpose of this study is to improve the performance of electronic
product sales data clustering by using the FCM algorithm implemented with an
optimized parameter grid. By using this technique, more accurate and optimal
clustering results are expected to be obtained in analyzing electronic product
sales trends and customer behavior. The description of electronic product sales
is continuously increasing along with the advancement of technology. To
manage business well, store managers need to understand sales trends and
customer behavior as a whole. One method that can be used to analyze
electronic product sales data is clustering. However, conventional clustering
algorithms often produce low performance, especially when applied to complex
and high-dimensional data.

METHODOLOGY

The research method that can be wused in the study titled
"Implementation of Fuzzy C-Means Algorithm with Optimized Parameter Grid
for Clustering Electronic Product Sales" is as follows:

a. Literature Review Firstly, the researcher needs to conduct a literature
review to understand the basic concept of clustering and fuzzy c-means
algorithm, as well as its application in electronic product sales data. This
will help the researcher in selecting the appropriate clustering technique
to be used in this research.

b. Data Collection In this stage, it is necessary to collect electronic product
sales data from reliable sources. This data will then be used to perform
clustering using the fuzzy c-means algorithm.

c. Data Preprocessing After the data is collected, the researcher needs to
preprocess the data to clean it from noise or outliers. This can be done
using techniques such as filtering, smoothing, and so on.

d. Parameter Selection After the data is preprocessed, the researcher needs
to select optimal parameters for the fuzzy c-means algorithm. This can be
done using techniques such as grid search, where the researcher will try
several parameter combinations to find the combination that provides
the best clustering result.

e. Implementation of Fuzzy C-Means Algorithm This stage involves
implementing the fuzzy c-means algorithm wusing programming
languages such as Python or R. This algorithm will divide electronic
product sales data into several different clusters based on their similarity
characteristics.

f. Result Evaluation After clustering is performed, the researcher needs to
evaluate the results using metrics such as silhouette score or sum
squared error. This will help the researcher in evaluating the quality of
the clustering produced and ensuring that the selected parameters are
optimal.

g. Result Interpretation In this stage, the researcher needs to interpret the
clustering results to gain insights into the pattern of electronic product
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sales. The clustering results can be visualized in the form of graphs or
plots to facilitate interpretation.[5]

The data analysis technique

Used to analyse the dataset of uninhabitable houses in data mining

implementation involves the stages of the Knowledge Discovery in Databases
(KDD) process[6], which consists of Data, Data Cleaning, Data Transformation,
Data Mining, Pattern Evolution, and Knowledge, as shown in Figure 1.

Evaluation

?Transformed
Preprocessed Data

? Data I
|
|

Figure 1. Data Analysis Techniques

The KDD stages from figure 1 are:

1.

Data Selection this stage involves selecting relevant data for the research
purpose. Relevant data may include electronic product sales data such as
sales volume, price, and others.

Preprocessing this stage involves preprocessing data to clean data from
noise or outliers, filling missing values, and selecting relevant features.
Proper data preprocessing will improve the quality of the resulting
clustering.

Transformation this stage involves transforming data to convert
unstructured data into structured data. For example, converting
qualitative data into quantitative data.

Data mining the data mining used in this research is clustering using the
fuzzy c-means algorithm. Fuzzy c-means algorithm is a clustering
technique that divides data into several clusters based on the similarity
of characteristics between data.

Evaluation this stage involves evaluating the clustering results using
metrics such as silhouette score or sum squared error. This will help
researchers evaluate the quality of the resulting clustering and ensure
that the selected parameters are optimal[7][8]

RESULTS

The research results will describe the process of clustering electronic

product dataset through testing the Fuzzy C-Means Algorithm. This clustering
process is carried out using machine learning through software such as
RapidMiner Studio.
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The dataset used in this research consists of 900 records and 11 attributes
of electronic products. The dataset was obtained from the Kaggle repository
website https:/ /www.kaggle.com/datasets/kiranbudati/ mobile-
prices-flipkart. The data was in the form of a soft file document in CSV format,

with the

as shown in table 1.

No U Id Name Of.fer_ Or'lgmal_ Tot?ﬂ_ Tota.l RAM
Price  Price Ratings Reviews
1 HPOMEN Ryzen? 16GBDD
22D33RGW Octacorea 99990 124283 0 0 R5RAM
2 Infinixx1 16G BLP
1X0V8Dro Seriescorei7 10thgen 46990 69999 128 17 DDR4XRAM
3 EBK8ZBOF ASUS Vivo Book15 33990 45990 3600 370 8G BDD
ivo Boo RARAM
4 2UWFCQ6Z Asusvivo Book 43990 57990 2408 211 ZEEI\]ZDR
5 ASUSTUF Gaming 8GB
RHHI5SDCG F15Corei/ 47990 70990 1209 100 DDRARAM
6 Hppavilion Ryzen5 8GB
T2LBXWSX Hexa Corea 55990 63539 8146 851 DDRARAM
7 . 16GB
RWIIUFSL ~ Hpcorei5 12thgen 58499 72331 301 27 DDRARAM
8 .. . . 16GBL PD
NOF1Q7EX Infinixx1seriescorei7 46990 69999 128 17 DRAXRAM
9 ASUSTUF 3CB
D8P5OYHY Gamingal?7 51990 71990 350 47
: DDR4RAM
With90whr
10 Hpcorei 311t H 8GB
VR1DIKXD Gen- (8GB/ 40999 49508 1728 148 DDRARAM
. : : 16GBL P
900 JL6N2361 Infinixx1 Slimseries 46990 69999 80 20 DDRAXRAM

Table 1: Electronic Dataset

b. Data Selection
To read the dataset in excel format, use the Read Excel operator as shown

in Figure 2.

Read Excel

fil

v

out |)

Figure 2. Excel Read Operators on Rapidminer
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The parameters used for the Read Excel operator were the default
parameters. From the result of the Read Excel operator, the following

information was obtained.

No. Description Informasi
Record 900
Special 0
Attribute
Reguler
Atribute 1
Attribute :
1. u_id polynominal
2 Name polynominal
3 offer_price integer
4. original_price integer
5. total_reviews integer
6 Rating real
7. item_link polynominal
8. created_at date
9 processor polynominal
10 Ram polynominal
11 systemoperasi ~ polynominal

Table 2. Dataset statistics
To perform the first selection, which is to determine the ID in the dataset,
the Set Role operator is used as shown in Figure 3.

ﬂ exa 0 exa
&
onj )

Figure 3. Operator Set Role on Rapidminer

The parameters used in the Set Role operator are shown in the following
table.

No. Parameter Isi
1. Attribute name  u_id
2. Target role id

Table 3: Parameters and attributes selected
in the Select Attribute operator
The next selection on the dataset is done using the Select Attributes
operator, as seen in Figure 4.

1 exa e} e-a:'
ori

Figure 4. Attribute Select Operator on Rapidminer
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The attributes that were not selected are:
1. Name, because this attribute is relevant to u_id
2. Item link, because this attribute is relevant to u_id.

The process model in Rapid Miner
in the Selection step can be seen in figure 5.

Read Excel Set Role
n yf ot (] ea ) {l e el
4 {
ori on res
‘/ !

Figure 5. Model of the Selection step process in Rapid miner

c. Pre-processing

The data cleansing process or data cleaning for missing or inconsistent
values is carried out in the pre-processing step. Before performing this process,
an analysis is carried out to determine whether the selected dataset attributes
have missing values or not and whether the data is consistent or not.[9]

From the result of the dataset statistics as shown in Figure 6, it is known
that there are 3 attributes with missing values, namely the storage attribute (10),
Office (519), and Warranty (1). To check the consistency of the dataset being
used, it is directly examined per-record, and it shows that the dataset has
consistent data values. It turns out that the Office attribute has an NA (no
answer) value or in other words, it has no value or is missing.[10]

In the Pre-processing step, it is necessary to standardize or make
consistent the "no answer" or "NA" values to blank values. This requires an
operator called "Declare Missing Value" as shown in Figure 6.

ﬂ exa '#:' exa {-\\

Figure 6. Declare Missing Value operator in RapidMiner
The parameters used in the Declare Missing Value operator can be seen in
table 3.

\ No. Parameter Isi
1 Attribute filter All
type
2. Nominal Nominal
3. Nominal value NA

Table 3. Parameters in the Declare Missing Value operator.
Next, to turn these blank or missing values into a certain value, for
example, a nominal value, we can use the Replace All Missing’s operator as
shown in Figure 7.
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Figure 7. Replace All Missing’s operator in Rapid Miner.
The process model in Rapid Miner for the Preprocessing step can be seen
in Figure 8.

Selection Declare Missing Val..  Replace All Missings

{‘ ot u 7% w) jm % el =
- 1 A ass A
ot on P

v pre|

Figure 8. Preprocessing step process model in Rapid miner

d. Transformation

In the Transformation step, to convert data that is of polynomial or
nominal type to numeric type, we can use the Nominal to Numerical operator
as shown in Figure 9.

ﬂ exa [ g e-a[
on [
pre |

Figure 9. Nominal to Numerical operator in Rapid Miner

The parameters used in the Nominal to Numerical operator can be seen
in Table 4

No. Parameter Isi

Parameter

1. Attribute filter Subset
type

2. Garansi

3. Monitor

4, Off_now

5. Parametr Office

6. Coding type Processor

7. RAM

8. SistemOperasi

9. Storage

Table 4. Parameters and selected attributes
in the Nominal to Numerical operator
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The process model in Rapid Miner up to the Transformation step
(Polynomial to Numerical) can be seen in Figure 10

Selection Preprocessing Nominal to Numerical

inp (] in E‘ out | (in E‘ mn[ (2 P enl
] ] f

out in out|) ori ) res

v4 v4 pre:‘

Figure 10. Process model up to the Transformation step

e. Data mining

In the data mining step, since we use Optimize Parameter (Grid), the
Optimize Parameter (Grid) operator is used earlier before the Fuzzy C-Means
operator

| inp j per [

mod [
p:: l[
Figure 11. Optimize Parameter (Grid) operator on Rapid miner
Since the Optimize Parameter (Grid) operator is a type of sub process
operator, the Fuzzy C-Means operator is installed inside this operator, as seen
in Figure 12.

" =P

pro|)

mod | )

Figure 12.C-Means operator on Rapidminer

The parameters of the Fuzzy C-Means operator are ignored
After using the Fuzzy C-Means operator, use the Cluster Model from
Data operator to create a Cluster Model from the existing cluster attribute. The
Cluster Model from Data operator can be seen in Figure 13
g exa olu [

clu [

Figure 13. Cluster Model Operator from Data on Rapidminer
The parameters of the Cluster Model from Data operator are ignored.
Next, the Cluster Distance Performance operator is also used. This operator is
used to obtain the performance value of the parameters used in the Fuzzy C-
Means operator and the resulting model. The Cluster Distance Performance
operator is shown in Figure 14
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Performance
! exa

p&!’[\\
M ciu exa|)
J L
(] per clu )

Figure 14. Cluster distance performance
Parameter in the Cluster Distance Performance operator is ignored. The
process model in RapidMiner up to the Data Mining step is shown in Figure 15.

Selction Tranformastion

- out | .'\ - out | @ inp per
e s =

Fuzzy C-Means Cluster Model from ... Performance

inp ﬂ exa 0 -:-vaf} /j o cluI\ G exa % per|)
inp plo:\ 1 )

{ per
clu [\ ’4 clu era [ ) mod
[

mod ) | per el f) M
} \

out

Figure 15. Process model up to the Data Mining step
The parameters used in the Optimize Parameter (Grid) operator are
shown in the following table 5.

Paramete Operator Select Value
r Paramenters

Edit Fuzzy C-Means  Clusters Min : 2

Parameter Max : 10

Setting Steps : 10

Scale : Linear
measure_type NumericalMeasur

e
MixedMeasure

Performance main_criterion Davies Bouldin

(Cluster Distance

Formance)

Table 5:Selected parameters and attributes
f. Evaluation
The evaluation performed on the experimental results of the dataset
obtained from the Numerical Measures resulted in the Davies Bouldin value as
follows:

Literatio Cluster Davies Bouldin

n s

1 2 0.521
2 3 0.510
3 4 0.549
4 2 0.678
5 3 1.008
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6 4 4.170
7 7 0.611
8 8 0.672
9 9 0.676
10 10 0.770

From these results it was concluded that:

a. The optimal number of clusters based on the Fuzzy C-Means algorithm
is 3 clusters with Dbi = 0.510.

b. In measure type: Numerical Measure, Dbi = 0.510 and measure type:
Mixed Measure, Dbi = 0.611. So the best measure type is Numerical
Measure

1. Cluster 0 = 608 item
2. Cluster 1 =202 item
3. Cluster 2= 90 item

Additional information on two graphic displays
1. Cluster vs Rating

Cluster vs Rating

Figure 16. Clusters vs Ratings
Information:
The members of cluster 0 have a better distribution than those of cluster
1 and 2, the distribution of members in cluster 1 and 2 are more abundant than
cluster 1 and 2, while the rating of cluster 0 is better than cluster 1 and cluster 2.

2. Cluster vs Garansi

Cluster vs Garansi

lllllllll

Figure 17. Clusters vs Guarantees
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Information:

The distribution of group members in cluster 0 is better than cluster 1 and
cluster 2, and the spread of group members in cluster 0 is greater than cluster 1
and cluster 2, while the rating of cluster 0 is better than cluster 1 and cluster 2.
The better guarantee is in cluster 0 because its group spread is more compact.

CONCLUSIONS AND RECOMMENDATIONS
Based on the results of the electronic dataset clustering study using the
Fuzzy C-Means algorithm, the following conclusions can be drawn:

1. The best information on the clustering of the Electronic dataset can be
obtained based on the Davies Bouldin Index value generated from the
Fuzzy C-Means algorithm, which is on measure type: Numerical Measure,
Dbi = 0.510, and measure type: Mixed Measure, Dbi = 0.611.

2. The analysis and clustering of the Electronic dataset using the Fuzzy C-
Means algorithm show that the best clustering results can be obtained
with 3 clusters, where cluster 0 consists of 608 items, cluster 1 consists of
202 items, and cluster 2 consists of 90 items.

3. The number of members in each of the best clusters is as follows: Cluster 0
= 608 items, Cluster 1 = 202 items, Cluster 2 = 90 items.
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