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Abstract. Identification of customers in the business sector that really needs to be
done as an evaluation of a business that is run so that it can continue to grow and
be able to follow business developments in the same sector. The deep constraint
clustering approach is used to cluster customers towards a business. In this study, a
clustering of customers using rail mass transportation will be carried out. The
results achieved are the formation of 6 clusters using trains be built. The result of
research expected to be a consideration in improving services to the company.
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INTRODUCTION

In the development of Information Technology at this time, data processing has been very massive
carried out by carrying out several approaches and data construction (Rossmann & Van Beek, 1999).
Data mining is the one of the processes of extracting the data from a large database to be used in data
construction that involves many variables in it, the more data the more complex the value variations
will be. The data mining approach is carried out by taking into account the constraints and factors that
influence significantly because it will affect the segmentation of the data construction carried out. The
formation of partitions or segmentation of a data construction really needs to be done and considered
S0 as to be able to provide an overview of the variation of the data that is built. In its application the
construction of customer segmentation in a business profile is very important to note because the
quantity of consumers in a business is one of the benchmarks for the success of a business. The
obstacle that needs to be studied is how to group customer data on the customer behavior of each
product. Customer clustering is done to group customer data based on customer tendencies in
choosing products, this is done to find out which products tend to be in demand and less attractive to
customers. In terms of customer optimization, it is necessary to optimize the availability of products
that are less attractive to customers because this will have an impact on the operational value that
must be issued by a company, customer clustering will also have an impact on service improvement
by implementing new strategies to serve and meet the needs of customers. In the clustering process,
sometimes there will be outliers which are minority customers who are included in customer
segmentation, the outlier data contained in the database needs to be analyzed so that an approach to
calculating the distance between each cluster can be carried out. The Deep constrained clustering is
the popular method of k-means and EM. The addition of the resulting constraint from the ground truth
label allows a semi-supervised setting to increase accuracy when measured against a ground truth
label (Zhang et al., 2021, 2019).

Deep constrained clustering combines equality constraints between several product pairs to
find out which of several products in the data set are in the same group (positive constraint or must-
link constraint) and which are not in the same group (negative constraint or constraint cannot). -link).
Deep constrained clustering has been widely used in various real-world applications such as GPS-
based map enhancement or landscape detection from hyperspectral data (Markos & James, 2020). On
the other hand, in semi-supervised classification, learning involves using only a small amount of
labeled data along with a large amount of data with unlabeled elements (Kipf & Welling, 2016).
Basically, the pairwise constraints used in clustering cannot be directly converted into class labels,
and it makes a conceptual difference between clustering and semi-supervised classification.
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The formulation of the problem in this research is how to use the Deep Constrained
Clustering Approach to Create a Business Profile by clustering customers in a business so that it can
be seen that customer clusters have the potential to improve services.

LITERATURE RIVIEW

Clustering

Cluster analysis is the work of grouping data (objects) based only on the information found in the data
that describes the object and the relationship between them (Prasad & Balakrishnan, 2022). The goal
is that the objects that join in a group are objects that are similar (or related) to each other and
different (or unrelated) to objects in other groups. The greater the similarity (homogeneity) within the
group and the greater the difference between the other groups, this concept will be discussed in the
grouping. The purpose of working on data clustering can be divided into two, namely grouping for
understanding and grouping for use. If the purpose is for understanding, the group in the form must
capture the natural structure of the data, usually the grouping process in this goal is only a preliminary
process to then proceed with core work such as summarization (mean, standard deviation), class
labeling in each group for later used as training data classification, and so on. Meanwhile, if for use,
the main purpose of grouping is usually to find a prototype group that is most representative of the
data, providing an abstraction of each data object in the group where a data is located. There are many
methods of grouping (clustering) that have been developed by experts. Each method has its own
character, advantages, and disadvantages. Clustering methods are grouped into four categories:
partitioning methods, hierarchical methods, density-based methods, and grid-based methods. method)
(Kumar et al., 2003).

Partitioning Method

As the name implies, this method works by dividing or partitioning data into a number of groups. This
method is also known as the center-based method or representative-based method (Rozita et al., 2014)
because it works by determining cluster centers, where the cluster center can be an average, mode, or
a representative object of all objects in a cluster based on a certain size. As a formulation. Suppose
you have a data set D containing n objects in Euclidean space. This method divides n objects into k
clusters, Cy, Cy, . . ., Cy, without any overlapping objects, meaning C; c D and C; NC; = forl <i, j <
k. In this method the formulation of Sum of Square Error (SSE) written as:

SSE = Z?:l Zp €C; dist (p,¢;)

In this method, a cluster C; is represented as a centroid or conceptually as a cluster center point.
Censtroid can be the average (mean) or mode (modes) of all objects or data points in a cluster or it can
be medoid (an object or representative point that represents all objects in a cluster). The difference
between an object p in cluster C; and the centroid c; is calculated using the Euclidean distance
dist(p, ¢;). C; cluster quality can be measured using variations within the cluster, namely the sum of
squared error (SSE) between all objects in cluster C; and the centroid c;.

Deep Constrained Clustering

Constrained clustering aims to find clusters that meet user-specific constraints (Padilla & Blanco,
2020). User constraints can be classified into: cluster-level constraints, specifying requirements on
cluster or instance-level constraints, and specifying requirements on instance pairs. An instance-level
constraint (also called a pairwise constraint) is a constraint on pairs of instances (Ferracuti et al.,
2019). There are two types of instance-level constraints that were first introduced by, bound and non-
linkable constraints. The mandatory link constraint between two objects o;, 0; , denoted by
ML(o;, 0;), states that both objects o; and o; must be in the same cluster. On the other hand, the
constraint cannot link between o; and o; , denoted by CL(o;, 0;), meaning that the two objects cannot
be in the same cluster. (Santos et al., 2018), instance-level constraints have the following:
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1. The Transitive-constraint: Given CC, and CC, as the connected components, let oi and the value
of oj be objects in CC, and CCy, respectively. CCb, then (Sanchez et al., 2015):
ML (0;,05),0; € CCq,0; € CC, = ML (0x,05),V04,0y : 05 € CCq,0, € CCy
2. A cannot-link problem may occur. Suppose CC, and CC, as a connected components, let oi and 0]
be objects in CC, and CC,, respectively, then:
CL (04,05),0; € CCq,0; € CC, = CL (04,0y),Y0x,0, : 0x € CCq,0, € CCy

Constraint-Based Method
The part modified called COP-Kmeans to integrate bound and non-linkable constraints. The main
modification is that on each iteration, the object is updated so that no constraint is contravened. The
drawback of this approach is that it tries to satisfy all the constraints but the algorithm does not
provide any backtracking technique. As a result, the algorithm may fail to find the existing partition. It
happens when there are many obstacles, especially the cannot-link constraint:

me = Z"ilzclc oi
thus, the objects move to closets centroid respectively to minimize the vector quantization error
(VQE), written as:

1
VQE =~ Ycef1,k) Lo, e ¢ lIme = oI
The algorithm maodifies the error function to punish the contravened constraint, defined vector
quantization error finite CVQE, of a cluster c. by:

1 1
CVQEC E Eoi € CC(mC - Oi)z + E Zoi € CC,ML (Oi,Oj)OjEC'C,C'iC”mC - mlcllz +

2
Zoi € C.CL (Oi,Oj)OjECc”mC - mh(C) ”

METHODS
Customer Segmentation Cluster Analysis
Customer segmentation is the process by which a company divides its base customers into different
groups based on some shared characteristics (Jardim & Mora, 2022). This is done so that different
groups can be analyzed and marketing can be tailored to these groups based on their preferences to
increase sales and customer relationships.
Cluster analysis is a branch of the mathematical discipline that aims to grouping similar data into
subsets called cluster. Part of the data must have the same characteristics so that the cluster data have
similarities from other clusters. The essence of cluster analysis is to determine the distance from the
data point which is usually described as N xN (where N is the number of data) the dissimilarity of the
matrix D which has a member consists of the distance between to observation. It is assumed that a
matrix:

_____

Where is the number of data and p is the dimension of each data which has a dissimilarity dj(xij,xl-rj)
between the values of j . The value of dissimilarity of each data is defined as:

b b
D(xi,x;1) = Z Wjdj(xijrxi')»z wj =1
j=1 j=1

RESULT AND DISCUSSION

Problem Description

A railway company working in the transportation sector transports passengers from station A to
station B. Passengers who are escorted are very heterogeneous, in the survey that carried out there
were a total of 8.068 passengers (data attached). Each passenger is distinguished by ID, gender,
marital status, age, status study, work, work experience, expenses, number of families, and
segmentation train carriage. To improve management services, it is necessary to make observations
passengers and form customer clustering so that it can be known which customers have the same
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tendency to use train mass transportation facilities fire. The formation of customer clusters needs to
pay attention to the constraints that have been obtained from the data customers, the complexity of the
constraints will give the average customer value using rail mass transportation in this case the
management will do customer clustering into 6 clusters (k = 6). By knowing the customer cluster It is
hoped that the management will be able to provide priority service to passengers in the future.

Optimal Strategy Algortihm

The optimal strategy of business profile have two strategy of training and effectively such that create
mini batches for training. The example of the difficulty or global size constraint, treat their costs
function as addictive costs so there is no additional branches need to be created. Costs branches use
more complex costs functions because the constraints defines on pairs and even triples instances. So
create a branch another costs that contains a pairwise costs or a triplet costs t, to help the network

tune an embed that satisfies this stronger constraint. For each type constraint, a mini-batch is created
consisting of only instances that have that type of constraint. For each instance of a constraint type,
given an instance that is restricted over the network, computes costs, calculates the change in weight
but does not adjust the weight. Algorithm will summing the weight adjustments for all instances of the
constraint in the mini-batch and then adjust weights. Therefore the branch costs method is an example
of weight updating batch as standard in DL for stability reasons. The whole training procedure is
summarized in the following Algorithm:

Algorthm. The Framework of Deep Constrained Clustering

Input. sum of X: data, m: epoch maximum, k: sum of cluster, N: sum of stage, Nc: sum of constraint
of the stage

Output. The cluster of the population thus the value of cluster can be evaluate in developing the
bussiness

IF dataset is numeric choose numeric

ELSE IF dataset is character choose character

Transform character into numerical/dummy

calculate IC and IR

calculate Il and I1G

calculate sum of the costumer as Ic+IR+(I1IIT")

evaluate the costumer network based on the sum of costumer

ELSE

FOR segment = 1 to NAs do

calculate IPandIT

calculate total of costumer segmentation

END FOR

Calculate the optimal value of cluster

END

Algorithm Simulation Using R

In the simulation used, the author utilizes the R Programming work environment to perform data
normalization, calculations, and row transformations into appropriate variables for each constraint in
the pre-processing stage. Furthermore, the author uses Microsoft Excel as a simulation output in .csv
format which will then select the best customer cluster and eliminate variables that are at the furthest
distance from the cluster.
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FIGURE 1. Optimal Cluster

Based on the computational results of the R program, the optimal number of clusters is 10 clusters,
because management only wants 6 clusters it needs to be done minimization of clusters 6 out of 10 by
using the syntax clusters <- kmeans (dataset, centers = 6, iter.max = 10. By exporting data into the

form .csv write.csv (clusters$centers, file = "clustering.csv") will be shown:
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FIGURE 2. Costumer Segmentation

Based on the costumer segmentation simulation, we have to eliminate the same value that have no
unige value of each cluster, so the eliminate segmentation shown at the figure below Based on

simulation results with deep constraint clustering algorithm for business profile.
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The results showed that the 6 clusters produced showed heterogeneity of customers who using rail
transportation. The 6 selected clusters are:

1. Cluster 1: Young Single Doctor / Healthcare/Entertainment

2. Cluster 2: Single Male Entertainment /Healthcare

3. Cluster 3: OId Single Healthcare / Entertainment

4. Cluster 4: Old Single Lawyer / Executive / Healthcare /Entertainment

5. Cluster 5: Female Married Engineer / Marketing /Home Maker /Healthcare / Entertainment

6. Cluster 6: Old Single Doctor / Healthcare/ Entertainment
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With the formation of the passenger cluster into 6 clusters, the management can consider the service
of train carriages that suit the needs of the customers, passenger segmentation is done by taking the
average value of passengers in the same cluster.

CONCLUSION
Based on the research that has been done, it can be concluded that the method approach deep
constraint clustering for business profiling can be done by the formation of segmentation of passenger
data based on the specified constraints. Results The results obtained are in the form of passenger
clusters that have a tendency to use public transportation modes rail mass transportation. By knowing
the characteristics of passengers in each cluster, it can be be a consideration for the services to be
provided so as to be able to provide improvement of business services that have been carried out.
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