
Observation-Based Hybrid Classi�cation Algorithms for Customer Segmentation 295

ECTI Transactions on Computer and Information Technology
Journal homepage: https://ph01.tci-thaijo.org/index.php/ecticit/

Published by the ECTI Association, Thailand, ISSN: 2286-9131

Observation-Based Hybrid Classi�cation Algorithms for
Customer Segmentation

Kulkatechol Kanokngamwitroj1 and Chetneti Srisaan2

ABSTRACT Article information:
The customer segmentation model aims to cluster customers based on their
speci�c characteristics. Relying solely on a simple classi�cation algorithm
may not yield optimal results. Our research proposes an Observation-
Based Hybrid Classi�cation (OBHC) algorithm to enhance the customer
segmentation model by utilizing customer segmentation data from a public
source. Observation-based clustering methods di�er from simple classi�ca-
tion or clustering models by being a hybrid system speci�cally engineered
to boost the performance of predictive models. Furthermore, the focus is
on evaluating metric values after clustering to demonstrate performance
improvement. The experiments demonstrate signi�cant performance im-
provements across various classi�cation algorithms. The most notable en-
hancement observed with the proposed algorithm is up to 43.86% on aver-
age accuracy score, 24.25% on average precision score, 20.25% on average
recall score, and 32% on average F1-score, as shown in the experiment
section. This research contributes by introducing a novel process for data
scientists to tackle customer segmentation challenges, identifying higher-
performing segments that meet business needs, and providing executives
with the �exibility to adopt them. The research underscores the signi�-
cance of employing hybrid models to classify customers better, providing
valuable insights for advancing business development and improving cus-
tomer service.

Keywords: Classi�cation,

Clustering Algorithm, Hybrid

Model Introduction, Machine

Learning

Article history:

Received: March 17, 2024

Revised: May 2, 2024

Accepted: May 23, 2024

Published: June 8, 2024

(Online)

DOI: 10.37936/ecti-cit.2024183.256082

1. INTRODUCTION

Customer segmentation can help understand cus-
tomers and is essential in identifying potential future
customers. It is also possible to de�ne speci�c mar-
keting strategies considering customer groups. For a
data scientist, the main job is to �nd the best model
to �nd the answer to a problem. Many researchers are
exploring innovative approaches to tackle customer
segmentation issues that exhibit unique characteris-
tics compared to typical problems. The characteris-
tics of each customer are not the same. Additionally,
their needs and behaviors are di�erent and can al-
ways change. As a result, customer segmentation has
unique characteristics and is di�cult to predict. The
customer segmentation problems have a particular
structure and need a new process or method for cre-
ating predictive models for executives. Consequently,
segmentation is of great importance.

A classi�cation model forms the foundation of a
machine learning approach that aims to uncover la-
tent patterns using class labels. While commonly
used to create predictive models for customer segmen-
tation, the limitations of existing classi�cation tech-
niques alone cannot provide the best results for the
customer segmentation problem. As shown in Table
1, the performance values of the four algorithms are
notably low. The problem arises because many seg-
ments are mixed in the same dataset, so separating
the segments �rst is probably a good solution.

After reviewing the research papers
[10,15,16,17,18] on the limitations of existing clas-
si�cation techniques in customer segmentation, a
new algorithm is needed to overcome these limita-
tions. The classi�cation and clustering models are
frequently combined within the same application. As
detailed in multiple research papers [1, 2, 3, 4], hy-
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brid models blend clustering and classification tech-
niques. Within the scope of Customer Segmenta-
tion, traditional classification algorithms might need
to be revised, which is why this paper introduces the
OBHC algorithm. The primary concept of the OBHC
algorithm involves clustering the entire dataset into
smaller clusters and renaming them based on their
characteristics. A classification algorithm is subse-
quently used to create a predictive model for each
new cluster.

Fig.1: A Selected Public Source from Github.com,
which Contains Thousands of Records of Cus-
tomer Segmentation Data (https: // github. com/
ugursavci/ Customer_ Segmentation_ Medium/
blob/ main/ segmentation %20data. csv ).

The objective of this research is to develop a newly
invented algorithm that can increase the performance
of the predictive model by first clustering into appro-
priate segments and then performing classification to
get the best predictive model in each segment. The
elbow method and K-Means algorithm were applied
in this experiment to ascertain the best number of
clusters.

1.1 Dataset and Tools

Python and Scikit-learn (Sklearn) are selected
as the programming language and machine-learning
tools, sequence, because of their ease of demonstra-
tion and implementation. The experiment section
features the implementation of various Scikit-learn
machine learning libraries, such as Gaussian Pro-
cesses, K-Nearest Neighbours, Gradient Boosting,
and Random Forest. Additionally, Decision Tree clas-
sification is applied to enhance data visualization, en-
abling the extraction of new insights from significant
factors affecting the model.

The dataset, obtained from the widely recognized
public data source Github.com, comprises thousands
of entries related to customer segmentation, as shown
in Figure 1.

1.2 Research Question

This experiment focused on three research ques-
tions about methods or processes for finding good
customer segmentation.

Question 1: Does customer segmentation have
unique properties or unique structures?

Question 2: Are the techniques of clustering or
classification sufficient for the process of finding cus-
tomer segmentation?

Question 3: Want to find a method or process for
finding customer segmentation that meets the needs
of executives?

1.3 Performance of Simple Classification
Model

This section demonstrates that a simple classifica-
tion model is insufficient for discovering new knowl-
edge. Four simple classification algorithms were used
on the entire dataset.

Fig.2: Define Class Label.

Figure 2 displays a partial extraction of Python
source code applied to the entire dataset. In
the second line of Figure 2, the “pandas.
DataFrame.rename()” function, ‘Settlement size’ is
the class label for the entire paper. The class labels
are assigned as follows: ‘S’ for small size city, ‘M’
for medium size city, and ‘L’ for big size city. The
performance metrics, including Accuracy, Precision,
Recall, and F1-score, are detailed in Table 1. Fur-
thermore, the evaluation of The Receiver Operating
Characteristic (ROC) curve and the Area Under the
ROC Curve (AUC) metrics is covered in section 5 as
part of the performance evaluation.

Table 1: A Performance Matrix of The Original
Datasets.
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Table 1 displays a collection of low-performance
metrics, without consideration for data distribution
and structure. Considering these metric values, the
model is deemed unacceptable.

The class label (‘Settlement size’) was kept con-
sistent throughout the experiment to enable a per-
formance comparison between the algorithm and the
normal classification model. The dataset was split
into four segments, each denoted by a number [0, 1,
2, 3], while maintaining the data structure. An addi-
tional Segment K-Means column, illustrated in Figure
3, was introduced. This supplementary column spec-
ifies the group to which each row belongs. The re-
searcher then segmented the data into four datasets,
each corresponding to a segment based on their re-
spective names. To clarify, segment 0 was labeled ‘El-
derly C’, segment 1 was labeled ‘Small City C’, seg-
ment 2 was labeled ‘White-collar C’, and segment 3
was labeled ‘Labor C’.

Unlike a standard classification model, an
observation-based clustering method is a hybrid
model designed to improve the performance of classi-
fication models. A customer segmentation model has
been selected for demonstration purposes.

Fig.3: Characteristic Findings on Data Analysis.

Figure 3 illustrates that each cluster has differ-
ent characteristics, as observed from the distribution
statistics. For example, in Segment 0, individuals in
this group tend to have higher levels of education and
age than all other segments, which is a distinguishing
feature of this group. Based on this observation, the
researcher separated them into unique groups. This
technique is termed the “observation-based cluster-
ing” method.

1.4 Research Objective and Contribution

The paper aims to develop more comprehensive
predictive models for customer segmentation than
previously achieved. In essence, the greater the di-
versity of new segments discovered, the broader the
range of predictive models generated.

The contributions of this research are as follows:
1) Creating a novel process or guideline for data

scientists to use as a new approach to solving cus-
tomer segmentation problems.

2) The more segmentation, the more personalized
the concept. In other words, the algorithm enhances

customized services.
3) Highlighting the flexibility and enhanced per-

formance of OBHC as a hybrid algorithm.
The rest of this research is structured as follows:

Section 1 contains the introduction, while Section 2
provides a literature review. The methodology em-
ployed in the study is outlined in Section 3, followed
by a description of the experiment in Section 4. Sec-
tion 5 presents the experiment result, while Section
6 includes a discussion and considerations for future
research. Lastly, Section 7 offers the conclusion.

2. RELATEWORK

Mǐskovic [1] examined both implicit and compre-
hensible knowledge, merging them into a hybrid clas-
sification model to harness the advantages of both
types.

S. R. Gaddam, V. V. Phoha, and K. S. Balagani [2]
proposed the first hybrid algorithm combining clas-
sifications and clustering. Their model is named K-
Means+ID3.

Wong et al. [3] stated that the regular classifica-
tion model provides low accuracy and precision scores
and is impractical for real-life use. They introduced
Hybrid Classification Algorithms designed to address
instances of misclassification.

J. Xiao et al. [4] introduced the Hybrid Classifica-
tion Framework using Clustering, which incorporates
clustering techniques to boost classification accuracy
and effectiveness through hybrid and one-step meth-
ods.

ZHANG, Libao, et al. [5] proposed using tech-
niques such as K-Means to establish class labels auto-
matically instead of manually. Previously, researchers
manually assigned NBA class labels. Their approach
improved upon traditional classification models by
initially implementing clustering.

Deligiannis et al. [6] suggested a method for fore-
casting the ideal date and time for sending personal-
ized marketing messages to returning customers. The
methodology was based on data mining techniques
and utilized historical transaction data to predict the
future behavior of repeat buyers.

Tabianan et al. [7] proposed a clustering model
based on customer purchase history records on e-
commerce to analyze three groups, including event
type, products, and categories, to assist vendors in
identifying high-profitable segments.

Coelho, P. et al. [8] investigated the effect of ser-
vice personalization on loyalty and measured some of
the psychological dynamics involved in the process.

Kulkatechol, Kanokngamwitroj, et al. [9] demon-
strated that machine learning can enhance under-
standing of the customer (student) needs to pro-
vide personalized services to individuals. They cus-
tomized the Learning Management System using ma-
chine learning algorithms to better understand cus-
tomer needs.
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Erman, Jeffrey, Arlitt, Martin, and Mahanti [10]
proposed a new classification model that effectively
utilized a clustering model to identify groups of traffic
as a class label. Their findings strongly supported the
enhancement of classification models through cluster-
ing and marked a pioneering contribution to solving
network traffic classification problems.

Lewaa, I [11] integrated machine learning and
RFM analysis to predict customer churn using trans-
actional data. They are using clustering methods
such as K-Means and DBSCAN.

Li, Xiaotong, et al. [12] established the framework
for a customer segmentation marketing strategy that
combined support vector machines and clustering al-
gorithms.

Altartouri, H., Tamimi, H., and Ashhab, Y. [13]
demonstrated how a clustering technique could im-
prove a classification model. Their work aimed to
evaluate the improvement in protein classification by
clustering proteins into sub-clusters at first. The find-
ings demonstrated that the clustering algorithm could
enhance classification accuracy.

Wu, J. and Lin, Z. [14] proposed a customer seg-
mentation model using clustering algorithms. They
used credit card consumption data as data samples to
construct a modeling framework that utilizes pattern-
based clustering approaches and signature discovery
techniques.

Alghamdi, Abdullah [15] chose to use a hybrid
method instead of relying solely on a classification
model because each group of customers possesses
unique characteristics. Considering these differences,
relying on a single classification, or clustering model
is inadequate for addressing real-life customer seg-
mentation problems.

Gautam and Kumar [16] suggest using machine
learning for customer segmentation and recommend
exploring alternative methods beyond K-Means due
to the complexity of customer segmentation problems
in their article.

A. Hiziroglu [17] defines the term “soft comput-
ing” as a family of data mining techniques used for
customer segmentation research. Various data min-
ing techniques, including classification, and clustering
algorithms, are employed to explore segmentation in
this area.

M. Mosa et al. [18] opted for a hybrid model in-
volving clustering, dividing the bank’s customers into
four clusters to comprehend unique features. The
distinctiveness of each cluster enables executives to
devise marketing strategies more effectively than tra-
ditional analysis methods.

3. METHODOLOGY

A research methodology is presented through the
following Pseudocode, as shown in Figures 4 and 5.

Figure 4 shows all lines of code in Pseudo format
for conciseness.

Fig.4: Pseudo Code.

Fig.5: Proposed Algorithm Diagram.

Figures 4 and 5 show all lines of code in Pseudo
format for conciseness and diagrammatic representa-
tion.

This section presents a hybrid model combining
clustering and classification. The methodology is de-
scribed and explained in the Pseudocode through the
following steps.

1) Line 1: Calculate the number of clusters by
initializing n=0 and calling the elbow method
function. The function returns n, which is the
optimal number of clusters.

2) Line 2: Call the K-Means function to cluster
the dataset and assign names to each new clus-
ter.

3) Line 3: Call classification algorithms to cre-
ate prediction models, as discussed in section 4.
This step involves tailoring each cluster based
on its observed characteristics.

This research aims to formulate a new algorithm
that can construct new sub-clusters of new knowl-
edge. These new clusters are statistically at signifi-
cant levels clustered into sub-clusters that are used for
classification models. In other words, several new pre-
dictive models are based on these sub-clusters. These
methods aim to personalize a classification model,
creating new knowledge. Each classification model
is utilized as a predictive model.

Lines 1, 2, and 3 in the Pseudocode represent
the algorithms concisely. Lines 1 and 2 construct
all clusters formulated by observation-based meth-
ods. Through observation, the researcher identifies
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new clusters hidden in datasets. With each cluster,
new classification models are developed. The greater
the number of clusters, the more classification models
or new knowledge can be obtained.

Line 3 is to personalize each cluster into a new
knowledge (predictive model). Without clusters, it is
impossible to discover those new predictive models.

Therefore, the OBHC algorithm is a ground-
breaking method for uncovering and discovering new
knowledge from the clusters.

4. EXPERIMENT

This section covers the data preparation phase,
comprising data gathering, scrubbing, and refine-
ment. During data collection, the source of all data
collected is the customer loyalty cards.

4.1 Step 1: Pearson Correlation Coefficient
and Correlation Heatmap Diagram

The formula for the Pearson coefficient is cov(X,Y )
σY

, where Cov (X, Y) denotes the covariance between
variables X and Y, and σX and σY are the standard
deviations of variables X and Y, respectively. Signif-
icantly correlated variables with a positive associa-
tion are (Age, Education) [0.65] and (Income, Occu-
pation) [0.68], as shown in Figure 6.

The heatmap illustrates how the Seaborn Library
can be utilized to create and visualize the covariance
matrix across customer attribute variables. It also
displays the correlation between each attribute.

Fig.6: Correlation Heatmap Generated from Cus-
tomer Segmentation Data as A Model.

4.2 Step 2: Find the Number Clusters Using
the Elbow Method

The elbow method is a well-known technique used
with K-Means to calculate the optimal number of
clusters, as illustrated in Figure 7. To perform K-
Means clustering, some features, such as income, may
have much different scales than others. Sklearn’s

standardization is applied to all features to ensure
all features are treated equally. The within-cluster
sum of squares (WCSS) is employed to identify the
optimal number of clusters for k values. The Sklearn
kmeans.inertia function is a built-in function utilized
for this purpose.

Fig.7: Elbow Method.

Fig.8: Optimal Point Determined by Elbow Method
(N=4).

Figures 7 and 8 illustrate finding the optimal point
using the elbow method. Noticeably, the maximum
percent change of inertia occurs at the point where
N=4.

4.3 Step 3: Define New Clusters by Name

The classification performance scores in Table 1
are unacceptable and meaningless without a cluster-
ing model. Therefore, a clustering algorithm such
as K-Means is applied first to uncover new insights.
Each cluster is indexed based on its observations in
Figure 3; hence, each cluster will never be identical.
The steps of this experiment are described as follows.
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Step 2, Create all new clusters: Based on the elbow
method in Figures 7 and 8, the K-Means algorithm
is applied with a value of k set to 4 for the number
of clusters.

Fig.9: Create All New Clusters.

Figure 9 shows how to create four new clusters
using the K-Means algorithm.

Step 3, Define and Assign cluster names: Figure
10 describes the characteristics of each segment, all
of which are unique and clustered. Using human ob-
servations, each new cluster is named appropriately
through demographic customer segmentation. Each
new cluster is then separated into datasets for subse-
quent analysis using a classification model.

Cluster No 1: This cluster comprises young work-
ing professionals with an average age of 29. Refer to
Figure 3 for details. They have good incomes and
strong occupational records. Therefore, it is named
“White-collar C”.

Cluster No 2: This cluster is characterized by the
lowest salary values, suggesting residents living in
small cities with a lower level of education than it
is named “Small City C”.

Cluster No 3: This cluster is identified as “La-
bor C” and showcases relatively lower levels of ed-
ucation but higher income and occupational status.
All individuals within this cluster reside exclusively
in big or middle-sized cities. This characteristic tends
to labor-intensive staff.

Cluster No 4: This cluster features the oldest aver-
age age and highest education attainment compared
to all other clusters. Therefore, it is named “El-
derly C”.

The new column labeled “Cluster Name” serves as
the designation for each cluster. The results of the
assignment are shown in Figure 10.

Fig.10: Named Clusters After Data Normalization.

Figure 10 shows four new clusters, including
White-collar C, Small City C, Labor C, and El-
derly C.

Step 3: Separate the data into a new dataset. Fig-
ure 11 shows four new clusters:

Cluster 1 is the White collar DS dataset, consist-
ing of 419 records.

Cluster 2 is the Small City DS dataset, consisting
of 632 records.

Cluster 3 is the Labor C DS dataset, consisting of
270 records.

Cluster 4 is the Elderly C DS dataset, consisting
of 679 records.

Fig.11: Four New Clusters.

Fig.12: Accuracy Score Comparison.

Figure 12 demonstrates meaningful improvements
in clusters C1 (White-collar) and C2 (Small City).
Additionally, models for C4 (Elderly) also exhibit en-
hancements over simple classification (without clus-
tering). However, the most notable improvement is
seen in the small city cluster. Specifically, the Gaus-
sian Process Classifier model shows the most consid-
erable improvement, increasing from 0.27 to 0.9568,
marking a substantial improvement of 68.68%. These
increases in accuracy scores underscore the impor-
tance of clustering for model refinement. Neverthe-
less, determining the most suitable classifier for the
predictive model depends on evaluating the Receiver
Operating Characteristic (ROC) Curve and the Area
Under the ROC Curve (AUC) values in Section 5.

5. PERFORMANCE EVALUATION

This research demonstrates how the new algo-
rithm can enhance overall performance. Table 1 illus-
trates the original low performance of a simple clas-
sification. To improve this, the researcher proposes
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the OBHC algorithm, which utilizes clustering tech-
niques. Specifically, the K-Means algorithm segments
the dataset into smaller clusters based on its charac-
teristics. This approach, termed ’Observation-based
Clustering,’ differs from traditional clustering meth-
ods by considering the dataset as a whole rather than
clustering based on individual attributes and statis-
tical values. These evaluate metric values after clus-
tering to demonstrate the performance improvement.

Fig.13: Average Accuracy Score.

Figure 13 shows that all classifiers yield signifi-
cantly higher average accuracy scores after clustering.

Fig.14: Average Precision Score.

Figure 14 shows that all algorithms achieved a sig-
nificantly higher average precision score after cluster-
ing.

Fig.15: Average Recall Score.

Figure 15 shows that all algorithms attained sig-
nificantly higher average recall scores after clustering.

Fig.16: Average F1-Score.

Figure 16 shows that all algorithms achieved sig-
nificantly higher average F1 scores after clustering.

Based on the results, it can be concluded that or-
ganizing the data into four clusters led to improved
performance.

In this section, the researcher focuses on assess-
ing the effectiveness of classification models. The
Receiver Operating Characteristic (ROC) curve and
the Area Under the ROC Curve (AUC) are favored
among other metrics due to their dual role as visual-
ization tools and numerical indicators. Given that the
class label comprises three values (S, M, L), the clas-
sification task falls into the Multiclass ROC type, ne-
cessitating the computation of an average ROC curve.
Yellow brick, a widely used Machine Learning Visu-
alization tool, is often employed for plotting ROC
curves.

5.1 ROC Curves of The Original Dataset

Fig.17: Gaussian Process Classifier (Original
Dataset).

Fig.18: K-Nearest Neighbours (Original Dataset).



302 ECTI TRANSACTIONS ON COMPUTER AND INFORMATION TECHNOLOGY VOL.18, NO.3 July 2024

Fig.19: Gradient Boosting Classifier (Original
Dataset).

Fig.20: Random Forest Classifier (Original
Dataset).

5.2 ROC Curves of the White-Collar Cluster

Fig.21: Gaussian Process Classifier (White Collar
Dataset).

Fig.22: K-Nearest Neighbours (Original Dataset).

Fig.23: Gradient Boosting Classifier (White Collar
Dataset).

Fig.24: Random Forest Classifier (White Collar
Dataset).

Fig.25: Performance Matrix (White Collar
Dataset).

In summary, within the white-collar cluster, the
gradient-boosting classifier is identified as the top
performer, owing to its achievement of the highest
AUC in the micro-average ROC. The results from
the performance matrix align with the ROC analy-
sis, indicating that the Gradient Boosting Classifier
is the preferred choice for white-collar clusters. Ad-
ditionally, high-salaried workers and executives of-
ten choose to live in small and medium-sized cities
because they may not be required to commute to
the workplace frequently. Certain businesses provide
adaptable work options such as remote work or flex-
ible hours, reducing the need for strict time atten-
dance.
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5.3 ROC Curves of the Small City Cluster

Fig.26: Gaussian Process Classifier (Small City
Cluster).

Fig.27: K-Nearest Neighbours (Small City Cluster).

Fig.28: Gradient Boosting Classifier (Small City
Cluster).

Fig.29: Random Forest Classifier (Small City Clus-
ter).

Fig.30: Performance Matrix (Small City Cluster).

In summary, the Gradient Boosting Classifier is
the top-performing classifier for the small-city clus-
ter. The results from the performance matrix align
with the ROC analysis, concluding that the Gradi-
ent Boosting Classifier is the optimal choice for the
small-city cluster.

5.4 ROC Curves of the Labor Cluster

Fig.31: Gaussian Process Classifier (Labor Clus-
ter).

Fig.32: K-Nearest Neighbours (Labor Cluster).

Fig.33: Gradient Boosting Classifier (Labor Clus-
ter).
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Fig.34: Random Forest Classifier (Labor Dataset).

Fig.35: Performance Matrix (Labor Dataset).

In summary, within the labor cluster, the Random
Forest Classifier emerges as the preferred option, with
a micro-average ROC curve AUC of 0.71, the highest
among the classifiers evaluated. The results from the
performance matrix corroborate the ROC analysis,
reinforcing the conclusion that the Random Forest
Classifier is the optimal selection for the labor cluster.
Additionally, labor or shift workers often prefer to re-
side in medium to large cities due to the greater avail-
ability of job opportunities than in smaller towns.

5.5 ROC Curves of the Elderly Cluster

Fig.36: Gaussian Process Classifier (Elderly Clus-
ter).

Fig.37: K-Nearest Neighbours (Elderly Cluster).

Fig.38: Gradient Boosting Classifier (Labor Clus-
ter).

Fig.39: Random Forest Classifier (Elderly Cluster).

Fig.40: Performance Matrix (Elderly Cluster).

In summary, for the elderly clusters, the Random
Forest Classifier emerges as the best classifier due to
the maximum AUC of the micro-average ROC. The
results from the performance matrix align with the
ROC analysis, indicating that the Random Forest
Classifier is the preferred choice for elderly clusters.

5.6 Visualization Tree

A decision tree is a widely used graphical method
for visualizing scenarios. In this study, the free soft-
ware tool Graphviz was chosen. Figures 41 through
44 display four different representations of a decision
tree. The new knowledge extracted from the tree in-
dicates that factors such as occupation, income, age,
and sex significantly influence the model, as demon-
strated in the visualizations. Specifically, the visu-
alization illustrates how income and age impact the
decision tree model within the Small City cluster. In
the Labor cluster, income stands out as the most in-
fluential factor. Additionally, education, income, and
age are pinpointed as factors affecting settlement size
for the Elderly clusters, while all aspects, including
sex, are also considered for the White-collar cluster.
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Fig.41: The Graphic Visualization Tree for The La-
bor Cluster.

Fig.42: The Graphic Visualization Tree for The
Small City Cluster.

Fig.43: The Graphic Visualization Tree for The
White-Collar Cluster.

Fig.44: The Graphic Visualization Tree for The El-
derly Cluster.

6. DISCUSSION AND FUTURE WORK

The experiment results show that performance
metrics such as accuracy, precision, recall, and F1-
score consistently improve when the data is clustered
into smaller segments. This enables clearer personal-
ization of customer groups, and the average score of
each performance metric has significantly improved.

Customer segmentation can help understand cus-
tomers, and it also enables the definition of spe-
cific marketing strategies tailored to individual cus-
tomers. Future research aims to develop algorithms
that can operate automatically without requiring pro-
gramming, utilizing actual data to reflect real-world
use cases. This approach will effectively benefit spe-
cific industries.

7. CONCLUSION

The research aims to demonstrate how a hybrid
model can enhance the performance of basic classi-
fication. Additionally, it illustrates how new knowl-
edge can be discovered by utilizing both clustering
and classification models.

The evidence presented in section 5 demonstrates
that the algorithm significantly enhances overall per-
formance, as evidenced by notable improvements ob-
served, including up to a 43.86% increase in av-
erage accuracy score (Gaussian Process Classifier),
a 24.25% increase in average precision score (Ran-
dom Forest Classifier), a 20.25% increase in aver-
age recall score (Random Forest Classifier), and a
32% increase in average F1-score (Random Forest
Classifier). These metrics are essential for assessing
the effectiveness of the OBHC algorithm in enhanc-
ing the customer segmentation model and improving
the overall performance of classification algorithms,
strongly advocating for the adoption of the OBHC
hybrid algorithm.

A decision tree visualization was utilized to illus-
trate how income and age influence the decision tree
model, particularly within the Small City cluster. In
contrast, occupation and income emerged as signifi-
cant factors within the Labor cluster.

In summary, the Observation-Based Hybrid Classi-
fication algorithm stands out from conventional clas-
sification methods in customer segmentation due to
its integration of clustering, focus on uncovering new
knowledge, customization of predictive models, per-
formance enhancement, and provision of a unique and
innovative approach to data analysis and segmenta-
tion within the realm of customer relationship man-
agement. Overall, leveraging the algorithm to im-
prove data models with low performance across var-
ious customer segmentation scenarios can result in
more precise targeting, enhanced customer relation-
ships, optimized resource allocation, and a competi-
tive edge in the market.
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