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ABSTRACT 
High competition in the construction service industry requires companies to adopt efficient marketing strategies to 

reduce Customer Acquisition Costs (CAC). CV Jowon Solusindo faces challenges regarding marketing 

inefficiency due to the implementation of a one size fits all strategy and a high number of unconverted leads (Lost 

Prospects). This study aims to classify customer characteristics and discover decision rules to formulate 

personalized marketing strategies. This research employs a quantitative approach with Data Mining methods based 

on the CRISP-DM framework. The dataset consists of 576 historical transaction records that have undergone data 

cleaning processes. The method used is a hybrid approach, combining the K-Means Clustering algorithm for 

customer segmentation and the Decision Tree (C4.5) for rule pattern extraction. The results indicate that the K-

Means algorithm with k=3 successfully mapped customers into three distinctive segments, Young Emerging 

Clients (Average age 33 years with the highest project value), Established Senior Clients (Average age 54 years 

with stable frequency), and Lost Prospects (Average age 42 years with the lowest offer value). The Decision Tree 

analysis yielded an accuracy of 67% and identified Age as the primary determinant factor with a split point at 43.5 

years. Based on these findings, it is recommended to differentiate marketing strategies into digital visual 

approaches for customers under 43.5 years and personal approaches for those above that age, as well as pricing 

strategy adjustments to minimize failure in the Lost Prospects segment. 

 

 

Keywords: Data Mining, Customer Segmentation, K-Means Clustering, Decision Tree, Marketing Strategy, 

Construction Industry. 

 
 

INTRODUCTION 
Information technology developments and the availability of big data have fundamentally changed the global 

business competition landscape (Sáez-Ortuño et al., 2023). The use of Artificial Intelligence (AI) and Data Mining 

techniques is no longer just an additional option, but a strategic necessity to transform raw data into precise business 

decisions, especially in predicting purchasing behavior and improving marketing efficiency (Owoade, 2025). One 

crucial aspect of modern business strategy is the implementation of Customer Relationship Management (CRM) 

supported by sharp customer segmentation analysis. Research shows that identifying key customers through the 

Recency, Frequency, and Monetary (RFM) model is far more effective than simply relying on traditional demographic 

segmentation in allocating marketing resources (Imani et al., 2022).  

This gap is clearly reflected in the operational conditions of CV Jowon Solusindo, a construction services 

company that is currently undergoing a crucial transition from a Micro, Small and Medium Enterprise (MSME) to a 

Small and Medium Enterprise (SME). In this transformation effort, the company faces serious marketing 

inefficiencies, where out of an average of 30 prospects acquired, the company is only able to convert 1-2 clients per 

month (low conversion rate of around 3-7%). This situation results in high customer acquisition costs (CAC) reaching 

5% per client. The inability to accurately target potential clients leads to wasted promotional resources on unproductive 

market segments, thereby hindering the company's targeted revenue growth. 

An approach to data mining that is proposed to solve this problem is the integration of the K-Means algorithm for 

clustering and Decision Tree for classification and business rule extraction. The K-Means algorithm was chosen for 

its superiority in efficiently grouping RFM numerical data to find customer profiles with similar behaviors, while 

Decision Tree was used to overcome the weakness of K-Means in terms of interpretation by generating transparent If-

Then rules that are easy for business decision makers to understand (Budilaksono et al., 2021). (Mohamad Anas 
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Sobarnas & Iskandar, 2020).  

        This study was designed to fill a gap in the literature by applying the Hybrid K-Means and Decision Tree 

methods specifically to construction project (B2B) transactional data, which has different characteristics from the 

high-frequency retail data that dominated previous studies. Unlike retail research that focuses on daily transactions, 

this study adapts segmentation variables to the construction context, which has low transaction frequency but very 

high monetary value (Shirole et al., 2021)(Hartanto et al., 2025). Through an in-depth analysis of CV Jowon 

Solusindo's historical data, this study aims to produce a segmentation model and decision tree that can improve market 

targeting effectiveness, increase conversion rates, and serve as a strategic foundation for the company to achieve its 

business growth targets. 

To solve this problem, we propose a data mining approach that integrates the K-Means algorithm for clustering 

and Decision Tree for classification and business rule extraction. The K-Means algorithm was chosen for its ability to 

group numerical data on business growth during its transition to a well-established SME. 

Based on the background described above, it was identified that the main problems faced by CV Jowon Solusindo 

were low sales conversion rates and high customer acquisition costs due to a marketing strategy that was not data-

driven (blind marketing). The absence of a systematic method for mapping client characteristics made it difficult for 

the company to distinguish between potential and non-potential prospects. Data and Attribute Scope (RFM Model) 

The data analyzed was sourced from CV Jowon Solusindo's internal transaction history over a 10-year period 

(January 2014 – December 2024). The analysis focused on transaction behavior variables using the RFM (Recency, 

Frequency, Monetary) model as the main attribute in cluster formation. External macroeconomic variables (such as 

inflation, interest rates) or competitor data were not included in this model, as the research focused on optimizing 

internal data for customer retention strategies, as an approach validated as effective for B2B segmentation (Imani et 

al., 2022). 

LITERATURE REVIEW 
Customer Relationship Management (CRM) and Business Metrics 

In the dynamics of modern industry competition, the marketing paradigm has fundamentally shifted from product-

centric to customer-centric. Customer Relationship Management (CRM) is no longer defined merely as software for 

recording data, but as a comprehensive business strategy that combines processes, people, and technology to attract 

sales prospects, convert them into customers, and retain existing customers (Maghfirah et al., 2015). 

  Segmentation, Targeting, and Positioning (STP) 

At the core of CRM-based marketing strategy is the concept of STP (Segmenting, Targeting, Positioning). Market 

segmentation is the process of grouping a heterogeneous market into homogeneous market units, where each group 

has similar needs, characteristics, or behaviors (Shirole et al., 2021). 

Imani et al. (2022): This study was used to validate that identifying key customers through the RFM model is far 

more effective than traditional demographic segmentation in allocating marketing resources. Dawane et al. (2021) and 

Sarkar et al. (2023) also confirm that RFM attributes have a strong correlation in identifying customer lifetime value. 

Utilization of Artificial Intelligence (AI) and Data Mining for Business Strategy: Sáez-Ortuño et al. (2023): Mention 

that the development of information technology and the availability of big data have changed the competitive 

landscape, making the use of AI and Data Mining techniques a strategic necessity for precise business decisions. 

Owoade (2025): Used to emphasize the importance of AI in predicting purchasing behavior and improving marketing 

efficiency. 

Integration of Hybrid Algorithms (K-Means and Decision Tree): 

Budilaksono et al. (2021) & Mohamad Anas Sobarnas & Iskandar (2020): This literature supports the selection 

of the K-Means and Decision Tree hybrid algorithm. K-Means excels in RFM numerical data clustering, while 

Decision Tree is used to generate transparent and easy-to-understand If-Then rules, overcoming the interpretive 

weaknesses of K-Means. Rahmadhan & Wasesa (2022): Emphasizes that converting cluster results into If-Then rules 

(Explainable K-Means Clustering) significantly improves the adoption of analytical results by business users. 

Construction Industry Context Data mining is the process of extracting previously unknown but useful 

information from available data so that it can be used to support decision making. In the context of business, 

government, and research, data mining is often used for customer behavior analysis, fraud detection, trend prediction, 

and data classification (Amna, et al., 2023).  

Shirole et al. (2021) & Hartanto et al. (2025): This literature was used to identify research gaps, namely the 

dominance of studies in the retail sector (high frequency). This study was specifically designed to fill the gap in the 

application of hybrid methods to transactional data from construction projects (B2B), which have low frequency but 

very high monetary value. 
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In summary, the literature serves as the basis for justifying: 

1. The use of RFM as the primary segmentation variable. 

2. The use of K-Means for clustering. 

3. The use of Decision Tree for interpretation and extraction of explicit business rules. 

4. The novelty of this research in applying these methods to the Construction Services sector (B2B). 

State of The Art 

 To map the novelty of this research, the focus is not on new algorithms, but on the industrial context, hybrid 

approaches, and high-value data-driven business decision-making. This research conducted a systematic review of 40 

relevant scientific articles, covering the last five years of publications (2021-2025) as well as several fundamental 

classical literature. The review focused on the application of Customer Relationship Management (CRM), RFM 

analysis, and hybrid algorithms (K-Means and Decision Tree) in various industrial domains Based on the literature 

reviewed, there is a noticeable trend shifting from simple descriptive analysis to predictive analysis based on machine 

learning. 

METHOD 
This study uses a quantitative approach with a computational experiment method. The research framework is structured 

based on the CRISP-DM standard, which is cyclical and adaptive. This approach was chosen to ensure that the resulting data 

mining model is not only mathematically accurate but also relevant to the business objectives of CV Jowon Solusindo, 

namely marketing efficiency and customer segmentation.In general, the research flow integrates two machine learning 

methods (hybrid method), namely Unsupervised Learning using the K-Means algorithm for the segmentation process, 

followed by Supervised Learning using the Decision Tree algorithm for decision rule extraction. 

The Research The research framework is based on a synthesis of CV Jowon Solusindo's business needs and data mining 

technical capabilities. The research logic begins with the identification of business problems, namely high acquisition costs 

and suboptimal utilization of historical data,  These problems are then approached using CRM theory and the RFM model 

as the basis for variables. Raw transaction data is processed through the Knowledge Discovery in Database (KDD) stage, 

which refers to the CRISP-DM standard. The core process involves combining two algorithms: K-Means Clustering for 

segmentation and Decision Tree for profiling.in Figure 1 

 

 

Fig. 1 Framework of Research Flow 

 

Data Collection and Preparation 
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Research Period 

The research was conducted over an effective period of six months, starting from the stage of problem identification, 

data collection, to the preparation of the final report. The research method used in this paper is a quantitative approach 

with a computational experiment method. 

The following are details of the methodology applied:  

Main Approach Quantitative and Computational Experiment: This study focuses on processing historical company 

data using data mining algorithms to produce analytical models, rather than qualitative field studies. 

CRISP-DM Framework: The research process is structured based on the Cross-Industry Standard Process for Data 

Mining (CRISP-DM) standard to ensure that the resulting models are not only mathematically accurate but also 

relevant to business objectives (marketing efficiency and segmentation). 

Hybrid Algorithm Methodology: This research integrates two different machine learning methods: 

Segmentation (Unsupervised Learning) Algorithm: K-Means Clustering. Function: To segment customers based on 

RFM (Recency, Frequency, Monetary) transaction behavior variables. Optimization: Determination of the optimal 

number of clusters (k) is limited and evaluated using the Elbow Method and Silhouette Coefficient. 

Classification and Rule Extraction (Supervised Learning) Algorithm: Decision Tree (C4.5 or CART). Function: To 

classify and extract decision rules (rule generation). The goal is to convert cluster results into explicit business rules 

(If-Then Rules) so that they are easy for management to interpret (explainability). 

Research Data and Objects: 

Data Focus: Transaction behavior variables using the RFM model as the main attribute. External variables 

(macroeconomics or competitors) are not included. Computing Tools: The entire computing process is carried out 

using the Python programming language with the help of the Pandas and Numpy libraries for data processing. 

Study Outputs: Outputs are limited to Analytical Models and Strategic Knowledge (in the form of segment profiles 

and If-Then rules) that are ready for adoption by management, not full CRM software development. 

 

Table 1 shows a wide range of project values (from 3 million to 779 million), indicating the need for segmentation 

because clients with 3 million projects will certainly behave differently from clients with 700 million projects. 

Additionally. 

Table.1 Research Data Set Descriptive Statistics (N=576) 

Atribute Statistic value 

Demografi 

Average  43 age 

Minimum 22 age 

Maximum 64 age 

Finansial 

Rata-rata Nilai Proyek Rp 120.388.900,- 

Nilai Terendah Rp 3.627.688,- 

Nilai Tertinggi Rp 779.949.500,- 

Distribusion 
Status Deal (Ya) 391 (67,9%) 

Status Tidak Deal (Tidak) 185 (32,1%) 

Classification Model Evaluation (Supervised Evaluation) 

        For the Decision Tree model, evaluation is carried out by comparing the model's prediction results with the 

actual data in the Testing Set (20% of the data). The measurement tool used is the Confusion Matrix, which produces 

four performance metrics: 

a. Accuracy: The percentage of total correct predictions (both Deal and No Deal predictions). 

b. Precision: The accuracy rate when the model predicts that a client will “Deal.” High precision is important 

for CV Jowon Solusindo to minimize marketing costs wasted on the wrong prospects. 

c. Recall (Sensitivity): The model's ability to find all existing potential clients. High recall is important so that 

the company does not miss out on large project opportunities. 

d. F1-Score: The harmonic mean between Precision and Recall, used as a balance if there is an imbalance in 

the amount of data between classes. 

RESULT 
 Research results the discussion and output obtained from this study—which integrates K-Means Clustering and 

Decision Tree on 576 historical transaction data from CV Jowon Solusindo have produced optimal customer segmentation 

and actionable decision rules. Optimization of Customer Segmentation (K-Means Output) , This study validates that three 

clusters (k=3) are the most optimal and stable configuration for CV Jowon Solusindo customer data, supported by Elbow 
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Method and Silhouette Score evaluations. The three distinctive clusters that were successfully mapped are in table 2. 

 

Table. 2 . The Three distinctive clusters  

Cluster  Segmen Key Features Key Strategic Implications 

Cluster 

0 

Young Emerging 

Clients 

The average age is 33 years old. They have the 

highest average transaction value (Rp 127.6 

million). 

The most promising market segment. 

Suitable for market nurturing and long-term 

relationship building strategies due to future 

growth potential. 

Cluster 

2 

Established 

Senior Clients 

The average age is 54 years old. Transaction 

frequency is stable with an average project value 

of Rp 120.2 million. 

It is worth targeting as a core market for 

large, long-term projects, as transaction 

patterns are more consistent. 

Cluster 

1 
Lost Prospects 

No Deal group with an average age of 42 years 

old. Lowest average offer value (IDR 113.1 

million), indicating high price sensitivity. 

Risky segment that requires re-evaluation of 

the bidding process and business 

communication. 

 

Decision Rules and Distinguishing Factors (Output Decision Tree) 

Decision Tree (C4.5 Algorithm) is used to provide interpretation (explainable profiling) of the clusters formed, with a 

global model accuracy of 67%. 

Dominant Variable: The main result of the Decision Tree shows that the Age variable is found to be the most dominant 

attribute (root node) in distinguishing the behavior of construction customers. 

Effectiveness of Explainable Profiling: This model is highly effective in predicting the Young Clients and Senior 

Clients segments (with a recall value of 1.00), indicating that demographics (age) are the main determining factors in 

this B2B construction segmentation. 

Model Weaknesses: However, the model's weakness in predicting the Lost Prospects segment confirms that customer 

conversion failure cannot be explained solely through demographic variables, suggesting the need for variable 

enrichment for ambiguous segments. 

Implications for Data-Driven Marketing Strategies 

The integration of these two algorithms provides comprehensive insights for formulating marketing strategies: 

Increased Target Effectiveness: Companies can now tailor their promotions (customized marketing strategy) to each 

segment, for example, targeting Established Senior Clients for large projects. 

Decreased CAC: By accurately targeting potential clients, companies can reduce wasteful promotion resources in 

unproductive market segments, thereby lowering Customer Acquisition Cost (CAC) and supporting the business 

transition of CV Jowon Solusindo. 

Managerial Guidelines: The extracted decision rules (If-Then Rules) serve as objective guidelines for management to 

predict the potential of new clients, reduce dependence on subjective intuition, and minimize business risks. 

Generated Rules 

Based on the decision tree visualization, simple logic rules are formed that the marketing team can use to quickly profile 

new potential customers: 

 

RULE 1 (Young Segment): 

IF Age ≤ 43.5 Years THEN Predict Entry into the Young Emerging Clients Segment (Cluster 0). 

 

RULE 2 (Senior Segment): 

IF Age > 43.5 Years THEN Predict Entry into the Established Senior Clients Segment (Cluster 2). 

 

This rule confirms that the age limit of 43-44 years is a psychological turning point for CV Jowon Solusindo customers 

in determining their construction needs. 
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Fig 2  The Customer Segmentation Decision Tree 

Figure 2 visualizes how the algorithm breaks down the customer population. 

1. Root Node: The top node shows that age ≤ 43.5 years is the primary splitter. This confirms that age is the strongest 

determinant of construction customer behavior. 

2. Left Branch: If age is below 43.5 years, the probability of entering class 0 (Young Clients) is very high (marked with 

a colored box [specify color in the image]). 

3. Right Branch: If age is above 43.5 years, the algorithm performs further checks, but the majority of data leads to class 

2 (Senior Clients).Based on the visualization of the CV Jowon Solusindo customer segmentation decision tree, the 

age variable emerges as the most dominant attribute in distinguishing customer segments. 

 

Discussion of the relationship between methods and managerial implications 

Based on the clustering results using the Elbow Method and Silhouette Score, it can be concluded that the formation of three 

customer clusters is the most optimal and stable configuration for CV Jowon Solusindo data. The Elbow Method shows a 

clear elbow point in the range of k = 3–4, while the Silhouette Score value at k = 3 is still at a relatively good level and is 

methodologically acceptable. 

From the above research results, the integration of the Elbow Method, Silhouette Score, and Decision Tree shows that CV 

Jowon Solusindo's customer segmentation has formed three optimal clusters with age as the main distinguishing factor, where 

senior customers are the main high-value target market, young customers have long-term development potential, and the 

failed prospect segment requires a different non-demographic approach strategy in the future. 

DISCUSSIONS 
In broad terms, this research flow integrates two machine learning methods (hybrid method), namely Unsupervised 

Learning using the K-Means algorithm for the segmentation process, followed by Supervised Learning using the 

Decision Tree algorithm for decision rule extraction. The entire computational process was carried out using the 

Python programming language with the help of the Pandas and Numpy libraries for data processing. The systematic 

stages of the research are illustrated in the flowchart in Figure 3. 
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Fig. 3 CRISP-DM Research Flow 

 

Interpretation of Customer Segmentation Results (K-Means RFM) 

The clustering results using K-Means validated with k=3 (supported by the Elbow Method and Silhouette Score) 

prove that there is significant heterogeneity in the behavior of CV Jowon Solusindo customers. The formation of three 

clusters—Young Emerging Clients, Established Senior Clients, and Lost Prospects—provides a transformative 

strategic map, changing the company's blind marketing into a data-driven approach. 

This finding specifically highlights that in the context of B2B construction, age and monetary transaction value 

are the main distinguishing variables, unlike the high-frequency retail sector, which often emphasizes Recency and 

Frequency. The Young Emerging Clients cluster (Cluster 0), despite its youth, has the highest average transaction 

value, indicating that young clients in this construction sector are willing to take on high-value projects, possibly 

driven by expansive business needs or innovation. Conversely, Established Senior Clients (Cluster 2) show more 

stable and consistent transaction patterns, reflecting the nature of stability and more measurable risks in property 

investment or project development. This segmentation validates the adaptation of the RFM model, which is sensitive 

to the low-frequency but high-value characteristics of construction data. 

However, the Confusion Matrix analysis found limitations in the Lost Prospects cluster (Cluster 1), where the 

precision value was 0.00. This limitation provides critical insight: conversion failure (prospects that did not result in 

a deal) at CV Jowon Solusindo was not dominated by demographic factors (age or profession). Instead, it indicates 

that external factors or non-RFM variables—such as uncompetitive bid prices, unsuitable technical specifications, or 

external macroeconomic issues—are the causes of transaction failures. This finding is important because it limits the 

use of Decision Tree solely as an effective profiling tool and suggests the need for variable enrichment in the future, 

such as including bid price variables or sentiment analysis. 

CONCLUSION 
Based on the conclusion of the research and limitations found during the analysis process, the author offers the 

following constructive suggestions: 

Suggestions for CV Jowon Solusindo (Managerial), Implementation of Age Rules: The sales team is advised to 

use the “43.5-year-old age limit” rule as a rule of thumb when dealing with new potential clients. If the client is below 

that age, offer a modern design package with flexible payment options. If they are above that age, focus 

communication on quality assurance and after-sales service 

Price Structure Evaluation: Considering that the Lost Prospects Segment (Cluster 1) has the lowest average project 

value, the company is advised to create an “Economy” or “Starter Pack” package to capture this market opportunity 

so that it does not switch to competitors. And  Digital Data Transformation: The company needs to start recording 

non-demographic data more diligently, such as “Customer Information Source” (from Instagram/Friends/Web) and 

“Reason for Rejection” (Price/Design). This data is important for improving the accuracy of future predictions. 
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