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Abstract 

Fierce competition in the delivery and logistics service industry demands targeted customer 

retention strategies to prevent customer churn that threatens revenue margins. However, customer 

management practices typically treat customer value segmentation and churn prediction as 

separate, isolated tasks, leading to inefficient allocation of retention resources. This study aims to 

integrate transaction data-driven descriptive and predictive modeling to identify customer value 

segments, predict churn risk, and formulate a prescriptive retention strategy matrix at the JNE 

Binjai Timur 2 Agency. The secondary dataset comprises 19,389 clean transactions from 4,625 

unique customers spanning January 2, 2024, to December 31, 2025. We extracted, log-

transformed, and standardized Recency, Frequency, and Monetary (RFM) features using 

StandardScaler, then applied unsupervised K-Means clustering. To address churn imbalance 

(defined as inactivity >90 days), class weighting was applied during Random Forest Classifier 

training. The K-Means clustering results (k=2, Silhouette Score = 0.512) validated two value tiers: 

Cluster Tier 1 (High-Value, 17.47% of customers) accounted for 69.47% of total revenue (IDR 

444.08 million), while Cluster Tier 2 (Low-Value, 82.53% of customers) contributed 30.53% of 

revenue. The Random Forest model showed superior discriminative performance on the test set 

(N = 822), with an AUC-ROC of 0.830, Accuracy of 91.61%, Recall of 99.59%, and F1-Score of 

95.52%, with Active_Days (0.1580) and Recency (0.1312) as the dominant predictors. Integrating 

value tiers and churn predictions revealed potential financial exposure within the High-Risk group 

of IDR 243.52 million (38.09% of total revenue). This study yields four managerial retention 

intervention priorities (P1–P4), including immediate win-back offers for High-Value High-Risk 

customers and priority VIP/pick-up services for High-Value Low-Risk customers. 
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Introduction 

 Machine learning algorithms and computational modeling have proven effective in 

mapping user perceptions, preferences, and satisfaction levels within digital ecosystems. This 

approach has proven reliable, as shown by the use of Naive Bayes and K-Nearest Neighbors (K-

NN) to predict customer satisfaction [1] and analyze mobile application reviews [2]. The 

combination of lexicon-based methods and Naive Bayes has also been shown to automatically 

classify public opinion across various evaluation domains [3], [4]. 

 The success of such modeling reinforces the vital role of consumer behavior-based data 

analytics in accurately responding to business dynamics and economic issues. When analyzing 

public responses to economic challenges such as inflation, Naive Bayes efficiently groups 

sentiment patterns using concise training datasets [5]. Meanwhile, for complex, lengthy narrative 

texts, Bidirectional Long Short-Term Memory (BiLSTM) architectures can map consumer 

perception patterns and demand gaps with precision [6]. These developments show that 

understanding customer behavior is a crucial predictive tool in strategic business decision-

making. 

 Machine learning-based consumer behavior analytics is becoming increasingly critical in 

the express delivery and logistics industry, which is characterized by intense competition and 

narrowing profit margins driven by the rapid growth of the digital economy [7]. In this dynamic 

business climate, strengthening customer retention strategies serves as the primary foundation 

for safeguarding long-term revenue stability [7], [8]. Financially, acquiring new customers costs 

5 to 25 times more than retaining existing ones [9]. Consequently, customer churn poses a severe 

threat that directly reduces revenue margins, wastes marketing budgets, and damages corporate 

reputation [8], [10]. 

 The delivery service sector possesses unique dynamics, including fluctuating transaction 

frequencies, high sensitivity to pricing and service quality, and a pronounced customer propensity 

to switch providers [7]. Nevertheless, most firms still use coarse-grained management practices 

that neglect heterogeneity in individual customer value [7]. This unsegmented approach risks 

inefficient retention resource allocation and may lead to the attrition of high-value customers due 

to a lack of focused, data-driven interventions [7]. 

 To address the challenges of undifferentiated customer management, Recency, Frequency, 

and Monetary (RFM) analysis maps customer transaction recency, frequency, and monetary 

value [11], [12]. Integrating RFM features with unsupervised machine learning algorithms such 

as K-Means clustering has proven effective in grouping customers into homogeneous segments 

without requiring initial class labels [11], [12]. Although K-Means is optimal for establishing 

value hierarchies, a purely clustering-based approach cannot proactively predict future churn risk 

[7]. Therefore, supervised ensemble learning methods such as Random Forest, which offer high 

precision in predicting churn across complex datasets, are required [7], [8]. 

 Despite the respective advantages of both methods, prior literature highlights a critical 

research gap: customer segmentation and churn prediction are predominantly executed as 

separate, isolated tasks [7]. Pure segmentation models fail to detect impending attrition signals, 

whereas standalone churn prediction models lack the economic context of customer value [7]. 

Without an integrated framework, organizations either waste retention resources on low-value 

customers or delay intervention for high-value customers at risk of churning [7], [8]. 

 To bridge this gap, this study proposes an integrated framework that simultaneously 

combines RFM modeling, K-Means clustering, and Random Forest classification within the 

delivery services industry. This framework extracts RFM features from historical transactions, 

clusters customer value segments via K-Means, and classifies churn risk levels using Random 

Forest. The primary objective of this research is to identify critical customer cohorts specifically 

high-value customers with high churn risk enabling management to develop differentiated 

retention strategies, prioritize resource allocation, and strengthen sustainable customer loyalty 

[7], [8]. 
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Literature Review 

 In the highly competitive digital economy, understanding customer behavior is a 

fundamental pillar of business sustainability and consumer loyalty [13]. One established 

analytical framework for evaluating customer transaction patterns is the Recency, Frequency, 

and Monetary (RFM) model [13]. This model assesses three key dimensions: Recency measures 

the time since the most recent transaction, Frequency measures transaction regularity within a 

specified period, and Monetary measures the customer's total financial contribution [13], [15]. 

Integrating these three dimensions converts raw transaction logs into structured behavioral 

profiles to identify engagement levels and Customer Lifetime Value [13], [16]. Because RFM 

variables have disparate scales and units, data preprocessing via normalization techniques such 

as Min-Max Scaling or RobustScaler is essential to ensure balanced weighting across variables 

without undue dominance by large numerical features [13], [15]. 

 Manual customer segmentation based on RFM scores is often subjective and 

computationally inefficient for large-scale datasets; thus, unsupervised machine learning 

algorithms such as K-Means Clustering are widely used [13]. K-Means Clustering partitions 

customer data into k homogeneous segments by minimizing within-cluster variance (Within-

Cluster Sum of Squares) and maximizing inter-cluster separation [13], [15]. To determine the 

optimal number of clusters, the Elbow Method is commonly combined with Silhouette Score 

evaluations and the Davies-Bouldin Index to ensure statistically compact and well-separated 

cluster structures [13], [15], [17]. Combining RFM and K-Means has successfully categorized 

customer bases into distinct strategic segments, such as Loyal Customers, Potential Loyalists, 

At-Risk Customers, and Lost Customers [13], [15], [17]. 

 Customer churn, defined as the cessation of service utilization by customers, poses a critical 

threat to corporate revenue and profitability [16], [18], [19]. Management literature consistently 

underscores that retaining existing customers is far more cost-effective than acquiring new ones 

[19]. To proactively anticipate customer defection, supervised machine learning models are 

deployed to classify churn risk based on historical transaction logs [16]. Among diverse 

algorithms, Random Forest, based on ensemble bagging, performs well because it aggregates 

decisions across many decision trees, reduces overfitting, and handles complex variable 

interactions [18], [19]. Class imbalance, a common issue in churn modeling, can also be 

addressed through resampling techniques such as SMOTE or SMOTEENN, combined with 

feature selection, to optimize F1-score performance [18], [19]. 

 Integrating descriptive segmentation based on RFM and K-Means with predictive 

prescriptive modeling based on Random Forest establishes a comprehensive Customer 

Relationship Management (CRM) framework [13], [14]. RFM segmentation provides contextual 

understanding of customer economic profiles and value, while the Random Forest algorithm 

precisely pinpoints individuals at high churn risk within those segments [15], [18], [19]. This 

data-driven synergy empowers management to design targeted retention strategies, such as 

providing tailored incentives for Loyal Customers and executing reactivation campaigns for At-

Risk Customers before they switch to competitors [13], [15], [18], [19]. 

 

Research Methodology 

3.1 Framework and Research Flow 

 This study applies an integrated analytical framework combining descriptive modeling 

(unsupervised machine learning) and predictive modeling (supervised machine learning) on 

transaction data from the JNE Binjai Timur 2 Agency. This framework is designed to overcome 

the limitations of isolated analyses by mapping the economic value hierarchy of customers while 

simultaneously predicting churn risk with high precision. The research workflow was 

systematically executed through the following stages: 
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Figure 1. Research Flow 

1. Transaction Data Collection & Cleaning: Collect transaction data and handle missing 

values, duplicates, and inconsistencies. 

2. Exploratory Data Analysis (EDA): Analyze transaction patterns, customer behavior, and 

data distributions. 

3. Customer Behavioral Feature Engineering: Create relevant customer features while 

preventing data leakage. 

4. RFM Segmentation & K-Means Clustering: Segment customers based on Recency, 

Frequency, and Monetary value using rule-based RFM and K-Means clustering. 

5. Churn Status Labeling: Define customer churn status using a time-based observation 

window. 

6. Random Forest Training, Tuning & Evaluation: Train and optimize the Random Forest 

classifier and evaluate its predictive performance. 

7. Customer Retention Matrix Development: Combine customer value segments and churn 

probabilities to develop targeted retention strategies. 

3.2 Research Object and Data Sources 

 The research object uses secondary transaction data from the JNE Binjai Timur 2 Agency 

spanning January 2, 2024, to December 31, 2025. The data-cleaning procedure removed 1,125 

invalid records (missing values, negative monetary amounts, duplicate airway bills, and 

unidentifiable customer IDs) from an initial pool of 20,514 raw records. The filtering yielded 

19,389 clean transactions across 4,625 unique customers. Key variables include tracking/airway 

bill number, date, service type, weight, quantity, destination, customer ID, payment method, 

insurance status, and shipping fee. 

3.3 Data Preprocessing and RFM Feature Extraction 

 Data preprocessing began with text standardization, numeric datatype conversion, 

aggregating rare payment methods into an "OTHER" category, and encoding the insurance 

variable as a binary variable 𝐼𝑛𝑠𝑢𝑟𝑎𝑛𝑐𝑒_𝑈𝑠𝑒𝑑 ∈ {0, 1}. To prevent data leakage, customer 

behavioral features were dynamically extracted using a fixed reference date (snapshot date / Tref). 

From the transaction logs prior to Tref, the three core Recency, Frequency, and Monetary (RFM) 

variables were computed: 

Recency (Ri): Time elapsed (in days) between customer i most recent transaction (Tlast, i) and the 

cutoff date (Tref): 

𝑅𝑖 = 𝑇cutoff − 𝑇last,𝑖 (1) 

Frequency (Fi): Cumulative count of unique transactions (airway bills) completed by customer i: 

𝐹𝑖 = ∑ 1
𝑁𝑖
𝑗=1  (2) 

Monetary (Mi): Cumulative total shipping expenditures made by customer i:  

𝑀𝑖 = ∑ Cost𝑗
𝑁𝑖
𝑗=1  (3) 

In addition to the three baseline RFM variables, feature engineering yielded 13 auxiliary features 

to enrich the representation of transaction behavior, including: Avg_Amount (mean cost per 

transaction), Total_Weight (total parcel weight), Avg_Weight, Total_Qty, Insurance_Rate 

(proportion of insured shipments), N_Destination (count of distinct destination cities), N_Services 

(count of distinct service types used), Active_Days (number of unique transaction days), Tenure 

(customer relationship duration), Trx_Interval (Tenure/Fi), Recency_Ratio (Ri/(Trx_Interval+1)), 
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as well as activity indicators for the trailing 90-day window (Freq_Recent and Monet_Recent) and 

payment method proportions (Pay_CASH, Pay_COD, etc.). 

3.4 Customer Segmentation Using K-Means Clustering 

 K-Means segmentation clusters the customer base into homogeneous segments in an 

unsupervised manner. Given that the empirical distributions of R, F, and M variables in logistics 

typically exhibit significant right-skewness, the RFM features were first transformed using the 

natural logarithm ln(1 + 𝑥) to suppress the influence of extreme outliers: 

𝑋trans = ln(1 + 𝑋RFM) (4) 

Subsequently, the transformed variables were standardized using Z-score scaling (StandardScaler) 

to equalize variable scales and dispersions prior to Euclidean distance computation: 

𝑍 =
𝑋trans−μ

σ
 (5) 

The determination of the optimal number of clusters (k) was evaluated over the range k ∈ [2, 8] by 

combining the Elbow Method based on the reduction in Within-Cluster Sum of Squares (WCSS): 

WCSS = ∑ ∑ |𝑥 − μ𝑘|2
𝑥∈𝐶𝑘

𝐾
𝑘=1  (6) 

and the Silhouette Coefficient (Si): 

𝑆𝑖 =
𝑏(𝑖)−𝑎(𝑖)

max(𝑎(𝑖),𝑏(𝑖))
 (7) 

where a(i) denotes the mean intra-cluster distance and b(i) denotes the mean nearest inter-cluster 

distance. The resulting clusters (k=2, Silhouette Score = 0.512) were then ranked based on a 

composite value Score = Scaled𝐹 + Scaled𝑀 − Scaled𝑅 to establish customer value tiers (Cluster 

Tier 1: High-Value and Cluster Tier 2: Low-Value). 

3.5 Time-Based Churn Window Definition 

 To ensure statistical validity and prevent data leakage, churn status was defined using a non-

contractual temporal approach. The cutoff date was set 90 days before the terminal observation 

date (CHURN_WINDOW_DAYS = 90), on October 3, 2025. All predictive features were strictly 

extracted from transactions occurring prior to this cutoff date. Customers were labeled as having 

churned (Churn = 1) if they engaged in zero transactions between the cutoff date and the end of 

the observation window (October 3, 2025 – December 31, 2025); conversely, customers who 

continued transacting were labeled as active (Churn = 0). 

3.6 Handling Class Imbalance 

 Within the training dataset (N = 4,106), transaction dormancy produced a highly skewed 

class distribution: 89.8% churned customers (N = 3,686) and 10.2% active customers (N = 420). 

This imbalance was addressed using Cost-Sensitive Learning by enabling the automated class 

weighting parameter (class_weight="balanced_subsample") within the Random Forest algorithm. 

Class weights were computed inversely proportional to class frequencies across individual 

bootstrap samples, imposing heavier penalties on minority-class classification errors. 

3.7 Model Training and Hyperparameter Optimization 

 The dataset was partitioned into training (80%) and testing (20%) subsets using Stratified 

Random Sampling (Ntest = 822). The Random Forest Classifier was trained as a bagging ensemble 

with hyperparameter optimization performed via RandomizedSearchCV (25 iterations) and 5-Fold 

Stratified Cross-Validation. The optimal parameter combination obtained comprised: n_estimators 

= 500, max_depth = 5, min_samples_split = 5, min_samples_leaf = 4, and max_features = 'log2'. 

The final classification decision was determined via majority voting: 

𝑌̂ = arg 𝑚𝑎𝑥𝑐
 

∑ 𝐼(𝑇𝑏(𝑥) = 𝑐)𝐵
𝑏=1  (8) 

where B = 500 decision trees, Tb(x) represents the prediction of the b, and I(.) denotes the indicator 

function. 

3.8 Optimal Decision Threshold Determination 

 To maximize minority class detection on imbalanced data, the decision threshold was 

adjusted away from the default 0.5 cutoff. We objectively identified an optimal threshold 

best_thr = 0.114 based on the Precision-Recall/F1-Score curve derived from Out-of-Fold Cross-

Validation on the training set. 
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3.9 Model Performance Evaluation and Retention Strategy Formulation 

 We evaluated Random Forest classification performance on the independent test dataset 

(N=822) using a Confusion Matrix, Accuracy, Precision, Recall, F1-Score, and Area Under the 

ROC Curve (AUC-ROC), alongside Gini Feature Importance analysis to quantify predictor 

contributions. Predicted churn probabilities were subsequently categorized into three risk tiers: 

High Risk (P ≥ 0.70), Medium Risk (0.40 ≤ P < 0.70), and Low Risk (P < 0.40). Cross-tabulation 

between customer value segments (K-Means Tier / RFM) and churn risk tiers was mapped into a 

prescriptive retention matrix. This integrated framework underpins the estimation of financial 

exposure (revenue at risk) and the operational formulation of four managerial retention priorities 

(P1–P4). 

 

Results 

4.1 Data Description and Exploratory Data Analysis (EDA) 

 This study utilized secondary transaction records from the JNE Binjai Timur 2 Agency 

covering January 2, 2024, to December 31, 2025. Data cleaning filtered 19,389 valid transactions 

from 20,514 raw records by removing 1,125 invalid entries, encompassing 4,625 unique 

customers. Longitudinal EDA showed monthly active customers growing from about 190 (early 

2024) to over 400 (late 2025). Operationally, shipments were dominated by routes to Jakarta and 

regional destinations across North Sumatra and Aceh, primarily using the REG23 (Regular) 

service and cash payment methods (CASH). 

4.2 Rule-Based RFM Customer Segmentation  

 Extracting Recency (R), Frequency (F), and Monetary (M) metrics across the 4,625 unique 

customers produced population averages of 331.51 days for Recency, 3.10 shipments for 

Frequency, and IDR 118,783.77 in Monetary expenditure per customer, with total cumulative 

agency revenue reaching IDR 639,248,530.00. Rule-based segmentation utilizing RFM quantiles 

divided the customer base into seven behavioral cohorts, as detailed in Table 1. 

Table 1. Distribution and Characteristics of Rule-Based RFM Customer Segments 

RFM 

Segment 

Customer 

Count 

Proportion 

(%) 

Average 

R (Days) 

Average 

F 

(Orders) 

Total Monetary 

(IDR) 

Revenue 

Contribution 

(%) 

Champions 940 20.32% 85.22 10.19 IDR 323,091,050 50.54% 

At Risk 966 20.89% 534.83 6.55 IDR 155,751,570 24.36% 

Loyal 

Customers 
869 18.79% 223.03 1.88 IDR 68,276,530 10.68% 

New / 

Promising 
603 13.04% 105.90 1.00 IDR 30,655,980 4.80% 

Lost 459 9.92% 627.14 1.00 IDR 23,926,200 3.74% 

Hibernating 425 9.19% 453.71 1.00 IDR 21,527,180 3.37% 

Potential 

Loyalist 
363 7.85% 290.73 1.00 IDR 16,020,020 2.51% 

Total 4,625 100.00% 331.51 3.10 IDR 639,248,530 100.00% 

 The RFM findings confirm the empirical validity of the Pareto Principle (80/20): the 

Champions segment (20.32% of customers) accounts for the absolute majority of agency revenue 

at 50.54% (IDR 323.09 Million). Conversely, the At Risk cohort is a critical concern: it comprises 

the largest single population share (20.89% of customers) and contributes a substantial 24.36% of 

revenue (IDR 155.75 Million), yet shows an extremely high mean Recency (534.83 days), 

indicating severe, unaddressed attrition risk. 

4.3 Customer Segmentation and Validation Using K-Means Clustering  

 To validate customer value tiers through an objective, data-driven approach, we applied 

unsupervised K-Means clustering to the RFM features after natural log transformation ln(1+x) and 

StandardScaler standardization. Evaluating cluster solutions over k ∈ [2,8] demonstrated that k=2 

achieved the peak Silhouette Score of 0.512, indicating optimal separation and structural cohesion. 

The profile of the two value tiers produced by K-Means clustering is detailed in Table 2. 
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Table 2. K-Means Cluster Profiles of JNE Binjai Timur 2 Agency Customers (k=2) 

Cluster 

Label 

Value 

Tier 

Custom

ers 

Proporti

on (%) 

Averag

e R 

(Days) 

Average 

F 

(Orders) 

Average 

M (IDR) 

Total 

Monetar

y (IDR) 

Revenue 

(%) 

Cluster 

Tier 1 
High-

Value 
808 17.47% 129.67 18.18 

549,600.

77 
444,077,

420 
69.47% 

Cluster 

Tier 2 
Low-

Value 
3,817 82.53% 349.98 1.23 

51,132.0

7 
195,171,

110 
30.53% 

Total / 

Average 
— 4,625 100.00% 311.46 4.19 

138,215.

90 
639,248,

530 
100.% 

 Cluster Tier 1 (High-Value) represents the core customer segment. Although this cohort 

comprises only 808 accounts (17.47% of total customers), it generates 69.47% of total agency 

revenue (IDR 444.08 million), averaging 18.18 transactions per customer. In contrast, Cluster Tier 

2 (Low-Value) encompasses the vast majority of accounts (82.53%) but contributes only 30.53% 

of revenue (IDR 195.17 Million), with an average transaction frequency of 1.23. The cross-

tabulation between rule-based RFM segments and K-Means Cluster Tiers in Table 3 shows that 

594 of 940 Champions fall into Tier 1, while 892 of 966 At Risk customers fall into Tier 2. 

Critically, however, 74 At Risk customers were identified within Cluster Tier 1, demonstrating 

that high-value financial contributors are currently undergoing severe transaction delays. 

Table 3. Cross-Tabulation Matrix of RFM Segments against K-Means Clusters 

RFM Segment 
Cluster Tier 1  

(High-Value) 

Cluster Tier 2  

(Low-Value) 
Total Customers 

Champions 594 346 940 

At Risk 74 892 966 

Loyal Customers 109 760 869 

New / Promising 30 573 603 

Lost 0 459 459 

Hibernating 1 424 425 

Potential Loyalist 0 363 363 

Total 808 3,817 4,625 

4.4 Churn Prediction Modeling Using Random Forest and Performance Evaluation 

 Applying the 90-day time-window churn definition (CHURN_WINDOW_DAYS = 90) 

prior to the October 3, 2025 cutoff on the training dataset (N = 4,106) produced an inactive class 

distribution of 89.8% churned customers (3,686 individuals) and 10.2% active customers (420 

individuals). This class imbalance was compensated for by enabling Cost-Sensitive Learning 

(class_weight="balanced_subsample") in the Random Forest model. The model was trained using 

the optimal hyperparameters (n_estimators: 500, max_depth: 5, min_samples_split: 5, 

min_samples_leaf: 4, max_features: 'log2') identified via RandomizedSearchCV. The optimal 

decision threshold was established at best_thr = 0,114 based on the maximum F1-Score on Out-

of-Fold Cross-Validation. The classification performance on the test dataset (N = 822) is 

summarized in Table 4. 

Table 4. Classification Performance Random Forest Model on Test Data (N = 822) 

Evaluation 

Metric 

Decimal 

Value 
Percentage (%) Operational Description 

Accuracy 0.9161 91.61% 
Proportion of total correct classifications 

(TP+TN = 753 / 822) 

Precision 

(Churn) 
0.9176 91.76% 

Accuracy of positive churn predictions 

(TP / (TP+FP) = 735 / 801) 

Recall 

(Sensitivity) 
0.9959 99.59% 

Proportion of actual churners correctly 

captured (TP / (TP+FN) = 735 / 738) 

F1-Score 

(Churn) 
0.9552 95.52% Harmonic mean of Precision and Recall 
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Evaluation 

Metric 

Decimal 

Value 
Percentage (%) Operational Description 

AUC-ROC 0.8303 — 
Model discriminative power across 

various decision thresholds 

 Based on the test set Confusion Matrix (N = 822), out of 738 actual churned customers, the 

model correctly identified 735 (True Positive / TP = 735) incurring a minimal Type II error rate 

with only 3 missed churners (False Negative / FN = 3). Among the 84 active customers, 18 were 

correctly classified (True Negative / TN = 18) while 66 were flagged as False Positives (FP = 66). 

In non-contractual logistics, a Recall of 99.59% is strategically vital, ensuring that nearly all 

customers prone to switching providers are flagged early. Concurrently, high Precision (91.76%) 

and Accuracy (91.61%) prevent excessive false alarms, safeguarding retention budgets against 

wasteful deployment. Gini Feature Importance analysis identified the top five churn predictors, as 

shown in Table 5. 

Table 5. Top Five Predictors (Top Feature Importance) of the Random Forest Model 

Rank 
Predictor 

Variable 

Impurity Weight 

(Gini Importance) 
Operational Description 

1 Active_Days 0.1580 
Total unique days on which the 

customer transacted 

2 Recency 0.1312 
Elapsed time (days) since the 

customer's last transaction 

3 Frequency 0.1252 
Cumulative total of unique 

transactions (airway bills) 

4 Total_Qty 0.1023 
Cumulative total number of 

packages/items dispatched 

5 N_Destination 0.0845 
Number of unique destination 

cities/districts 

 The prominence of temporal metrics (Active_Days and Recency) shows that, in delivery 

service operations, declining engagement serves as an earlier and more sensitive attrition indicator 

than a reduction in cumulative monetary expenditure. 

4.5 Value Segmentation and Churn Prediction for Retention Strategies 
 To eliminate inefficiencies stemming from isolated analyses, churn probabilities estimated by the 

Random Forest classifier were partitioned into three risk tiers (High: P ≥ 0.70, Medium: 0.40 ≤ P < 0.70, 

Low: P < 0.40) and crossed with historical spending metrics (Revenue at Risk), as shown in Table 6. 

Table 6. Distribution of Churn Risk Levels and Financial Exposure (Revenue at Risk) 

Churn 

Risk 

Level 

Probability 

Range 

Customer 

Count 

Customer 

Proportion 

(%) 

Revenue at Risk / 

Total Monetary 

(IDR) 

Revenue 

Contributi

on (%) 

High Risk P ≥ 0.70 2,766 59.81% IDR 243,525,970 38.09% 

Medium 

Risk 

0.40 ≤ P < 

0.70 
1,219 26.36% IDR 94,129,510 14.73% 

Low Risk P < 0.40 640 13.83% IDR 301,593,050 47.18% 

Total — 4,625 100.00% IDR 639,248,530 100.00% 

 This integration reveals that the High-Risk group constitutes an immediate financial 

exposure of IDR 243.52 Million (38.09% of cumulative agency turnover). By synthesizing 

customer value tiers (K-Means Tiers) with churn risk tiers, four actionable managerial retention 

priorities (P1–P4) were established: 

1. Priority 1 (P1 - High-Value High-Risk / "Immediate Recovery"): Focuses on Cluster Tier 

1 accounts exhibiting elevated churn probability. Interventions involve direct outreach by 

a Dedicated Account Manager, personalized win-back offers, expedited grievance 

resolution, and tailored volume-contract pricing schedules. 

2. Priority 2 (P2 - Low-Value High-Risk / "Cost-Efficient Reactivation"): Addresses high-

risk accounts in Cluster Tier 2. Interventions rely on low-cost mass reactivation campaigns 

executed via automated messaging channels (WhatsApp/Email) delivering time-delimited 
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shipping discount vouchers. 

3. Priority 3 (P3 - Medium Risk / "Monitor & Frequency Stimulation"): Centers on medium-

risk cohorts (Potential Loyalists). Prescriptive actions encompass loyalty point promotions, 

service bundle discounts, and periodic automated transaction reminders. 

4. Priority 4 (P4 - High-Value Low-Risk / "Retain & Expand"): Targets low-risk Cluster Tier 

1 accounts (active Champions). Initiatives include dedicated VIP services (priority parcel 

pick-up), expedited claim processing, and flexible payment terms (Term of Payment / 

credit lines). 

Conclusions 

 This study validates that integrating descriptive segmentation (RFM Analysis and K-Means 

Clustering) with predictive modeling (Random Forest Classifier) effectively overcomes the pitfalls 

of isolated analyses, creating a robust prescriptive customer retention framework for the JNE 

Binjai Timur 2 Agency. K-Means clustering (k=2, Silhouette Score = 0.512) confirmed the Pareto 

Principle: Cluster Tier 1 (High-Value, 808 customers) generates 69.47% of revenue (IDR 444.08 

Million) with an average of 18.18 transactions, while Cluster Tier 2 (Low-Value, 3,817 customers) 

comprises 82.53% of the customer base with a 30.53% revenue contribution (IDR 195.17 Million). 

In predictive modeling, establishing a 90-day churn threshold paired with Cost-Sensitive Learning 

and an Optimal Decision Threshold (best_thr = 0,114) achieved exceptional diagnostic 

performance on unseen test data (N = 822): Accuracy 91.61%, Precision 91.76%, Recall 99.59%, 

F1-Score 95.52%, and AUC-ROC 0.8303. Temporal variables, specifically Active_Days (0.1580) 

and Recency (0.1312), were the most decisive churn predictors. Cross-referencing segmentation 

with risk modeling revealed a financial exposure of IDR 243.52 million (38.09% of turnover) 

within the High-Risk group and enabled the formulation of four targeted managerial retention 

priorities (P1–P4) designed to safeguard corporate revenue margins. 
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