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[bookmark: _Toc237598310]Introduction
The growth of e-commerce has generated a lot of consumer data, which has allowed firms to better understand consumer behaviour and improve client retention. Client churn, which occurs when customers cease making purchases or interacting with a firm, is a significant issue for online businesses. By identifying customers who are likely to churn, organisations may reduce the cost of replacing lost customers and implement targeted retention efforts.
The Online Retail Customer Churn Dataset is used in this paper to use data mining techniques. The dataset consists of 1,000 customer records and 15 transactional, behavioural, and demographic features. The analysis's two main objectives are to develop and evaluate classification models for predicting customer attrition and identify important consumer groups that can support certain business decisions.
Weka 3.8.6 was the main analytical tool for classification, clustering, and related outputs, Tableau was utilised for exploratory data visualisation and pattern recognition before modelling. The classification techniques of Random Forest, Logistic Regression, and J48 Decision Tree were selected. Their prediction capacity was evaluated using 10-fold cross-validation and parameters such as accuracy, precision, recall, F1-score, and the Area Under the ROC Curve (AUC). The SimpleKMeans clustering method was used to identify client groups that shared similar behavioural characteristics.
[bookmark: _Toc237598311]1.1 Purpose and Practice of Data Mining 
Data mining is the process of extracting patterns, connections, and insights from large datasets using statistical analysis, machine learning, and database systems [1]. In the retail and e-commerce sectors, data mining has become an essential strategic tool for understanding consumer behaviour, enhancing marketing campaigns, and reducing attrition rates. A specific use of data mining classification techniques is customer churn prediction, which assists companies in identifying clients who are likely to cease doing business with them before the loss occurs [2].
The business value of churn prediction comes from its proactive approach. It is estimated that it costs five to twenty-five times as much to acquire new clients as it does to retain existing ones [3]. Retailers can utilise data mining techniques such as decision trees, logistic regression, and ensemble approaches to segment their customer base, predict future behaviour, and implement targeted retention strategies [4]. The choice between these approaches is not neutral, though, as decision trees and logistic regression may not adequately reflect the intricate, non-linear connections that frequently underpin churn behaviour, despite their high interpretability, which is beneficial for stakeholder communication [4]. Ensemble approaches address this limitation, but they sacrifice transparency in the process.
Clustering algorithms can discover distinct consumer segments that facilitate customised marketing efforts based on spending patterns and interaction levels [5].  It is crucial to understand that clustering results are highly sensitive to feature scaling and the selected value of k, so segment definitions are modelling decisions that need to be validated against business context rather than objective truths [5].
This study applies data mining techniques to the Online Retail Customer Churn Dataset with the dual objectives of identifying behavioural segments through exploratory analysis and predicting churn through classification, while critically assessing the degree to which these techniques succeed given the features of the data itself.
[bookmark: _Toc237598312]1.2 Dataset Description and Exploration        
The Online Retail Customer Churn Dataset includes 15 features, including transactional, behavioural, and demographic factors, and 1,000 examples. The dataset is in a clean initial condition that may be analysed directly without imputation since there are no missing values or duplicate records.
Table 1: dataset Attributes and Data Types

	Attribute
	Type
	Description

	Customer_Id
	Numeric (integer)
	Unique Identifier

	Age
	Numeric (integer)
	Customer age (18-69)

	Gender
	Categorical
	Male, female, Other

	Annual_income
	Numeric (Continuous)
	Income in £000s (20.01-199.73)

	Total_spend
	Numeric (Continuous)
	Lifetime spend (£108.94-£9,999.64)

	Years_as_customer
	Numerical (integer)
	Tenure (1-19 years)

	Num_of_Purchases
	Numerical (integer)
	Total Transactions (1-99)

	Average_Transaction_Amount
	Numeric (Continuous)
	Mean transaction value (£10.46-£499.57)

	Num_returns
	Numerical (integer)
	Product returns (0-9)

	Num_of_Support_Contacts
	Numeric (integer)
	Support interactions (0-4)

	Satisfaction_Score
	Numeric (Ordinal)
	Rating on scale 1-5

	Last_Purchase_Days_Ago
	Numeric (integer)
	Recency (1-364 days)

	Email_Opt_in
	Binary
	TRUE/FALSE

	Promotion_Response
	Categorical
	Responded,Ignored,Unsubscribed

	Target_Churn
	Binary (Class)
	TRUE/FALSE
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Figure 1 Dataset Attributes and Data Types
With 52.6% of consumers identified as churned and 47.4% as retained, the target variable Target_Churn is rather balanced. The typical customer's age is 43.3 years, their average yearly income is £111,960, and their average total expenditure is £5,080.79, according to summary statistics. With 49.5 purchases and an average transaction value of £266.88, the average tenure is 9.7 years. With a mean of 2.97, satisfaction scores are roughly evenly distributed on the 1–5 scale.
The exploratory visualisations show a number of noteworthy patterns. The churn rate fluctuates according to satisfaction levels; ratings of 3 and 4 indicate somewhat higher churn rates. Customers who responded to promotions had a slightly higher turnover rate (~53.6%) than those who unsubscribed (~51.5%) or ignored (~52.8%).
Significant skew toward churn in Recency (Last Purchase Days Ago) indicates that recent inactivity is not the only factor influencing churn behaviour in this dataset. The distribution of genders is roughly equal among the three groups.
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Figure 2 Customer Churn Distribution
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Figure 3: Age Distribution by Churn Status
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Figure 4: Churn Rate by Satisfaction
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Figure 5: Total spend by Churn Status
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Figure 6: Churn Rate Recency (Last Purchase Days)
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Figure 7: Churn by Promotion Response
         
[bookmark: _Toc237598313]1.3 Data Pre-processing and Post-processing 
Even though the dataset had no missing values, several pre-processing steps were taken to prepare the data for mining. The Customer_ID attribute was originally removed since it adds noise to the models and has no predictive value. 

The categorical variables Gender and Promotion_Response were encoded using one-hot encoding (nominal to binary conversion) to ensure compatibility with algorithms that require numerical input. The binary fields Email_Opt_In and Target_Churn were converted from Boolean messages to numerical indications (0/1).
Resampling and synthetic minority oversampling (SMOTE) were not used because the target class was balanced (52.6% vs. 47.4%). This choice was chosen on purpose rather than by default because SMOTE is primarily intended to address extreme class imbalance and using it on a target that is already balanced runs the risk of adding artificial noise without improving model performance [4]. For logistic regression, numerical attributes were normalised to the [0,1] range instead of standardised (z-score) to ensure algorithmic convergence and prevent feature dominance. This is because, as exploratory analysis confirmed, normalisation is more appropriate when features do not follow a Gaussian distribution.
Since J48 and Random Forest divide on threshold values rather than distances, making them scale-invariant, feature scaling was examined but found to be superfluous for tree-based techniques [7].
Features were selected using information gain ranking and correlation analysis. Correlation study revealed weak linear relationships between individual predictors and churn, with Annual Income exhibiting the strongest association at -0.036. Such weak correlations indicate that either the dataset lacks predictive behavioural signals or that churn in this context is driven by complicated, non-linear interactions between variables that linear correlation is unable to identify [3]. This finding is significant rather than incidental. The information gain ranking indicated that Satisfaction_Score, Last_Purchase_Days_Ago, and Promotion_Response were the most informative variables. These findings subsequently informed the interpretation of the classification results in Section 1.4.
The dataset was produced in ARFF format to guarantee compatibility with Weka. To evaluate prediction performance across accuracy, precision, recall, F1-score, and AUC, post-processing involved analysing model outputs, extracting decision rules from tree classifiers, and building confusion matrices.

[image: ]
Figure 8: Elimination of customer ID
[bookmark: _Toc237598314]1.4 Sample Runs and Analysis Methods 
Weka 3.8.6 was used for data preparation, classification, clustering, and visualisation in this analysis. Random Forest, Logistic Regression, and J48 (C4.5 Decision Tree) were the three classification algorithms chosen based on their suitability for binary classification and their interpretability by business stakeholders.
[bookmark: _Toc237598315]
Reasons for Algorithms 
J48 was chosen due to its excellent interpretability; the resulting decision tree may be instantly transformed into practical business rules [6]. Logistic regression provides a reliable, well-understood baseline and probabilistic results for binary classification applications. Due to its inherent resistance to overfitting and ability to capture non-linear feature interactions, the ensemble approach Random Forest, which mixes many decision trees, was used [7].
[bookmark: _Toc237598316]Method of Evaluation 
Ten-fold cross-validation was employed to ensure fair and accurate performance estimates. The dataset was evaluated using the F1-score, accuracy, precision, recall, and area under the ROC curve (AUC). Given the balanced class distribution, accuracy is a valuable metric; nevertheless, recall (sensitivity) was prioritised to prevent false negatives, since it is usually more costly for a business to miss a churning customer than a false alarm [8].
[bookmark: _Toc237598317]Outcomes and Critical Evaluation 
Random Forest had the highest accuracy at 49.8% and an AUC of 0.486, although the models' performance was only slightly better than the baseline (50%). This result needs closer examination. Since three extensively verified and methodologically appropriate algorithms were examined, the significant discrepancy between the results of our study and those benchmarks cannot be attributed to inadequate algorithm selection [6][7]. Churn prediction studies in the literature often claim accuracies above 80% [14]. The near-random performance, on the other hand, is consistent with the weak correlation coefficients found in Section 1.3 and indicates a more basic limitation: the dataset might not have enough behavioural granularity (such as browsing history and transaction timing patterns) to enable accurate churn prediction [13].
The information gain ranking was cross-checked against the J48 decision tree structure to investigate this further. Satisfaction_Score and Promotion_Response were consistently shown to be the strongest discriminating qualities by both, which increases confidence that these two features contain the (limited) predictive signal available in the dataset rather than the models failing because of implementation error. The conclusion that churn in this dataset is driven by characteristics not captured among the 15 available attributes is further supported by the poor depth of the resultant J48 tree, which shows that even the strongest available predictors do not yield clear decision boundaries [8].
The k-means clustering algorithm (k=3), a well-established technique for consumer segmentation in retail analytics, was used to partition standardised behavioural data [9]. Cluster 0 (n=267, 27%) consists of older, wealthy clients with high recency (187 days) and moderate satisfaction (3.0) (mean age 49.7, income £128,282, total expenditure £5,593). High-frequency buyers (51.9 purchases) with the longest tenure (10.9 years) and low satisfaction (3.1) are found in Cluster 1 (n=391, 39%). Younger, lower-income consumers (£97,228) with fewer purchases (46.8) but higher transaction values (£306) are represented by Cluster 2 (n=342, 34%).
Cluster 2 displayed a little higher churn rate (~55%) than the dataset average, despite the supervised models' low performance. This means that unsupervised segmentation, which groups customers based on overall behavioural similarity instead of optimising for a single target variable, might be more resilient to weak or noisy churn signals than supervised classification [12].
[bookmark: _Toc237598318]Classification Results (10-folds cross validation)
Table 2: Classification performance comparison across three algorithms using 10-fold cross-validation
	Algorithm
	Accuracy
	Precision
	Recall
	F1-Score
	AUC

	J48 Decision Tree
	50.3%
	0.50
	0.50
	0.50
	0.494

	Logistic Regression
	46.9%
	0.46
	0.47
	0.45
	0.448

	Random Forest
	49.8%
	0.49
	0.50
	0.49
	0.486
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Figure 9: Weka Classify, J-48 10-fold cross-validation output
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Figure 10: Weka Classify, Logistic 10-fold cross-validation output
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Figure 11: Weka Classify, Random Forest 10-fold cross-validation output

The confusion matrices show clear mistake patterns that have immediate business ramifications. With 287 true positives and 258 false positives, J48's predictions were balanced but unhelpful. Logistic regression produced 342 true positives but 347 false positives, a significant false-positive rate that, if used commercially, would waste retention resources. With 319 true positives and 295 false negatives, Random Forest was unable to identify over half of all churning customers. In churn situations, false negatives are usually more expensive than false positives because each missed churner implies direct lost revenue, as noted by Verbeke et al. [11].
[bookmark: _Toc237598319]1.5 Business Recommendations 
[bookmark: _Toc237598320]Give priority to programs for satisfaction recovery 
Despite the models' generally poor predictive power, the J48 tree structure and the information gain ranking both found Satisfaction_Score to be the most discriminating attribute (Section 1.4). Even in cases where overall model accuracy is low, trust in this discovery is strengthened by the convergence across independent analytical methodologies. Customers with mid-range satisfaction scores (3–4) showed a disproportionately greater turnover rate. This score band should be the focus of management's proactive outreach, which includes closed-loop feedback methods, priority support channels, and customised discount codes [10].
[bookmark: _Toc237598321]Re-engage clients who have stopped participating in promotions 
According to Section 1.4, Promotion_Response was the second most informative characteristic. Consumers who unsubscribed displayed a churn rate of roughly 52–54%, which is similar to that of respondents. This indicates that response status by itself is a weaker discriminator than first thought and should be used in conjunction with Satisfaction_Score for targeting rather than alone [11]. 

Use Cluster-Based Early-Warning Systems Instead of Classifiers Only 
Management should prioritise behavioural cluster monitoring as the primary early-warning mechanism, using classifier outputs only as a secondary signal until predictive accuracy improves with richer data, since unsupervised clustering identified a distinct at-risk segment (Cluster 2, ~55% churn) more clearly than supervised classifiers could isolate at-risk individuals (Section 1.4) [12].
[bookmark: _Toc237598322]Enhance the Measurement of Support Interaction Quality 
The weak correlation between the number of support contacts and churn does not mean that support quality is unimportant; rather, it probably indicates that interaction quality cannot be captured by Num_of_Support_Contacts as a count variable. To test this distinction firsthand, it is advised to invest in post-ticket satisfaction analytics [9]. 

Make gathering richer behavioural data a top priority. 
The near-random classification accuracy (Section 1.4) and consistently poor linear correlations (Section 1.3) together show that the existing 15 criteria are not good enough to predict churn accurately. The most effective next step is to obtain behavioural markers, such as website browsing behaviours, cart abandonment, and competition pricing sensitivity, which have been shown in previous studies to significantly improve churn model performance [13]. This is in contrast to further algorithm tuning.
[bookmark: _Toc237598323]Use a Two-Step Cluster-Then-Classify Process 
In B2C e-commerce, Xiahou and Harada [14] showed that when global signals are poor, combining K-means with SVM in a two-stage pipeline enhances churn prediction. 
Future investigations should develop distinct churn models for each cluster after initially segmenting clients based on their behaviour. 
 Rerun every three months. Use K-means to find segments, then train Random Forest or J48 separately inside each segment to take advantage of local patterns that are hidden from global classifiers, KPI: 15% increase in segment-specific accuracy over the existing global model.
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Figure 12: Weka SimpleKMeans clustering output
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Figure 13: Weka SimpleKMeans clustering output
[bookmark: _Toc237598324]1.6 Reflective Commentary
With an accuracy of 49.8%, just above chance, Random Forest had the highest accuracy. Although accuracies exceeding 80% are frequently reported in churn literature, this near-random performance needs to be explained rather than ignored [14].
Since this study also used a theoretically sound and diverse set of classifiers [6][7], a comparison with Xiahou and Harada's K-means and SVM approach [14], which reported significantly higher accuracy on a comparable churn task, indicates that the gap is unlikely to result solely from algorithm choice. The more likely explanation is feature richness: datasets with high reported accuracy usually contain web-behavioral or temporal factors that are not present here, supporting the independent conclusion made in Sections 1.3 and 1.4.
The balanced experimental design, which included three algorithms, 10-fold cross-validation, and several evaluation measures to give a solid and trustworthy performance assessment and prevent the possibility of overstating results from a single model or metric, was a major merit of this study. Weka was consistently used for data preparation, modelling, and assessment, which further guaranteed methodological reproducibility. As stated in Section 1.5, the clustering analysis provided truly actionable customer segments that went beyond categorisation and might be more instantly beneficial to the company than the classifiers themselves.
The dataset's structural simplicity was the main drawback. Features like Total_Spend and Annual_Income have very little correlation with churn, suggesting either an artificially weak embedded signal or missing predictors. Another drawback is the use of default hyperparameters for all algorithms. Although a grid-search optimisation would probably result in only slight improvements given the weak feature-target relationships found, it would have improved the evaluation's rigour and ruled out hyperparameter selection as a potential cause of the low accuracy.
The following would be the top priorities if this analysis were to be repeated: (1) engineering interaction features (e.g., spend-per-year, returns-to-purchases ratio) to reveal non-linear relationships not visible in raw attributes; (2) applying wrapper-based feature selection more aggressively; (3) testing boosting algorithms like AdaBoost or XGBoost, which have shown superior performance on comparable churn datasets [5]; and (4) interacting directly with the business to source behavioural data not included in the current dataset. This experience confirmed that data quality and feature engineering have at least as much of an impact on data mining results as algorithm selection, which is in line with the larger body of research on churn prediction [3][13].
[bookmark: _Toc237598325]Conclusion
The Online Retail Customer Churn Dataset was subjected to J48, Logistic Regression, Random Forest, and k-means clustering in this study. The research revealed Satisfaction_Score and Promotion_Response as important indicators and generated three actionable behavioural segments, even though predicted accuracy stayed close to random chance (~50%). These results show that even in cases where feature-target signals are weak, unsupervised methods can produce commercial value; to increase model performance, future research should give priority to richer behavioural data.

[bookmark: _Toc237598326]References
[1] J. Han, M. Kamber, and J. Pei, Data Mining: Concepts and Techniques, Elsevier, 2006. [online]. Available: https://www.sciencedirect.com/book/monograph/9780123814791/data-mining-concepts-and-techniques
[2] B. Prabadevi, R. Shalini, and B. R. Kavitha, "Customer churning analysis using machine learning algorithms," Int. J. Intell. Netw., vol. 4, pp. 145–154, 2023. [online]. Available: https://www.sciencedirect.com/science/article/pii/S2666603023000143
[3] M. Imani et al., "Customer churn prediction: A systematic review of recent advances, trends, and challenges in machine learning and deep learning," Mach. Learn. Knowl. Extr., vol. 7, no. 3, p. 105, 2025. [online]. Available: https://www.mdpi.com/2504-4990/7/3/105
[4] A. De Caigny, K. Coussement, and K. W. De Bock, "A new hybrid classification algorithm for customer churn prediction based on logistic regression and decision trees," European Journal of Operational Research, vol. 269, no. 2, pp. 760–772, 2018. [online]. Available: https://www.sciencedirect.com/science/article/abs/pii/S0377221718301243
[5] P. Boozary et al., "Enhancing customer retention with machine learning: A comparative analysis of ensemble models for accurate churn prediction," Decis. Anal. J., vol. 5, no. 1, p. 100331, 2025. [online]. Available: https://www.sciencedirect.com/science/article/pii/S2667096825000138
[6] J. R. Quinlan, C4.5: Programs for Machine Learning, Elsevier, 2014. [online]. Available: https://books.google.co.uk/books?hl=pt-BR&lr=&id=b3ujBQAAQBAJ&oi=fnd&pg=PP1&dq=J.+R.+Quinlan,+C4.5:+Programs+for+Machine+Learning,+Elsevier,+2014.+&ots=sS9sXSFtE6&sig=_pP332pf4U_8CsF2i9t2NOUvhcg#v=onepage&q=J.%20R.%20Quinlan%2C%20C4.5%3A%20Programs%20for%20Machine%20Learning%2C%20Elsevier%2C%202014.&f=false
[7] L. Breiman, "Random forests," Machine Learning, vol. 45, no. 1, pp. 5–32, 2001. [online]. Available: https://link.springer.com/article/10.1023/a:1010933404324
[8] M. Shahabikargar, A. Beheshti, X. Zhang, J. Foo, and A. Jolfaei, "A comprehensive survey on customer churn analysis studies," Journal of Information and Telecommunication, vol. 10, no. 1, pp. 24–70, 2026. [online]. Available: https://www.tandfonline.com/doi/full/10.1080/24751839.2025.2528440
[9] K. Tabianan, S. Velu, and V. Ravi, "K-means clustering approach for intelligent customer segmentation using customer purchase behavior data," Sustainability, vol. 14, no. 12, p. 7243, 2022. [online]. Available: https://www.mdpi.com/2071-1050/14/12/7243
[10] E. Mulcahy et al., "Creating a proactive churn retention strategy in a telecommunications company through the application of design for lean six sigma," Sustainability, vol. 18, no. 3, p. 1400, 2026. [online]. Available: https://www.mdpi.com/2071-1050/18/3/1400
[11] W. Verbeke, K. Dejaeger, D. Martens, J. Hur, and B. Baesens, "New insights into churn prediction in the telecommunication sector: A profit driven data mining approach," European Journal of Operational Research, vol. 218, no. 1, pp. 211–229, 2012. [online]. Available: https://www.sciencedirect.com/science/article/abs/pii/S0377221711008599
[12] W. Verbeke, D. Martens, C. Mues, and B. Baesens, "Building comprehensible customer churn prediction models with advanced rule induction techniques," Expert Systems with Applications, vol. 38, no. 3, pp. 2354–2364, 2011. [online]. Available: https://www.sciencedirect.com/science/article/abs/pii/S0957417410008067
[13] J. M. John, O. Shobayo, and B. Ogunleye, "An exploration of clustering algorithms for customer segmentation in the UK retail market," Analytics, vol. 2, no. 4, pp. 809–823, 2023. [online]. Available: https://www.mdpi.com/2813-2203/2/4/42
[14] X. Xiahou and Y. Harada, "B2C E-commerce customer churn prediction based on K-means and SVM," J. Theor. Appl. Electron. Commer. Res., vol. 17, no. 2, pp. 458–475, 2022. [online]. Available: https://www.mdpi.com/0718-1876/17/2/24
image2.png
Q Weka Explorer

Preprocess  Classify  Cluster  Associate  Select atributes

Openfile.

il
Choose |None

Current rlation
Relation: online.retailcustomer_chum
Instancs: 1000

Atibutes
A
No.

1 Customer 1D
2(JAge
30 Gender
4] AnnualIncome.
50 |Total_Spend
60 Years_as Customer
70 Num_of Purchases
8(] Average Transaction Amount
90| Num of Retums
10 Num_of_Support Contacts
11 Satisfaction Score
121 Last Purchase Days Ago.
13 Email OptIn
14 ] Promotion Response
15 [ Target. Chum

Status

ok

Open URL.

None

Visualize

Open DB,

Attributes: 15
Sum of weights: 1000

nvert patiemn

Name

Generate. v

Selected atribute
Name: Customer_ID
Missing: 0 (0%)
Statistic
Minimum
Maximum
Mean
StdDev

Class:Target Churn (Nom)

Distinct: 1000

et Save..

Apply
Type: Numeric
Unique: 1000 (100%)

Value

1000
5005
288810

ax @s%

Visualize All




image3.png
Customer
Churn Dis-—
tribution

00%

52.60!

% of Total Count of
Target Churn. Colour
shows details about
Target Churn. The
marks are labelled by
% of Total Count of
Target Churn

Target Churn
M Retained
W Churned




image4.png
Age Distribution by Churn Status

Age (bin) Target Churn

M Retained
%0
3
80 A
3 3

70 A

60

50

Churned
dhlime - -
urne urne,
55 kA dhlime - -
47 49

Countof Target Churn

8

N
S

JHUFRE
27

o

15 20 25 30 35 40 45 50 55 60

Count of Target Churn for each Age (bin). Colour shows details about Target Churn. The marks are
labelled by Target Churn and count of Target Churn





image5.png
Churn

220

200

180

160

5
3

120

100

Count of Target Churn

80

60

40

20

The plot of count of Target Churn for Satisfaction Score. Colour shows details about Target Churn. The marks

Rate by Satisfaction Score

Retglined
43 9% Retflihed
Retflled 428p%
S0 8% Retglihed
5189 Retflined
508%
Chilfhed cnllhed
Chilfhed N 578%
Chilfhed chilfhed
50@b%
2386% a0fiBo%
2 3

Satisfaction Score

are labelled by Target Churn and % of Total Count of Target Churn.

Target Churn
M Retained
W Churned




image6.png
Total Spend by Churn Status

Target Churn Target Churn
M Retained

11K
W Churned

10K
9K
8K
7K
6K

5K

Total Spend

4K

3K

2K

1K

0K

-1K

Retained Churned

Total Spend for each Target Churn. Colour shows details about
Target Churn




image7.png
Churn Rate by Recency (Last
Purchase Days)

Last Purchase Days Ago (bin) Target Churn
M Retained
Churned
5
2
5
k!
g
Pl
b
£
s
3
S
B
2
k3
£

340

220
260

urn for each chase Days Ago
ws details about Target Churn. The marks are
labelled by Count of Target Churn and Target Churn





image8.png
Churn by
Promotion
Response

Promotion Response  Target Churn
M Retained
W Churned
350

300

250

200

Count of Target Churn

150

100

50

Ignored Respo.. Unsub.

Count of Target Churn for each
Promation Response. Colour
shows details about Target Churn
The marks are labelled by count of
Target Churn.




image9.png
& Weka Explorer — o X

Preprocess  Classify  Cluster  Associate  Selectattributes  Visualize

Open file. Open URL Open DB, Generate. Undo Edit, Save.
Filter
Choose |None Apply Stop
Current relation Selected attribute
Relation: online_retail_customer_churn-weka filters.unsupervised attribute Remove-R1 Attributes: 14 Name: Age Type: Numeric
Instances: 1000 Sum of weights: 1000 Missing: 0 (0%) Distinct: 52 Unique: 0 (0%)
(TEnES Statistic Value
Al None Invert Pattern Minimum 18
Maximum 69
No. Name Mean 43.267
1 |Age StdDev 15242
2] Gender
3] Annual _Income:
4[] Total Spend
5[ Years_as_Customer
6| Num_of Purchases
7(_) Average Transaction Amount
8(] Num_of Returns
9(") Num_of Support_Contacts
101 satisfaction Score Class: Target_Chum (Nom) | visualize All

11 Last_Purchase_Days_Ago
12/ Email_ Opt_in

13 (] Promotion_Response

4[] Target_Chun

Remove

15:38
28/07/2026




image10.png
&) Weka Explorer

Preprocess  Classify  Cluster

Classifier
Choose | J48 -C 0.25 -M 2

Test options
Use training set
Supplied test set Set.
(®) Cross-validation  Folds | 10
Percentagesplit % 66
More options.

(Nom) Target_Churn

Start Stop

Result list (right-click for options)
15:40:16

Associate  Selectattributes  Visualize

Classifier output
T e e e e B B e e S e R e ]
I I 1 1 I 1 | Num of Support Contacts > 3
I I 1 1 I 1 I | Years as Customer <= 6: TRUE (2.0)
I 1 1 1 1 1 I | Years as Customer > 6: FALSE (4.0)
Number of Leaves : 148
Size of the tree : 285
Time taken to build model: 0.12 seconds

Stratified cross-validation ===
=== summary ===
Correctly Classified Instances 503 50.3
Incorrectly Classified Instances 297 29.7
Rappa statistic 0.0013
Mean absolute error 0.5016
Root mean squared error 0.639
Relative absolute error 100.5922 %
Root relative squared error 127.9686 %
Total Number of Instances 1000
=== Detailed Accuracy By Class ===
TP Rate FP Rate Precision Recall F-Measure
0.546  0.5424  0.527 0.546  0.536
0.456  0.4524  0.475 0.456  0.465
Weighted Avg.  0.503  0.502  0.502 0.503  0.502
=== Confusion Matrix ===
a » - classified as
287 235 | a = TRUE
258 216 | b = FALSE

Status

Mec ROC Area
0.001  0.454
0.001  0.454
0.001  0.454

PRC Area
0.514
0.478
0.497

Class
TRUE
FALSE

28/07/2026




image11.png
& Weka Explorer

Preprocess  Classify  Cluster  Associate  Selectattributes  Visualize

Classifier

Choose | Logistic -R 1.0E-8 -M -1 -num-decimal-places 4

Test options
Use training set
Supplied test set Set.
(®) Cross-validation  Folds | 10
Percentagesplit % 66
More options.
(Nom) Target_Churn v
Start Stop

Result list (right-click for options)

15:40:16 - treesJ48.

15:44:5. ons.Lc

Status

Classifier output

Num_of_Support_Contacts 1.0172
Satisfaction Score 1.036¢
ZLast_Purchase_Days_Ago 0.9998
Email Opt_In=rFALSE 1.0213
Promotion Response=Responded 1.0327
Promotion Response=Ignored 1.0047
Promotion Response=Unsubscribed 0.9652

Time taken to build model: 0.08 seconds

stratified cross-validation ===

Summary

Correctly Classified Instances 469
Incorrectly Classified Instances 531
Rappa statistic -0.0833
Mean absolute error 0.5029
Root mean squared error 0.5058
Relative absolute error 100.861 %
Root relative squared error 101.2954 %
Total Number of Instances 1000
=== Detailed Accuracy By Class ===
TP Rate FP Rate Precision Recall
0.650  0.732  0.4%6 0.650
0.268  0.350  0.408 0.268
Weighted Avg.  0.469  0.551  0.455 0.465

=== Confusion Matrix ===

a b < classified as
342 184 | a = TRUE
347 127 | b = FALSE

46.9
53.1

F-Measure
0.563
0.324
0.445

-0.088
-0.088
-0.088

ROC Area
0.448
0.448
0.448

PRC Area Class

0.492
0.438
0.466

TRUE
FALSE
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& Weka Explorer

Preprocess  Classify  Cluster

Classifier

Associate  Selectattributes  Visualize

Choose | RandomForest -P 100 -1 100 -num-slots 1-K 0 -M 1.0 -V 0.001 -5 1

Test options
Use training set
Supplied test set Set.
(®) Cross-validation  Folds | 10
Percentagesplit % 66
More options.

(Nom) Target_Churn

Start Stop

Result list (right-click for options)

15:40:16 - trees.J48.
15:44:52 - functions.Logistic

Status

Classifier output

=== Classifier model (full training set) ===

RandemForest

Bagging with 100 iterations and base learnmer

weka.classifiers.trees.RandemTree ~K 0 -M 1.0 -V 0.001 -S 1 -do-not-check-capabilitics

Time taken to build model: 0.67 seconds

=== Summary ===
Correctly Classified Instances 498
Incorrectly Classified Instances 502

Rappa statistic -0.016
Mean absolute error 0.5014
Root mean squared error 0.5108
Relative absolute error 100.5444 %
Root relative squared error 102.2978 %
Total Number of Instances 1000

=== Detailed Accuracy By Class ===

TP Rate FP Rate Precision Recall

0.606  0.622  0.520 0.606
0.378  0.39¢  0.464 0.378
Weighted Avg.  0.498  0.514  0.493 0.498

=== Confusion Matrix

a b classified as
315 207 | a = TRUE
295 175 | b = FALSE

45.8
50.2

F-Measure
0.560
0.416
0.492

Mec
-0.016
-0.016
-0.016

ROC Area
0.486
0.486
0.486

PRC Area Class

0.516
0.467
0.493

TRUE
FALSE
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& Weka Explorer — o X

Preprocess  Classify  Cluster  Associate  Selectattributes  Visualize

Clusterer
Choose | SimpleKMeans -init 0 -max-candidates 100 -periodic-pruning 10000 -min-density 2.0 -t1 -1.25 -t2 -1.0 -N 3 -A “weka.core EuclideanDistance -R first-last" -1 500 -num-slots 1 -5 10

Cluster mode Clusterer output
Use training set Initial starting points (random):
Supplied test set Set.
Cluster 0: 67,Female,157.71,5313.18,4,5,451.01,3,1,2,150, FALSE, Responded
Percentage split % | 66 Cluster 1: 36,Female,187.23,1017.58,6,4,218.86,5,0, 3, 348, FALSE, Unsubscribed
(® Classes to clusters evaluation Cluster 2: 22,0ther,28.87,3982.58, 10, 20,251.79,2, 1,1, 323, FALSE, Responded
(Nom) Target_Churn v

Missing values globally replaced with mean/mode
Store clusters for visualization

Final cluster centroids:
Ignore attributes

Cluster$
Attribute Full Data o 1 2
Start Stop (1000.0) (267.0) (391.0) (342.0)
Result st (right-click for options)
16:19:48 - SimpleKMeans age 13.267 45,6742 11,7263 10.0263
Gender Female Female Female other
Annual_Tncome 111.563 128.282  113.7075 57.2282
Total_spend 5080.7927  5553.1007 4825.55  4567.6145
Years_as_customer 5.727 5.0861 10.85 8.8977
Num_of_Purchases 15.456 45.3483 s1.8542 16,7582
Average_Transaction_Amount 266.8765 253.3253 306.1458 232.5604
Num_of_Returns 1612 4.8535 4.7055 14.3158
Num_of_support_Contacts 1.534 1.8652 2.0384 1.8684
Satisfaction Score 2.974 3 3.1074 2.8012
Zast_purchase_Days_Ago 182.85  186.5888  188.1611  173.6637
Email_opt_In TRUE TRUE TRUE TRUE
Promotion_Response Unsubscribed  Responded Unsubscribed  Responded
Time taken to build model (full training data) : 0.1 seconds

=== Model and cvaluation on training set

Clustered Instances

0 267 ( 27%)

Status
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Preprocess  Classify  Cluster  Associate  Selectattributes  Visualize

Clusterer
Choose | SimpleKMeans -init 0 -max-candidates 100 -periodic-pruning 10000 -min-density 2.0 -t1 -1.25 -t2 -1.0 -N 3 -A “weka.core EuclideanDistance -R first-last" -1 500 -num-slots 1 -5 10

Cluster mode Clusterer output
Use training set Num_of Purchases 495.456 493483 s51.8542 16.7982
Average_Transaction_Amount 266.8765 253.3253 306.1458 232.5604
Supplied test set Set. e A
Num_of Returns 1612 4.8539 4.7059 4.3158
Percentage split % | 66 Num_of_Support_Contacts 1.934 1.8652 2.0384 1.8684
(®) Classes to clusters evaluation Satisfaction_Score 2.974 3 3.1074 2.8012
(Nom) Target Churn o Last_Purchase Days Ago 182.89 186.9888 188.1611 173.6637
Email Opt_In TRUE TRUE TRUE TRUE
Blo =i el azton Promotion Response Unsubscribed Responded Unsubscribed Responded
Ignore attributes
Start Stop
Result list (right-click for options) Time taken to build model (full training data) : 0.1 seconds

16:19:48 - SimpleKMeans.

=== Model and evaluation on training set ===

Clustered Instances

0 267 ( 27%)
1 391 ( 39%)
2 342 ( 34%)

Class attribute: Target_Churn

Classes to Clusters:

0 1 2 <- assigned to cluster
135 202 185 | TRUE
132 189 153 | Fassg

Cluster 0 <-- No class
Cluster 1 <-- FALSE

Cluster 2 <-- TRUE

Incorrectly clustersd instances : 622.0 62.2 %

Status
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