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Abstract:  Customer churn prediction is a key application of data mining that enables organisations to recognise customers who may discontinue their services and implement suitable retention strategies. This report examines the Telco Customer Churn dataset using the Weka data mining tool. The data was pre-processed by removing unnecessary attributes and treating missing values before building classification and clustering models. Three classification algorithms J48, Logistic Regression, and Random Forest—were applied to predict customer churn, while the Synthetic Minority Oversampling Technique (SMOTE) was used to reduce class imbalance and improve the detection of minority-class customers. In addition, the SimpleKMeans algorithm was employed to group customers according to their behavioural and spending characteristics. The findings indicated that Logistic Regression produced the strongest baseline performance, whereas SMOTE increased the recall of churn prediction. The clustering analysis also identified three distinct customer groups that can support targeted marketing and customer retention initiatives. Overall, the results demonstrate that combining classification and clustering techniques provides valuable support for customer retention and data-driven decision-making within the telecommunications industry.
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[bookmark: _Toc235723845]1.0 Introduction
Retaining customers has become a key concern for organisations operating in competitive sectors such as the telecommunications industry. Since attracting new customers usually costs more than keeping existing ones, predicting customer churn has become an important business priority. Data mining provides organisations with techniques to examine customer data, recognise behavioural trends, and support informed decision-making for business improvement [1], [2].
This report analyses the Telco Customer Churn dataset using the Weka data mining tool. Three classification algorithms, namely J48, Logistic Regression, and Random Forest, are applied and assessed using 10-fold cross-validation to predict customer churn. To reduce the effect of class imbalance, the Synthetic Minority Oversampling Technique (SMOTE) is employed, while the SimpleKMeans clustering algorithm is used to group customers with similar characteristics. The results are evaluated to determine how effectively these techniques can assist customer retention and improve business decision-making.
[bookmark: _Toc235723846]1.1 Purpose and Practice of Data Mining
Data mining refers to the process of examining large volumes of data to identify useful patterns, relationships, and trends that can support better decision-making. It brings together methods from statistics, machine learning, and database technology to transform raw data into meaningful information. In many industries, especially telecommunications, data mining is commonly applied to tasks such as customer churn prediction, fraud detection, customer segmentation, and personalised marketing [1], [3].
Among these applications, customer churn prediction is particularly important because keeping existing customers is usually less expensive than attracting new ones. By recognising customers who are likely to leave, organisations can introduce targeted retention strategies, increase customer satisfaction, and minimise financial losses. Likewise, customer segmentation helps achieve these goals by grouping customers with similar characteristics, allowing businesses to provide more personalised services and marketing activities [4], [5].
This study followed the main phases of the CRISP-DM (Cross-Industry Standard Process for Data Mining) methodology, including data understanding, data preparation, modelling, and evaluation [6]. The Telco Customer Churn dataset was prepared by removing unnecessary attributes and treating missing values before building classification models with J48, Logistic Regression, and Random Forest. To reduce the impact of class imbalance, the SMOTE technique was applied, while SimpleKMeans was used to group customers into meaningful segments. All experiments were carried out using the Weka data mining tool to assess the effectiveness of these techniques for customer churn prediction and business decision-making [7], [9].
[bookmark: _Toc235723847]1.2 Dataset Description and Exploration
The Telco Customer Churn dataset was selected for this study because it is widely used for customer churn prediction and contains real-world customer information suitable for both classification and clustering tasks [10]. The dataset comprises 7,043 customer records and 21 attributes, including demographic information, subscribed services, account details, tenure, monthly charges, total charges, and customer churn status. The target attribute, Churn, indicates whether a customer left the company's services and is classified as Yes or No.
Before model development, the dataset was explored to identify its structure and potential data quality issues. The initial analysis identified 11 missing values in the TotalCharges attribute, while the customerID attribute served only as a unique identifier and provided no predictive value for customer churn. Both issues required preprocessing before model development [11].
The class distribution was then examined to assess the balance of the target variable. As shown in Figure 2, the dataset contains 5,174 non-churn and 1,869 churn records, indicating a clear class imbalance. Such imbalance can bias classification models towards the majority class, reducing their ability to identify customers who are likely to churn [12].
Overall, the dataset provides a suitable foundation for evaluating classification and clustering techniques because it contains diverse customer characteristics associated with churn behaviour. These attributes enable meaningful predictive modelling and customer segmentation for business decision-making.
Table 1. Summary of the Telco Customer Churn Dataset
	Attribute
	Description

	Number of records
	7,043

	Number of attributes
	21

	Target attribute
	Churn

	Churn values
	Yes / No

	Missing values
	11 (TotalCharges)



[image: ]
Figure 1. Telco Customer Churn dataset loaded into the Weka Explorer for initial examination before preprocessing and model development.

[image: ]
Figure 2. Distribution of churn and non-churn customer classes, illustrating the class imbalance addressed later using SMOTE.
[bookmark: _Toc235723848]1.3 Data Pre-processing 
Data preprocessing was undertaken to improve data quality and ensure the dataset was suitable for classification and clustering. High-quality input data is essential because missing values, irrelevant attributes, and inconsistent data can reduce model accuracy and affect the reliability of the results [13].
The dataset was first loaded into Weka Explorer, where its structure and attribute summary were examined. The customerID attribute was removed because it served only as a unique identifier and had no predictive value for customer churn. This reduced the number of attributes from 21 to 20, allowing the models to focus on meaningful customer characteristics.
The dataset was then checked for missing values. The analysis identified 11 missing records in the TotalCharges attribute, which were replaced using Weka's ReplaceMissingValues filter. This preserved all customer records while preventing incomplete data from influencing model performance.
The pre-processed dataset was subsequently verified to confirm that the irrelevant attribute had been removed, and all missing values had been addressed successfully. These preprocessing steps produced a clean and reliable dataset for classification and clustering, supporting more accurate and dependable model evaluation [14].
[image: ]
Figure 3. Dataset summary in Weka Explorer confirming the presence of 21 attributes and identifying missing values before preprocessing.
[image: ]
Figure 4. Dataset after removing the customerID attribute, reducing the dataset to 20 predictive attributes.
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Figure 5. Verification that all missing values in the TotalCharges attribute were successfully replaced using Weka's ReplaceMissingValues filter.
[bookmark: _Toc235723849]1.4 Sample Runs and Analysis Methods
The cleaned dataset was analysed using the Weka Explorer tool to examine the performance of three supervised classification algorithms: J48 Decision Tree, Logistic Regression, and Random Forest. Each model was evaluated using 10-fold cross-validation. Performance was measured using accuracy, precision, recall, F1-score, and confusion matrices. To minimise the impact of the class imbalance identified during the data exploration stage, the Synthetic Minority Oversampling Technique (SMOTE) was applied before the classification models were evaluated again. In addition, the SimpleKMeans clustering algorithm was implemented to group customers with similar characteristics into meaningful segments.
[bookmark: _Toc235723850]1.4.1 Classification Models
Three classification algorithms J48 Decision Tree, Logistic Regression, and Random Forest were applied to the cleaned Telco Customer Churn dataset. The models were evaluated using 10-fold cross-validation, a commonly used validation method in which the dataset is divided into ten equal parts. During each cycle, nine parts are used to train the model, while the remaining part is reserved for testing. This procedure is repeated until every subset has been used as the test set once, producing a reliable estimate of model performance and helping to minimise the risk of overfitting [15].
Model performance was measured using accuracy, precision, recall, F-measure, and ROC Area. Together, these evaluation metrics provide a balanced assessment of how effectively each classifier identifies customers who are likely to churn. The baseline performance results of the three classification models are presented in Table 2.
Table 2. Performance of Baseline Classification Models
	Algorithm
	Accuracy (%)
	Precision
	Recall
	F1-Score
	ROC Area

	J48
	77.99
	0.606
	0.490
	0.541
	0.758

	Logistic Regression
	80.22
	0.653
	0.545
	0.594
	0.845

	Random Forest
	78.73
	0.628
	0.487
	0.549
	0.821


[bookmark: _Toc235723851]1.4.1.1 J48 Decision Tree
The J48 Decision Tree achieved an overall accuracy of 77.99%. While the model classified most non-churn customers correctly, its recall for churned customers remained relatively low because of the class imbalance. Nevertheless, J48 produced an interpretable decision tree, making it valuable for understanding the factors influencing customer churn despite its lower predictive performance.
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Figure 6. Baseline J48 classification results obtained using 10-fold cross-validation before applying SMOTE.
[bookmark: _Toc235723852]1.4.1.2 Logistic Regression
Logistic Regression produced the strongest overall performance among the three classification models. It achieved the highest balance between precision, recall, and F1-score, demonstrating greater effectiveness in identifying churned customers while maintaining stable overall accuracy. These results indicate that Logistic Regression is the most suitable model for customer churn prediction within this dataset.
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Figure 7. Logistic Regression classification results showing the strongest balance of precision, recall and F1-score.
[bookmark: _Toc235723853]1.4.1.3 Random Forest
The Random Forest model delivered performance comparable to Logistic Regression but did not provide a significant improvement. Although ensemble learning generally enhances prediction accuracy by combining multiple decision trees, the class imbalance limited its ability to identify churned customers effectively. As a result, its overall performance remained slightly below Logistic Regression.
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Figure 8. Random Forest classification results before applying SMOTE.
[bookmark: _Toc235723854]1.4.2 Classification Using SMOTE
The initial classification results showed that the Telco Customer Churn dataset was imbalanced, with substantially fewer churned than non-churned customers. Such class imbalance can reduce the ability of classification algorithms to identify the minority class because models tend to favour the majority class during training [16]. To overcome this limitation, the Synthetic Minority Oversampling Technique (SMOTE) was applied before repeating the classification experiments.
SMOTE balances the dataset by generating synthetic samples of the minority class rather than duplicating existing records. This enables classification models to learn more effectively from churned customer data and improves their ability to identify customers who are at risk of leaving the service [17].
[image: ]
Figure 9. Logistic Regression results after applying SMOTE, demonstrating improved minority-class detection.
The classification models were evaluated using five performance measures. Accuracy represents the percentage of correctly classified instances, precision measures the proportion of predicted churn cases that were correctly identified, recall indicates the model's ability to detect actual churned customers, the F1-score provides a balanced measure of precision and recall, and the ROC Area evaluates the model's ability to distinguish between churned and non-churned customers. The performance of the three models after applying SMOTE is summarised in Table 3.
Table 3. Performance of Classification Models After Applying SMOTE
	Algorithm
	Accuracy (%)
	Precision
	Recall
	F1-Score
	ROC Area

	J48 + SMOTE
	77.13
	0.566
	0.591
	0.578
	0.764

	Logistic Regression + SMOTE
	77.98
	0.572
	0.672
	0.618
	0.836

	Random Forest + SMOTE
	77.81
	0.588
	0.545
	0.566
	0.819


 As presented in Table 3, the use of SMOTE resulted in a small decrease in overall accuracy but improved the models' ability to detect customers who were likely to churn. Among the three models, Logistic Regression achieved the highest recall (0.672), F1-score (0.618), and ROC Area (0.836), making it the best-performing classifier for customer churn prediction. The J48 model also showed improved performance after applying SMOTE, with its recall increasing to 0.591, although it continued to perform below Logistic Regression overall. Random Forest recorded the highest precision (0.588), indicating greater accuracy in predicting  
positive churn cases; however, its recall remained lower than that of both Logistic Regression and J48. Overall, these results indicate that SMOTE enhanced the detection of minority-class 
customers, while Logistic Regression remained the most suitable model for supporting customer retention strategies [18].

Figure 11. Comparison of recall, F1-score, precision and ROC Area after applying SMOTE.
Figure 10 demonstrates that Logistic Regression achieved the highest recall and F1-score after applying SMOTE, while Random Forest achieved the highest precision. These results further support the selection of Logistic Regression as the most effective model for customer churn prediction in this study.
[bookmark: _Toc235723855]1.4.3 Customer Segmentation Using SimpleKMeans
In addition to classification, the SimpleKMeans clustering algorithm was applied to group customers with similar characteristics. Unlike classification, clustering is an unsupervised learning technique that identifies natural patterns in data without using predefined class labels [8].
For this study, the dataset was divided into three clusters to identify meaningful customer segments. As shown in Figure 11, each cluster represented customers with distinct behavioral, service usage, and spending characteristics.
The cluster centroids revealed clear differences in tenure, monthly charges, contract type, and subscribed services. One cluster primarily represented long-term customers with stable contracts and a lower risk of churn, another consisted of customers with higher monthly charges and shorter contract periods, while the third represented customers with moderate service usage and spending patterns.
Although SimpleKMeans does not directly predict customer churn, it provides valuable insights into customer behavior by identifying groups with similar characteristics. These customer segments enable organizations to develop personalized marketing campaigns, strengthen customer relationship management, and implement retention strategies tailored to different customer groups. Therefore, combining clustering with classification provides more 
comprehensive understanding of customer behavior and supports more effective business decision-making [5], [9].
[image: ]
Figure 12. SimpleKMeans clustering results showing three customer segments in Weka.

Figure 11 presents the results of the SimpleKMeans clustering algorithm with three customer clusters. The analysis grouped customers according to their behavioural, spending, and service characteristics, providing insights into different customer segments for business decision-making.
[bookmark: _Toc235723856]1.5 Business Recommendations
The findings of this study demonstrate that data mining techniques can support more effective customer retention strategies in the telecommunications industry. Based on the experimental results, several recommendations can be made to improve business decision-making.
Firstly, telecommunications companies should implement predictive models such as Logistic Regression to identify customers at risk of churn at an early stage. As the model achieved the highest recall after applying SMOTE, it is well suited to supporting proactive retention strategies by identifying customers who may require additional attention before leaving the service [4], [18].
Secondly, customer segmentation should be integrated into marketing and customer relationship management activities. The SimpleKMeans clustering results identified distinct customer groups with different service usage, contract types, and spending behaviours. These insights can support personalised promotions, targeted communication, and tailored service packages that better meet customer needs [5], [8].
Finally, organisations should regularly update and retrain predictive models using current customer data. Customer behaviour can change over time, and continuous model evaluation helps maintain predictive reliability and ensures that retention strategies remain effective in changing business environments [1], [3].
Overall, combining classification and clustering provides organisations with a broader understanding of customer behaviour, enabling data-driven decisions that improve customer satisfaction, reduce churn, and support long-term business performance.
[bookmark: _Toc235723857]1.6 Reflective Commentary
This project provided valuable practical experience in applying data mining techniques to a real-world customer churn dataset using the Weka data mining tool. It strengthened understanding of the data mining process, including data exploration, preprocessing, classification, clustering, and model evaluation [6], [7].
One of the main challenges was the class imbalance within the dataset. Initially, the classification models showed limited ability to identify churned customers because the minority class was underrepresented. Applying SMOTE improved minority-class detection and highlighted the importance of suitable preprocessing when developing more reliable predictive models [16], [17].
The project also demonstrated that different classification algorithms produce different levels of performance. Although all three models generated acceptable results, Logistic Regression achieved the strongest balance of recall, F1-score, and ROC Area after applying SMOTE. In addition, the SimpleKMeans clustering algorithm provided useful behavioural insights that complemented the classification results [5], [8].
Although the study achieved its objectives, several limitations remain. The analysis used a single publicly available dataset and a limited number of classification algorithms. Future research could evaluate additional techniques, such as Support Vector Machines, boosting methods, or neural networks, and investigate the effect of feature selection and parameter optimisation on predictive performance.
Overall, this project strengthened theoretical knowledge and practical skills in data mining, demonstrating how classification and clustering can support data-driven business decision-making and customer retention strategies.
[bookmark: _Toc235723858]Conclusion
This study investigated the application of data mining techniques to predict customer churn and identify customer segments using the Telco Customer Churn dataset and the Weka data mining tool. The dataset was successfully pre-processed by removing irrelevant attributes and handling missing values before evaluating three classification algorithms (J48, Logistic Regression, and Random Forest) using 10-fold cross-validation.
The findings showed that Logistic Regression achieved the strongest overall performance, particularly after applying SMOTE, which improved the identification of customers at risk of churn. The comparison also demonstrated that recall, F1-score, and ROC Area are more informative than overall accuracy when evaluating classification models on imbalanced datasets. In addition, the SimpleKMeans clustering algorithm identified meaningful customer segments that can support targeted marketing and customer retention strategies.
Overall, this study demonstrates that combining classification and clustering techniques provides valuable business insights and supports data-driven decision-making in the telecommunications industry. The results also highlight the importance of effective data preprocessing and appropriate model evaluation in developing reliable predictive solutions for customer churn analysis.



	 
	 
	 

	


















	
	




References
[1] C. Thomas, Ed., Data mining : concepts and applications. London, England: IntechOpen, 2022.
[2] X. Wang and J. Huang, “Enterprise Decision-Making and Analysis Based on E-Commerce Data Mining,” Wireless communications and mobile computing, vol. 2022, no. 1, 2022, doi: 10.1155/2022/9493775.
[3] G. Maji and S. Sen, “Data warehouse based analysis on CDR to retain and acquire customers by targeted marketing,” in ICRITO : 2016 5th International Conference on Reliability, Infocom Technologies and Optimization (Trends and Future Directions) : September 7-9, 2016, Amity University Uttar Pradesh, Noida, India, IEEE, Sept. 2016, pp. 221–227. doi: 10.1109/ICRITO.2016.7784955.
[4] G. Maji and S. Sen, “Data warehouse based analysis on CDR to retain and acquire customers by targeted marketing,” in ICRITO : 2016 5th International Conference on Reliability, Infocom Technologies and Optimization (Trends and Future Directions) : September 7-9, 2016, Amity University Uttar Pradesh, Noida, India, IEEE, Sept. 2016, pp. 221–227. doi: 10.1109/ICRITO.2016.7784955.
[5] Shuxia Ren, Qiming Sun, and Yuguang Shi, “Customer segmentation of bank based on data warehouse and data mining,” in 2010 2nd IEEE International Conference on Information Management and Engineering, IEEE, Apr. 2010, pp. 349–353. doi: 10.1109/ICIME.2010.5477693.
[6] Smart Vision Europe (2017). What is the CRISP-DM methodology? [online] Smart Vision - Europe. Available at: https://www.sv-europe.com/crisp-dm-methodology/ [Accessed 13 July 2026].
[7] Weka.ai (2026). Weka.ai - Machine Learning for Everyone. [online] Weka.ai. Available at: https://weka.ai/ [Accessed 05 July 2026].
[8] R. Patil, S. Deshmukh, and K. Rajeswari, “Analysis of SimpleKMeans with Multiple Dimensions using WEKA,” International journal of computer applications, vol. 110, no. 1, pp. 14–17, Jan. 2015, doi: 10.5120/19280-0694.
[9] IBM (2024). IBM SPSS Modeler CRISP-DM Guide. [online] Available at: https://www.ibm.com/docs/it/SS3RA7_18.3.0/pdf/ModelerCRISPDM.pdf [Accessed 18 July 2026].
[10] R. P. Sari, F. Febriyanto, and A. C. Adi, “Analysis Implementation of the Ensemble Algorithm in Predicting Customer Churn in Telco Data: A Comparative Study,” Informatica (Ljubljana), vol. 47, no. 7, pp. 63–70, June 2023, doi: 10.31449/inf.v47i7.4797.
[11] IBM Cognos Analytics. (2025). [online] Ibm.com. Available at: https://www.ibm.com/docs/en/cognos-analytics/12.0.x?topic=samples-telco-customer-churn [Accessed 18 July 2026].
[12] S. K. Dasari, A. Cheddad, J. Palmquist, and L. Lundberg, “Clustering-based adaptive data augmentation for class-imbalance in machine learning (CADA): additive manufacturing use case,” Neural computing & applications, vol. 37, no. 2, pp. 597–610, 2025, doi: 10.1007/s00521-022-07347-6.
[13] I. H. Witten, E. Frank, M. A. Hall, C. J. Pal, and J. R. Foulds, Data mining : practical machine learning tools and techniques., Fifth edition / Ian H. Witten, Eibe Frank, Mark A. Hall, Christopher J. Pal, James R. Foulds. Amsterdam: Morgan Kaufmann, 2026. [Online]. Available at: https://ezproxy.uwtsd.ac.uk/login?url=https://www.vlebooks.com/product/openreader?id=TrinityStD&accId=8886856&isbn=9780443158896&uid=^u
[14] L. A. Kahale et al., “Potential impact of missing outcome data on treatment effects in systematic reviews: imputation study,” BMJ (Online), vol. 370, p. m2898, Aug. 2020, doi: 10.1136/bmj.m2898.
[15] R. Kohavi, "A Study of Cross-Validation and Bootstrap for Accuracy Estimation and Model Selection," in Proceedings of the 14th International Joint Conference on Artificial Intelligence (IJCAI), Montreal, QC, Canada, 1995, pp. 1137–1143.
[16] L. Ferrer, "Analysis and Comparison of Classification Metrics," arXiv preprint arXiv:2209.05355, 2022.
[17] N. V. Chawla, K. W. Bowyer, L. O. Hall, and W. P. Kegelmeyer, "SMOTE: Synthetic Minority Over-sampling Technique," Journal of Artificial Intelligence Research, vol. 16, pp. 321–357, 2002.
[18] A. Barsotti et al., "A Decade of Churn Prediction Techniques in the TelCo Domain: A Survey," SN Computer Science, vol. 5, Art. no. 404, 2024












Comparison of Recall and F1-Score Before and After Applying SMOTE


Precision	J48 + SMOTE	Logistic Regression + SMOTE	Random Forest + SMOTE	 	0.56599999999999995	0.57199999999999995	0.58799999999999997	0	Recall	J48 + SMOTE	Logistic Regression + SMOTE	Random Forest + SMOTE	 	0.59099999999999997	0.67200000000000004	0.54500000000000004	0	F1-Score	J48 + SMOTE	Logistic Regression + SMOTE	Random Forest + SMOTE	 	0.57799999999999996	0.61799999999999999	0.56599999999999995	ROC Area	J48 + SMOTE	Logistic Regression + SMOTE	Random Forest + SMOTE	 	0.76400000000000001	0.83599999999999997	0.81899999999999995	



2 | Page

image3.png
Q Weka Explorer
Preprocess  Classfy  Cluster  Associate  Selectatuibutes  Visualize

Openfile. Open URL. Open ..

Filter
Choose | None

Current relation
Relation: WA_Fr-UseC_-Telco-Customer-Chum
Instances: 7043
Auributes
Al None Invert
No. Name.
1 customerd.
2 gender
30 JseniorCitizen
4 Partner
5[ Dependents
50 Jtenue
70 Phonesenice
8] Mutplelines
9 intemnetsenvice

10( OnlineSecuriyy
111 OnlineBackup.

12 () DeviceProtection
13 Techsupport

14 SweamingTV

15 sweamingMovies
16 Contract

17 paperiessailing

18 [ Paymenthetho
19 () MonthiyCharges

20| TotalCharges

210 Jcum
Staus
o

s B Qsao

Sunny

Generate...

Selected attribute
Attibutes: 21 Name: customerlD
Sum of weights: 7043 | Missing: 0 (0%)

Pattem

3
1

7590-VHVEG,
5575-GNVDE
3668.QPYBK

7795.CFOCW

1452-KI0VK.
713-0K0MC
7892-P00KP
6388-TABGU
9763-GRSKD
7469-1K8CI
8091-TTVAX
0280-XIGEX.

Class: Churn (Nom)

€L I%C®&E0GDO

Undo

Distinct 7043

Count

[ ——

Type: Nominal

Unique: 7043 (100%)

A8 4

NG
03

Apply

Weight

Log

@ ™

stop

Visualize All

-
e
130772028




image4.png
Q Weka Explorer

Preprocess  Classify  Cluster  Associate

Openfile.

Filter

Choose[None
Current relation

Relation: WA.Fr-UseC_
Instances: 7043

Auributes

Telco-Customer-Chum

Al

No.
1 customedd.
2( ) gender
30 JseniorCitizen
4 Partner
5[ Dependents
5 teure
70 Phonesenice
8] Mutplelines
9 intemnetsenvice
10( OnlineSecuriyy
111 OnlineBackup
12 () DeviceProtection
13 Techsupport
14 SweamingTV
15 SweamingMovies
16 Contract
171 paperessBiling
18 Paymentiethod
19 MonthiyCharges
20 (| TotalCharges

Select atributes

Open URL.

Visuaize:

Open DB..

nvert

Name

Generate.

Atributes: 21
Sum of weights: 7043

Pattem

Selected attribute
Name: Chum
Missing: 0 0%)

No
1N
2 Yes

Class: Churn (Nom)

U Edit.
Distinct: 2
Label Count
5174
1869

€@ LuDCR*&E00O0a

Type: Nominal

Unique: 0 (0%)

5174
1869

A8 4

NG
UK

Sae..

Apply

Weight

tog

@ ™

Visualize All

-
2128
1300772026




image5.png
Q Weka Explorer - 0 X
Prepocess  Classfy  Cluster  Associate  Selectatiributes  Visualize

Opentie. OpenURL. Openb.. Generae. v i, sme..
fier
Crcose[None oy 0
Corrent reation Selected atrbute
Reltion: WAF-UseC_-Telco-Customer-Chum Atributes: 21 Name: TotaCharges Type: Numeric
nstances: 7043 Sum of weights 7043 Mising: 11 (0%) Distinct 6530 Unique: 6172 68%)
Aotrioutes- Statistic Valve.
a None nvert patiem Miimum 188
Maximum ao04s
No Name Mean 2833
10 customentd StaDev 26677
2(Jgender
3(senioCizen
4 Parner
5[ Dependents
5 Jtenure
70 Phonesence
80 Multpllines
90 ) nemetsenvce

10( OnlineSecuriyy

111 OnlineBackup.

12 () DeviceProtection Class: Churn (Nom) | vissalize Al

13 Techsupport

14 SweamingTV

15 sweamingMovies

16 Contract

171 paperessBiling

18 Paymentiethod
MonthlyCharges

Status
ok

o, How @GIEEDCRAEOD0OAE fmq T rae





image6.png
© Weka Explorer

Preprocess  Clasity  Cluster

‘Openfie.
Choaze [None
Current reiation

Relation: WA.F-UseC_.
Instances: 7043

Atributes.

gender
SeniorCiizen
Partner

.
2

3

() Pronesenvice
70 MultpleLines

8 imernetservice

() Onlinesecurty

10 OniineBackup

11 DeviceProtection
12 Tecnsupport

130 SweamingTv

14 SweamingMovie:
15 Conract

16 Paperiesssiling
17 Paymentiethod
18 [ MonthiyCharges
19 Totsicharges
20 Jcnum

Status
ok

O

Associate

Select atibutes

Open URL

None

Visu

Name

elco-Customer-Churn-weka filters unsupenvised attrbute Remove-R1

Open 08,

Selected sttnbute
Name: gender
Missing: 0 ©%)

Atrbutes: 20
Sum of weights: 7043

o
1 Female
2 Male

Pattern

Class: Churn (Nom)

Label

Undo

Distinct: 2

288

o2 Ca&E0©@00a

e

Count

Type: Nominal

Unique: 0 ©%)

3488

S

Apply

Weight

Visualize All

s <

@ -

-

130772026




image7.png
Q Weka Explorer
Prepiocess  Classfy  Cluster  Associate  Select atuributes,

Openiri opencs. ot o
Teeios W Fe e To Cotomes G wekalesrspeedatinieRemors ) welaferumuper. Anotes 20 || e Todures
flmdi Sumetwegm 1065 Mg 0.0%
Al None Invert Pattern Minimum

s

St

S

S iiet

11 oenrocion

IS poin s o tom)

150 seesmi

14 Sreamatees

7 ramentienes

2 Cicm

=

e
o

o = €L TDC®dé0OPHOaAE

Visuaize:

188
86848
2833
265

Save..

Apply i
Type: Numeric
Unique: 6172 (88%)

Value

| Vissalize Al

An 4% cam

TP S0
2156
1310772026




image8.png
Q Weka Explorer
Preprocess  Classfy  Cluster
Cassiier
Choose [148-C025 112
Test options
Use training set
Suppled test set set
® Crossvalidation Folds 10
Percentage pit % 65
More options.

(Nom) Chum

st stop
Result st (right-click for options)

Status

1w
Clear

Asodiate  Selectatwibutes  Visualize

Classifie output
| 1 1 | | caymentiathod = Credit card (sutematic]
I 1 1 | Totalcharges > 6562.85: ves (7.0

I | | Monthiycharges > 105.95: Ne (14.0)
[
[

No (12.0/4.0)

Techaupport = Yes: No (38.0/6.0)
i o T v e T (06)

o
o
[
[
o
| | | Streaming®V = No internet ssrvice: Ne (0.0
No: No (524.0/95.0)
Contract = Ome year: No (1473.0/166.0)
Contract = Two year: No (1655.0/48.0)

Nmber of Lesves : 331

zime taken to build model: 0.32 seconds

Seratified crass-validarion ===
summary

Gorrectly Classified Instances sas3 77,9523 3
Incorrectly Classified Instances 1550 220077 %
Rappa stacistic 0.3588

sean sbsolute srzor 0.2755

Root mean squared error 0.4128

Relative absolure srror T0.661 %

Root relative squared srror 53.501¢ &

Zotal Sumber of Instances 7082

Datailed Accuracy 3y Cla:

0 mate P Rate Precision Recall F-Measure MCC  ROC Area BRC Area Class
0.885  0.510 0.528  0.885  0.855  0.403  0.75%  0.845 Ko
0.450  0.115  0.606  0.450 0.5 0.403  0.758  0.516  ves

Weighted Avg.  ©0.780  0.406  0.765  0.780  0.772 0.403 0758 0.761

=== confusion Matrix ===

s b classified as
578 556 | a=we
954 915 | b = ve

H Qs

E@Lu%2Cr&EGPhoOaA

A8 4

NG
03

tog

D ®

-
201
130772026




image9.png
Q Weka Explorer
Preprocess  Classfy  Cluster

Classiier

Assodiate  Select atibutes

Visuaize:

Choose[Logistic R 106.8-# -1 -num decimal-piaces 4

Test options
Use aining st
Suppled test set set.
® Cross validation Folds 10
Percentage pit % 65
More optons

(Nom) Chum

st stop
Result s (right-click fo options)
220652 - trees 48

Status

ok

= we
D oty cer

Classifie output
Streamingovies=ie
[EU——-——

i e S e

Contract=two year
PapericssBilling=to
Paymentiethod-Plectronic check
Papmentiethod-tailed check

Paymentiethod=Bank transfer (automatic)

Paymentethod=Credic card (automatic)
Monthlychazges
Totaicharges

zime taken to build model: 0.42 seconds

Seratified crass-validarion ===
summary

Gorrectly Classified Instances
Incorrectly Classified Instances
Rappa stacistic

sean sbsolute srzor

Root mean squared error

Relative absolure srror

Root relative squared srror
Zotal Sumber of Instances

Datailed Accuracy 3y Cla:

188
07813
11567
1081
ses0 0.2215 %
1353 19,7785 &
0.4681
0.2714
0.3683
65,5514 &
34124 3
7082

o mate P Rate Precision Recall F-Measure MCC  ROC Area
0.855  0.455  0.845  0.855  0.865  0.460  0.845
0.565  0.205  0.653  0.545 0.5 o468 0.e85

Weichted Ave.  ©0.802  0.362  0.79¢  0.802  0.75 0.4  0.845

=== confusion Matrix ===

s b classified as
€2 s -
es11018 | b

PAC Area Class

0.53
0.652
0.861

A8 4

NG
03

D ®

-
21
130772026




image10.png
Q Weka Explorer

Preprocess  Classy  Cluster  Associote  Selectatubutes  Visalize
Clasifier
Choose[RandomFarest 9 1001 100 -rum-sots 140 -M 100001 5 1

Tetoptors e
e e
e [ v

o — e
Pacesemit % [ =

Start Stop fandenroreat
T — i e S e co o 2
220652 s o

22:1623 - functions Logistc

zime taken to build model: 1.22 seconds

Seratified cross-validarion ===
summary

=== confusion atrix ==

o b e crmEmm
s s | aem
s 1 bome

o

o

= we

9 Vosty car B Qs

wekn.clnssifiors. trees. Randomfres % 0 M 1.0 ¥ 0.001 -8 1 -do-not-check-capabilizies

Gorrectly Classified Inssances 5345 78.7307 %

Incorrectly Classified Instances pren 212653 3

Kappa stavistic 0.4123

sean sbsolute srzor 0.272

Root mean squared srror 0.3614

Relative absoluce srror 6746 3

Root relative squared srror 863735 3

Zotal Nusber of Instances 7083

Datailed Accuracy 3y Cla:

o mate P Rate Precision Recall F-Measure MCC  ROC Area BAC Area Class
0.85 0.513 0.825  0.8%  0.861  0.418  0.821  0.523
0.467  0.104 0.628  0.487 0.545  0.48  0.821  0.€15

Weighted Ava.  ©0.787  0.405  0.775  0.787 0778  0.418  0.821  0.843

o P
€@ LuDeC®E0OGbOA AR cam

it 13/07/2026




image11.png
G Weka Explorer

Preprocess Classify Cluster Associate Selectatiributes  Visualize

Classif

Choose  FilteredClassifier -F "wska. filters supervised.instance. SMOTE -C 0 -K 5 - 100.0 -5 1" -5 1 -W) weka.classifiers.functions.Logistic - -R 1.0E-8 -M -1 -num-decimal-places 4

Test option:
O use training set

O supplied test set Set.

© Cross-validation ~ Folds

O percmmge st %

More options...

(Nom) Churn v

strt Stop

Result list (right:click for options) |
7 Fi

Classifier output

StreamingMovies=No
StreamingMovies=ves

StreamingMovies=No internet service
Contract=Month-to-month

Contract=one year

Contract=Two year

PaperlessBilling=No
PaymentMethod=Electronic check
PaymentMethod=Mailed check
PaymentMethod=Bank transfer (autematic)
PaymentMethod=Credit card (autematic)
MonthlyCharges

TotalCharges

Time taken to build model: 2.96 seconds

=== Summary ===
Correctly Classified Instances 5452
Incorrectly Classified Instances 1551

Rappa statistic
Mean absolute error

Root mean squared error
Relative absolute error

Root relative squared error

Total Number of Instances 7043

=== Detailed Accuracy By Class ===

TP Rate FP Rate Precision
0.815  0.328  0.874
0.672  0.181  0.572

Weighted Avg.  0.780  0.289  0.79¢

Confusion Matrix

a b classified as
4236 938 | a = No
613 1256 | b = Yes

0.5487
0.7423
4.3387
0.5136
1.1689
2.344¢
1.9938
0.6315
1.0727
1.3215
1.5165
0.9594
0.9995

77.9781 %

22.0219

F-Measure
0.845
0.618
0.785

PRC Area Class

Statu

-

3 20°C
Clear

B Q Search

S L E0CREO04E 0

2218

17/07/2026




image12.png
© Weka Explorer

Preprocess Ciasafy WSt pssocats Selectatoutss Visvaize

Chosse Sy £33 -, 10 i 00 iy 20 -1 753 -£.0-13A ik 0 oo st 1500 s 1510

Cluter mode Chsterar ouput
© use wainng set J— - e ks
© susplied st set. e 32311 15.5077 305425
& e = [ || roneteis o ten ven

ereenae Multipletines o o o
Q== ntermetservice Fiber opric Fiver opric o
(vom) chun - omlinesecuricy B Wo wo internes service

® Stce chstes fo viuatzaton onlineBackur e He we incernes service
= Techsupport o No Mo intemet service

Streaningrv o No Mo internet srvice

st Streaminguovies o No o internet service

Monshlycharges cs.7e17
Totalcharge: 22833008

Time taken to build model (full training data)

Model and evaluation on training set

o a3 aew
1 s 22w
2 2103 (0%

o 1 2
1991 1414 1025 | mo
102 113 274 | ves

assigned to cluster

Cluster 1 <-- No class
Cluster 2 < o

1507.3564

71,6866

Credic caza (ascemacic)
an2.7565

Lo g 0

15c
Mostly clear

B Qs

£ L O EDCREASEO

= ~ BNG 2305
® G o O




image1.png
N Prifysgol Cymru
3N ¥ Drindod Dewi Sant
S University of Wales

Trinity Saint David




image2.png




