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[bookmark: _Toc233721944]1. Purpose and Practice of Data Mining 
Data mining is used to analyse significant patterns, relationships and trends of massive aggregations of data, using a statistical process, as well as using machine learning. It assists organisations in converting raw data into business intelligence that can be taken into action, and which is likely to help organisations in making evidence-based decisions. The retail industry is highly dependent on data mining in customer behaviour analysis to enable marketing decisions to be improved, customer churn prediction and customer retention improvement [1].
Customer churn prediction is one of the most important applications of predictive analytics, as it is often not as costly to maintain customers as to acquire new ones. The analysis of the demographic, transactional and behavioural information can assist organisations to determine the customers who might be considering quitting and provide them with individual retention plans such as loyalty schemes and targeted promotional activities.
In this work, the Online Retail Customer Churn data is going to be used to forecast, reduce customer churn and its instance segments using data mining. Data exploration, descriptive statistics, and visualisation were performed using MS Excel and classification and clustering models were created using Weka. The results can provide helpful information on the customer purchasing behaviour and help in the strategy decision-making to increase customer retention and improve business performance [2].

[bookmark: _Toc233721945]2. Dataset Description and Exploration
[bookmark: _Toc233721946]2.1 Dataset Overview
The dataset Online Retail Customer Churn contains 1,000 records of the customers and 15 distinct variables of the customer demographics, purchasing behaviour, engagement, and churn outcomes. The data is numeric as well as a category; this is appropriate to analyse with machine learning.
The dependent variable will be the Target_Churn, which will either classify customers as churned (TRUE) or not having churned (FALSE). The independent variables include age, gender, annual income, total spend, years as a customer, number of purchases, transaction, customer experience features, and how they react to the promotions.
[bookmark: _Toc233721435]Table 1: Data Features and Data Types
	Attribute
	Data Type
	Description

	Customer_ID
	Integer
	Customer identifier

	Age
	Numeric
	Customer age

	Gender
	Categorical
	Customer gender

	Annual_Income
	Numeric
	Annual income

	Total_Spend
	Numeric
	Total spending

	Years_as_Customer
	Numeric
	Customer tenure

	Num_of_Purchases
	Numeric
	Purchase frequency

	Average_Transaction_Amount
	Numeric
	Average purchase value

	Num_of_Returns
	Numeric
	Number of returned products

	Num_of_Support_Contacts
	Numeric
	Customer service interactions

	Satisfaction_Score
	Numeric
	Customer satisfaction rating

	Last_Purchase_Days_Ago
	Numeric
	Recency of purchase

	Email_Opt_In
	Boolean
	Email subscription

	Promotion_Response
	Categorical
	Promotion behaviour

	Target_Churn
	Boolean
	Churn status


[bookmark: _Toc233721947]2.2 Descriptive Statistics
One of the analyses conducted in Microsoft Excel was to analyse descriptive statistics. It helps to calculate the central tendency, such as mean, median, and mode [3].
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[bookmark: _Toc233721959]Figure 1: Descriptive Statistics
As per Figure 1, the mean income is 111.96, and the range is 20.01 to 199.73. Mean customer expenditure is calculated at 5,080.79 as compared to purchases of between 108.94 and 9,999.64, which shows a considerable difference between the two in terms of spending behaviour. Customers have stayed with the retailer an average of 9.73 years and have made about 49 purchases with the retailer in the process. These insights show the hidden details and behaviour of the customer, which can be helpful for the organisations.
[bookmark: _Toc233721948]2.3 Exploratory Data Analysis
Excel was the tool applied in the Exploratory Data Analysis (EDA) to analyse customer characteristics and determine the patterns in the data.

[bookmark: _Toc233721960]Figure 2: Customer Age distribution
Both the age and annual income histograms have shown equal distributions, which implies that customers do not favour any age or income group in Figures 2 and 3.

[bookmark: _Toc233721961]Figure 3: Annual Income Distribution
The Total Spend histogram shows that there is a variation in the customer user spending, which could be used for customer segregation along the purchasing behaviour, as given in Figure 4. 

[bookmark: _Toc233721962]Figure 4: Total spend distribution

[bookmark: _Toc233721963]Figure 5: Boxplot for annual Income

[bookmark: _Toc233721964]Figure 6: Box plot for the average Transaction amount
The boxplots of Annual Income, Total Spend, and Average Transaction Amount do not contain any significant outliers, and therefore, there is no necessity to use outlier management to fix the data set when it is used as a machine learning input [4].


[bookmark: _Toc233721965]Figure 7: Customer Gender Distribution
The sex ratio is quite balanced with 342 females (34.2%), 334 males (33.4%), and 324 customers that do not fall in either category (32.4%), in Figure 7.
The analysis of customer churn shows that the customer churn was 526 (53%) and customer retention was 474 (47%), which is a balanced target variable that is not in need of class balancing in Figure 8.

[bookmark: _Toc233721966]Figure 8: Customer Churn Distribution
Promotion response analysis attempted to establish how much the customers could respond to the promotional campaigns. As per Figure 6, the findings of the analysis showed that there were 361 customers who failed to respond to the promotion, 338 customers responded, and 301 did not respond.

[bookmark: _Toc233721967]Figure 9: Promotion Response Analysis
As per Figure 10, weak correlations were also found between the numerical variables, and this implied that multicollinearity was not relevant, hence the inclusion of all the predictor variables in the models. These features can be used for model training for customer churn prediction.
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[bookmark: _Toc233721968]Figure 10: Correlation Matrix
Overall, the exploratory analysis shows that the data is complete, balanced, and can be used to predict customer churn.



[bookmark: _Toc233721949]3. Pre-processing and Post-Processing of data
Data Pre-processing of data was done using Microsoft Excel and Weka to enhance the quality of data before building the models.
The initial approach was to quantify the data in Excel, and the source was the Remove Duplicates records. Duplicates did not possess any customer records [5]. The missing value analysis also showed that there was no missing data with any of the variables, as per Figures 11 and 12.
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[bookmark: _Toc233721969]Figure 11: Missing value Checked
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[bookmark: _Toc233721970]Figure 12: Duplicate Records
The types of data were then checked to make sure that they are compatible with Weka. Numerical variables, such as age, annual income, total amount spent, and years as a customer. Nominal variables were categorical in nature, such as gender, whether or not a subscriber was subscribed to the email or not.

[image: ]
[bookmark: _Toc233721971]Figure 13: Features used in Weka for Modelling
Before modelling, the Customer_ID attribute was excluded since it is not related to any predictive attribute, and it is unique as per Figure 11. Removing this aspect will simplify the model and make it more effective.
The selected class attribute for supervised classification was the Target_Churn variable. The dataset has 526 churned and 474 retained customers, indicating a relatively balanced class distribution.
The cleaned dataset was then imported into Weka to do predictive modelling. Simple K-Means and clustering algorithms, as well as the algorithms for the classification of customer churn.
Post-Processing involved an interpretation of the classification results, including the accuracy, confusion matrix, precision, recall, F1 score, and ROC Area. The result of the clustering was analysed in terms of cluster centroid and customer profile.
The pre-processing steps ensured that the data was clean, consistent, and could be processed with machine learning, and hence increased the credibility of the classification and clustering results.


[bookmark: _Toc233721950]4. Sample Runs and Analysis Methods 
There is the Weka implementation after pre-processing of data, to create predictor models of the customer churn to identify customer segments [6]. J48 Decision Tree, Random Forest, and Logistic Regression are three supervised classification algorithms to make predictions of customer churn. These algorithms are used because customer churn is a binary classification problem, and they are suitable for this task, enabling the comparison of the models.
Every classification model is 10-fold cross-validated, which is one of the most accepted forms of validation that divides the data into ten small chunks. Each of the subsets is then explored using one subset and training using the rest, which trades off a good representation of the model performance, and over-fitting is reduced. Classification accuracy and confusion matrices were used to determine the model's performance.
[bookmark: _Toc233721951]4.1 J48 Decision Tree
The J48 Decision Tree algorithm is selected because it offers interpretable decision rules that are easily understandable, explaining customer churn behaviour [7]. Decision trees are more applicable in business analytics due to their ability for managers to comprehend the association between predictor variables and classification results.
The J48 model can classify correctly 50.3% of the records of the customers. As indicated by the confusion matrix, the model is successful in classifying both the churned and retained customers correctly, but there were multiple incorrect classifications. It means that the behavioural associations that influence customer churn were some complicated factors that cannot be explained by using only one decision tree.
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[bookmark: _Toc233721972]Figure 14: Weka J48 Tree classification
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[bookmark: _Toc233721973]Figure 15: Confusion matrix

The decision-making is transparent despite the moderate predictive ability and can be utilised in assisting managers to learn the role of such variables as customer satisfaction, purchase behaviour, and expenditure in churn.
[bookmark: _Toc233721952]4.2 Random Forest
The introduction of the random Forest is made to improve the predictive performance by taking advantage of the use of large numbers of decision trees in a single ensemble model [8]. Each tree is trained based on random selections of samples, predictor variables, and the final decision is made based on the majority of the votes.
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[bookmark: _Toc233721974]Figure 16: Weka Random Forest classification
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[bookmark: _Toc233721975]Figure 17: Random Forest confusion
Random Forest classifier had the greatest classification accuracy of 51.3% it the most effective in this part of the research. The model provided more consistent predictions than J48 did because errors of a single tree do not have a significant impact as compared to the ensemble method.  The confusion matrix still reveals that there is a great extent of misclassification, which suggests other behavioural or transactional variables may be necessary to obtain better predictions.
[bookmark: _Toc233721953]4.3 Logistic Regression
It is based on a statistical baseline model, a Logistic Regression. The algorithm is used to predict customer churn probability, which establishes the relationship between the independent variables and the binary target variable [9].
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[bookmark: _Toc233721976]Figure 18: Weka Logistic Regression classification
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[bookmark: _Toc233721977]Figure 19: Logistic Regression Confusion Matrix
The maximum classification accuracy of the model is 46.9%, which is the lowest amongst the three classification algorithms. Logistic Regression also assumes that there is a straight relationship between predictor variables and customer churn; thus, it cannot model the complicated customer behaviour.
[bookmark: _Toc233721954]4.4 Model Comparison
The models of classification were compared based on predictive accuracy.
Random Forest had been the most successful technique for customer churn prediction in this data, and the most effective model in this study. J48 acted similarly and was more easily interpretable, but the Logistic Regression performed worse in predictive power as a result of its linear modelling assumptions.




[bookmark: _Toc233721436]Table 2: Model Performance Comparison
	Evaluation Metric
	J48 Decision Tree
	Random Forest
	Logistic Regression

	Correctly Classified Instances (%)
	50.30
	51.30
	46.90

	Incorrectly Classified Instances (%)
	49.70
	48.70
	53.10

	Kappa Statistic
	0.0013
	0.0134
	-0.0833

	Mean Absolute Error (MAE)
	0.5016
	0.4978
	0.5029

	Root Mean Squared Error (RMSE)
	0.6390
	0.5072
	0.5058

	Relative Absolute Error (%)
	100.5922
	99.8268
	100.8610

	Root Relative Squared Error (%)
	127.9686
	101.5759
	101.2954

	Precision (Weighted Avg.)
	0.502
	0.508
	0.455

	Recall (Weighted Avg.)
	0.503
	0.513
	0.469

	F-Measure (Weighted Avg.)
	0.502
	0.506
	0.449

	MCC (Weighted Avg.)
	0.001
	0.014
	-0.088

	ROC Area (Weighted Avg.)
	0.494
	0.505
	0.448

	PRC Area (Weighted Avg.)
	0.497
	0.509
	0.466

	Overall Rank
	2nd
	1st
	3rd



Table 2 is given, which shows the performance of the different models, out of which the best model comes out to be Random Forest as 51.30% accuracy.
[bookmark: _Toc233721955]4.5 Customer Segmentation using Simple K-Means
Customer segmentation is done using the Simple K-Means clustering algorithm to cluster the customers based on behavioural attributes [10]. The buying behaviour, customer interaction, and expenditure habits resulted in creating three classes of customers.
The results of the clustering indicate that the initial cluster consists of high-value customers who show greater expenditures and activity in making purchases. These customers will be a significant source of business revenue, and customer loyalty needs to be excellently rewarded by providing special deals and serving the customers with supreme customer service.
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[bookmark: _Toc233721978]Figure 21: Weka Simple K-means Cluster Output
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[bookmark: _Toc233721979]Figure 22: Evaluation Cluster
The other group is made up of customers who have average buying behaviour and middle involvement. This customer group can allow targeted promotional activities to be carried out to promote high purchase rates and customer loyalty.
The customer clusters are identified according to their purchasing behaviours and engagement levels. Business organisations can use targeted and personalised marketing campaigns to reduce customer churn and improve the customer experience. 

[bookmark: _Toc233721956]5. Business Recommendations 
On the results of the classification and clustering, the following are the recommendations that can be made to enhance customer retention and business performance:
· Use dedicated retention programmes: They should extend individual retention plans to customers who have been classified as being highly likely to churn, and these plans should be in the form of loyalty rewards, special offers on discounts, and special promotions to convince them to make a repeat purchase.
· Improve customer satisfaction: Customer satisfaction is a key measure of behaviour, and the retailers ought to enhance customer service by reducing the response time, handling customer complaints well, and providing periodic customer feedback to improve the entire shopping experience.
· Develop segment-based marketing messages: Customised messages in various segments of identified customer segments using the Simple K-Means clustering model must be applied to generate segment-based marketing messages. The high-value customers can be given premium membership advantages, and medium-value customers can be encouraged by the use of cross-sale as well as up-sale campaigns. The low-engagement segment customers will receive incentives to reduce the likelihood of churning.
· Enhance promotion: the use of promotional campaigns failed as many customers either chose not to be on marketing messages, or they simply forgot to participate in the promotions. This makes retailers personalise emails and schedule their promotional campaigns, and recommend to the interested customer the type of product that they purchased in the past.
· Continuous predictive analytics: Predictive models need to be retrained to monitor customer behaviour on a schedule based on new transaction data. By continuously monitoring, there will be early detection of potential customers in trouble, and the appropriate action will be taken before customer churn.
These suggestions have the potential to enhance customer retention, customer relationship development, and empower data-driven decision-making, all helping to boost profits and sustainable business development.


[bookmark: _Toc233721957]6. Reflective Commentary
The project gave a great opportunity to have a practical experience working with the data mining techniques on a real-world customer churn problem. The data analysis of applying Microsoft Excel and the predictive modelling by using Weka has demonstrated that a mix of different data analysis tools can be used to offer useful business intelligence.
The strength of the project is that before the development of the models, there is a systematic processing of data, and also, in the data, there are no missing or duplicate values. This helps to make the data preparation simpler and improve the quality of the data. The use of various classification algorithms also enabled an objective comparison of predictive performance, as opposed to relying on a single model.
Some restrictions were found. Random Forest is the best in terms of classification accuracy, but overall, the model performance is average, which shows that other behavioural or external variables not reflected in the data have an influence on the customer churn. Future research may incorporate transactional history, online browsing behaviour, and customer feedback to increase the degree of prediction. It can also be improved with advanced machine learning models such as Gradient Boosting, XGBoost, or Artificial Neural Networks.
The project showed that using a combination of exploratory analysis, classification, and customer segmentation can be used to make informed business decisions and customer retention practices.
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Promotion Response Analysis 
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