[image: Computer database analysis 12446667 Vector Art at Vecteezy]Data Warehousing & Data Mining

















Name: Jaylan Lee
Student Number: 2220768
Module Code: ACCA6026
Module Title: Data Warehousing & Data Mining
Lecturer Name: Md Abrar Jahin Almazi Bipon
Assignment Title: Data Mining




Table of Contents
Abstract	3
introduction	3
1.1: Purpose and Practice of Data Mining	4
1.2: Dataset Description and Exploration	4
1.3: Data Pre-processing and Post-processing	5
Handling Missing Values	5
Encoding categorical variables	5
Feature selection or engineering	6
Post Processing	6
1.4: Sample Runs and Analysis Methods	7
J48	7
Random Forest	7
1.5: Business Recommendations	10
1.6: Reflective Commentary	11














[bookmark: _Toc236241924]Abstract 
The objective of this report is to examine customer churn in an online retail environment and the attributes that can be extracted from the customer churn dataset, such as demographics or behavioural patterns from customers. This study will use data mining to maintain or improve customer engagement.
[bookmark: _Toc236241925]introduction
In today's world, data is becoming more valuable than gold because it’s a tool that allows businesses to strategically act on consumer behaviour and market dynamics to improve their business. Data mining can provide the ability for businesses to use vast amounts of data from people to predict their behaviour. Knowing when customers will churn will allow them to drive future sales and customer satisfaction. This work aims to use data mining techniques in Weka on a retail customer churn dataset to use customer attributes like age, gender, and purchase history to predict churn.


















[bookmark: _Toc236241926]1.1: Purpose and Practice of Data Mining
The process of evaluating vast amounts of data to find relevant patterns and relationships that might help forecast future trends and make wise decisions is known as data mining. Applications of data mining are important in finance, marketing, and healthcare. [1] Unlike "Mining", the process of removing valuable and raw minerals from the earth, like coal and metal. In computer science, the primary analysis, data and database management, inference model selection, complexity tolerances, intriguing metrics, and visualisation are all referred to as "data mining" (DM). [2]Because there is a lot of information on sales, client purchase history, goods consumption, and services in the retail sector, it is an ideal place for data mining. [3] Furthermore, For every retail firm to succeed in the long run, customer retention is essential. [4] Retaining current clients who are already acquainted with the brand is frequently more economical than acquiring new ones. [4] By helping merchants anticipate customer churn, identify at-risk customers, and proactively engage them with customised retention initiatives, predictive analytics plays a critical role in enhancing customer retention. [4]The percentage of a company's total clientele that ceases making purchases or using the business is known as "customer churn." A high churn rate, an essential indicator for any digital market, may indicate problems with product quality, customer service, or overall discontent. [5]

[bookmark: _Toc236241927]1.2: Dataset Description and Exploration
The Dataset that was provided is the Telco Customer churn dataset. It is a collection of customer transactions that is designed to help identify patterns to predict customer churn. It makes it easy to identify customer patterns because it provides transaction history.
In the dataset it contains 3 types of data, 20 attributes, 7043 instances and 0 missing data. The three types of data in the dataset are Numeric, float and categorical. These attributes are the gender, Senior Citizen, Dependents, Phone Service, Multiple Lines, Internet Service, Online Security, Online Backup, Device Protection, Tech Support, StreamingTV, Streaming Movies, Contract, Paperless Billing, Payment Method, Monthly Charges, Total Charges and Churn.






[bookmark: _Toc236241928]1.3: Data Pre-processing and Post-processing
Data pre-processing is one of the most important steps in the data mining process, as it determines what the output will be. However, there are usually missing data values, unbalanced data sets, unencoded categorical variables and feature selection or engineering that need to be done. 

[bookmark: _Toc236241929]Handling Missing Values
The first thing that was done was to check the data set on Weka Explorer. Each attribute was examined to ensure the data was imported correctly and that no data was missing.  Since there is a limited amount of information being received by the algorithm, missing data will cause a massive decrease in the accuracy of the data. In the dataset, there was no missing data, so no actions were needed

[bookmark: _Toc236241930]Encoding categorical variables
Categorical Values are the attributes that were put into Weka. This happens because Weka automatically treats attributes such as Online Backup, Device Protection, and Tech Support that were used in the machine learning algorithm as Categorical values.















[bookmark: _Toc236241931]Feature selection or engineering
The improved model performance, feature selection and engineering were very crucial in improving the performance of the model. Tools in Weka designed for attribute selection were used to inspect the attributes for their power to predict customer churn. Any attribute with minimum relevance or redundancy was deleted. Unnecessary attributes that wouldn’t help in predicting customer churn, such as customer ID, were taken out of the list 
[bookmark: _Toc236241932]Post Processing
After the data was cleaned, it was used to train and test the models J48, random forest and random Tree. Post-processing aims to interpret and present the results from these models in a more understandable format.   TP Rate, FP Rate, Precision, Recall,  F-Measure, MCC,    ROC Area and  PRC Area were used to measure the accuracy of each model in predicting customer churn and reduce inaccuracy. Precision was used to measure the accuracy of the customers that are going to churn.
True positives are the number of customer churns that are ultimately determined to be correct. [6] However, the ratio that is mistakenly categorised as customer churn is known as the false positive, or FP. [7]The percentage of true positives among all positive predictions is known as precision (positive predictive value), whereas the percentage of all positive predictions among all pertinent occurrences is known as recall (sensitivity). [8]The F1-score takes into account both recall (the number of real positives the model catches) and precision (the accuracy of the positive predictions). [9]For imbalanced datasets, Matthew's correlation coefficient (MCC) provides a balanced indicator of classification performance. [10]The ROC plots the true positive rate (TPR) and false positive rate (FPR) to assess a classifier's prediction ability across various thresholds. [11] However, PRC measures the trade-off between recall (the ratio of true positives to all actual positives) and precision (the ratio of true positives to all positive forecasts). [12]










[bookmark: _Toc236241933]1.4: Sample Runs and Analysis Methods

Three classification model algorithms were chosen to
[bookmark: _Toc236241934]J48
The C4.5 decision tree technique, which is renowned for its accuracy and efficiency when working with big datasets, is implemented in J48. [13]J48 places a high value on speed and interpretability, providing a rapid grasp of customer churn variables at the possible expense of accuracy. [13] This classification model was chosen because it generates information that is easily understood by technical and non-technical users. [13]
 It promotes a balance between information gain and tree complexity by using a gain ratio criterion for attribute selection that includes a penalty for datasets with many branches. [13]
[bookmark: _Toc236241935] Random Forest
Random forest is a machine learning algorithm that uses decision trees in decision analysis to accomplish an objective. [14] It includes an algorithm with numerous conditional control statements. [14]A decision tree is a tree in which each leaf represents an outcome, each node represents an attribute, and each link represents a decision (rule). The goal is to build a tree using all of the data and process a single result at each leaf. [14]One benefit of random forests over other methods such as the J48 is its high accuracy. [15]














J48 tree
	TP Rate
	FP Rate
	Precision
	Recall
	F-Measure
	MCC
	ROC Area
	PRC Area
	Class 

	0.885
	0.51
	0.828
	0.885
	0.855
	0.403
	0.758
	0.849
	No

	0.49
	0.115
	0.606
	0.49
	0.541
	0.403
	0.758
	0.516
	Yes

	0.780
	0.406
	0.769
	0.78
	0.772
	0.403
	0.758
	0.761
	Weighted Average




Random tree
	TP Rate
	FP Rate
	Precision
	Recall
	F-Measure
	MCC
	ROC Area
	PRC Area
	Class

	0.814
	0.51
	0.815
	0.814
	0.815
	0.304
	0.654
	0.801
	No

	0.49
	0.186
	0.488
	0.49
	0.489
	0.304
	0.654
	0.376
	Yes

	0.728
	0.424
	0.729
	0.728
	0.728
	0.304
	0.654
	0.688
	 Weighted Average




Random Forest
	TP Rate
	FP Rate
	Precision
	Recall
	F-Measure
	MCC
	ROC Area
	PRC Area
	Class
	

	0.894
	0.511
	0.829
	0.894
	0.86
	0.417
	0.822
	0.924
	No
	

	0.489
	0.106
	0.625
	0.489
	0.549
	0.417
	0.822
	0.62
	Yes
	

	0.787
	0.403
	0.775
	0.787
	0.778
	0.417
	0.822
	0.843
	Weighted Average
	















Random forest
According to the results, the Random Forest method performed best in the overall performance indices. Compared to J48 and Random Tree, it had the best TP rate (0.787), precision (0.775), recall (0.787) and F1 score (0.778). Additionally, it has the highest MCC value (0.417) from all models in the forest, indicating a strong overall performance. In contrast to J48 (0.758) and Random Tree (0.654), the ROC Area of 0.822 was significantly higher, indicating that it better differentiated between customers likely to churn and those likely to stay.

J48
The second best overall performance was from the J48 classifier. Because of its strong performance, the model accurately predicted the True positives, with an accuracy of 0.780 and an F1 score of 0.772. Among loyalty customers, J48 had a recall of 0.885 and a precision of 0.828. It performed slightly poorer on the churn class, with a precision of 0.490 and an F1 score of 0.541, meaning that roughly 50% of the customers who churned were predicted correctly. Even with this constraint, the interpretability of the J48 model, enabled by the results, allows for valuable insights into customer churn contributing factors.

Random Forest
Random Tree produced the weakest performance among the three classifiers. Its weighted accuracy was 0.728, while both precision and recall were also lower than those achieved by J48 and Random Forest. The ROC Area of 0.654 indicates that the model had a weaker ability to distinguish between churning and non-churning customers. Similarly, the MCC value of 0.304 suggests that the agreement between predicted and actual classifications was lower than that achieved by the other two algorithms. Although Random Tree provides a simple and computationally efficient model, the results indicate that its predictive capability is less suitable for customer churn prediction within this dataset.










[bookmark: _Toc236241936]1.5: Business Recommendations

The Classification performance has revealed that data mining is an effective technique for predicting customer churn. This knowledge can provide great insight to retail managers or e-commerce organisations in making decisions to boost their customer retention. Based on the results of the study, it has been revealed that out of the three models, Random Forest is the most optimal model to use in the future to find customers in the early stages of leaving.
Organisations and e-commerce can greatly benefit from improving the purchasing experience by offering discounts, making returns easier, loyalty programs and improving customer support. Additionally, they can create marketing campaigns that target customers through email or social media who are most likely to stop shopping. These marketing campaigns can keep customers engaged with the products and the company, which gives a better insight into what the customers want. 
These insights can produce more information on how the customer behaves, such as return rate on certain items, how much discounts prevent customer churn or more information on the type of customers that usually purchase the products.

















[bookmark: _Toc236241937]1.6: Reflective Commentary
This project yielded impactful results applying data mining to real-world applications in the retail sector by using classification methods to predict customer churn. The three classification methods used to predict customer churn were J48, Random Forest and Random Tree. Each of them came with varying levels of strengths and weaknesses in their prediction. 
These results were measured using TP Rate, FP Rate, Precision, Recall, F-Measure, MCC, ROC Area and PRC Area to determine the performance of each classification. Random Forest performed the best out of all 3 classifications in most of the metrics except FP rate, making it the best at predicting customer churn. J48 came in a close second, and the classification that performed worse but performed best in FP rate is Random Forest.
Overall, if this project were done all over again, more classification would be added to the comparison to potentially find a better model to predict customer churn.
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