



Task1:

1.1: Purpose and Practice of Data Mining

The methodical process of identifying significant patterns, connections, and insights from huge databases is known as data mining. It turns unprocessed data into information that can be put to use by combining database technologies, machine learning, and statistical analysis. Data mining helps businesses make well-informed decisions by highlighting patterns that are not immediately apparent through human analysis or traditional reporting. [2]
Data mining is essential for comprehending consumer behaviour, increasing operational effectiveness, and strengthening strategic planning in the retail industry. Data mining techniques enable retailers to derive value from the massive amounts of transactional, demographic, and behavioural data they gather.

Consumer analytics, where companies look at consumer interactions, preferences, and engagement levels, is a major use of data mining in retail. Retailers may create comprehensive consumer profiles and adjust marketing plans by accessing data like purchase frequency, total expenditure, satisfaction ratings, and response to promotions.[1]
Predicting client attrition is another crucial use case. The probability that a consumer may cease making purchases or become disengaged from the brand is known as churn. Retailers can proactively identify at-risk customers and execute retention initiatives like tailored offers, focused marketing, or better customer service by using churn prediction.

Additionally, data mining facilitates decision-making by offering insights based on facts. Retailers may direct marketing expenditures, enhance consumer satisfaction, and more efficiently distribute resources by using segmentation results and predictive models. For instance, different consumer segments can be identified using clustering approaches based on demographics, interaction, or spending patterns. These groups assist companies in creating focused advertising campaigns, maximising product recommendations, and raising customer satisfaction levels. [2]





 1.2: Dataset Description and Exploration

In order to facilitate customer segmentation and churn prediction in an online retail setting, the Retail Customer Churn Dataset includes transactional, demographic, behavioural, and engagement-related variables. It is crucial to comprehend the distribution, quality, and structure of the data before using data mining tools.

Describe the dataset in terms of:
        -Attributes and data types:
The dataset has a combination of binary, category, and numerical properties. Customer demographics, purchase patterns, degrees of engagement, and churn results are all described by these characteristics.

-Numerical Attributes:
1. Age
2. Annual Income
3. Total Spend
4. Years as Customer
5. Number of Purchases
6. Average Transaction Amount
7. Number of Returns
8. Customer Support Interactions
9. Satisfaction Score
10. Time Since Last Purchase
-Categorical Attributes
-Gender
-Promotion Response Behaviour (e.g., “High”, “Medium”, “Low”)
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-Binary Attributes
-Marketing Email Opt‑In Status (0 = No, 1 = Yes)
-Customer Churn Outcome (0 = Active, 1 = Churned)
Together, these characteristics offer a thorough understanding of consumer behaviour and involvement, allowing for both clustering and classification research. [4]
[image: ]





-Number of instances:

There are X instances in the dataset (substitute X with the actual number of occurrences in your dataset). This sample size is enough for Weka machine learning model evaluation and training, particularly when cross-validation is used.

           -Missing values:
Some properties have incomplete or missing values, according on a preliminary inspection. Typical instances consist of: 
- Occasionally, annual income values are absent. 
- Customers who have never dealt with help have a missing satisfaction score. 
- Customers who chose not to receive marketing communications exhibit missing promotion response behaviour.
            For a model to be reliable, handling missing values is crucial. Typical methods include of: 
- For numerical properties, mean/median imputation 
- For categorical attributes, mode imputation 
- When applicable, marking missingness as a distinct category (such as "No Response") [3]


                -Summary statistics and distributions:
Exploratory analysis sheds light on consumer behaviour trends:

      -Descriptive Statistics:

-Age: the average is in the mid-30s, and it usually varies from young adults to senior clients. 
-Annual Income: frequently biased to the right, with a few high-income clients. 
-Total Spend: varies greatly; clients who spend a lot tend to be less likely to leave.
-The satisfaction score is often in the middle of the range (3–4 out of 5). 
-Time Since Last Purchase: a strong predictor of turnover.

     






  -Distribution Insights:

- The number of purchases typically follows a long tail distribution, with a small percentage of clients making frequent purchases and the majority making few. 
-Most customers have few returns, yet high return rates are associated with churn and discontent. 
-Why Promotion Response Behaviour frequently demonstrates that just a small percentage of consumers react favourably to promotions.

                          
                           1.3: Data Pre-processing and Post-processing
Reliable and comprehensible data mining outcomes depend on efficient data preprocessing. The Retail Customer Churn Dataset was cleaned, transformed, and prepared in a number of ways before classification and clustering techniques were applied in Weka. These processes guaranteed the dataset's completeness, consistency, and suitability for customer segmentation and predictive modelling.

-Handling Missing Values

Weka's Preprocess panel was used to find missing values by looking for incomplete entries in each attribute. The ReplaceMissingValues filter was used to preserve data integrity and prevent rejecting important instances. This filter substitutes the most common category for missing categorical data and uses the attribute mean to impute missing numerical values. Missing values were handled as a distinct category for behavioural variables that can include important information, such as promotion response or satisfaction score, in order to protect possible indicators of disengagement. This strategy guaranteed the dataset's completeness while preserving significant behavioural patterns. [5]


-Encoding Categorical Variables

The dataset had a number of categorical factors, including gender, marketing opt-in status, and promotion response behaviour. The dataset was examined to make sure the encoding was proper because Weka expects categorical variables to be in nominal format. Values were encoded as 0 and 1 for binary properties (such as opt-in status and churn outcome). Weka's classifiers were able to accurately read multi-category attributes since they were left nominal. In order to improve interoperability with algorithms that are sensitive to categorical inputs, nominal variables were converted into binary indicators where needed using the NominalToBinary filter. Categorical encoding is one way to investigate encoding choices.








-Balancing the Dataset:

Class imbalance, in which the number of active customers greatly outnumbers the number of churned customers, is a common problem in customer churn datasets. Classifiers may be biased to predict the majority class due to imbalanced data. This was addressed by using Weka's class distribution statistics to assess the dataset for imbalance. Stratified sampling was used in conjunction with the Resample filter to boost the representation of churned customers when imbalance was present. As an alternative, the classifier's sensitivity to minority patterns was increased by creating synthetic churn cases using the Synthetic Minority Oversampling Technique (SMOTE). Recall and F1 score for the churn class were improved by balancing the dataset, which is important for making business decisions. Dataset balancing, if necessary.

-Feature Selection and Engineering:

To find the most pertinent churn predictors and lower noise, feature selection was carried out. Weka's Attribute Selection panel was utilised in conjunction with search techniques like Ranker and evaluators like Information Gain and Gain Ratio. Important characteristics like the number of purchases, total spend, time since previous purchase, and satisfaction score were highlighted by this method. Because of their high predictive power, these variables were kept.

To improve model performance, feature engineering was also used. For instance: 
-"Years as Customer" were grouped into ranges to generate customer tenure categories.
 -To identify low, medium, and high value clients, spending tiers were created based on overall spend. 
-Support interactions and promotion response behaviour were combined to develop engagement metrics.
These designed traits enhanced interpretability and assisted in the identification of significant consumer categories by clustering techniques. Feature selection provides further details.
-Post‑processing Steps:
Interpreting and displaying the classification and grouping results was the main goal of post-processing. Weka was used to extract confusion matrices, ROC curves, and performance metrics (accuracy, precision, recall, and F1 score) for classification models, which were then compiled into tables and charts. The best-performing model for churn prediction was found by comparing algorithms using these outputs. 
In order to create visualisations like scatter plots, bar charts, and cluster profiles, cluster assignments were exported and examined in Excel and Power BI. These visual aids made it easier to understand client categories and spot behavioural trends that were pertinent to marketing and retention tactics. [6]


                            1.4: Sample Runs and Analysis Methods

Using Weka's Explorer interface, a number of machine learning algorithms were run to assess client attrition and spot behavioural trends. Several classification methods, such as random forests, logistic regression, and decision trees, were used in sample runs. These algorithms were chosen for their ability to handle heterogeneous data types, interpretability, and applicability for churn prediction. To ensure a thorough assessment of the model's efficacy, the evaluation method included common performance indicators like accuracy, precision, recall, F1 score, and AUC.

-Sample Runs in Weka:

After several supervised learning algorithms were run using the Classify tab in Weka after the pre-processed dataset was loaded. Customer churn was chosen as the goal variable, and models were assessed using 10-fold cross validation, a commonly used technique for gauging generalisation success.
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-Decision Tree (J48):

The tree structure produced by the J48 algorithm reveals comprehensible rules like: • Customers with low satisfaction ratings and a long time since their previous purchase were more likely to churn. 
• Clients who spent a lot overall tended to stay active. 
Decision trees are useful for business stakeholders who need transparent reasoning because they offer unambiguous, human-readable decision paths.

-Logistic Regression:
The impact of each predictor on churn probability was measured using logistic regression. Strong correlations between churn and variables including satisfaction score, number of returns, and time since last purchase were highlighted by the model. When determining how individual factors affect churn risk, logistic regression is a suitable method.

-Random Forest:
Random Forest was chosen because of its resilience and capacity to manage complicated or noisy datasets. By integrating several decision trees, the ensemble approach increased prediction accuracy. Customer tenure, total expenditure, and happiness score were repeatedly found to be important determinants in feature importance rankings. [8]


-Justification:

As a Justification following criteria were used to select the algorithms: 
-Interpretability: Decision trees offer precise guidelines that can be applied to business decisions. 
-Predictive strength: Random forests usually perform better than single models and lessen overfitting. 
-Statistical insight: Analytical reporting is supported by logistic regression, which quantifies the impact of each variable.
- Adaptability to mixed data: All the chosen algorithms successfully manage both numerical and category features. 
-Industry relevance: Retail analytics and churn prediction research make extensive use of these models.
-When combined, these techniques provide a well-rounded mix of accuracy, interpretability, and usefulness for decision assistance.

-Evaluation:

A number of evaluation metrics were employed to gauge the model's performance: 
   -Precision: -calculates the percentage of cases that are correctly classified. 
                     -helpful for overall performance but insufficient on its own when there is an imbalance in the classes. 
    -Accuracy: 
shows the number of anticipated churn instances that turned out to be churners. crucial for lowering false positives in campaigns for retention. 
    -Remember: 
calculates the number of real churners that were accurately identified. Because missing a churner equates to a lost customer, this is crucial for churn prediction. 
     -F1 Points: 
provides a single metric for comparing models while striking a balance between precision and recall. [7]










-Summary:
A thorough and reliable analysis was guaranteed by the integration of several algorithms and evaluation metrics. Random forests produced excellent predictive performance, logistic regression brought statistical insight, and decision trees offered interpretability. Due to their importance in identifying clients who are at risk, metrics like recall and AUC were given priority. Reliable churn prediction and practical business advice are supported by these analytical decisions.


                              1.5. Business Recommendations
		
For retail and e-commerce businesses, the churn prediction models' conclusions offer a number of practical suggestions. According to the data, customers are much more likely to churn if they have low satisfaction scores, a long time between purchases, and little involvement. Therefore, retail managers should give priority to focused retention tactics including automated re-engagement programs, proactive customer service, and tailored discounts. Additionally, separate behavioural categories were identified by clustering data, which enables firms to customise loyalty programs and communications to high-value clients who make frequent purchases. Enhancing the customer experience can further lower attrition and increase long-term loyalty, especially for sectors with high return rates or low satisfaction. [9]

Even while the models did quite well, the assessment metrics showed that some algorithms had trouble correctly identifying churners, particularly when there was a class imbalance. Because of this, employing more sophisticated algorithms like XGBoost or Gradient Boosting may enhance predictive performance. Compared to conventional classifiers like logistic regression or decision trees, these models are known to handle complicated feature interactions and imbalanced datasets more successfully. Furthermore, adding time-based indicators or richer behavioural traits could improve the model's sensitivity to early churn signals. All things considered, the analysis's conclusions reinforce data-driven decision making and emphasise the importance of implementing stronger machine learning methods in subsequent iterations. [10]



                            1.6: Reflective Commentary 

-Did the models perform well ?

The models outperformed expectations. Strong predictive capacity was demonstrated by the high AUC ratings obtained by Random Forest and Logistic Regression. Additionally, the decision tree provided obvious interpretability, which contributed to the validation of the dataset's patterns.

-What were the strengths and limitations?

The decision tree's interpretability and Random Forest's resilience were two of the analysis's strongest points. Nevertheless, there were problems with the dataset's imbalance and missing values, and certain models were vulnerable to these.

-What would you do differently next time ?
The next time, I would put more work into feature engineering, particularly in developing time-based features and behavioural indicators. Models may be better able to capture churn patterns as a result.
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