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The Data Set
Dataset Origin
The dataset is taken from kaggle. The dataset appears to be related to the customer service variable of the online retailer Shopzilla. It appears to have records of 85,907 customer service encounters in one month, based on data (Hamdi et al. 2022). However, the text provided does not specify the source of the dataset.
Generating Organization 
The data source is "Shopzilla Data Analytics Corporation", which may be a subsidiary of Shopzilla or an independent data analytics company that coordinates closely with Shopzilla to collect, organize and evaluate customer support data as an e-commerce platform, Shopzilla may have customer interaction, satisfaction and performance metrics (Banimustafa and Hardy, 2020). When assessing the likelihood of a dedicated "Shopzilla Data Analytics Corporation" outsourcing activities to business partners or dedicated employees for relevant data collection, mining, and analysis a, it seems likely that this organization will be responsible for creating and managing the customer service dataset described in the text (Sáiz-Manzanares et al. 2021). Collecting and processing data from Shopzilla’s ordering system, employee records, and customer service processes to aggregate it into a structured dataset for analysis and insights should be their primary responsibility. It is important to remember that this is situational purely speculative, however, as the text omits the name of the organization that created the dataset.
Typical Use Case
The main objective of evaluating customer satisfaction analysis (CSAT) and related measures on the customer service function of an e-commerce platform is to specifically use the dataset for data mining and visualization purposes (Jiang et al. 2023). Through predictive modeling will be done to predict CSAT scores, this study makes it possible to understand the distribution and structure of CSAT scores , examine the relationship between CSAT and variables such as product prices, brand information, agent performance, and high CSAT scores based on their average CSAT score (Represa et al. 2020). Identify Business Workforce Ultimately, data sets are used for business analytics, data-driven decision making, and in-depth customer service analysis to enhance the overall customer experience on the eCommerce platform and improve business performance.

Dataset Attributes/Fields
The case list has been described as having different aspects or attributes, such as brand information, customer information, representation information, and important objective variables that have a CSAT (customer satisfaction) score but do not lead to any product or location including the full name for a data set (Needham et al. 2020). The following attributes are listed: Customer City, Merchandise Class, Item Price, Associated Usage Time, Work Bucket, Agent Shift, CSAT Score, Customer Profile, Channel Name, Category, Subcategory, Order ID, Order Date /Time, Issue Reported/Response Time, Survey Response Date, and Unique ID.
Attribute/Field Data Types
The data types for each feature and field in the data set are not explicitly stated in the text. However, from the list of attributes and the available data, it can be inferred whether some attributes such as item price, associated use time, and CSAT score are statistically significant, whereas others method name, category, subcategory, customer information, agent, . etc. name, supervisor, manager, tenure bucket, agent shift F-either categorical or textual data.
File Structure
The text does not say whether the data set is composed of multiple files or a single file. It makes no mention of the file structure of the data set or the need to combine multiple files; it just shows the entire data set (Hölscher et al. 2023). Without more information, it is difficult to estimate the size of the file or define necessary file merge options.
Record Count
The dataset contains a total of 85,907 records or transactions according to references. These records show the Shopzilla e-commerce platform's customer service interactions over a period of one month (Sáiz-Manzanares et al. 2021). Each record in the dataset probably represents a typical customer service interaction, recording various information such as customer information, order information, agent handling the interaction, type of issue or question, response received , final customer satisfaction score (CSAT) . This dataset provides important data for research and analysis, consisting of 85,907 records. With such a large number of records, proper statistical analysis can be done, spot patterns and trends can be developed, and predictive models can be developed that can enhance both customer service processes and customer experience and build potential impact in data selection emphasis.

Attribute Statistics
The difference between the mean and the mode of the given attribute is as follows: The average price of the items is denoted by item_price, with a mean of 5660.774846. The mode is not given, although it may correspond to the price range commonly encountered. The associated client connection or call length of 462.400826 is represented, but the mode is not given. The mean CSAT score or customer satisfaction score is 4.242157 and the mode is 5.0 (Chen et al. 2022). It is usually measured on a scale of 1 to 5, with 5 being the highest level of satisfaction. The maximum number, or means of 5.0 for the CSAT score indicates that overall customer satisfaction is high because customer satisfaction scores are most prominent in the data set. Together, these issues which may be small or frequent shed light on the intermediate elements and the distribution of properties.
Reason for Selection
The text does not provide a clear explanation for the selection or use of the particular data sets described, but from the information presented one can assume that most of the data sets are selected accordingly in order to analyze customer satisfaction and service. It allows users to see complex statistics and analytics, as either available or delivered by the e-commerce platform itself (Shopzilla), as well as providing opportunities for insights as data-driven strategy and decisions to improve the overall customer experience and expand e-commerce platform revenue Can be done.
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Data Understanding and Exploration
Finding and testing the data set is the first step in preprocessing the data. Based on the available data, it appears that the dataset includes customer support interactions, such as customer profiles, order profiles, representative profiles, and customer satisfaction (CSAT) ratings , providing a foundation for developing surveys or other models laid down in this first step.
Handling Missing Values
To avoid analysis biases or sample performance problems, handling missing values ​​is an important step in preprocessing the data. Counting "non-null" results indicates that there are not many quality standards (Chen et al. 2022). Sophisticated methods such as mean/median imputation or k-nearest neighbor, mode imputation for categorical variables, multiple imputation or machine learning models are often used as alternatives to deal with missing data as a type of trait or instance set has a high percentage of missing values ​​that if left, can be removed.
Attribute Analysis
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Figure 1: Attribute analysis
(Source: Self-created in Weka)
Determine the best control strategy, it is necessary to examine the components of the missing values. The Customer Remarks attribute has fewer standards. Whether or not these missing values ​​are accounted for may depend on how they affect the assessment objectives and the objective variable (CSAT Score) (Raut et al. 2022). Like this, there are several missing values ​​for attributes such as Order_date_time, Customer_City, and Product_category. Their significance should be evaluated against the objectives of the study and its relevance to the target variables. During preliminary processing, this analysis helps to decide whether features will be installed, removed, or retained.
Imputation Techniques
By predicting and replacing missing values ​​with appropriate values, imputation methods are useful tools for dealing with missing data. When missing values ​​are random and uncorrelated with the target variable, it is possible to use methods such as mean/median imputation or k-nearest neighbor (kNN) imputation (Pang et al. 2024). Mode imputation and constant range imputation are suitable alternatives for categorical variables. In extreme cases, advanced methods such as multiple imputation or machine learning models can be considered when the missing data structure is not random If existing patterns and correlations are used in the data, then these methods reduce bias and maintain data integrity by making accurate delegations
Deletion Approach
Another way to deal with missing values ​​is the deletion strategy, especially if missing values ​​are associated with the target variable, removing missing values ​​from features or non-random examples will contribute to bias that did not undergo analytical or modeling procedures. In addition, if an item has a high percentage of missing values ​​(greater than 50%), if it does not have a significant impact on the objectives of the analysis, it can be omitted. Selecting and performing items is another step that is important in data preprocessing (Duque et al. 2023). New features can be developed or adapted from existing ones depending on the needs of the research, this can lead to new insights or better model performance. In other words, dimensionality can be reduced, redundant information can be eliminated, or existing attributes can be eliminated or modified to improve interpretation.
Attribute Addition
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Figure 2: Visualize the reduced attribute
(Source: Self-created in Weka)
Data preprocessing is a useful way to state factors that can improve model performance and provide additional insights. The derived attributes that can capture time or experience information that can be useful for the study are "Order Age" (derived from Order_date_time) and "Agent Tenure" (derived from Agent_name and Tenure Bucket) Again, they can be categorical the formatting of variables is more appropriate for machine learning models and may their predictive capabilities are enhanced by the use of process engineering techniques such as value coding or one-hot encoding (Maphosa and Maphosa, 2023). Data scientists can extract more useful information properly from a dataset when selecting and placing new features.



Data Type Conversion
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Figure 3: Data Type Conversion
(Source: Self-created in Weka )
The transformation of data types is an important step in data preprocessing that assures compliance with specific analysis methods or algorithms. For time based analysis or timeline capture, properties such as issue_reported at and issue_responded may need to be converted, for example, they may need to be converted to datetime format as well as multiple statistics for dependence exists for categorical variables using encoding methods such as one-hot encoding or label encoding to be used in machine learning models requirement (Chen et al. 2022). This transformation converts data into a form that can be successfully applied with the chosen methods, checking against consistency and enabling useful analyzes and models to perform careful analysis of data types and appropriate variables is essential to obtain accurate and reliable results.
Handling Outliers and Data Normalization
Outsiders can significantly influence the performance and analysis of a model. Techniques such as winsorization, limiting, or eliminating extreme values ​​can be used to reduce their influence (Bathla et al. 2022). Some algorithms or analytical techniques related to feature size may require data normalization or standardization. Robust scaling, z-score normalization, and min-max scaling are examples of common methods.


Attribute Calculations and Transformations
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Figure 4: ARFF header
(Source: Self-created in Weka)
It is often necessary to properly prepare data for analysis and observation and perform feature counts and transformations. By using such method as binning, or log transformation of the attribute Item_price, which shows asymmetry and nonlinear associations with the target variable, it is possible to manage skewness and capture aforementioned nonlinear connections. Then, like that, in order to get the exact results, attribute can be grouped or otherwise adapted if it is usually constitute the lower results with those of CSAT. NLP methods must be applied to textual data e.g. customer information, to unearth hidden knowledge, which is only available in these textual formats(Furner et al.2021). The methods employed, such as stemming, which reduces a word to its roots or lemmatization, which converts words into their lowest-common base, TF-IDF vectorization, which converts text into numeric vectors, and tokenization, which parses text into words or tokens, can successfully be utilized to make machines understand language. The purposes of the seriating and applying these computations and modifications are to improve the data quality and interpretation, remove such issues as skewness and nonlinearity, and obtain features that will offer either performance enhancement of the model or contribute to the establishing of the relationships and patterns within the dataset.
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The customer support rating dataset visualizes strategically the distribution of CSAT scores across categories as well as the interdependence of prices and scores. The correlation between the sales price and CSAT scores (Customer Satisfaction After The Purchase) is shown in the scatter plot from Bertoni et al. (2020), which usually is a positive correlation, with the customers in higher satisfaction ratings after purchasing more expensive products. This implies whether customers will change their requirements to goods, even in the occasions when they a have to pay for other services. The scatter plot also includes significant data points with a dot mark that express the item values extremely high and the CSAT scores relatively low. Such cluster may link with certain brands of goods or commodity groups for which costliness is no guarantee of higher use value.
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Figure 5: Scatter plot for  Product_categories vs Item_prices
(Source: Self-created in Weka)
More research may be needed to determine the reasons for this category, including poor product quality, unreasonable expectations, or pricing policies that do not reflect perceived value Features Possible whether due to factors such as , low service expectations, or price driven customer segments (Enoch Sit et al. 2024). The distribution of CSAT scores across products is shown in bar chart graphics, providing further insight into trends in customer satisfaction.
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Figure 6: Scatter plot for electronics_categories vs Item_prices
(Source: Self-created in Weka)
Due to the popularity and variety of electronic products, the "Electronics" category has the highest CSAT score, indicating that consumers interact more in this category Notably, the "Electronics" category displays CSAT scores many types have been observed, including high and low scores (Kamišalić et al. 2021). This indicates that customer satisfaction in this category may vary due to various factors such as product quality, technological advances, or price differences while the "Home" category shows a small CSAT score, with most scores depending on the high quality of completion (Ruddle et al. 2022). It can be defined by factors such as , proper product placement, or conformity to customer expectations.
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Figure 5: Scatter plot for apparel_categories vs CSAT Scores
(Source: Self-created in Weka)
The "clothing" group shows a bimodal distribution, with peaks at both low and high CSAT scores. This could suggest that consumer segments or subgroups of products—e.g., fast fashion and haute couture or experiences of size and fit generate different levels of satisfaction in this group. In order to identify the causes of dissatisfaction or distress in this phase and develop focused strategies to address a customer requirement or pain point, this two-tier model could be the way to conduct research and new data to inspire -Current possibilities for inspired decision making and focused improvement.
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Figure 6: Area plot of latitude
(Source: Self-created in Tableau)
Explicit geographic information, including latitude and longitude, is included in the proposed models. Figures seem to show data visualizations associated with customer service data structures (word clouds, bar charts, scatterplots, and perhaps some form of dimensionality reduction or clustering).To explore spatial trends, import data into Tableau and latitude is plotted against any specific longitude or column with geographic coordinates not practical without accessibility on the other hand (Guan et al. 2022). It can provide a comprehensive analysis of a given view of the customer support dataset.
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Figure 7: Bar plot between Item_price and CSAT Score
(Source: Self-created in Tableau )
The first bar shows a positive correlation between item_price and CSAT Score, indicating that more expensive items tend to have higher customer satisfaction perhaps due to factors such as brand name, perceived product quality, or service expectations; it's about premium offerings (Agnihotri et al. 2020). Surprisingly, unusual data points with very high Item_prices and comparatively low CSAT Scores may indicate a particular product group or customer segment with not always high prices and satisfaction of high altitude. This could be due to non-perceived pricing strategies or quality issues.
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Figure 8: Pie plot of customer remarks
(Source: Self-created in Tableau )
In addition, there are strong data points around low CSAT scores and product prices, indicating that a larger percentage of consumer interactions involve cheaper products and perhaps this overall low satisfaction comes from the consumer side price concerns, limited inventory, or low service expectations (Harb et al. 2021). It could be the reason. The distribution of CSAT scores across several items is shown in a bar chart format, providing insight into the unique satisfaction patterns of each category. Due to the popularity and variety of electronic products, the "electronics" category has the highest CSAT score, indicating high consumer engagement. However, this category also shows a large range of CSAT scores, reflecting both high and low scores. This suggests that changes in customer satisfaction may be driven by factors such as product quality, technological advances, or within-class price differences. The "Home" class, on the other hand, has a smaller CSAT score that focuses on inflation Comes, or the alignment meets consumers’ expectations (Yates and Islam, 2022). The "clothing" group exhibits a bimodal distribution, with peaks at both low and high CSAT scores. This may suggest that different customer segments or sub-products (such as fast fashion and high-end clothing) are responsible for different levels of satisfaction These findings may inform future research and targeted strategies. Overviews of common terms or topics are provided through word cloud maps created from customer data, providing insights into specific customer complaints, pain points, or potential areas for improvement in customer service. This aspect of experience is essential when focused on the dimensionality reduction or clustering method is seen as an alternative visualization technique that can display customer groups or patterns in a data structure according to attributes or characteristics.
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Data mining technique
Clustering and classification data mining algorithms will be used to extract research information from the dataset. Clustering techniques such as Hierarchical Clustering and Filtered Cluster will be used to cluster relevant samples by features and reveal underlying patterns and patterns in the data.This can be used to find customer segments with unique characteristics , trend agent applications, or crystal clusters underlying unique behavior or desirable features. By dividing larger clusters into smaller clusters (segregative approach) or by combining smaller clusters into larger ones (agglomerative approach), hierarchical clustering provides hierarchical clustering that can identify natural clusters without first identifying cluster numbers.
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Figure 9: ZeroR Classify
(Source: Self-created in Weka )
The Filtered Cluster method combines clustering with feature selection or filtering methods. Filters are used to eliminate irrelevant or irrelevant attributes before clustering, thus increasing the quality and understanding of the resulting clusters (Tharani et al. 2021). These clustering algorithms can be used to help identify the customer segment identifying levels of satisfaction, reflecting patterns in agent performance, subject to specific needs or requirements -And identifying groups It may also reflect customer segments that share similar attitudes, traits, or preferences , and to provide valuable insights into the natural structure of data and enable the development of targeted and personalized strategies. A basic understanding of the class distribution of a data set can be obtained by using ZeroR, which determines the majority class for each event (Luo and He, 2021). ZeroR can also be used to determine the majority class for other classes. It can gain insight into factors affecting customer satisfaction (CSAT), identify significant differences between high and low CSAT values, and can develop predictive models for CSAT based on the customer’s representative CSAT-based data .
Further preprocessing of the data
Among key elements in data mining and analysis is data preparation; this is vital for the generation of reliable and validated results. Variant processing strategies are needed that are applicable to different data types and specific techniques used in them. Here, more set up and configuration time is going to be needed than in instances where, let’s say, the acquired data mining tools will be just set and configured. Unfortunately, the real-world datasets often include null values, missing entries, and inconsistencies. Therefore, the techniques, based on imputation, that can make the pre-processing become a step to solve the incomplete or missing data might be crucial.Data has been removed. Also, data transformation can be another preprocessing procedure. Categorical variables are the ones which are transformed into numbers presentable for analysis purpose or the ones which are being scaled to common range of numerical features. Here can be said that data mining algorithms will be able to overcome and make the whole process flawless (Bachhal, Kang, In, Jörissen, 2021). Outliers have got the power to overturn, in some cases, even the conclusion of research. Therefore, their handling or even, identification and shielding from the study may be needed. Methods such as forest splitting and z-score calculation can be used to identify and handle outliers in an acceptable manner, which can be done using selection methods or dimension reduction though finding items most appropriate for the study by deleting or modifying them if necessary. Alternatively, approaches such as choice-based communication can be explored. If the data structure comes from multiple sources, it may be necessary as data aggregation is required to ensure valid and responsive processing of data types and moreover, textual data is prepared for analytical methods e.g sentiment analysis or topic modeling. Furthermore, additional preprocessing procedures may be discovered and used frequently to improve the quality of the analysis and reconstruct the data more efficiently, based on the original findings and patterns identified If all things considered, data generation is an important and frequently performed process It ensures accuracy and subsequent reliability of data mining and analysis efforts .
Data analysis process 
Clustering techniques such as Hierarchical Clustering and Filtered Cluster will be used to group overlapping samples by features and reveal underlying patterns and structures in the data by grouping large clusters into clusters smaller (segmental approach) or consolidation of small clusters into larger ones (agglomerative approach) . Identifying natural clusters without first specifying the number (Freeman et al. 2020). It is possible to increase the quality and definition of the final cluster by using templates to eliminate irrelevant or irrelevant attributes before clustering Filtered cluster de clustering together with feature selection or filtering techniques.
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Figure 10: InputMapped Classify
(Source: Self-created in Weka )
These clustering algorithms can be used to help identify customer segments that show different levels of satisfaction, reveal patterns in agent performance, and identify subordinate groups with specific needs or requirements. It can also reveal customer segments behaviors, tendencies, or preferences that appear to be shared, gives a valuable insight into the natural structure of the data and allows to develop targeted strategies and individualized strategies. In strategies followed by clustering, observations will be assigned to predefined classes or groups using classification techniques such as ZeroR. A basic understanding of the class distribution of a data set can be obtained by using ZeroR, a simple classification method that identifies the majority group of each phenomenon ZeroR can also be used to determine the majority group for study new.
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Figure 11:  Hierarchical Clustering
(Source: Self-created in Weka )
It can gain insight into factors affecting customer satisfaction (CSAT), identify significant differences between high and low CSAT values, and can develop predictive models for CSAT based on the customer’s representative CSAT-based data .
[bookmark: _Toc165114686]Reflection
Challenges Encountered
Analyzing and pre-processing large datasets with many attributes and complex data structures can be a complex task requiring careful consideration and appropriate methods to overcome many obstacles because real-world dataset often get null values, missing entries, or inconsistencies Can, handling missing or and incomplete data was one of the major challenges I faced Determining the best course of action for missing values ​​requires hearing data modeling and analysis objectives well understood, whether by advanced methods such as multiple imputation or machine learning modeling, or average/median imputation, k -nearest neighbors , or mode imputation (Fournier-Viger et al. 2022). There was also the possibility of removing samples or attributes with a high percentage of missing values, but this had to be carefully considered to ensure that important information was missing and could aka research conclusions Conversion of information posed additional obstacles, particularly to ensure compatibility of different algorithms and analysis methods In cases of conversion of data types, although they should be based on statistics exist for categorical variables for machine learning models using encoding methods such as single-hot encoding or label encoding, of scaling to an almost normal range for numeric features In order to obtain accurate and reliable results so needed, it was important to select appropriate change strategies and ensure their effective implementation. Another challenge is identifying and dealing with abnormalities, as they have a significant impact on analysis and modeling performance. Techniques such as winsorization, capping, or deletion of extremes should be carefully evaluated and used sparingly to reduce their impact and avoid loss of critical data Methods of selection Domain knowledge and expertise is required and developed below the results. Furthermore, dealing with labels such as customer feedback has brought new challenges.
Surprising Discoveries
Analyzing large, complex datasets often yields surprises, anomalies, or insights that contradict previous beliefs or assumptions. The unexpected quantitative results of the comprehensive test analysis of the customer support database prompted further research and made a deeper understanding of improvements in customer satisfaction and service quality a traditional belief with this paradox, which may be due to service expectations, brand names, or perceived quality. This group may refer to a product group or customer segment where there seemed to be a price proposition mismatch between pricing strategy and offerings, or when the luxury offering had class characteristics or performance problems (Magesh and Swarnalatha, 2022). The bimodal distribution of CSAT ratings within, with peaks at low and high satisfaction, was another unexpected finding. This pattern suggested distinct consumer segments or sub-products within the apparel group. This separation can be due to differing experiences with size, fit, or quality, or attributes such as fast fashion and fancy clothes. These interviews highlighted the importance of comprehensive multidisciplinary research to identify specific problems or areas for improvement and to adapt strategies to the specific needs of different customer groups.
Lessons Learned
I learned a lot from this analysis of the customer support dataset, and I believe these insights and experiences will be useful for my future data mining and analytics projects. The value of careful data preprocessing and the reproducibility of this process was one of the most important lessons learned. The dataset must be processed first to make it ready for analysis. While basic techniques such as missing data handling, data transformation and extroverted treatment are important, observations and insights found by other research show more preparation needed for example, clustering techniques may require more feature engineering or dimensionality reduction and capture these nuances when specific customer segments or product subgroups are identified. A better understanding of data and more focused analysis that can reveal hidden correlations and patterns is possible through this process of iterative data preparation with a variety of data types including textual, numerical and distribution of data including work has also proven in several pre-processing methods to become proficient in. As importantly it will be more useful in the future when you are with complex datasets and data systems are doing the work.
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