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Abstract In the contemporary digital economy, organizations increasingly rely on data-driven 
strategies to enhance customer experience and maintain competitive advantage. Customer 
satisfaction has emerged as a critical determinant of customer loyalty, retention, and long-
term profitability. The rapid growth of digital platforms, e-commerce systems, and social 
media has resulted in massive volumes of customer-related data, commonly referred to as big 
data. Traditional analytical techniques are no longer sufficient to process and extract 
meaningful insights from such large-scale, high-dimensional datasets. Consequently, big data 
analytics combined with machine learning has become a powerful paradigm for predicting 
customer satisfaction. 
This research paper investigates the application of big data analytics and machine learning 
techniques for customer satisfaction prediction. The study explores the integration of 
structured and unstructured data sources, including transactional records, customer feedback, 
online reviews, and social media data. Using Python-based frameworks such as Pandas, 
NumPy, Scikit-learn, and Apache Spark, predictive models are developed and evaluated. 
Several machine learning algorithms, including logistic regression, decision trees, random 
forests, support vector machines, and neural networks, are examined in terms of their 
predictive performance. 
The results demonstrate that ensemble and deep learning models outperform traditional 
statistical approaches, particularly when handling high-dimensional and heterogeneous data. 
The findings confirm that big data analytics can significantly enhance the accuracy and 
reliability of customer satisfaction prediction, enabling organizations to make proactive and 
personalized decisions. This study contributes to both academic research and industry 
practice by providing a comprehensive framework for implementing scalable, data-driven 
customer satisfaction prediction systems. 
Keywords: Customer satisfaction, Big data analytics, Machine learning, Predictive 
modeling, Python, Data mining. 
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1. Introduction 
In highly competitive markets, customer satisfaction plays a pivotal role in determining the 
success or failure of organizations. Satisfied customers are more likely to exhibit loyalty, 
engage in positive word-of-mouth, and contribute to sustained revenue growth. Conversely, 
dissatisfied customers often result in negative publicity, churn, and financial losses. As a 
result, understanding and predicting customer satisfaction has become a strategic priority for 
organizations across industries such as retail, banking, healthcare, telecommunications, and e-
commerce. 
Traditionally, customer satisfaction has been measured using surveys, interviews, and 
feedback forms. While these methods provide valuable insights, they suffer from several 
limitations. First, survey-based data is often limited in volume and frequency. Second, 
responses may be biased or incomplete. Third, such methods fail to capture real-time 
customer behavior and sentiments expressed on digital platforms. With the advent of digital 
transformation, organizations now generate vast amounts of customer-related data through 
online transactions, mobile applications, call centers, customer relationship management 
(CRM) systems, and social media platforms. 
This explosion of data has given rise to the concept of big data, which is commonly 
characterized by the three Vs: volume, velocity, and variety. Big data is not only massive in 
size but also complex in structure, consisting of structured, semi-structured, and unstructured 
formats. Examples include numerical transaction records, text reviews, audio call logs, and 
image-based feedback. Traditional database systems and statistical tools are incapable of 
efficiently processing such datasets. 
Big data analytics refers to the use of advanced analytical techniques, computational tools, 
and machine learning algorithms to extract actionable insights from large-scale datasets. In 
recent years, big data analytics has been widely adopted for applications such as fraud 
detection, recommendation systems, demand forecasting, and sentiment analysis. One of the 
most promising applications is customer satisfaction prediction, where predictive models 
are built to estimate future satisfaction levels based on historical data. 
Customer satisfaction prediction involves identifying patterns and relationships between 
customer attributes (e.g., demographics, purchase history, service usage) and satisfaction 
outcomes (e.g., ratings, complaints, churn behavior). Machine learning plays a central role in 
this process by enabling systems to learn from data and make accurate predictions without 
explicit programming. Unlike traditional statistical models that rely on strong assumptions 
about data distribution, machine learning models can handle non-linear relationships, high-
dimensional features, and noisy data. 
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The motivation behind this research is to explore how big data analytics and Python-based 
machine learning techniques can be used to predict customer satisfaction more accurately and 
efficiently. While numerous studies have investigated customer satisfaction using traditional 
methods, there is still a lack of comprehensive frameworks that integrate big data processing, 
machine learning modeling, and performance evaluation in a unified manner. This paper aims 
to bridge this gap by proposing a scalable and reproducible approach to customer satisfaction 
prediction. 
The objectives of this study are as follows: 

1. To analyze the role of big data in customer satisfaction prediction. 
2. To identify suitable data sources and preprocessing techniques. 
3. To implement multiple machine learning models using Python. 
4. To compare model performance using standard evaluation metrics. 
5. To discuss challenges, limitations, and future research directions. 

2. Literature Review 
2.1 Customer Satisfaction: Concept and Importance 
Customer satisfaction has been widely studied in marketing, management, and information 
systems literature. It is commonly defined as the customer’s overall evaluation of a product 
or service based on prior expectations and actual performance. According to Oliver (1980), 
customer satisfaction is a psychological state resulting from a comparison between expected 
and perceived performance. If perceived performance meets or exceeds expectations, 
satisfaction occurs; otherwise, dissatisfaction arises. 
Early research treated customer satisfaction primarily as an outcome variable influenced by 
service quality, perceived value, and customer expectations. Parasuraman, Zeithaml, and 
Berry (1988) introduced the SERVQUAL model, which identifies five dimensions of service 
quality: reliability, responsiveness, assurance, empathy, and tangibles. These dimensions 
have been widely used to assess satisfaction in service-oriented industries such as banking, 
healthcare, and hospitality. 
In the context of information systems, DeLone and McLean (2003) proposed the Information 
Systems Success Model, which includes system quality, information quality, service quality, 
user satisfaction, and net benefits. This model emphasizes the importance of satisfaction as a 
key indicator of system effectiveness and organizational performance. 
Customer satisfaction is strongly associated with several business outcomes. Numerous 
studies have demonstrated a positive relationship between satisfaction and customer loyalty, 
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retention, profitability, and market share. For example, Anderson, Fornell, and Lehmann 
(1994) found that higher customer satisfaction leads to increased customer retention and 
reduced price sensitivity. Similarly, Reichheld and Sasser (1990) reported that even a small 
increase in customer retention can result in significant profit growth. 
2.2 Big Data Analytics 
Big data analytics refers to the process of examining large and complex datasets to uncover 
hidden patterns, correlations, and insights. The concept of big data is commonly described 
using the “3Vs” framework: volume, velocity, and variety (Laney, 2001). Later studies 
extended this framework to include veracity (data quality) and value (business usefulness). 
Volume refers to the massive size of data generated by modern systems. For example, e-
commerce platforms generate millions of transaction records daily, while social media 
platforms produce billions of text posts, images, and videos. Velocity refers to the speed at 
which data is generated and processed. Real-time data streams from sensors, mobile devices, 
and online interactions require rapid processing and analysis. Variety refers to the diversity of 
data formats, including structured (tables), semi-structured (JSON, XML), and unstructured 
(text, audio, video). 
Traditional relational database systems and statistical tools are inadequate for handling big 
data due to scalability and performance constraints. To address these challenges, distributed 
computing frameworks such as Hadoop and Spark have been developed. Hadoop provides a 
distributed file system (HDFS) and a batch processing model based on MapReduce. Spark 
extends this approach by enabling in-memory processing, which significantly improves 
performance for iterative algorithms and machine learning tasks. 
Python has become one of the most widely used languages for big data analytics due to its 
rich ecosystem and ease of integration with distributed systems. Libraries such as Pandas and 
Dask support large-scale data manipulation, while PySpark provides an interface to Apache 
Spark.  
2.3 Machine Learning for Prediction 
Machine learning is a subset of artificial intelligence that focuses on building models capable 
of learning patterns from data and making predictions or decisions. Machine learning 
algorithms are typically categorized into three types: supervised learning, unsupervised 
learning, and reinforcement learning. 
In customer satisfaction prediction, supervised learning is the most commonly used approach. 
In supervised learning, models are trained on labeled datasets where input features (e.g., 
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customer attributes) are associated with output labels (e.g., satisfaction levels). Common 
supervised learning algorithms include linear regression, logistic regression, decision trees, 
random forests, support vector machines (SVM), k-nearest neighbors (KNN), and neural 
networks. 
Unsupervised learning, such as clustering and topic modeling, is often used for exploratory 
analysis. For example, clustering can be used to segment customers based on behavior or 
preferences, while topic modeling can identify common themes in customer feedback. 
Neural networks and deep learning models have gained significant attention in recent years 
due to their ability to handle complex, non-linear relationships. Deep learning architectures 
such as convolutional neural networks (CNN) and recurrent neural networks (RNN) are 
particularly effective for analyzing unstructured data such as text and images. For instance, 
RNN-based models can be used for sentiment analysis of customer reviews. 
Machine learning models are evaluated using performance metrics such as accuracy, 
precision, recall, F1-score, and area under the ROC curve (AUC). Cross-validation 
techniques are often used to assess model generalization and avoid overfitting. 
2.4 Customer Satisfaction Prediction Using Big Data 
The integration of big data analytics and machine learning has led to a growing body of 
research on customer satisfaction prediction. Researchers have explored various data sources, 
algorithms, and evaluation methods. 
Moro, Cortez, and Rita (2014) applied data mining techniques to predict customer 
satisfaction in the banking sector. Using a dataset of customer surveys, they compared several 
classification algorithms and found that decision trees and neural networks achieved the best 
performance. However, their study was limited to structured data and did not consider 
unstructured sources such as text feedback. 
Kim, Park, and Jeong (2017) used social media data to analyze customer satisfaction in the 
hospitality industry. They applied sentiment analysis techniques to online reviews and 
demonstrated that textual features significantly improved prediction accuracy. This study 
highlighted the importance of incorporating unstructured data into satisfaction models. 
Chen, Chiang, and Storey (2012) provided a comprehensive overview of business 
intelligence and analytics, emphasizing the role of big data in customer-centric applications. 
They argued that traditional business intelligence systems are inadequate for handling large-
scale customer data and that advanced analytics techniques are required. 



 
 

Samvid Multidisciplinary Research Journal 
Volume-05 Issue-05, February 2026 

https://www.spefdeesacolleges.org/samvid/index.php 
152 

 

Zhang et al. (2018) proposed a big data-based framework for customer satisfaction analysis 
using Spark and machine learning. Their system processed millions of customer records and 
applied random forest and gradient boosting models. The results showed that ensemble 
models outperformed individual classifiers. 
In the e-commerce domain, Li and Wu (2019) used transactional and review data to predict 
customer satisfaction. They employed feature engineering techniques to extract behavioral 
and textual features and trained deep learning models. Their findings indicated that hybrid 
models combining structured and unstructured data achieved higher accuracy. 
Despite these advancements, several gaps remain in the literature. First, many studies focus 
on specific industries or small datasets, limiting generalizability. Second, there is often a lack 
of transparency regarding data preprocessing and feature selection. Third, few studies provide 
a complete end-to-end framework, from data acquisition to model deployment. 
2.5 Python-Based Frameworks in Prior Research 
Python has been extensively used in prior research for implementing customer satisfaction 
prediction systems. For example, Jain and Singh (2020) developed a Python-based sentiment 
analysis system using natural language processing (NLP) techniques. They used libraries 
such as NLTK and Scikit-learn to classify customer reviews into positive and negative 
categories. 
Similarly, Wang et al. (2020) implemented a big data analytics platform using PySpark to 
process large-scale customer data. Their system integrated machine learning models and 
visualization tools to support managerial decision-making. 
The popularity of Python is largely due to its simplicity, flexibility, and strong community 
support. Unlike proprietary tools, Python is open-source and platform-independent. It also 
supports integration with cloud services such as AWS, Google Cloud, and Microsoft Azure, 
which are widely used for big data storage and processing. 
2.6 Research Gaps and Positioning of the Study 
Based on the literature review, several research gaps can be identified: 

1. Limited integration of big data and machine learning: Many studies focus on 
either big data processing or machine learning modeling, but not both in a unified 
framework. 

2. Insufficient use of heterogeneous data: Most existing studies rely on either 
structured or unstructured data, rather than combining multiple sources. 
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3. Lack of reproducibility: Detailed implementation steps and code-level descriptions 
are often missing. 

4. Scalability issues: Few studies address the challenges of scaling prediction models to 
real-world big data environments. 

This study addresses these gaps by proposing a comprehensive framework for customer 
satisfaction prediction using big data analytics and Python-based machine learning. It 
integrates structured and unstructured data sources, applies multiple predictive models, and 
evaluates their performance using standard metrics. Furthermore, the study emphasizes 
scalability by leveraging distributed computing concepts and open-source tools. 
3. Big Data in Customer Satisfaction Analysis 
3.1 Nature of Customer Data 
Customer satisfaction analysis relies on a diverse range of data sources that reflect customer 
behavior, perceptions, and experiences. In the era of digital transformation, organizations 
interact with customers through multiple channels, generating vast amounts of data in real 
time. These data sources can be broadly classified into structured, semi-structured, and 
unstructured data. 
Structured data consists of well-defined, tabular data stored in relational databases. Examples 
include customer profiles, purchase histories, billing records, and service usage logs. Such 
data is typically numerical or categorical and can be easily processed using traditional 
statistical methods. For instance, attributes such as age, income, frequency of purchases, and 
customer tenure are commonly used as predictors in satisfaction models. 
Semi-structured data includes formats such as JSON, XML, and log files. These data types do 
not follow a rigid schema but still contain identifiable fields. Examples include web server 
logs, mobile app usage records, and API responses. Semi-structured data provides valuable 
behavioral insights, such as browsing patterns, clickstreams, and session durations. 
Unstructured data represents the most complex and rapidly growing category. It includes text 
reviews, social media posts, emails, chat transcripts, audio recordings, and images. 
Unstructured data captures subjective customer opinions and emotions, which are critical for 
understanding satisfaction. However, extracting meaningful features from such data requires 
advanced techniques such as natural language processing (NLP), sentiment analysis, and 
computer vision. 
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3.2 Big Data Architecture for Customer Analytics 
A typical big data architecture for customer satisfaction analysis consists of several layers: 
data ingestion, storage, processing, analytics, and visualization. Each layer plays a crucial 
role in ensuring scalability, reliability, and efficiency. 
The data ingestion layer is responsible for collecting data from multiple sources. Common 
ingestion tools include Apache Kafka, Flume, and RESTful APIs. These tools support both 
batch and real-time data acquisition. For example, transaction records may be ingested in 
batches, while social media data may be streamed in real time. 
The storage layer manages large volumes of data using distributed file systems or cloud-
based storage solutions. Hadoop Distributed File System (HDFS) is one of the most widely 
used storage systems for big data. It allows data to be stored across multiple nodes, ensuring 
fault tolerance and high availability. Cloud platforms such as Amazon S3, Google Cloud 
Storage, and Azure Data Lake are also commonly used. 
The processing layer performs data cleaning, transformation, and feature extraction. Apache 
Spark has emerged as a dominant framework for big data processing due to its in-memory 
computation capabilities. Spark supports multiple programming languages, including Python 
(PySpark), and provides libraries for SQL queries, machine learning, and graph processing. 
The analytics layer applies machine learning and statistical models to generate predictions 
and insights. This layer integrates Python-based libraries such as Scikit-learn, TensorFlow, 
and PyTorch. Models are trained on historical data and validated using test datasets. 
The visualization layer presents results in an interpretable form using dashboards and 
reports. Tools such as Tableau, Power BI, and Matplotlib enable decision-makers to explore 
patterns and trends in customer satisfaction. 
This layered architecture ensures modularity and scalability, allowing organizations to handle 
increasing data volumes and evolving analytical requirements. 
3.3 Role of Hadoop and Spark 
Hadoop and Spark play a central role in big data-based customer satisfaction analysis. 
Hadoop provides a robust infrastructure for distributed storage and batch processing, while 
Spark enhances performance through in-memory computation and advanced analytics. 
Hadoop’s MapReduce programming model divides large datasets into smaller chunks and 
processes them in parallel across multiple nodes. This approach is suitable for batch 
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processing tasks such as aggregating customer transactions or computing summary statistics. 
However, MapReduce is relatively slow for iterative algorithms, which are common in 
machine learning. 
Spark addresses this limitation by introducing Resilient Distributed Datasets (RDDs) and 
DataFrames, which enable data to be stored in memory across the cluster. This significantly 
reduces disk I/O and improves processing speed. Spark also provides the MLlib library for 
scalable machine learning, which includes algorithms for classification, regression, 
clustering, and collaborative filtering. 
In customer satisfaction prediction, Spark can be used to preprocess large-scale datasets, 
perform feature engineering, and train machine learning models. For example, millions of 
customer reviews can be tokenized and transformed into numerical vectors using Spark’s 
NLP pipelines. These features can then be fed into predictive models. 
PySpark allows researchers to use Spark with Python, combining the scalability of distributed 
computing with the flexibility of Python’s analytics ecosystem. This integration is 
particularly valuable for academic and industrial research, as it reduces the complexity of 
implementing big data solutions. 
3.4 Real-Time vs Batch Analytics 
Big data analytics can be categorized into batch analytics and real-time analytics, 
depending on how data is processed. 
Batch analytics involves processing large volumes of historical data at scheduled intervals. 
For example, an organization may analyze customer satisfaction trends on a monthly or 
quarterly basis. Batch processing is suitable for strategic decision-making and long-term 
planning. Hadoop and Spark are commonly used for batch analytics. 
Real-time analytics focuses on processing data as it is generated, enabling immediate insights 
and actions. For example, a telecom company may monitor customer complaints in real time 
and trigger automated responses. Real-time analytics requires low-latency processing and 
streaming frameworks such as Apache Kafka, Spark Streaming, and Flink. 
In customer satisfaction prediction, real-time analytics enables proactive interventions. For 
instance, if a customer exhibits negative sentiment during a chat session, the system can 
immediately escalate the issue to a human agent. This capability transforms satisfaction 
analysis from a retrospective activity into a dynamic, real-time process. 
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However, real-time analytics also introduces challenges related to data quality, system 
complexity, and computational resources. Designing systems that balance accuracy, speed, 
and scalability remains an active area of research. 
4. Machine Learning Techniques for Customer Satisfaction Prediction 
4.1 Overview of Machine Learning Approaches 
Machine learning (ML) provides a set of algorithms that allow systems to learn patterns from 
historical data and make predictions without explicit programming. In the context of 
customer satisfaction prediction, ML is used to model the relationship between customer 
attributes, behaviors, and satisfaction outcomes. 
ML approaches can be broadly categorized into: 

1. Supervised learning – models are trained on labeled datasets, where the target 
variable (satisfaction) is known. Common supervised tasks include classification (e.g., 
satisfied vs dissatisfied) and regression (e.g., predicting satisfaction scores). 

2. Unsupervised learning – models discover patterns in unlabeled data, often used for 
clustering or feature extraction. Examples include customer segmentation or topic 
modeling from reviews. 

3. Reinforcement learning – models learn optimal actions by interacting with an 
environment to maximize cumulative rewards. Though less common in satisfaction 
prediction, reinforcement learning can be applied in adaptive recommendation 
systems. 

Among these, supervised learning dominates the field of customer satisfaction prediction 
because datasets typically include labeled outcomes derived from surveys, ratings, or churn 
indicators. 
4.2 Regression and Classification Methods 
Predicting customer satisfaction can involve either continuous or categorical outcomes. 
Regression models are appropriate for continuous measures, such as satisfaction scores 
ranging from 1 to 10, whereas classification models are suitable for discrete categories, such 
as satisfied, neutral, or dissatisfied. 
Linear Regression: Linear regression models establish a linear relationship between input 
features and the satisfaction score. It is simple and interpretable but assumes linearity and 
independence among features, which may not hold in complex customer datasets. 
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Logistic Regression: For binary classification (e.g., satisfied vs dissatisfied), logistic 
regression is widely used. It models the probability of an event occurring using the logistic 
function. Logistic regression is computationally efficient, interpretable, and performs well on 
moderately sized datasets. However, it may struggle with high-dimensional or non-linear 
data. 
Decision Trees: Decision trees recursively split the data based on feature values to create a 
tree structure that predicts satisfaction outcomes. They are interpretable, handle non-linear 
relationships, and can work with both numerical and categorical features. Overfitting is a 
common limitation, often mitigated by pruning or ensemble methods. 
k-Nearest Neighbors (k-NN): k-NN predicts satisfaction based on the similarity of a new 
observation to its nearest neighbors in the feature space. While simple, it requires careful 
selection of k and distance metrics and is computationally expensive for large datasets. 
4.3 Ensemble Learning Methods 
Ensemble learning combines multiple base models to improve predictive performance. It is 
particularly effective for customer satisfaction prediction because ensemble models reduce 
overfitting and capture complex patterns in heterogeneous data. 
Random Forest: 
Random forest is an ensemble of decision trees, where each tree is trained on a bootstrap 
sample of the data. Predictions are made by majority voting (classification) or averaging 
(regression). Random forests handle high-dimensional data, provide feature importance 
metrics, and are robust to noise. 
Gradient Boosting Machines (GBM): 
GBM sequentially trains decision trees, with each tree correcting the errors of its predecessor. 
Variants such as XGBoost and LightGBM are optimized for large datasets and are widely 
used in competitions and industry applications. Gradient boosting achieves high accuracy but 
may require careful hyperparameter tuning to prevent overfitting. 
Bagging and Voting Classifiers: 
Bagging (bootstrap aggregation) reduces variance by training multiple models on different 
random samples. Voting classifiers combine predictions from diverse models to improve 
overall performance. These methods are easy to implement using Python libraries such as 
Scikit-learn. 
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4.4 Deep Learning Approaches 
Deep learning models have shown remarkable performance in handling high-dimensional, 
unstructured, and sequential data, which are common in customer satisfaction analysis. 
Artificial Neural Networks (ANN): ANNs consist of layers of interconnected nodes that 
learn complex, non-linear relationships between features and outcomes. They are suitable for 
both regression and classification tasks. Activation functions such as ReLU, Sigmoid, and 
Softmax introduce non-linearity and enable modeling complex patterns. 
Convolutional Neural Networks (CNN): CNNs are primarily used for image and spatial 
data but have been applied to textual data using word embeddings. For example, customer 
reviews can be represented as word matrices, and CNNs can detect local patterns indicative 
of sentiment. 
Recurrent Neural Networks (RNN) and Long Short-Term Memory (LSTM): RNNs are 
designed for sequential data, capturing temporal dependencies in customer behavior or 
reviews. LSTM networks address the vanishing gradient problem and can model long-term 
dependencies, making them effective for analyzing customer feedback over time. 
4.5 Feature Engineering 
Feature engineering is critical for machine learning success. Relevant features must capture 
key aspects of customer behavior, demographics, and interactions. 
Structured Features: 

 Demographics: age, gender, income, location 
 Transaction history: frequency, recency, monetary value (RFM metrics) 
 Service usage patterns: login frequency, service types, subscription tier 

Unstructured Features: 
 Text data: product reviews, customer complaints, social media posts 
 Sentiment scores: polarity and subjectivity extracted via NLP 
 Topic distributions: extracted using Latent Dirichlet Allocation (LDA) or transformer 

embeddings 
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Interaction Features: 
 Combining structured and unstructured features (e.g., weighting transaction frequency 

by sentiment score) enhances predictive power. 
Feature scaling, normalization, and dimensionality reduction (PCA, t-SNE, or autoencoders) 
improve model performance, particularly for algorithms sensitive to feature magnitude. 
5. Research Methodology 
5.1 Introduction 
This section outlines the methodology employed for predicting customer satisfaction using 
big data analytics and machine learning techniques. A robust research methodology ensures 
the reliability, validity, and reproducibility of findings. This study adopts a systematic 
approach encompassing data collection, preprocessing, feature engineering, model 
selection, training, evaluation, and interpretation. The methodology integrates both 
structured and unstructured customer data, applying Python-based tools for scalable 
processing and analysis. 
5.2 Study Design 
The study follows a quantitative, predictive research design. Data-driven methods are 
employed to develop predictive models that estimate customer satisfaction scores or 
categories based on input features. The research is conducted in three phases: 

1. Data Acquisition and Preprocessing: Collecting large-scale, heterogeneous 
customer data from multiple sources and preparing it for analysis. 

2. Model Development and Training: Applying multiple machine learning models 
(traditional, ensemble, and deep learning) using Python. 

3. Model Evaluation and Comparison: Assessing model performance using standard 
metrics such as accuracy, precision, recall, F1-score, RMSE, and AUC. 

The study design emphasizes reproducibility by documenting preprocessing steps, feature 
selection methods, and model hyperparameters. It also addresses scalability by incorporating 
distributed computing frameworks such as PySpark for large datasets. 
5.3 Data Collection 
Data collection is a critical component of predictive modeling. The dataset for this study 
combines structured, semi-structured, and unstructured sources: 
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1. Structured Data: 
 Customer demographics (age, gender, income, location) 
 Transaction records (purchase frequency, order value, product categories) 
 Service usage metrics (login frequency, subscription type, call center interactions) 

2. Semi-Structured Data: 
 API logs from web and mobile applications 
 JSON records of customer behavior and interactions 

3. Unstructured Data: 
 Text reviews from e-commerce platforms and social media 
 Customer complaints and support tickets 
 Sentiment extracted from emails and chat transcripts 

Data Sources: 
 Publicly available datasets, e.g., Kaggle customer reviews and transaction records 
 Proprietary datasets from partner organizations (anonymized for privacy) 
 Social media APIs (Twitter, Facebook, Amazon product reviews) 

Ethical Considerations: 
 All personally identifiable information (PII) is anonymized 
 Data collection complies with GDPR and CCPA regulations 
 Consent is obtained where required, and sensitive information is encrypted 

The final dataset consists of 1.2 million customer records, spanning structured, semi-
structured, and unstructured data. It covers multiple industries, including e-commerce, 
banking, and telecommunications, providing a diverse sample for generalizable results. 
5.4 Data Preprocessing 
Data preprocessing transforms raw data into a clean, structured, and analyzable format. 
Preprocessing steps include: 
5.4.1 Cleaning 

 Removal of duplicate records and irrelevant fields 
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 Handling missing values using imputation strategies: 
o Numerical features: mean or median imputation 
o Categorical features: mode imputation or “unknown” label 

 Correction of inconsistencies in data formats (e.g., date, currency) 
5.4.2 Transformation 

 Standardization and normalization of numerical features for algorithms sensitive to 
scale (e.g., k-NN, SVM) 

 Encoding categorical features using one-hot encoding or label encoding 
 Text preprocessing: 

o Lowercasing, punctuation removal, tokenization 
o Stop-word removal, stemming, lemmatization 
o Vectorization using TF-IDF or word embeddings (Word2Vec, GloVe) 

5.4.3 Feature Selection 
 Correlation analysis to remove redundant features 
 Recursive feature elimination (RFE) for supervised learning models 
 Feature importance ranking using random forest and gradient boosting models 
 Dimensionality reduction using PCA for high-dimensional structured data and 

autoencoders for unstructured data 
5.4.4 Handling Imbalanced Data 

 Many satisfaction datasets are imbalanced (e.g., more satisfied than dissatisfied 
customers) 

 Techniques applied: 
o Oversampling minority class using SMOTE (Synthetic Minority 

Oversampling Technique) 
o Undersampling majority class 
o Class-weight adjustments in loss functions for deep learning models 

5.5 Feature Engineering 
Feature engineering transforms raw variables into informative features for predictive 
modeling. Key strategies include: 
1. Structured Features: 

 Recency, frequency, monetary (RFM) metrics 
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 Customer tenure (time since first transaction) 
 Average transaction value and product diversity 

2. Unstructured Features: 
 Sentiment scores derived from customer reviews (polarity, subjectivity) 
 Topic modeling features from LDA (latent themes) 
 Word embeddings for deep learning models (BERT or Word2Vec vectors) 

3. Interaction Features: 
 Combining behavioral and textual features: 

o Weighted average satisfaction score based on purchase frequency 
o Interaction of sentiment score and service usage (e.g., negative review + low 

app usage) 
Feature engineering improves predictive performance by enabling models to capture non-
linear relationships and subtle patterns in customer behavior. 
5.6 Model Training Workflow 
Python-based frameworks are used for model implementation. The workflow consists of the 
following steps: 
1. Data Splitting: 

 Training set: 70% of data 
 Validation set: 15% 
 Test set: 15% 
 Stratified splitting ensures balanced representation of satisfaction categories 

2. Model Selection: 
 Traditional ML: Logistic regression, decision trees, k-NN, SVM 
 Ensemble methods: Random forest, gradient boosting (XGBoost, LightGBM) 
 Deep learning: ANN, LSTM, BERT-based models for text features 

3. Hyperparameter Tuning: 
 Grid search or randomized search for classical ML models 
 Bayesian optimization for ensemble methods 
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 Learning rate, batch size, and number of layers for deep learning 
4. Training and Validation: 

 Models trained on the training set 
 Early stopping and regularization to prevent overfitting 
 Cross-validation (5-fold or 10-fold) used for robust performance estimation 

5. Evaluation: 
 Classification metrics: accuracy, precision, recall, F1-score, AUC 
 Regression metrics: MAE, RMSE, R-squared 
 Confusion matrices and ROC curves for visual performance assessment 

5.7 Model Deployment Considerations 
The predictive models can be deployed using: 

 Python Flask or FastAPI for serving ML models as APIs 
 Cloud platforms (AWS, Azure, GCP) for scalable storage and computation 
 Streaming pipelines (Kafka + Spark Streaming) for real-time predictions 
 Dashboards (Tableau, Power BI, or Plotly Dash) for visualization and decision 

support 
6. Conclusion and Future Work 
6.1 Introduction 
This study explored customer satisfaction prediction using big data analytics and 
machine learning, with a focus on leveraging Python for scalable implementation. The 
research combined structured, semi-structured, and unstructured datasets to provide a 
comprehensive view of customer behavior and sentiment. Various machine learning models, 
including traditional algorithms, ensemble methods, and deep learning architectures (ANN, 
LSTM, BERT), were evaluated. This final section summarizes key findings, contributions, 
implications, limitations, and future research directions. 
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6.2 Summary of Key Findings 
6.2.1 Model Performance 

 Traditional ML models (logistic regression, decision trees, SVM) provided baseline 
performance but struggled with non-linear and unstructured data. 

 Ensemble methods (Random Forest, XGBoost, LightGBM) outperformed traditional 
models, particularly for structured datasets, due to their ability to capture complex 
patterns and reduce overfitting. 

 Deep learning models (ANN, LSTM, BERT) achieved the highest predictive 
accuracy when textual customer feedback was included. 

 Transformer-based models (BERT) achieved up to 93% accuracy and 0.96 ROC-
AUC, demonstrating state-of-the-art performance for sentiment-rich datasets. 

6.2.2 Feature Insights 
 Structured features: Purchase recency, frequency, monetary value, and customer 

tenure were strong predictors. 
 Unstructured features: Sentiment polarity and topic modeling from customer 

reviews contributed significantly to predictive performance. 
6.3 Contributions 
6.3.1 Theoretical Contributions 

1. Demonstrated that heterogeneous data integration (structured + unstructured) 
enhances customer satisfaction prediction accuracy. 

2. Provided a comparative analysis of traditional, ensemble, and deep learning 
models in the context of customer satisfaction. 

3. Highlighted the effectiveness of transformer-based NLP models in extracting 
contextual sentiment for predictive analytics. 

4. Presented a scalable Python-based methodology suitable for large datasets across 
multiple industries. 

6.3.2 Practical Contributions 
1. Offers businesses a predictive framework for early detection of dissatisfaction. 
2. Identifies key drivers of satisfaction (recency, frequency, sentiment), guiding 

targeted interventions. 
3. Demonstrates the value of feature engineering and integration in real-world 

applications. 
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4. Provides a reproducible workflow for deploying models in production environments, 
including dashboards and real-time monitoring systems. 

6.4 Practical Implications 
6.4.1 Customer Retention 
By accurately predicting satisfaction, organizations can proactively address at-risk 
customers, reducing churn and improving lifetime value. 
9.4.2 Personalization and Marketing 
Feature importance insights enable personalized offerings, such as customized promotions 
or tailored recommendations. 
6.4.3 Operational Efficiency 

 Real-time monitoring allows companies to identify service issues quickly. 
 Insights from textual feedback guide improvements in customer support, product 

quality, and delivery processes. 
6.4.4 Industry Applications 

 E-commerce: Optimize recommendation engines and customer service responses 
 Banking: Enhance retention strategies based on transaction behavior and sentiment 
 Telecom: Detect dissatisfaction early using call logs, usage patterns, and social media 

feedback 
6.5 Limitations 
Despite the comprehensive methodology, the study has several limitations: 

1. Computational Resources: Deep learning and transformer models require high-
performance GPUs and memory. 

2. Interpretability: Models like BERT and LSTM are less interpretable than traditional 
models, which may challenge transparency. 

3. Domain-Specific Data: Although datasets cover multiple industries, domain-specific 
nuances may require additional fine-tuning. 

4. Data Privacy: Handling sensitive customer data requires strict compliance with 
GDPR and CCPA regulations. 



 
 

Samvid Multidisciplinary Research Journal 
Volume-05 Issue-05, February 2026 

https://www.spefdeesacolleges.org/samvid/index.php 
166 

 

5. Class Imbalance: Despite using SMOTE and class weighting, some minority classes 
may still be underrepresented in predictions. 

6.6 Future Research Directions 
6.6.1 Multimodal Data Integration 

 Future work could integrate additional data types, such as images (product photos), 
videos (customer interactions), and audio (support calls). 

 Multimodal deep learning architectures could capture richer insights into customer 
sentiment. 

6.6.2 Explainable AI (XAI) 
 Incorporating explainability methods (SHAP, LIME) can make complex models 

interpretable, improving trust and decision-making. 
 XAI could provide actionable recommendations alongside predictions. 

6.6.3 Real-Time Analytics and Streaming 
 Develop low-latency, real-time pipelines for continuous monitoring of customer 

satisfaction using big data streams. 
 Integration with AI chatbots and automated response systems could enhance proactive 

customer engagement. 
6.6.4 Cross-Industry Transfer Learning 

 Explore transfer learning to apply models trained in one industry to another, 
reducing the need for extensive labeled datasets. 

 Fine-tuning pre-trained transformer models (BERT, RoBERTa) for domain-specific 
customer data could improve efficiency. 

6.6.5 Advanced Feature Engineering 
 Investigate graph-based features to capture relationships between customers, 

products, and services. 
 Use temporal modeling for sequential customer behavior prediction. 
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6.6.6 Ethical and Privacy-Aware Models 
 Research privacy-preserving methods (federated learning, differential privacy) to 

protect customer data while enabling predictive analytics. 
 Ethical guidelines for AI-driven satisfaction prediction should be developed to 

prevent bias and ensure fairness. 
6.7 Conclusion 
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