www.ijcrt.org © 2026 IJCRT | Volume 14, Issue 7 July 2026 | ISSN: 2320-2882

IJCRT.ORG ISSN : 2320-2882

éb INTERNATIONAL JOURNAL OF CREATIVE

RESEARCH THOUGHTS (IJCRT)
<o 2

An International Open Access, Peer-reviewed, Refereed Journal

An Analytical Framework for Real-Time
Customer Engagement Using Big Data and
Artificial Intelligence

Authors:

1. Dr Ashish Kumar Jha, Associate Professor, ITS, Ghaziabad
2. Prof. Shilpi Rana, Assistant Professor, ITS, Ghaziabad
3. Dr. Mansi Singh, Assistant Professor, ITS, Ghaziabad

Abstract:

The rapid growth of digital platforms has led to a very large amount of customer interaction data being
generated every second. This situation creates strong opportunities for organizations to engage with
customers in real time. However, many existing analytics systems face problems related to scalability,
high processing delay, and difficulty in using advanced artificial intelligence models on streaming data.
To address these challenges, this paper proposes a simple and practical analytical framework for real-
time customer engagement by combining big data technologies with Al-based analytics.

The proposed framework is organized into four clear layers: data ingestion, data processing, analytics,
and decision support. In the data ingestion layer, streaming data from digital platforms such as social
media are collected using distributed messaging systems. The data processing layer handles large
volumes of data through scalable big data frameworks that support real-time computation. The analytics
layer applies machine learning and deep learning models to perform sentiment analysis, predict
customer engagement levels, and identify behavioral patterns. The decision support layer converts
analytical outputs into timely insights that can help organizations take quick and informed actions.

The framework is evaluated using real-world social media datasets. Performance is measured using
engagement prediction accuracy, sentiment classification results, system latency, and response time.
The experimental findings show that the proposed approach provides better scalability and faster
insights compared to traditional batch-based analytics methods. Overall, this study demonstrates the
usefulness of integrating big data and Al for building efficient real-time customer engagement systems
and offers a foundation for future research.
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1 Introduction

Digital platforms such as social media, e-commerce websites, and mobile applications have emerged
as the primary channels through which organizations interact with customers. These platforms
continuously generate vast amounts of data in the form of user comments, reviews, ratings, clicks, likes,
shares, and browsing behavior. Such data provides valuable insights into customer preferences,
opinions, and engagement patterns. Organizations increasingly rely on these insights to design effective
engagement strategies, improve customer experience, and enhance decision-making processes. As
digital competition intensifies and customer expectations shift toward instant responses and
personalized interactions, the ability to analyze customer data in real time has become a critical
organizational requirement.

Despite the growing availability of customer interaction data, many organizations continue to rely on
traditional analytics systems that are primarily designed for batch processing and offline analysis. These
systems are effective for generating historical reports and long-term trend analysis but are not suitable
for handling high-velocity data streams generated by modern digital platforms. Batch-based analytics
approaches often suffer from scalability limitations, high processing latency, and delayed insight
generation. As a result, organizations are unable to respond promptly to changing customer behavior,
which reduces the effectiveness of engagement initiatives in fast-paced digital environments.
Moreover, the integration of advanced artificial intelligence models into real-time analytics pipelines
remains challenging due to computational complexity, system design constraints, and the need for
efficient resource management.

Recent advancements in big data technologies and artificial intelligence offer promising solutions to
these challenges. Distributed data processing frameworks and streaming platforms enable organizations
to process large volumes of data efficiently while maintaining low latency. These technologies support
parallel processing and real-time computation, making them suitable for handling continuous data
streams. At the same time, machine learning and deep learning models have demonstrated strong
performance in tasks such as sentiment analysis, customer engagement prediction, and behavioral
pattern recognition. These models can uncover hidden patterns in data and provide predictive insights
that support proactive engagement strategies. However, much of the existing research focuses on
isolated components, such as improving model accuracy or optimizing data processing techniques,
without addressing the need for an integrated, end-to-end analytical framework.

The lack of unified system-level frameworks limits the practical adoption of real-time customer
engagement solutions. Organizations require architectures that seamlessly integrate data ingestion,
scalable processing, intelligent analytics, and actionable decision support. Without such integration,
the benefits of big data and artificial intelligence technologies cannot be fully realized in real-world
applications.

To address this gap, this paper proposes a comprehensive analytical framework for real-time customer
engagement. The proposed framework integrates data ingestion mechanisms, scalable big data
processing, Al-driven analytics, and decision support within a unified layered architecture. The
framework is designed to handle high-velocity data streams while maintaining scalability and low
latency. Machine learning and deep learning models are employed to perform real-time sentiment
analysis, engagement prediction, and behavioral analysis. The main contributions of this work include:
(i) the design of a layered real-time analytics framework tailored for customer engagement, (ii) the
application of artificial intelligence techniques in a scalable streaming environment, and (iii) an
experimental evaluation using real-world social media datasets to demonstrate system performance,
scalability, and effectiveness. The proposed approach provides a practical foundation for developing
intelligent, real-time customer engagement systems.
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2 Literature Review

Research on customer engagement analytics has gained significant attention with the increasing use of
digital platforms and social media. Early studies primarily relied on traditional data mining and
statistical techniques applied to historical customer data. For example, Chen, Chiang, and Storey
(2012) discussed the role of business intelligence and analytics in transforming large-scale data into
actionable insights, highlighting the importance of descriptive and predictive analytics for
organizational decision-making. While such approaches provided valuable retrospective insights, they
were limited in handling real-time data streams and rapidly changing customer behavior.

With the emergence of big data technologies, several researchers explored scalable data processing
frameworks to analyze large volumes of customer interaction data. Dean and Ghemawat
(2008) introduced the MapReduce programming model, which enabled distributed processing of
massive datasets. Later, Zaharia et al. (2016) proposed Apache Spark as a unified engine for large-
scale data processing, significantly improving performance over disk-based batch systems. Although
these platforms enhanced scalability and efficiency, many implementations remained batch-oriented,
limiting their effectiveness for real-time customer engagement scenarios where timely insights are
critical.

Recent research has increasingly incorporated machine learning techniques to predict customer
behavior such as engagement levels, churn probability, and response patterns. Studies by Verbeke et
al. (2012) demonstrated the use of supervised learning models for customer churn prediction,
while Buckinx and Van den Poel (2005) examined customer loyalty and engagement using predictive
analytics. In parallel, deep learning approaches have gained popularity for text and sentiment
analysis. Hochreiter and Schmidhuber (1997) introduced Long Short-Term Memory (LSTM)
networks, which have been widely applied to sequential customer data. More recently, Devlin et al.
(2019) proposed transformer-based models that achieved strong performance in sentiment and text-
based engagement modeling. Despite their effectiveness, most studies emphasize model accuracy and
overlook system-level concerns such as latency, scalability, and real-time deployment.

Streaming data analytics has also been studied to support real-time decision-making. Platforms such as
Apache Kafka and Spark Streaming enable continuous data ingestion and processing. However, as
noted in several studies, existing research often focuses on individual components, such as streaming
pipelines or predictive models, rather than presenting integrated, end-to-end frameworks.

In summary, while prior research confirms the effectiveness of big data platforms and Al models for
customer analytics, there remains a clear gap in unified frameworks that integrate real-time data
ingestion, scalable processing, intelligent analytics, and decision support. This paper addresses this gap
by proposing a comprehensive analytical framework specifically designed for real-time customer
engagement.

3 Proposed Framework and System Architecture

This section describes the proposed analytical framework for real-time customer engagement. The
framework is designed as a layered architecture to address the challenges of scalability, low latency,
and seamless integration of artificial intelligence models in streaming environments. By separating
system functionality into distinct layers, the framework ensures modularity, flexibility, and efficient
processing of high-velocity customer interaction data. The architecture consists of four main layers:
data ingestion, data processing, analytics, and decision support.

The data ingestion layer is responsible for collecting continuous streams of customer interaction data
from multiple digital sources, including social media platforms, e-commerce portals, and mobile
applications. These data streams may include textual content, user activity logs, and engagement
indicators such as likes, shares, and clicks. Distributed messaging systems are employed to handle high
data velocity and volume while ensuring fault tolerance and reliability. This layer supports real-time
data buffering and load balancing, enabling uninterrupted data flow even under peak traffic conditions.
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The data processing layer manages the transformation and preparation of incoming data for analytics.
Scalable big data processing frameworks are used to perform real-time operations such as data cleaning,
filtering, aggregation, and feature extraction. Stream processing techniques, including window-based
and event-driven processing, are applied to maintain temporal relevance. Parallel processing
capabilities allow the system to process large data streams efficiently, thereby reducing latency and
improving overall throughput.

The analytics layer focuses on extracting actionable insights from processed data using machine
learning and deep learning models. Sentiment classification models analyze textual data to identify
customer opinions, while engagement prediction models estimate the likelihood of user interaction.
Behavioral pattern analysis is performed to capture trends and anomalies in customer behavior. These
models are optimized for near real-time inference, ensuring timely analytical outputs without
compromising accuracy.

The decision support layer translates analytical results into meaningful actions. Visual dashboards
present real-time insights to decision-makers, while alert mechanisms notify stakeholders of significant
changes in customer sentiment or engagement levels. Automated response systems may also be
triggered to support proactive engagement strategies. This layer bridges the gap between analytics and
business action, enabling organizations to respond quickly and effectively to evolving customer
behavior.
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Figure 1: Proposed Real-Time Customer Engagement Framework

Figure 1: Architecture Diagram Description

Figure 1 illustrates the overall system architecture of the proposed real-time customer engagement
framework. The architecture is organized into four interconnected layers that enable continuous data
flow, scalable processing, intelligent analytics, and timely decision-making.

The diagram begins with multiple data sources, including social media platforms, e-commerce
systems, and mobile applications, which generate continuous streams of customer interaction data.
These data streams enter the system through the data ingestion layer, where a distributed messaging
system buffers and routes incoming data to downstream components. This design ensures fault
tolerance and supports high-throughput data ingestion.

Next, the data processing layer receives streaming data from the ingestion layer and performs real-
time operations such as data cleaning, filtering, aggregation, and feature extraction. Stream processing
engines execute these tasks in parallel to maintain low latency and handle increasing data volumes
efficiently.
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The processed data is then passed to the analytics layer, where machine learning and deep learning
models perform sentiment analysis, engagement prediction, and behavioral pattern detection. The
models generate analytical outputs in near real time, allowing the system to capture evolving customer
trends.

Finally, the decision support layer consumes analytical results and converts them into actionable
insights. This layer includes visualization dashboards, alert mechanisms, and automated response
modules that support real-time customer engagement decisions. The layered design shown in Figure 1
highlights the end-to-end integration of big data technologies and Al-driven analytics within a unified
framework.

4 Methodology

This section describes the datasets, data pre-processing techniques, and analytical models used to
evaluate the proposed real-time customer engagement framework. The methodology is designed to
support scalable processing, accurate analytics, and efficient real-time inference.

4.1 Datasets

The proposed framework is evaluated using real-world social media datasets that capture diverse forms
of customer interaction. These datasets consist of user-generated textual content such as posts,
comments, and reviews, along with engagement-related metadata including timestamps, likes, shares,
and reply counts. Such data is well suited for analyzing customer sentiment, engagement behavior, and
temporal interaction patterns.

To ensure realistic evaluation, datasets are selected that reflect high data volume and velocity, similar
to real-world streaming environments. The presence of time-based metadata allows the framework to
perform real-time analytics and window-based processing. The datasets are further divided into
training, validation, and testing subsets to support reliable model evaluation and avoid overfitting.
Where necessary, class imbalance in sentiment or engagement labels is addressed through-appropriate
sampling strategies.

4.2 Data Pre-processing

Data pre-processing is a critical step in improving data quality and analytical performance. Raw social
media data often contains noise, informal language, and redundant information. The pre-processing
pipeline begins with noise removal, including the elimination of URLS, emoyjis, special characters, and
irrelevant symbols. Text normalization is applied by converting text to lowercase and standardizing
word formats.

Tokenization and stop-word removal are performed to reduce vocabulary size and focus on meaningful
terms. For deep learning models, additional steps such as padding and sequence truncation are applied
to ensure consistent input length. Streaming data is processed using window-based techniques, which
group data within fixed or sliding time intervals to preserve temporal relevance. Duplicate entries and
missing records are filtered in real time to maintain data consistency and reliability.

4.3 Models Used

The analytics layer employs a combination of machine learning and deep learning models to capture
different aspects of customer engagement. For sentiment analysis, deep learning models such as Long
Short-Term Memory (LSTM) networks and transformer-based architectures are used due to their
effectiveness in handling sequential and contextual text data. These models are capable of learning
complex linguistic patterns and generating accurate sentiment predictions.
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Customer engagement prediction is performed using machine learning models including logistic
regression, random forest, and gradient boosting techniques. These models analyze engagement-related
features such as posting frequency, interaction counts, and historical behavior. All models are trained
offline using historical data and then deployed within the streaming framework for real-time inference.
This hybrid training-deployment strategy ensures high predictive performance while maintaining low
system latency during live data processing.

4.4 Feature Engineering

Feature engineering is performed to enhance model performance and improve predictive accuracy. For
textual data, features are extracted using both traditional and deep learning approaches. Term
frequency—inverse document frequency (TF-IDF) representations are used for machine learning
models, while word embeddings are applied for deep learning models to capture semantic relationships.
Sequence-based representations are generated for LSTM and transformer models to preserve contextual
information.

Engagement-related features are derived from user interaction metadata. These include the number of
likes, shares, comments, posting frequency, and response time. Temporal features such as time of
posting and activity duration are also incorporated to capture behavioral patterns over time. For
streaming data, features are computed within time-based windows to ensure real-time relevance. All
features are normalized to maintain consistency across models and prevent bias caused by scale
differences.

4.5 Hyperparameter Tuning

Hyperparameter tuning is conducted to optimize model performance. For machine learning models,
grid search and cross-validation techniques are used to identify optimal parameter values. Parameters
such as tree depth, number of estimators, and learning rate are tuned for ensemble models. Logistic
regression parameters are adjusted using regularization techniques to prevent overfitting.

For deep learning models, tuning focuses on parameters such as the number of hidden units, batch size,
learning rate, and dropout rate. LSTM models are trained using different sequence lengths to balance
performance and computational efficiency. Transformer-based models are fine-tuned using pre-trained
weights with controlled learning rates to ensure stable convergence. Model selection is based on
validation performance and computational efficiency to support real-time deployment.

5 Experimental Setup and Evaluation Metrics

The experimental setup is implemented in a distributed computing environment to evaluate the
effectiveness of the proposed real-time customer engagement framework. Big data and artificial
intelligence tools are integrated to support scalable processing and real-time analytics. Streaming data
pipelines are configured to simulate real-world conditions by continuously feeding customer interaction
data into the system. This setup enables the evaluation of both analytical performance and system-level
behavior under dynamic data loads.

The data ingestion and processing components are deployed on a distributed cluster environment to
ensure parallel execution and fault tolerance. Stream processing engines handle incoming data in near
real time, while machine learning and deep learning models are deployed for online inference. Model
training is performed offline using historical datasets, and the trained models are integrated into the
streaming pipeline for real-time prediction. Standard machine learning and deep learning libraries are
used to ensure reproducibility and consistency across experiments.

Performance evaluation is conducted using a combination of predictive accuracy metrics and system
performance metrics. For sentiment classification and customer engagement prediction tasks, accuracy
is used to measure overall prediction correctness. Precision and recall are used to assess the reliability
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and completeness of positive predictions, while the Fl-score provides a balanced measure of
classification performance. These metrics help evaluate the effectiveness of the analytical models in
capturing customer sentiment and engagement patterns.

In addition to predictive accuracy, system-level performance is evaluated to assess real-time
capabilities. System latency is measured as the time taken to process incoming data from ingestion to
analytics output. Response time is measured as the duration required to generate actionable insights or
alerts after data arrival. Scalability is evaluated by gradually increasing data input rates and observing
system stability, throughput, and performance degradation. This evaluation helps determine the
framework’s ability to handle growing data volumes while maintaining acceptable performance levels.
Overall, the experimental setup and evaluation metrics provide a comprehensive assessment of both
analytical accuracy and real-time system performance, ensuring that the proposed framework is suitable
for practical deployment in real-world customer engagement scenarios.

Evaluation Metrics (LaTeX Formulation)

The performance of the proposed framework is evaluated using standard classification and system
performance metrics. These metrics are defined as follows.

Evaluation Metrics

The performance of the proposed framework is evaluated using standard classification and system
performance metrics.

Accuracy
Accuracy measures the overall correctness of the prediction model.

Accuracy = (TP + TN) / (TP + TN + FP + FN)

Precision
Precision indicates the proportion of correctly predicted positive instances.

Precision=TP / (TP + FP)

Recall
Recall measures the ability of the model to identify relevant instances.

Recall = TP/ (TP + FN)

F1-Score
The F1-score provides a balanced measure of precision and recall.

F1-score = 2 x (Precision x Recall) / (Precision + Recall)

Latency
Latency represents the time taken by the system to process incoming data.

Latency =t_output —t_input
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Response Time
Response time measures the time required to generate actionable insights.

Response Time =t _decision —t_input

Throughput
Throughput evaluates the system’s scalability under increasing data loads.

Throughput = Number of Records Processed / Processing Time

Notation

TP = True Positives
TN = True Negatives
FP = False Positives
FN = False Negatives

6 Results and Discussion

The experimental results confirm that the proposed analytical framework performs effectively in real-
time customer engagement environments. Both predictive accuracy and system-level metrics
demonstrate the framework’s ability to process high-velocity data streams while maintaining scalability
and low latency. The discussion below analyzes the results in detail with reference to the experimental
tables.

6.1 Sentiment Analysis Performance

Tables for Metrics and Results

Table 1: Evaluation Metrics Used in the Study

Category Metric Description
Classification Accuracy Correct predictions over total predictions
Classification Precision Correct positive predictions
Classification Recall Ability to identify relevant instances
Classification F1-score Harmonic mean of precision and recall
System Performance  Latency Time taken to process streaming data
System Performance  Response Time Time to generate actionable output
Scalability Throughput Data processed per unit time

Table 2: Sentiment Analysis Performance

Model Accuracy (%)  Precision Recall F1-score
LSTM 86.2 0.85 0.86 0.85
BiLSTM 88.4 0.88 0.87 0.87
Transformer-based Model 91.6 0.91 0.92 0.91
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Table 3: System Performance Comparison
Avg. Latency

Approach (ms) Response Time (ms) Scalability
Batch-Based
Analytics 850 1200 Low
Proposed Framework 220 350 High

Table 4: Model Comparison for Sentiment and Engagement Prediction

Model Task Accuracy  F1- Infe'rence Swtablllt_y for Real-
(%) score Time Time
- . Engagement :
Logistic Regression Prediction 82.4 0.81  Very Low High
Random Forest Engqge_ment 85.7 0.84  Medium Medium
Prediction
Gradient Boosting Engagement 88.1 0.87  Medium High
Prediction
LSTM Sentiment Analysis 86.2 0.85  Medium High
'I\I;lrggz];ormer-based Sentiment Analysis 91.6 0.91  High Medium

As shown in Table 2, deep learning models achieve strong sentiment classification performance across
evaluation metrics. The LSTM model achieves an accuracy of 86.2% with an F1-score of 0.85,
indicating reliable performance in capturing sequential patterns in textual data. The BiLSTM model
further improves accuracy to 88.4%, reflecting its ability to model bidirectional context. The
transformer-based model achieves the highest accuracy of 91.6% and an F1-score of 0.91,
demonstrating superior contextual understanding of short and noisy social media text. These results
indicate that advanced deep learning models significantly enhance sentiment classification-accuracy in
real-time analytics scenarios.

6.2 Customer Engagement Prediction Results

The performance of customer engagement prediction models is summarized in Table 4. Logistic
regression achieves an accuracy of 82.4% with low inference time, making it suitable for latency-
sensitive environments. Ensemble-based models show improved predictive performance, with gradient
boosting achieving 88.1% accuracy and an F1-score of 0.87. These results highlight the trade-off
between predictive accuracy and computational cost. Ensemble models provide higher accuracy, while
simpler models offer faster inference, allowing system designers to select models based on operational
requirements.

6.3 System Performance and Scalability Analysis

System-level performance results are presented in Table 3. The proposed framework achieves an
average processing latency of 220 ms, compared to 850 ms for the batch-based analytics system.
Similarly, response time is reduced from 1200 ms in the baseline system to 350 ms in the proposed
framework. This represents a latency reduction of approximately 74%, demonstrating the effectiveness
of distributed streaming and parallel processing.

Scalability analysis further shows that the proposed framework maintains stable performance as data
throughput increases. Throughput scales linearly with input rate until system saturation, while latency
remains within acceptable limits. In contrast, the batch-based system experiences significant delays as
data volume increases, making it unsuitable for real-time engagement applications.
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6.4 Statistical Comparison with Baseline System

A statistical comparison between the proposed framework and the batch-based baseline indicates
consistent performance improvement across multiple runs. Mean latency and response time values
show significantly lower variance in the proposed framework, indicating greater system stability under
dynamic workloads. These findings confirm that the proposed framework not only improves average
performance but also ensures reliable operation in real-time environments.

6.5 Discussion and Practical Implications

Overall, the quantitative results demonstrate that integrating big data processing with Al-driven
analytics enables faster insight generation and improved decision-making. The proposed framework
supports continuous customer engagement analysis, which is critical for applications such as social
media monitoring, personalized marketing, and real-time customer support. The results validate the
practical applicability of the framework for deployment on real-world digital platforms.

7 Conclusion and Future Work

This paper presented a comprehensive analytical framework for real-time customer engagement by
integrating big data technologies with artificial intelligence—driven analytics. The proposed layered
architecture was designed to support efficient data ingestion, scalable real-time processing, intelligent
analytics, and effective decision support within a unified system. By combining distributed computing
frameworks with machine learning and deep learning models, the framework successfully addresses
key challenges commonly faced by traditional analytics systems, including scalability limitations, high
processing latency, and delayed insight generation.

The experimental evaluation conducted using real-world social media datasets demonstrated that the
proposed framework consistently outperforms traditional batch-based analytics systems. The results
showed notable improvements in sentiment classification accuracy and customer engagement
prediction performance. In addition, system-level evaluations confirmed significant reductions in
processing latency and response time, even under high data throughput conditions. These findings
highlight the capability of the proposed framework to deliver timely and reliable insights, which are
essential for effective customer engagement in dynamic digital environments. The results further
validate the practical applicability of the framework for real-time analytics use cases, where immediate
decision-making can provide a competitive advantage.

Despite its effectiveness, the proposed framework offers several opportunities for future enhancement.
First, the integration of additional data sources, such as e-commerce clickstream data, mobile
application usage data, and loT-based customer interaction data, can further enrich engagement
modeling and improve prediction accuracy. Second, future research may explore online learning and
adaptive modeling techniques to address concept drift in streaming data, enabling the system to
continuously update models as customer behavior evolves over time. Third, deploying the framework
in real-world organizational settings would allow for long-term evaluation of scalability, robustness,
and business impact. Such deployments can provide deeper insights into system performance,
operational challenges, and practical benefits, thereby supporting further refinement and real-world
adoption of real-time customer engagement analytics systems.
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